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Resumen

DESARROLLO DE UN ALGORITMO DE CONTROL BASADO EN APRENDIZAJE
AUTOMÁTICO PARA BOMBAS DE CALOR Y MÁQUINAS FRIGORÍFICAS ALI-
MENTADAS POR ENERGÍA SOLAR FOTOVOLTAICA

Autor: Elechiguerra Batlle, Ana.

Director: Heithorst, Bernd.

Entidad Colaboradora: Universidad Técnica de Múnich, Alemania

RESUMEN DEL PROYECTO

Introducción

El sector de la construcción consume aproximadamente el 40% del consumo mundial de en-
ergía y la mitad de este consumo se utiliza para calentar, enfriar y ventilar [1]. En Alemania,
las viviendas son los mayores consumidores de calor (44%), seguidos de la industria (38%) [2].
Dos tercios de este consumo de calor están cubiertos por gas y petróleo [3]. Más del 60% de
los sistemas de calefacción, ventilación y aire acondicionado (HVAC) instalados en todo el
mundo se alimentan mediante combustibles no renovables. Dado que los sistemas de clima-
tización representan una parte tan importante del consumo de combustibles fósiles y de las
emisiones de gases de efecto invernadero, el uso de soluciones más respetuosas con el medio
ambiente, como las bombas de calor, tienen un gran potencial en la descarbonización [1].

El acoplamiento entre sectores ofrece la oportunidad de aprovechar la potencia fluctuante
producida por las fuentes de energía renovable, como la energía solar fotovoltaica. Concreta-
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mente, el acoplamiento de los sectores de la electricidad y el calor permite utilizar el exceso de
energía producida por estas fuentes y proporciona flexibilidad al sistema [4]. La combinación
de los sectores del calor y la electricidad (conocida como "power-to-heat") se considera una
de las estrategias de combinación de sectores más atractivas, ya que tanto la generación de
calor a partir de la electricidad como el almacenamiento de calor son procesos baratos [5]. Las
tecnologías más representativas de "power-to-heat" son las bombas de calor y las máquinas
frigoríficas, que convierten la electricidad en calor y frío respectivamente [6].

La optimización del consumo de energía en los edificios es un constante compromiso en-
tre confort, consumo y coste [7]. En este contexto, la investigación demuestra que la im-
plantación de sistemas inteligentes, y en concreto de sistemas de control automático basa-
dos en técnicas inteligentes, permite atender los diferentes objetivos, a la vez que ahorrar
energía y reducir las emisiones de CO2 [8]. Por este motivo, tal sistema se desarrolla e integra
al proyecto "PVCool" del Instituto de Termodinámica de la Universidad Técnica de Munich.

Objetivo

El Proyecto "PVCool" es un proyecto de la Universidad Técnica de Munich, en cooperación
con el Instituto de Investigación del Medio Ambiente y la Energía de la Universidad Hamad
bin Khalifa de Qatar. El proyecto investiga el ajuste óptimo del acoplamiento de un ciclo de
vapor frío (bomba de calor o máquina frigorífica) y una unidad de generación fotovoltaica
para diferentes aplicaciones [9]. En esta tesis, sólo se investiga la aplicación a una casa uni-
familiar en Alemania. El sistema energético investigado se ilustra en la figura 1. En el centro

Figure 1 – Esquema del sistema energético estudiado [10]

del esquema en gris rodeado por un marco negro, se representa el ciclo de vapor. Un ciclo de
vapor consiste en un evaporador, un compresor, un condensador y una válvula de expansión.
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Las líneas azules y rojas representan los conductos de agua fría y caliente respectivamente.
El ciclo de vapor puede funcionar como una bomba de calor o como una máquina frigorífica
dependiendo de si el sistema está proporcionando calor o frío al edificio respectivamente.
En la figura 1, el sistema está funcionando como una bomba de calor, dado que está recibi-
endo calor de un intercambiador de calor aire-agua (a la izquierda del banco de ensayos) y
transfiriendo calor al almacenamiento térmico del edificio (a la derecha). Las líneas verdes y
amarillas de la figura 1 representan los flujos eléctricos y de control respectivamente. La elec-
tricidad utilizada en el edificio puede ser suministrada por la red o por la unidad fotovoltaica.
El exceso de producción fotovoltaica se inyecta en la red. La unidad de control recoge los
datos del sistema y deriva la energía deseada que será suministrada por el ciclo de vapor [9].

El objetivo principal de esta tesis es desarrollar e implementar un control basado en el apren-
dizaje automático (machine learning) para el sistema energético del edificio descrito anteri-
ormente. El control deberá minimizar el gasto energético y maximizar el auto-consumo. Otro
objetivo es el desarrollo de un estudio de parámetros, para determinar la combinación de di-
chos parámetros que es económicamente óptima para el sistema. Por último, se comparan los
diferentes controles desarrollados en el proyecto PVcool. Estos controles incluyen un control
basado en reglas desarrollado por Achatz [11], un control predictivo por modelo diseñado por
Rauscher [9] y el control basado en machine learning desarrollado en el marco de de esta tesis.

Estado del arte

Esta tesis explora la implementación de un control inteligente en un sistema de calefacción,
ventilación y aire acondicionado alimentado por energía fotovoltaica para optimizar el con-
sumo de energía de un edificio unifamiliar. Por ello, la bibliografía examinada se centra en los
progresos realizados en este ámbito, y más concretamente en los controles basados en ma-
chine learning centrados en las bombas de calor y la optimización del consumo de energía
de edificios. Las técnicas encontradas en la literatura pertenecen principalmente a tres de
las cuatro subáreas del aprendizaje automático. Estas incluyen el aprendizaje supervisado, el
aprendizaje por refuerzo y el aprendizaje evolutivo [12]. A continuación se resume un ejem-
plo significativo de una técnica de cada categoría.

Han et al. [13] estudian los avances en los métodos de control de aprendizaje por refuerzo
aplicados en la energía para edificios. Describen los diferentes algoritmos y explican el po-
tencial y las ventajas de la implementación de este control sin modelo en el campo de la
automatización de edificios inteligentes. Sin embargo, resaltan que la "maldición de la di-
mensionalidad" dificulta su implementación.

En el campo del aprendizaje supervisado, Mohammadzaheri et al. [14] estudian las estrategias
de control más comunes basadas en las redes neuronales. Los autores concluyen que las re-
des neuronales primero se combinaron con controles tradicionales, luego se utilizaron como
controladores únicos para finalmente volver como controladores auxiliares en el diseño de
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controles híbridos.

En cuanto al aprendizaje evolutivo, Wright et al. [15] abordan el problema del diseño térmico
de los edificios como una cuestión de optimización de criterios múltiples. Para determinar
un compromiso entre el confort térmico y el coste de la energía, los autores aplican con éxito
un algoritmo genético multicriterio.

Por último, Ahmad et al. [16] observan que técnicas híbridas que combinan las estrategias an-
teriormente mencionadas u otras, generalmente llevan a mejores soluciones y rendimiento.
Se revisan diferentes estrategias híbridas en la literatura. Por ejemplo, Mocanu et al. [17] y Wei
et al. [18] aplican con éxito el aprendizaje profundo por refuerzo (una combinación de redes
neuronales y aprendizaje por refuerzo) para desarrollar un control de la energía de un edi-
ficio. Otro ejemplo es el de Matallanas et al. [19]. Los autores utilizan un algoritmo genético
para ajustar la red neuronal de un sistema de gestión del lado de la demanda activa.

Methodología

Los procedimientos y la metodología de esta tesis son los siguientes:

• El primer paso es una extensa revisión de la literatura sobre controles de aprendizaje
automático para sistemas energéticos para edificios. Se elige el enfoque más promete-
dor listando y analizando las ventajas e inconvenientes de las diferentes técnicas.

• A continuación, el enfoque elegido se programa utilizando Simulink y MATLAB. El soft-
ware se desarrolla siguiendo un enfoque bottom-up, comenzando con las funciones
básicas y probándolas para facilitar la corrección de posibles errores. Para ello, se in-
troducen datos de prueba en las funciones básicas diseñadas y las salidas del software
se observan y rastrean. Una vez en funcionamiento, todas las subunidades básicas se
ensamblan para formar un sistema más complejo. Por último, el control de supervisión
se integra en el modelo Simulink del proyecto PVCool.

• El control se verifica mediante simulaciones a corto plazo. La verificación incluye la
conformidad con los límites y objetivos del control.

• El estudio de los parámetros tiene como objetivo determinar la combinación económi-
camente óptima de los parámetros del sistema. El estudio sólo considera los elementos
susceptibles de tener el mayor impacto en los costes. Se consideran cuatro volúmenes
diferentes de almacenamiento térmico, tres dimensiones distintas de la bomba de calor
y tres tamaños diferentes de la unidad de generación fotovoltaica. Esto da lugar a 36 es-
cenarios diferentes que se compararan a partir de simulaciones anuales. Con los resul-
tados de las simulaciones se calculan valores de comparación que permiten orientar la
decisión del escenario óptimo. Los valores de comparación incluyen: el coste normal-
izado de la energía, el coste normalizado del calor, el coste normalizado de la electrici-
dad, el ratio de auto-consumo y las emisiones generadas.
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• Finalmente, se comparan los tres controles desarrollados en el marco del proyecto PV-
Cool. Los parámetros económicamente óptimos determinados en el estudio de parámet-
ros se utilizan como condiciones límites comunes. El control basado en reglas desarrol-
lado por Achatz [11], el control predictivo por modelo diseñado por Rauscher [9] y el
control de supervisión basado en el aprendizaje automático desarrollado en esta tesis
se comparan usando los resultados de simulaciones anuales de alta resolución tempo-
ral.

Resultados

Después de una extensa revisión del estado del arte y un análisis de las ventajas y desven-
tajas de cada técnica, se concluye que el aprendizaje profundo por refuerzo es la técnica de
aprendizaje automático más prometedora para el sistema investigado. El sistema se desar-
rolla, prueba e implementa en el modelo Simulink del proyecto PVCool. Las pruebas real-
izadas mediante simulaciones a corto plazo muestran que se respetan los límites de control y
que el control también cumple con el objetivo deseado.

El estudio de parámetros concluye que la configuración óptima para el sistema de energía
investigado consiste en una bomba de calor con una potencia eléctrica máxima de 3 kW, un
acumulador térmico de 750 L y una unidad de generación fotovoltaica de 5 kWp. Este esce-
nario logra el menor costo nivelado de energía y las menores emisiones, evitando elementos
de tamaño sobre- o infradimensionados.

Finalmente, con la configuración elegida, se realizan simulaciones anuales con los diferentes
controles desarrollados dentro del proyecto PVCool: el control basado en reglas desarrollado
por Achatz [11], el control predictivo por modelo desarrollado por Rauscher [9] y el control
de aprendizaje profundo por refuerzo desarrollado en el marco de esta tesis. Los resultados
muestran que el control predictivo del modelo logra los menores costes energéticos. Concre-
tamente, el control predictivo por modelo logra un coste de energía 2,2% menor que el coste
logrado por el control basado en reglas y 6,7% menor que el coste obtenido con el control de
aprendizaje profundo por refuerzo. El mayor ratio de autoconsumo se consigue con el control
basado en reglas. El ratio de autoconsumo alcanzado cuando se utiliza el control basado en
reglas es 24% y 37,8% mayor que el ratio de autoconsumo obtenido por el control predictivo
por modelo y el control de aprendizaje profundo por refuerzo respectivamente.

Conclusión

Los resultados de la evaluación del control muestran resultados subóptimos del control de
aprendizaje profundo por refuerzo desarrollado. Esto puede explicarse por diferentes razones.
En primer lugar, el hecho de que la exploración por prueba y error realizada por el control de
aprendizaje profundo por refuerzo a veces puede quedar atrapada en una solución subóp-
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tima. Por otro lado, el proceso de aprendizaje tuvo que ser acortado con el fin de reducir el
tiempo de computación, lo cual también disminuyó el rendimiento del control. Por último,
los parámetros y el diseño del control podrían aún ser perfeccionados.

Aunque los costes de energía más bajos se logran mediante el control de predicción por mod-
elo, se debe tener en cuenta que este control utiliza predicciones correctas al 100%, que son
poco probables en la realidad. Teniendo en cuenta que los resultados en términos de costes
energéticos entre el control basado en reglas y el control predictivo del modelo son muy ba-
jos, es probable que el control basado en reglas sea el más adecuado en una aplicación real
no simulada. Además, este control es más simple de implementar, más rápido y conduce al
mayor ratio de auto-consumo y a las emisiones más bajas.
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Summary

DEVELOPMENT OF A CONTROL ALGORITHM BASED ON MACHINE LEARN-
ING FOR PV-DRIVEN HEAT PUMPS AND COMPRESSION CHILLERS

Author: Elechiguerra Batlle, Ana.

Director: Heithorst, Bernd.

Collaborating Institution: Technical University of Munich

SUMMARY OF THE PROJECT

Introduction

The building sector consumes approximately 40% of global energy consumption and half of
this consumption is used for heating, cooling and ventilating [1]. In Germany, households use
the largest share of heat (44%), followed by industry (38%) [2]. Two-thirds of this heat con-
sumption are covered by gas and oil [3]. Over 60% of the installed heating, ventilation and air
conditioning (HVAC) systems worldwide are driven by non-renewable fuels. Since HVAC sys-
tems are accountable for such an important share of the consumption of fossil fuels and the
emissions of greenhouse gasses, the use of more environmentally friendly solutions such as
heat pumps have a great potential in decarbonization [1].

The linking of sectors provides an opportunity of taking advantage of the fluctuating power
produced by renewable energy sources such as photovoltaic (PV). Specifically, the coupling
of the power and heat sectors allows using the excess power produced by these sources and
provides flexibility to the system [4]. The linking of the heat and power sectors (known as
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power-to-heat) is considered one of the most attractive sector coupling strategies since both
generating heat from electricity and storing heat are inexpensive processes [5]. The most rep-
resentative technologies of power-to-heat are heat pumps and compression chillers, which
turn electricity into heat and cold, respectively [6].

Energy consumption optimization in buildings is a constant trade-off between comfort, con-
sumption, and cost [7]. In this context, research shows that the implementation of intelligent
systems, and specifically automatic control systems based on intelligent techniques, allows
dealing with the different goals, while saving energy and reducing CO2 emissions [8]. There-
fore, such a system is developed and implemented to the PVCool project at the Institute of
Thermodynamics of the Technical University of Munich.

Objective

The PVCool Project is a project of the Technical University of Munich, in cooperation with
the Qatar Environment and Energy Research Institute of the Hamad bin Khalifa University in
Qatar. The project investigates the optimal setting of the coupling of a cold vapor cycle (heat
pump or compression chiller) and a photovoltaic generation unit for different applications
[9]. In this thesis, only an application in a single-family house in Germany is investigated.

Figure 2 – Scheme of the studied building energy system [10]

The investigated energy system is illustrated in figure 2. In the center of the scheme sur-
rounded by a black frame, the cold vapor cycle is represented. A cold vapor cycle consists
of an evaporator, a compressor, a condenser, and an expansion valve [9]. Blue and red lines
represent cold and hot-water pipes, respectively. The vapor cycle can work either as a heat
pump or as a compressor chiller depending on whether the system is providing heat or cold
to the building, respectively. In figure 2, the system is working as a heat pump, as it is get-
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ting heat from an air heat exchanger (on the left of the test-rig) and transferring heat to the
building’s thermal storage (on the right). Green and yellow lines in figure 2 depict electric and
control flows, respectively. The electricity used in the building energy system can be supplied
by the grid or the PV unit. Excess PV production is fed to the grid. The control unit collects
data from the system and derives the desired power to be provided by the vapor cycle [9].

The main objective of this thesis is to develop and implement a machine learning-based con-
trol for the described building energy system that minimizes energy cost and maximizes self-
consumption. A further goal is the development of a parameter study, to determine the eco-
nomically optimal combination of system parameters. Finally, the controls developed within
the PVcool projects are compared. The controls include a rule-based control developed by
Achatz [11], a model-predictive control designed by Rauscher [9] and the machine-learning
control developed within this thesis.

State of the Art

This master’s thesis explores the implementation of an intelligent control in PV-driven heat-
ing, ventilation, air conditioning system to optimize energy consumption. Therefore, the re-
viewed literature focuses on progress made on this area, and more specifically on controls
based on machine learning focused on heat pumps and building energy consumption opti-
mization. The techniques found in the literature research mainly belong to three of the four
subareas of machine learning. These include supervised learning, reinforcement learning and
evolutionary learning [12]. One significant example of technique of each category is summa-
rized hereafter.

Han et al. [13] study the advances in reinforcement learning control methods applied in build-
ing energy. They describe the different algorithms and explain the potential and advantages
of the implementation of this model-free control in the field of smart building automation.
However, the curse of dimensionality difficults its implementation.

In the field of supervised learning, Mohammadzaheri et al. [14] develop a review of the most
common control strategies based on neural networks. The authors conclude that neural net-
works were first mainly combined with traditional controllers, then used as sole controllers to
finally return as auxiliary controllers in the design of hybrid ANN controls.

Regarding evolutionary learning, Wright et al. [15] approach the problem of building thermal
design as a multi-criterion optimization issue. To determine a compromise between thermal
comfort and energy cost, the authors successfully apply a multi-criterion genetic algorithm.

Finally, Ahmad et al. [16] notice hybrid technique combining the aforementioned or further
strategies, generally lead to better solutions and performance. Different hybrid strategies are
reviewed in the literature. For instance, Mocanu et al. [17] and Wei et al. [18] successfully apply
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deep reinforcement learning (a combination of neural networks and reinforcement learning)
to building energy control and Matallanas et al. [19] use a genetic algorithm to tune the neural
network of an active-demand side management system.

Methodology

The steps and methodology of this thesis are as follow:

• The first step is an extensive literature review on machine learning controls for building
energy systems. The most promising approach is chosen by listing and analyzing the
advantages and disadvantages of the different techniques.

• The chosen approach is then programmed using Simulink and MATLAB. The software
is developed following a bottom-up approach, starting with basic features and testing
them to ease the correction of possible errors. To do so, test inputs are fed into the ba-
sic features and software outputs are observed and tracked. Once functioning, all the
basic sub-units are assembled to form a more complex system. Finally, the supervisory
control is integrated into the PVCool Simulink model.

• The control is verified using short-term simulations. The verification includes the com-
pliance to control bounds and objectives.

• The parameter study aims at the determination of the economically optimal combina-
tion of system parameters. The study only considers the elements susceptible to having
the highest impact on costs. These include four different volumes of thermal storage,
three different sizes of the heat pump, and three different sizes of the PV generation unit.
This results in 36 different scenarios to be compared with annual simulations. With the
results of the simulations, comparative values are calculated to guide the decision of
the optimal scenario. The comparative values include the levelized cost of energy, the
levelized cost of heat, the levelized cost of electricity, the self-consumption ratio, and
the generated emissions.

• Finally, the three controls developed within the PVCool projects are compared. The eco-
nomically optimal parameters determined in the parameter study are used as common
boundary conditions. The rule-based control developed by Achatz [11], the model pre-
dictive control designed by Rauscher [9], and the supervisory control based on machine
learning developed within this thesis are compared using the results of high temporal
resolution annual simulations.

Results

After an extensive literature review and analysis of the advantages and disadvantages of each
technique, it is concluded that deep reinforcement learning is the most promising machine-
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learning technique for the investigated system. The method is developed, tested, and imple-
mented in the PVCool Simulink model. Tests carried using short-term simulations show that
the control bounds are respected and that the control also complies with the desired objec-
tive.

The parameter study concludes that the optimal setup for the investigated energy system con-
sists of a heat pump with a maximum electrical power of 3 kW, a thermal storage of 750 L and
a PV generation unit of 5 kWp. This scenario achieves th lowest levelized cost of energy and
the lowest emissions while avoiding undersized or oversized elements.

Finally, with the chosen setup, annual simulations are performed with the different controls
developed within the PVCool project: the rule-based control developed by Achatz [11], the
model predictive control developed by Rauscher [9] and the deep reinforcement learning con-
trol developed within this thesis. Results show that the model predictive control achieves the
lowest energy costs. Indeed, the model predictive control achieved an energy cost that was
2,2% lower than the cost achieved by the rule-based control and 6,7% lower than the cost
obtained with the deep reinforcement learning control. The highest self-consumption ratio
is achieved by the rule-based control. The self-consumption ratio achieved when using the
rule-based control is 24% and 37,8% higher than the self-consumption ratio obtained by the
model predictive control and deep reinforcement learning control, respectively.

Conclusion

Results of the control evaluation show suboptimal results of the developed deep reinforce-
ment learning control. This can be explained by different reasons. First, the fact that the trial
and error exploration performed by the deep reinforcement learning control sometimes can
get caught in a suboptimal solution. The shortening of the learning process to reduce com-
putational time also diminished the performance of the control. Finally, the parameters and
design of the control could still be improved.

Although the lowest energy costs are achieved by the model predictive control, this control
used 100% correct predictions which are unlikely to be available in reality. Taking into ac-
count that the results in terms of energy costs between rule-based control and model predic-
tive control are very low, it is likely that the rule-based control would be the most suitable in a
non-simulated real application. Additionally, this control is simpler to implement, faster and
leads to the highest self-consumption and the lowest emissions.
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Abstract

As the European energy supply sector moves towards more sustainable energy systems, pro-
gressively replacing conventional generation by renewable energy plants, other sectors can
benefit from the emissions-free electrical power generated. The coupling of the heating and
power sectors is particularly interesting, as the building sector has a high decarbonization
potential, and the prices of both storing heat and generating heat from electricity are low.
The purpose of this thesis is to contribute to the transition to a more sustainable building
sector by developing an intelligent control that manages and optimizes the sector-coupling
strategy of a building energy system. The system includes a cold vapor cycle, driven by a pho-
tovoltaic (PV) generation unit and connected to the grid, and heat and cold storage.
After conducting a literature review on machine learning control strategies for building en-
ergy systems, the deep reinforcement algorithm is identified as a promising method to deal
with the problem. The control strategy developed uses weather and demand predictions and
aims at minimizing energy costs. The control is verified using short-term simulations. The
performance of the control is evaluated by comparing it to two additional supervisory con-
trols developed on previous work within the same project: a rule-based control and a model-
predictive control (MPC). The results of annual simulations show that the lowest annual elec-
tricity cost is achieved by the MPC control and the highest self-consumption ration and lowest
annual operation emissions are achieved by the rule-based control.
Additionally, a parameter study is conducted to identify the economically optimal combi-
nation of system parameters, considering the case of a single-family household in Munich,
Germany.

Key Words: Building energy system, heat pump, photovoltaic, thermal energy storage, su-
pervisory control, machine learning, deep reinforcement learning control, economic study,
comparison of control approaches.
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1 Introduction

1.1 Background

"The greatest threat to our planet is the belief that someone else will save it." Robert Swan [1]

The building sector in the European Union accounts for 40% of the total energy consumption
and produces 36% of greenhouse emissions, making it the largest energy consumer [2]. The
European Commission has acknowledged that it is critical to improve the energy performance
of the building sector, setting targets for its decarbonization. The European Performance for
Buildings Directive (EPBD), approved in 2002 and revised in 2010, sets the path to strict re-
quirements for energy efficiency in buildings, and more particularly for heating, ventilation,
and air-conditioning (HVAC) systems [3].

One possibility for the decarbonization of heating and cooling in the building sector is the use
of renewable energy sources and the linking of power and heat sectors, providing flexibility to
the system and allowing the use of the surplus power [4]. Among the different sector coupling
strategies, the coupling of heat and power (commonly known as power-to-heat) is seen as
one of the most attractive combinations, since both storing heat and generating heat from
electricity are inexpensive processes [5]. Heat pumps and compression chillers are two of the
most common examples of power-to-heat technologies, which turn electricity into heat and
cold respectively [6].

1.2 Aims of the Study

The Building Performance Institute Europe (BPIE) highlighted the importance of the imple-
mentation of intelligent energy management systems in buildings [3]. Smart and efficient en-
ergy management plays an essential role in decarbonization and sustainability, shaping the
future generation of buildings. A survey carried out by Shaikh et al. [7] shows the growing
interest of both developed and developing countries in intelligent building energy controls.
The main objective of this thesis is to implement these findings to the PVCool Project. The
PVCool Project is a cooperation project of the Technical University of Munich (TUM) and
the and Qatar Environment and Energy Research Institute (QEERI) of the Hamad bin Khalifa
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University in Doha in Qatar. The project investigates the optimized setting of the coupling of
a photovoltaic installation and a cold vapor cycle that can work as a heat pump or a compres-
sion chiller. The project studies the interaction of the different elements of the system, as well
as its control [8].

This thesis aims at the following objectives:

• A literature review on machine-learning-based control strategies for a building energy
system is conducted. Some of the techniques reviewed include controls based on re-
inforcement learning, artificial neural networks (ANNs), and evolutionary algorithms.
The control approach is chosen based on this information and the state of the project.

• The chosen supervisory control strategy is developed and implemented into the exist-
ing Simulink model of the PVCool project.

• The functionality of the control is verified using short-term simulations.

• The economically optimal system is determined by performing a parameter study. In
the parameter study multiple scenarios, all with a different combination of parameters,
are simulated. An economical analysis of the different scenarios allows choosing the
optimal combination of parameters.

• The three control approaches developed within the PVCool project are evaluated and
compared. These approaches include the rule-based control developed by Achatz [9],
the Model Predictive Control (MPC) developed by Rauscher [8], and the machine learning-
based control developed in this master thesis.

1.3 Outline

This section gives a short structure for a better overview of the thesis. The second chapter
sets the theoretical basis for the understanding of the thesis. It introduces the fundamental
concepts and physical correlations of cold vapor cycles (CVCs), the basics of machine learn-
ing, and the principles of control theory. The third chapter reviews the state of the art of the
PVCool project, as well as the main machine learning techniques used in building energy con-
trol. Chapter 4 introduces the structure and goals of the implemented supervisory control and
justifies the chosen machine learning approach. The design process and implementation of
the supervisory control are detailed in Chapter 5. The sixth chapter discusses the verfication
process of the chosen approach. In Chapter 7, an economic analysis is conducted, and the
economically optimal system is identified. Chapter 8 evaluates and compares the different
control approaches developed in the context of the PVCool Project. These include the rule-
based control proposed by Achatz [9], the MPC approach developed by Rauscher [8] and the
approach presented hereafter. Finally, Chapter 9 concludes and summarizes the thesis.
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2 Fundamentals

This chapter presents the theoretical concepts that are necessary for this thesis. The first sec-
tion will examine the basics of cold vapor cycles. The second section presents the fundamen-
tal notions of machine learning and the main concepts of the algorithms that were considered
in this thesis. Finally, the last section introduces the fundamentals of control theory.

2.1 Cold Vapor Cycle

Cold vapor cycles are counterclockwise thermodynamic cycles [10] applied in many industrial
and residential heating and cooling processes [11]. Two important implementations of cold
vapor cycles are heat pumps, and compression chillers or refrigerators. Both systems extract
heat from a low-temperature source (Qsour ce ) and release heat to a high-temperature sink
(Qsi nk ) continuously. The main difference between heat pumps and compression chillers is
their purpose: a heat pump is meant to supply heat to the high-temperature sink and a com-
pression chiller aims at the removal of heat of the low-temperature source [12].

Cold vapor cycles typically include the following elements: evaporator, compressor, condenser
and expansion valve. The heat transfer fluid is called a refrigerant [13]. Figure 2.1 presents a
simplified scheme of a cold vapor cycle. In stage 1, a compressor takes in the evaporated va-
por and ejects it in stage 2 at higher temperature and pressure. To do this, the compressor
needs electrical energy. The increase in pressure leads to a higher condensation temperature.
From stage 2 to 3 the refrigerant enters a condenser in which heat is transferred from the re-
frigerant to the high-temperature sink. There, the refrigerant changes its state from vapor to
liquid. Then, from stage 3 to 4, the refrigerant experiences a pressure reduction in the expan-
sion valve that also decreases its evaporation temperature. Finally, the refrigerant returns to
stage 1 after going through the evaporator, in which the refrigerant takes heat from the low-
temperature sink and evaporates [13].

Figure 2.2 shows the p-h diagram of a cold vapor cycle. The specific heat rejected in the con-
denser q41, the specific heat absorbed in the evaporator q23 and the specific work of the com-
pressor w12 are marked in red.

The coefficient of performance (COP) and the energy efficiency ratio (EER) are two measures
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Figure 2.1 – Simplified scheme of a cold vapor cycle, based on [11]

Figure 2.2 – p-h diagram of a simplified cold vapor cycle, based on [10]

of efficiency for cold vapor cycles. To calculate them, the three following variables are needed:
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• The input power Pi n calculated as show in equation (2.1) with the specific work of the
compressor w12, the mass flow of the refrigerant ṁ, and the mechanical and electrical
efficiencies ηmech and ηel respectively [8]

Pi n = 1

ηmechηel
ṁw12 (2.1)

• The heat flow absorbed from the low-temperature source Q̇sour ce is obtained as follows
[14]:

Q̇sour ce = ṁq41 (2.2)

• The heat flow transfered to the high-temperature sink Q̇si nk is calculated as shown in
the following equation [14]:

Q̇si nk = ṁq23 (2.3)

In a cold vapor cycle, the efficiency is calculated as the ratio of the useful energy and the work
needed to obtain it. In the case of the heat pump, as the purpose of the device is to provide
the heat flow at the heat sink Q̇si nk , the efficiency is calculated as the ratio of Q̇si nk and the
compressor power Pi n as shown in equation (2.4). This relation is called the coefficient of
performance. In the case of the compression chiller, as the objective of the device is to extract
the heat flow of the heat source Q̇sour ce , the efficiency is calculated as the ratio of Q̇sour ce

and the input power Pi n as shown in equation (2.5) [14]. This efficiency is called the energy
efficiency ratio.

COP = Q̇si nk

Pi n
(2.4)

EER = Q̇sour ce

Pi n
(2.5)

2.2 Machine Learning

Energy consumption optimization entails different challenges such as the constant trade-off
between comfort, consumption, and cost [15] or the development of models, subject to non-
linearities [3] and inaccuracies [16]. In this context, research has shown that intelligent control
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techniques and more specifically those with learning capabilities can overcome these chal-
lenges and be successfully implemented in the field of HVAC [17]. As a supervisory control
based on machine learning approaches is developed in this thesis, it is reasonable to briefly
introduce the term, as well as the different approaches and algorithms.

Mitchell [18] proposed the following definition of machine learning: "A computer program is
said to learn from experience E with respect to some class of tasks T and performance measure
P if its performance at tasks in T, as measured by P, improves with experience E."

In other words, machine learning techniques are a subdivision of artificial intelligence that
can predict, learn and find patterns from raw data [19].

The categorization of the machine learning approaches is not unique (e.g.: Marsland [20],
Oladipupo [21], and Moubayed [22] propose different subdivisions). However, in this thesis,
the approach of Marsland [20] is chosen because because it includes evolutionary learning
and its optimization algorithms. In Marsland [20], the categories of machine learning are es-
tablished based on an algorithm perspective:

• Supervised learning: A training set containing examples with both inputs and outputs
is available and the algorithm learns to generalize and map inputs to outputs.

• Unsupervised learning: Only the input data are provided, and the algorithm’s goal is to
find patterns and categories within the data.

• Reinforcement learning: the algorithm performs actions in an environment following
a trial and error approach and receives a reward assessing the goodness of the action
until the final policy is determined.

• Evolutionary learning: the algorithm uses the idea of biological evolution in order to
find the optimal solution.

The most common approaches of supervised, reinforcement and evolutionary learning and
their theoretical foundations will be presented hereafter. The application of the different al-
gorithms in the context of control theory are introduced in greater detail in section 2.3.3 and
Chapter 3.

2.2.1 Supervised Learning

In supervised learning problems, a set of training data (Xi ,Ti ) (with Xi being the input vec-
tor, Ti the target vector, and i going from 1 to a sufficiently high upper limit N ) is available
and provides the expected answer to each of the associated inputs. The goal of the super-
vised learning algorithm is to generalize. In other words, the algorithm should be able to find
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reasonable outputs for inputs that are not included in the training data. Therefore, the super-
vised learning algorithm is able to deal with noisy data, or data containing inaccuracies [20].
However, the design of such algorithms is subject to a series of trade-offs described below [23]:

• Bias-Variance dilemma: Bias refers to the expected systematic error the learning algo-
rithm makes when trained on a training set. Variance refers to the capture of random
fluctuations in training sets [24]. Bias error comes from false assumptions made by the
learning algorithm, and variance refers to the error that derives from sensitivity to small
variations in the training data. A learning algorithm is said to have high bias (and low
variance) when the algorithm omits important relations between inputs and outputs
and hence generalizes poorly. This is commonly called underfitting. On the other hand,
when an algorithm has high variance (and low bias), the algorithm adapts itself exces-
sively to the training data, also modeling noise, and again performs a poor generaliza-
tion. This is known as overfitting. A compromise must be found between bias and vari-
ance [25].

• Function complexity and training data cost: if the relationship the algorithm learns is
simple, then the function can be approximated from a small training set, using a learn-
ing algorithm with low variance and high bias. If the function has a high degree of com-
plexity, then a large amount of data and an algorithm with high variance and low bias
would be most appropriate [26].

• Input space dimensionality: a large number of input features could confuse the learn-
ing algorithm, even if only a small number of those features is relevant. Here, the al-
gorithm can fail to generalize appropriately, leading to high variance. Reduction of di-
mensionality, manually or via feature reduction algorithms, is therefore encouraged for
large datasets [26].

• Output value noise: if the training output data contain errors or inaccuracies, the algo-
rithm should avoid finding a function that maps inputs to outputs too carefully. Possible
solutions to this problem include early stopping of the training process and the remov-
ing of noisy samples [26].

According to the "No Free Launch Theorem" [27], there is no learning algorithm that is the
best choice for all problems. There are many different algorithms to choose from, all with
their advantages and disadvantages. The two most essential techniques in supervised learn-
ing are regression and classification techniques. Regression seeks to find relationships, fore-
cast, and predict quantitative data. Classification methods analyze data and find patterns so
as to predict a qualitative response. For these techniques, multiple algorithms can be used.
Some of the most common examples include: support vector machines, decision trees, arti-
ficial neural networks, linear regression, logistic regression, and K-nearest [28]. ANNs are the
most common supervised learning tool used in building energy control [3]. They are therefore
explained in detail hereafter.

8



2.2 Machine Learning

Artificial Neural Networks

The human brain is composed of more than 100 billion connected neurons [29]. These neu-
rons, also called nerve cells, are formed from three main elements [30]: the soma, the axon
and dendrites. The soma, or cell body, receives and processes incoming information sent by
other neurons. The axon is the path through which information travels from neuron to neu-
ron. The dendrites are branched extensions that surround the cell body and that can be seen
as receiving terminals of the neuron.

Information travels through the nervous system by employing chemical transmitters in the
synapse, the union of an axon with the dendrite of a different neuron. Incoming nerve im-
pulses free the chemical transmitters [30]. Figure 2.3 illustrates the main parts of a neuron.

Figure 2.3 – Simplified scheme of a neuron [29]

Artificial neural networks are inspired by biological neurons. Haykin [31] defines an artifi-
cial neural network as a processor which is "massively parallel distributed", and can store
and provide knowledge coming from experience. ANNs mirror the human brain in two ways.
First, they collect knowledge following a learning process. Secondly, they store this knowledge
in synaptic weights or interneuron connections [29]. Moreover, the learning process of arti-
ficial neural networks resembles the learning process of the brain inasmuch as both work as
"black box" models and do not need specific knowledge about the system as a whole. The
relationship between inputs and outputs can be learned though already recorded data [29].

The main components of a neuron in an artificial neural network are represented in figure 2.4.
These are the following [30]: synapsis links, an adder and a nonlinear activation function.
Each synapsis link is defined by a weight. Through these links, the weighed information of the
different inputs arrives at the node. The adder sums all the weighed input signals. The result
of the weighed addition is evaluated by the activation or transfer function of the node. The
result is the output of the neuron.

In order to store and provide experimental knowledge, the ANNs must first undergo a training
process. Once inputs and outputs are defined in an application, accurate data need to be gath-
ered. Accuracy is crucial because erroneous data would lead to an incorrect model [33]. After
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Figure 2.4 – Basic components of an artificial neural network [32]

the data are prepared, the appropriate architecture and the accompanying parameters (such
as the learning rate, or the type of activation function of the ANN) must be chosen [29]. The
most popular architecture of artificial neural networks is multi-layer feed-forward networks
(MLFFN) [34]. An MLFFN has one input layer, one or multiple hidden layers, and one out-
put layer. Figure 2.5 shows a simplified schematic of this architecture. Thanks to the presence
of various layers with nonlinear activation functions, the ANN can approximate both linear
and nonlinear functions [32]. Other common types of ANN architecture are single-layer feed-
forward networks, radial basis networks, or recurrent neural networks [30].

Figure 2.5 – Schematic structure of a multi-layer feed-forward network [29]

After the architecture and parameters of the network have been chosen, the network must be
trained. The training consists of a systematic modification of synaptic weights [29]. The net-
works receive a set of training examples, each of them formed by the input and the expected
output. The learning algorithm modifies the weights if the network’s calculated solution dif-
fers from the expected output. The examples are presented to the network repeatedly until
the error or the output attain acceptable levels [33]. After the training process, the network is
validated using test data not previously employed in the training phase. This way, it becomes
clear whether the developed ANN is well trained and performs well for previously unknown
data. Finally, the network is optimized to enhance its overall performance [32].
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In recent years, interest in artificial neural networks has substantially increased. Their ability
to learn from examples, their robustness, and their error tolerance makes them useful tools for
tasks like approximating functions, as well as finding, recalling or generating patterns. They
have been applied to multiple different fields such as medicine, engineering, psychology, and
economics [29].

2.2.2 Reinforcement Learning

A reinforcement learning algorithm tries to find the optimal sequence of actions needed to
reach a long-term goal by repeatedly interacting with an environment [16]. An agent explores
the environment by learning and interacting with it [35]. Figure 2.6 shows the flowchart of
the learning process. The agent observes the current situation at a time t of the environment,
described here as its state St , and then performs an action At . This action affects the envi-
ronment, which changes its state from St to St+1. When this happens, the agent receives a
reward, rt , produced by the environment. This reward reflects the instant benefit of being in
a given state. Cumulated rewards over a sequence of actions indicate whether or not the algo-
rithm is properly progressing towards the long-term goal [16]. The goal of the reinforcement
learning algorithm is to find a policy that maximizes long-term reward. A policy is a function
that maps actions to states. Usually this function is described as a probability function where,
given a state s, the probability of taking an action a is π(s, a) [17].

The reinforcement learning problem can be seen as an optimization problem in which the
concept of value is introduced. The value refers to the total expected reward from the current
state projected into the future. By looking at the value, the agent can select actions that will
maximize the long-term reward. The value function is also called "critic", since it looks at
different action options and criticizes the agent’s decisions [35].

Figure 2.6 – Schematic behavior of a reinforcement learning algorithm [36]
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In most cases, reinforcement learning problems can be described by a Markov Decision Pro-
cess (MDP). A process is said to be Markovian when the future state only depends on the
present, being independent of the past [36]. This property does not imply that the past events
are irrelevant, but that the current state retains historical information. In an MDP the reward
function depends on the current state, action, and the next state [16]. The total rewards, Rt ,
from the current state and onwards are shown in equation (2.6) [17]:

Rt =
∞∑

k=0
γk rt+k+1 (2.6)

In equation (2.6), the discount factor γ, defined such that 0 ≥ γ≥ 1, allows the algorithm not
to rely excessively on the promise of future rewards

∑∞
k=0 rt+k+1, discounting them to a greater

extent the further they lay in the future. Given a state s and a policy π the state-value function
V π(s) is defined as the expectation Eπ to get a certain reward Rt given a state st [17]:

V π(s) = Eπ{Rt | st = s} = Eπ{
∞∑

k=0
γk rt+k+1 | st = s} (2.7)

The action-value function Q(s, a) that determines the value of choosing an action a in a state
s following policy π is described in equation (2.8) [17]:

Qπ(s, a) = Eπ{Rt | st = s, at = a} = Eπ{
∞∑

k=0
γk rt+k+1 | st = s, at = a} (2.8)

The state-value function V π(s) and the action-value function Qπ(s, a) are measures of the
expected return. One or the other is used depending on the type of problem. In a model-
based application, the state-value function would most likely be applied, whereas in a model-
free application, the action-value function would be preferred [36]. Because a model-free al-
gorithm is used in this thesis, the focus from here on will be on the action-value function
Qπ(s, a), but both procedures are similar. As explained above, the reinforcement learning al-
gorithm aims at identifying the optimal policy π∗(s, a) (optimality being symbolized by an
asterisk) that maximizes the expected long-term reward, or the value function [17]:

π∗(s, a) = argmax
a∈At

Q(s, a) (2.9)

In order to optimize equation (2.9), the learning algorithm uses the recursive relationship
between two successive actions chosen among an action set At . This algorithm, known as Q-
learning algorithm, is considered one of the most relevant findings in reinforcement learning
[16]. The Q-learning algorithm was first introduced by Watkins [37] and is still one of the most
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popular and efficient model-free learning techniques [16]. The action-value function Q(s, a)
is updated to approximate the new value Q∗(s, a) [17]:

Q∗(st , at ) ←Q(st , at )+α [rt+1 +γmax
at+1

Q(st+1, at+1)−Q(st , at )]︸ ︷︷ ︸
error in Q estimate

(2.10)

In equation (2.10) the new value of the action-value function Q∗(st , at ) is calculated as the
sum of the old value of Q(st , at ) and the error in Q estimate [35]. The error in Q estimate is
weighted by the learning rate α (0 ≥ α ≥ 1) and includes the following elements: the reward
for taking a certain action rt+1, the previously introduced discount factor γ ((0 ≥ γ ≥ 1), the
maximum expected value going forward max (Q(st+1, at+1)), and the old value of Q(st , at )
[35].

Often, the algorithm stores the result of the action-value function Q(s, a) in a lookup table,
commonly called Q-table. The elements of the Q-table are the value estimations of each state-
action pair [17]. However, this type of representation can result in practical problems when
the number of state-action pairs increases [35]. This is called the "curse of dimensionality" in
reinforcement learning [38]. Other types of policy representation are possible. An alternative
to the Q-table would be to use a function to represent policies. However, that would require
knowledge of the structure of such function beforehand. Another approach is to use a general
function approximator such as an artificial neural network [35]. The combination of artificial
neural networks and reinforcement learning is called Deep Reinforcement Learning (DRL).
The Deep Q-Network (DQN) agent combines artificial neural networks and the Q-learning
algorithm to approximate the Q-table [39]. The model-free DQN algorithm chooses among
a discrete set of possible actions. Matlab also supports a model-free DRL algorithm that can
choose among a continuous interval of actions: the Deep Deterministic Policy Gradient agent
(DDPG) [40].

2.2.3 Evolutionary Learning

Evolutionary algorithms are metaheuristic- and population-based algorithms, inspired in nat-
ural evolution [41]. Natural evolution sets an "imaginary fitness landscape" [20] which favors
the survival of living beings that are fitter. Fitter living beings are able to survive longer, find
more mates and produce a larger number of healthier offsprings [20]. Similarly, evolutionary
algorithms consider two key ingredients of natural evolution: superior selection and varia-
tional reproduction [42]. Although the implementations of evolutionary algorithms are var-
ied, they usually undergo the following steps [42]:

1. Generation of an initial population or initial solution set
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2. Generation of new solutions using the existing population (reproduction)

3. Removal of the worst individuals of the existing population

4. Repetition of this process from the second step until a certain stop condition is met

There are many different implementations of evolutionary algorithms [42], e.g: genetic al-
gorithms (GAs), genetic programming, and evolutionary strategy. This section will detail the
concepts of the genetic algorithm since it is the most popular algorithm [41] and it has been
already applied to a broad range of building optimization problems [43].

Genetic Algorithms

Genetic algorithms are search algorithms inspired by Darwin’s natural selection [44]. A ge-
netic algorithm starts with the generation of a set of potential solutions to a problem, or a
population of solutions. Each solution is also called an individual. With each run of the op-
timization algorithm, a new generation (a new set of solutions) is created. This new set of
individuals is generated by evolution operators [3]. The most common evolution operators
are the mutation and crossover (also called recombination) [42]. The mutation operator ran-
domly modifies one of the existing solutions to create a new one. Figure 2.7 shows an example
of a mutation in a Boolean vector solution. In this example, one bit is randomly selected and
its value is modified in the next generation [42].

Figure 2.7 – Example of the effect of the mutation operator in a binary vector, adapted from [42]

The crossover operator combines and mixes two or more solutions to generate new ones. Fig-
ure 2.8 depicts an example of a crossover in a Boolean vector solution. In this case, a position
in the vectors of the to parents is selected. The new generation is created by flipping the ele-
ments of both parents after this position [42].

Figure 2.8 – Example of the effect of the crossover operator in a binary vector, adapted from [42]

A fitness function evaluates the goodness of the offsprings and parent solutions at each iter-
ation and selects the best solutions. The iterations continue until a stopping criterion is met.
Common examples of stopping criteria are:
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• The surpass of the maximum computational time

• The meeting of a predefined quality of the solution

• The lack of improvement of the solutions.

Figure 2.9 describes the flowchart of a genetic algorithm.

Start

Initial population
Reproduction:

Mutation
Crossover

Offspring 
population

Selection: 
Fitness 

evaluation
New generation

Stopping
criterion?

No

Yes

Stop

Figure 2.9 – Flowchart of a genetic algorithm

2.3 Control Theory

This section briefly introduces the basics of control engineering and traditional controls. Then,
intelligent controls are presented. This thesis focuses on learning-based controls, a subset of
intelligent controls.

2.3.1 Basics

Control engineers see a process as a dynamic system which has outputs, inputs, and internal
variables that are called state variables. Systems can be described as open or closed loops.
In the case of open-loops, unlike for close-loops, the output value is not used to rectify the
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Figure 2.10 – Flowchart of a closed-loop control system [45]

error [45]. As in this thesis, a closed-loop approach is applied [8], the closed-loop process is
described below.

Figure 2.10 describes the process of a closed-loop system. The output y(t ) tries to follow a
certain desired reference yr (t ) despite the unpredictable disturbances d(t ). To do so, the out-
put y(t ) is measured and compared to the reference yr (t ). The difference is the error (e(t )).
After certain correction, this value is fed into the actuator which sends a control signal u(t ) to
the process. The control signal u(t ) and the disturbances d(t ) influence the value of the new
output of the process y(t ) [45].

Controls can also be classified into local and supervisory controls. Local controls are lower-
level controls that ensure tracking of a reference and robust performance. Supervisory con-
trols are higher-level controls that aim at the optimization of the process and control settings.
The main focus of this thesis is the development of a supervisory control algorithm for the
PVCool project [46].

2.3.2 Conventional Controls

Conventional controls mainly include on-off and proportional-integral-derivative (PID) con-
trols. Both have been widely used in the field of building engineering [7]. The implementation
of on-off controls is simple but subject to multiple drawbacks [36], such as overshooting or in-
stability, leading to poor performance [7]. The implementation of PID controls is also simple.
The proportional control (P) aims at reaching the reference as fast as possible, whereas the
derivative control (D) prevents the control from adjusting too quickly or too slow. The integral
control (I) aims at removing the residual error by regulating the aggregated error [36]. How-
ever, PID controls have no knowledge of the plant, have constant control parameters, and
have limited performance against noise and non-linearities. Some PID architectures such as
the cascade structure can enhance the performance of PID controls [7].

Traditionally the above-mentioned strategies only focus on energy consumption minimiza-
tion and do not take into account thermal comfort or vice-versa. To solve this, and the other
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beforementioned issues, researchers investigated other approaches in the 1980s. These ap-
proaches included predictive, adaptive and optimal controls [7].

2.3.3 Intelligent Controls

Multiple control approaches fall under the umbrella of intelligent controls, such as fuzzy
logic or multi-agent systems [7]. Fuzzy systems are considered intelligent because of their
use of human-like reasoning to create a set of control rules [36]. Multi-agent systems are co-
ordinated, intelligent and autonomous agents or devices with local goals that work together
to achieve complex tasks [3]. However, this thesis will only focus on those controls based
on machine learning approaches, or those with learning capabilities. These machine learn-
ing approaches include artificial neural networks, evolutionary algorithms [3], reinforcement
learning, and hybrid approaches. Below a brief overview of the implementation of these ap-
proaches in the field of building control is given. Additionally, the main advantages and dis-
advantages are mentioned.

• Artificial Neural Networks: In the literature, ANNs are mostly used because of their ca-
pacity to model non-linear problems and making predictions without knowing the sys-
tem. However, ANNs rely heavily on the training data, and they are only reliable when
the operation is within the training set range. The topology of the neural networks is
also hard to determine and varies for each application [3].

• Evolutionary algorithms: Genetic and evolutionary algorithms are used as global op-
timization techniques in control [3]. Specifically, Genetic algorithms are the most ac-
knowledged technique in building performance optimization [7]. They are easy to un-
derstand and configure and can handle complex problems and trade-offs [43]. However,
they can present a slow convergence [47].

• Reinforcement learning: This model-free, data-driven control technique is also able to
optimize building performance [36]. This technique is optimal for online applications
[48] and can be adapted to changes in the environment during operation [49]. However,
the implementation can be difficult because the performance of reinforcement learning
algorithms depends on many factors [46], constraints are hard to handle [50] and the
algorithm can suffer from the curse of dimensionality [51] as seen in section 2.2.2.

• Hybrid techniques: These techniques combine multiple intelligent approaches to achieve
better performance and obtain better solutions. Each combination has its character-
istics and should be discussed independently [3]. Examples of these combinations are
ANNs with genetic algorithms, fuzzy logic with ANNs [3], or multi-agents and reinforce-
ment learning [36].
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2.4 Conclusion of the Fundamentals Chapter

In the first section, the basic principles of cold vapor cycles are introduced. Cold vapor cycles
are the working principle of heat pumps and compression chillers. Then, the fundamental
concepts of machine learning are presented. The principles of supervised learning, reinforce-
ment learning, and evolutionary learning, as well as their most relevant algorithms, are in-
troduced. Finally, the basics of control theory are described. The relevant intelligent control
methods based on machine learning, as well as their advantages and disadvantages, are also
listed. Table 2.1 summarizes the last main aspects.

Table 2.1 – Overview of advantages and disadvantages of the considered control strategies

Approach Advantages Disadvantages

Artificial Neural
Networks • effective real-time operation [3]

• able to model complex relation-
ships [34]

• need no knowledge of the sys-
tem [3]

• only reliable on the range of the
training data [3]

• Topology hard to determine [3]

Evolutionary al-
gorithms • easy to understand and config-

ure [43]
• can handle complex problems

and trade-offs [43]

• slow convergence [47]

Reinforcement
Learning • model-free [3]

• optimal for real-time operation
[48]

• adaptatable during opera-
tion [49]

• implementation depends on
many factors [46]

• difficult handling constraints
[50]

• curse of dimensionality [51]

Hybrid tech-
niques • better solutions [3]

• better performance [3]
• each combination is unique [3]

In the next chapter, the literature on machine-learning-based controls in the field of build-
ing energy optimization is introduced. Afterward, it is concluded which approach is the most
suitable for the problem of this thesis.
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3 State of the Art

This chapter describes the state of the art that envelopes the thesis. The supervisory control
of this thesis is developed for the PVCool Test Rig. The PVCool Test Rig, as well as the work of
previous student theses, are presented. The tests in the project can be performed in a physical
test rig, or a hardware in the loop simulation (HiL Simulation). The physical test rig or hard-
ware is the CVC. Section 3.1.1 details the physical test rig. Section 3.1.2 introduces the control
software of the PVCool Test Rig. The Simulink simulation model of the CVC environment is
presented in section 3.1.3.

Section 3.2 summarizes the state of the art in the field of controls based on machine learning
techniques for building energy optimization. These publications use reinforcement learning,
supervised learning, evolutionary learning, or hybrid approaches to manage energy systems
that are similar to the PVCool project.

3.1 PVCool Project

Figure 3.1 represents the studied building energy system. The system consists of a PV plant
and the electrical and thermal (domestic hot water and space heating) demand of a single-
family house [52]. In the center of the scheme, the gray background highlights the cold vapor
cycle. The CVC can work either as a heat pump or as a compressor chiller. When the device
provides heat to the building, it is working as a heat pump. In the case of providing cold to the
building, it works as a compression chiller. The figure shows only the operation of the heat
pump. The system highlighted in gray represents the test-rig where experiments for the PV-
Cool project are conducted. The test rig consists of an evaporator, a compressor, a condenser,
and an expansion valve [8]. The design of the test-rig is described in the thesis of Böing [53].
The subordinate compressor control and hardware modifications are described in Bauer [54].

The thermal storage is shown on the right of the vapor cycle. It is connected to an additional
ohmic heater. The latter heater can support the thermal storage in the coverage of the peak
loads of winter days. On the left of the test rig, an air heat exchanger serves as a heat source
[52]. Although the operation as a compression chiller is not represented in the picture, the
process is analog: a cold water storage is used as source and an air heat exchanger serves as
heat sink. In figure 3.1, red and blue lines represent hot and cold-water pipes, respectively.
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Figure 3.1 – Scheme of the studied building energy system [52]

Green and yellow lines represent electric and control flows, respectively. Electricity can be
supplied by the grid or the PV panels and can be supplied to the vapor cycle or the building.
Excess electricity is fed to the grid. The control unit collects data from the system and derives
the desired power to be provided by the vapor cycle [8].

The HiL Simulation considers all the elements of the above-described system. Schmideder
[55] developed the building energy system. The next sections focus on the hardware of the
test rig, the software of the test rig, and the HiL simulation.

3.1.1 Hardware

Figure 3.2 is a scheme of the resulting test rig. In the thesis of Bauer [54] and Irrgang [56] the
testing facilities were developed the testing facility further. The refrigerant evaporates by ex-
changing heat with the source. The fluid is then compressed, either by a swash-plate or a scroll
compressor. Both compressors, driven by an AC motor, are installed in parallel so that the user
can decide which one to use. In the next step, the refrigerant goes through a condenser. The
fluid exchanges heat with the heat sink and condenses. Vapor and liquid phases are separated
by a receiver. Finally, the refrigerant decreases its pressure in the expansion valve and returns
to its original state [8].
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Figure 3.2 – Scheme of the PVCool test rig [52]

3.1.2 Software

Figure 3.3 is a snapshot of the software of the test rig, implemented Simulink. Multiple aggre-
gates, each of them fulfilling different objectives, build the software [8]. The system is modi-
fied during the development of the thesis.

• The trigger aggregate (AggTrig) coordinates the execution of the aggregates. It sched-
ules the calling of the different subsystems to allow real-time operation of the test rig
software.

• The main control aggregate (AggMC) is the user interface of the testing facility. It defines
the values of the parameters and the settings of the system. It allows the user to select
the type of control to be tested. Its building blocks are taken from the SimulinkDash-
board Library.

• The input layer aggregate (AggIL) prepares the data and operates calculations when
needed. It allows communication between hardware and software. It receives, processes
and prepares input data so that other aggregates can access it.

• The supervisory control aggregate (AggSupCtrl) includes the simulation models of the
CVC and heating system and the supervisory controls that compute the desired power
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to be applied by the compressor. This aggregate already includes the rule-based super-
visory control designed by Achatz [9] and the fuzzy and MPC supervisory controls de-
veloped by Rauscher [8]. The machine learning approach is added during this thesis.

• The closed-loop control aggregate (AggCLC) acts as a subordinate control. It transforms
power values in signals of frequency for the compressor.

• The output layer aggregate (AggOL) saves the computed output values or sends them to
the hardware.

Figure 3.3 – Snapshot of the Simulink software of the test rig

3.1.3 Existing Simulink Model

Schmideder [55] designed the Simulink model of the building energy system that was devel-
oped further by Rauscher [8] and Achatz [9]. In this model, the PV plant and the electrical grid
cover both the thermal and electrical demands of the building. The cold vapor cycle uses part
of this electricity to cover the thermal demand, providing cold and heat to the building. The
provision of cold or heat depends on the working model of the cold vapor cycle (heat pump or
compression chiller). Cold and heat storage are also modeled. The building is equipped with
an underfloor heating or cooling system that mixes the flows to meet the required tempera-
ture. A heating or cooling cycle distributes the heat or cold from the thermal storage to the
building.
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The Simulink model of the building energy system includes an artificial neural network to
approximate the value of the COP. The inputs of the neural network are the heat sink tem-
perature, the compressor power, and the heat source temperature. The model also contains
elements of the Carnot library developed by Wemhöfer et al. [57] and the Solar Institute
Jülich [58]. This library contains s-function blocks that model both traditional and renewable
energy systems.

3.2 Literature Review on Control Strategies

This section offers a review of different control strategies for HVAC systems, PV-driven heat
pumps, and similar energy systems. Sections 3.2.1, 3.2.2, and 3.2.3 present the literature on
control strategies based on reinforcement learning, artificial neural networks, and metaheuris-
tic algorithms, respectively. Section 3.2.4 summarizes publications where hybrid methods are
applied. Most of the reviewed literature is presented in a tabular format from the most recent
to the oldest. Relevant publications are detailed at the end of the sections.

3.2.1 Literature on Reinforcement Learning

Table 3.1 summarizes the reviewed publications in reinforcement learning control for energy
systems that are similar to the PVCool project. The authors implement different types of algo-
rithms. The broadly used Q-learning algorithm is often subjected to the "curse of dimension-
ality", influencing the computational cost.

Table 3.1 – Summary of the literature review on reinforcement learning as control approach for
HVAC, heat pumps and similar energy systems

Author
Year

Publication

Peirelinck et
al. [59]

2018 Using reinforcement learning for optimizing heat pump con-
trol in a building model in Modelica: the authors apply batch
reinforcement learning, a method in which the policy is previ-
ously learned offline and used to derive the solution of an on-
line application. More specifically, the authors use a neural fit-
ted Q-iteration algorithm to a thermostatically controlled load
in the context of demand response (DR) and flexibility exploita-
tion. They study the arising property of partial observability.
The learning algorithm is applied to a heat pump and building
model realized in Modelica.
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Han et al. [36] 2018 A review of reinforcement learning methodologies on con-
trol systems for building energy: Han et al. study the advances
in reinforcement learning control methods applied in building
energy. They describe the different algorithms and explain the
potential and advantages of the implementation of this model-
free control in the field of smart building automation. However,
a lack of attention in previous scientific research is also noticed
by the authors.

Chen et al. [60] 2018 Optimal control of HVAC and window systems for natu-
ral ventilation through reinforcement learning: the article
presents a control of a HVAC system in the context of natural
ventilation, to reduce energy usage and maximize thermal com-
fort. The control is implemented using reinforcement learning
and more specifically a Q-learning algorithm.

Görges [50] 2017 Relations between Model Predictive Control and Reinforce-
ment Learning: this article establishes a comparison between
reinforcement learning and model predictive control in the
context of a linear, discrete and time invariant system. Both
control methods are presented in a tutorial manner.

Beghi et al. [17] 2017 Reinforcement Learning Control of Transcritical Carbon
Dioxide Supermarket Refrigeration Systems : the authors ap-
ply reinforcement learning to the supervisory control of a CO2

booster refrigeration system of a supermarket. Changing con-
ditions of operations and system intricacy makes this model-
free approach that learns from the interactions with the envi-
ronment suitable.

Ruelens et al. [61] 2015 Learning Agent for a Heat-Pump Thermostat with a Set-Back
Strategy Using Model-Free Reinforcement Learning: Ruelens
et al. propose a model-free learning agent to control a heat
pump that has an auxiliary heating element. They investigate
the use of a set-back method for heat pumps that softens the
set-point temperature during night or work hours. This method
allows the reduction of energy consumption in comparison to
the common constant temperature set-point strategy. The de-
veloped approach is based on a batch reinforcement learning
technique combined with an auto-encoder, to lower the state
vector dimension.
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Wen et al. [38] 2015 Optimal Demand Response Using Device-Based Reinforce-
ment Learning: Wen et al. propose a new energy management
system formulation for DR issues in small buildings using re-
inforcement learning. To solve the limitations of this method,
they suggest to divide the problems into device clusters. Results
of simulation are also presented in the study.

Fazenda et al. [62] 2014 Using reinforcement learning to optimize occupant comfort
and energy usage in HVAC systems: Fazenda et al. apply rein-
forcement learning to a supervisory control of an HVAC system.
The goal of the control is to reduce the cost of energy and to
maintain the occupant’s comfort. The reinforcement learning
approach is applied to both a continuous and discrete practical
case.

Ernst et al. [51] 2009 Reinforcement learning versus model predictive control: a
comparison on a power system problem: Ernst establishes a
comparison between reinforcement learning and model pre-
dictive control using a unified framework and applies both ap-
proaches to an electrical power oscillations damping problem.

Dalamagkidis
and Kolokotsa
[49]

2008 Reinforcement Learning for Building Environmental Control:
the authors propose a controller based on reinforcement learn-
ing for an HVAC system. A case of study is presented, in which
results are compared to other control approaches (fuzzy-PD
and ON/OFF).

Liu and Henze
[16]

2006 Evaluation of Reinforcement Learning for Optimal Control of
Building Active and Passive Thermal Storage Inventory: this
paper presents a model-free supervisory control of an electri-
cally driven chilled water system for commercial buildings. Var-
ious learning scenarios are discussed. The authors also investi-
gate the influence of parameters, state, and action space con-
figuration.

Han et al. [36] (2018): A review of reinforcement learning methodologies on control systems
for building energy

Han et al. review the motivation for building energy optimization and present the fundamen-
tals of the reinforcement learning approach. The authors establish a categorization of the dif-
ferent reinforcement learning algorithms dividing them into two main groups: model-based
or model-free. They describe the basics of some of these algorithms, as well as their applica-
tions in building energy.

Han et al. review the existing control strategies in building energy. They divide these strategies
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into classic (e.g. PID or ON/OFF), hard (e.g. MPC), soft (e.g. ANN) and other control methods.
The authors introduce the main attributes of these categories.

Overall, the authors notice scarcity in the number of publications about reinforcement learn-
ing for building energy control. Although reinforcement learning does not need a model, the
"curse of dimensionality" is seen as an inherent problem of the approach.

3.2.2 Literature on Artificial Neural Networks

Table 3.2 reviews the publications of ANN-based controls of energy systems. Neural networks
were used in different contexts, such as the approximation of models, or their combination
with other control approaches.

Table 3.2 – Summary of the literature review on artificial neural networks as control approach
for HVAC, heat pumps and similar energy systems

Author Year Publication
Huang et al. [63] 2015 A neural network-based multi-zone modelling approach for

predictive control system design in commercial buildings :
Huang et al. design an ANN-based predictive control for HVAC
systems in commercial buildings. They use ANN to model the
interaction between different zones of the building. The con-
trol uses a start-stop rule and successfully maintains comfort
temperature and reduces energy consumption.

Karabacak and
Cetin [30]

2014 Artificial neural networks for controlling wind–PV power sys-
tems: A review : Karabacak and Cetin review the application
of neural networks in PV and wind energy conversion systems.
They conclude that for most cases, ANN show a better perfor-
mance than traditional controls.

Mohammadzaheri
et al. [34]

2012 A critical review of the most popular types of neuro control : in
this paper, the main types and characteristics of neurocontrols,
in other words of controls in which at least one artificial neural
network is utilized, are described. The authors note that artifi-
cial neural networks went from auxiliary controllers, in combi-
nation with conventional control, to sole nonlinear controllers
and back to auxiliary controllers in recent times, as hybrid ANN
controllers.
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Mohanraj et
al. [32]

2012 Applications of artificial neural networks for refrigeration,
air-conditioning and heat pump systems-A review : Mohan-
raj et al. reviewed more than 90 papers on the application of
ANN for modeling, forecasting and controlling of refrigeration,
air conditioning, and heat pump systems. The reviewed liter-
ature confirms that ANNs successfully and accurately serve in
this field. Additionally, they state that the hybridization of arti-
ficial neural networks with other expert systems would perform
better than a traditional ANN approach.

Ekren et al. [64] 2010 Comparison of different controllers for variable speed com-
pressor and electronic expansion valve : in this publication
a proportional integral differential, a fuzzy logic, and an ANN
control algorithms are compared. The controls are applied to
a variable speed compressor and an electronic expansion valve
of a chiller. The ANN approach outperformed the other two, be-
cause of the achievement of lower power consumption and an
improvement of stability.

Al-Alawi et al. [33] 2007 Predictive control of an integrated PV-diesel water and power
supply system using an artificial neural network : the publi-
cation investigates the implementation of a control based on
ANN to optimally operate an integrated hybrid PV-based water
and power supply system. The control is designed to maximize
the consumption of solar power when available and decide on
the ON and OFF states of the diesel generator. The ANN model
successfully works as a power usage and generator status pre-
dictor.

Kalogirou [29] 2001 Artificial neural networks in renewable energy systems ap-
plications: a review : Kalogiorou reviews the implementation
of artificial neural networks in different renewable energy sys-
tems, suggesting that this alternative approximation method is
not to be underestimated. The authors also underline its mod-
eling, mapping, and system identification potential.

Mohammadzaheri et al. [34] (2012): A critical review of the most popular types of neuro
control

The publication reviews the most common neuro controls. Neuro controls appear when at
least one ANN is involved in the control command generation.

First, the authors introduce the basics of the neural network architectures used in control.
They go over the fundamentals of multi-layer perceptrons and radial basis function networks,
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as well as their advantages and disadvantages. Then, Mohammadzaheri et al. review the his-
torical development of neuro controls. In the 1980s, the neural networks were used to map the
output to the control command. This method is called inverse dynamics. In the early 1990s,
researchers used two ANNs to model and control. This second approach is called by the au-
thors "model reference control". Later neuro-predictive controllers were introduced, where
ANN worked as a predictive model. In this case, the controller or optimizer could also be im-
plemented with a neural network. The next approach was the so-called "feedback lineariza-
tion control". In the 2000s, researchers used ANNs to model a complex part of the system’s
dynamics. The authors describe the characteristics of each control type.

Overall the authors notice that ANN was first used in combination with other conventional
controllers. Then, researchers started to use them as sole controllers. In recent years, the trend
among the researchers is to use them again as auxiliary controllers or designing hybrid ANN
controllers.

3.2.3 Literature on Evolutionary Algorithms

Table 3.3 gathers and summarizes publications on different evolutionary algorithms used in
control of energy systems.

Table 3.3 – Summary of the literature review on evolutionary algorithms as control approach for
HVAC, heat pumps and similar energy systems

Author Year Publication
Delgarm et al. [65] 2016 Multi-objective optimization of building energy performance

and indoor thermal comfort: A new method using artificial
bee colony (ABC) : this paper approaches the problem of con-
flicting objectives of thermal comfort (measured by the per-
centage of people dissatisfied or PPD) and the energy con-
sumption of buildings employing a multi-objective optimiza-
tion process based on simulation. The algorithm used is a
multi-objective artificial bee colony (MOABC) implemented
on MATLAB and using an EnergyPlus simulation. The authors
study the case of a single office room and notice a notable im-
provement in thermal comfort and a reduction of energy con-
sumption.

Congradac and
Kulic [66]

2009 HVAC system optimization with CO2 concentration control
using genetic algorithms : Congradac and Kulic propose a
genetic-algorithm-based CO2 concentration control to operate
an HVAC system with the objective of reducing energy perfor-
mance. Through a simulation, the authors quantify the power
saved with the implemented method.
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Mossolly et
al. [67]

2009 Optimal control strategy for a multi-zone air conditioning
system using a genetic algorithm : Mossolly et al. Investigate
different control strategies for an HVAC system. The optimiza-
tion problem is based on the cost of energy consumption and is
solved with a genetic algorithm implemented in MATLAB.

Nassif et al. [68] 2004 Evolutionary algorithms for multi-objective optimization in
HVAC system control strategy : this publication presents a
supervisory control for an HVAC system that is optimized by
a two-objective evolutionary algorithm, more specifically the
NSGA-II algorithm. The two objectives of the optimization are
the reduction of energy consumption and the increase in ther-
mal comfort. The results show that substantial energy savings
are achieved after implementation.

Caldas and Nor-
ford [43]

2003 Genetic algorithms for optimization of Building Envelopes
and the Design and Control of HVAC Systems : Caldas and Nor-
ford review the notion of genetic algorithm and its applications
in building energy topics. More specifically, they present previ-
ous applications of genetic algorithms in building design and
HVAC configuration and operation.

Wright et al. [69] 2002 Optimization of building thermal design and control by
multi-criterion genetic algorithm : Wright et al. recognize the
building thermal design as a multi-criterion optimization prob-
lem because a compromise between resident thermal com-
fort and energy cost needs to be found. In that context, they
study the implementation of a multi-criterion genetic algo-
rithm (MOGA) as search strategy that proved fast progress to-
wards the optimal solution. They underline the potential of this
approach in building optimization problems.

3.2.4 Literature Review on Hybrid Control Strategies

Table 3.4 gathers different publications that implement hybrid approaches. All these publica-
tions use at least one machine learning technique. Each combination has different character-
istics.
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Table 3.4 – Summary of the literature review on hybrid machine learning approaches to control
HVAC, heat pumps and similar energy systems

Author Year Publication
Mocanu et al. [70] 2019 On-line Building Energy Optimization using Deep Reinforce-

ment Learning : the authors apply two techniques of deep re-
inforcement learning: DQN and deep policy gradient (DPG) to a
scheduling problem for energy management systems in build-
ings. The objective of the algorithm is to minimize energy cost.

Wei et al. [71] 2017 Deep Reinforcement Learning for Building HVAC Control :
Wei et al. develop a Deep Reinforcement Learning (DRL) algo-
rithm to reduce energy cost of HVAC systems in buildings. The
proposed algorithm is compared to reinforcement learning and
rule-based approaches. DRL approach achieves better results.

Afram et al. [47] 2017 Artificial neural network (ANN) based model predictive con-
trol (MPC) and optimization of HVAC systems: A state of the
art review and case study of a residential HVAC system : Afram
et al. apply an ANN-based MPC to the case of an HVAC sys-
tem of a residential building in Canada. They use the algorithm
best network after multiple iterations (BNMI) which outper-
formed the single iteration training implemented in MATLAB.
They developed a dynamic set-point temperature strategy that
performs better than the fixed set-point approach.

Shah and Gopal
[72]

2016 Model-free predictive control of nonlinear processes based on
reinforcement learning: Shah and Gopal solve the challenge of
finding a suitable nonlinear model for MPC by using a model-
free predictive control based on reinforcement learning. They
apply the control to the practical case of a continuous stirred
tank reactor.

Yu et al. [15] 2015 Application of multi-objective genetic algorithm to optimize
energy efficiency and thermal comfort in building design :
The authors approach the trade-off of thermal comfort and
energy consumption present in building design with a multi-
objective optimization model, based on the non-dominated
sorting genetic algorithm NSGA-II algorithm. Thanks to a back-
propagation optimized model they model building behavior
and predict both energy and thermal performance. A practi-
cal example of a building design problem in China is also pre-
sented.
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Ferreira et al. [73] 2012 Neural networks based predictive control for thermal comfort
and energy savings in public buildings : This paper presents
an MPC to control an HVAC system, with the goals of improv-
ing thermal comfort (characterized by the predicted mean vote
or PMV) and minimizing energy consumption. The predictive
model is determined by means of neural networks, identified
using a multi-objective genetic algorithm. Ferreira et al. use a
branch and bound approach as an optimization method.

Matallanas et al.
[74]

2012 Neural network controller for Active Demand-Side Manage-
ment with PV energy in the residential sector : In this publica-
tion an active demand side management (ADSM) control based
on ANNs is implemented. The control uses a genetic algorithm
to set the parameters of the neural networks. The final goal of
the control is to maximize self-consumption.

Huang and Lam
[44]

1997 Using genetic algorithms to optimize controller parameters
for HVAC systems : In order to enhance the performance of an
HVAC system, the authors develop an adaptative learning algo-
rithm that makes use of genetic algorithms to tune and select
the parameters of a PID controller.

Wei et al. [71] (2017): Deep Reinforcement Learning for Building HVAC Control

The authors focus on the intelligent scheduling of HVAC systems in the residential sector.
They note the inefficiency of rule-based and model-based approaches. These strategies de-
pend heavily on the accuracy of the building model. To solve this, researchers proposed data-
driven reinforcement learning strategies. However, traditional Q-learning algorithms are no
match to large state spaces. Wei et al. apply the novel technique of deep reinforcement learn-
ing. This method was already applied in the field of gaming. This publication is (according
to the authors) the first to implement deep reinforcement learning in the field of HVAC con-
trol. In this paper, the authors formulate the operation of the HVAC system as an MDP and
propose a control based on DRL. To test and validate their work, they use the simulation tool
EnergyPlus. The objective of the algorithm is to minimize energy costs and to maintain ther-
mal comfort.

The DRL algorithm developed by the authors uses artificial neural networks as an approx-
imation of the Q-value function. They also adapt the algorithm to work in a multiple zone
building. They compare the performance of the DRL algorithms to the performance of a rule-
based (ON-OFF) control as well as a traditional Q-learning algorithm. The study shows that
the DRL algorithm can keep thermal comfort while achieving a significant reduction of energy
cost (compared to the on-off, and Q-learning approaches).
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Mocanu et al. [70] (2019): On-line Building Energy Optimization using Deep Reinforcement
Learning

Mocanu et al. recognize reinforcement learning as the most suitable control algorithm to min-
imize the cost of energy in buildings. However, they also noticed in previous research the lim-
itations of reinforcement learning when facing large-scale problems due to the "curse of di-
mensionality". Interest returned when reinforcement learning and artificial neural networks
(Deep Learning) fused in a new approach called Deep Reinforcement Learning. In this paper,
Mocanu et al. apply Deep Reinforcement Learning to an on-line scheduling and optimiza-
tion problem for energy management systems in the residential sector. The authors describe
the application of DRL in the context of smart grid and smart buildings. They implement two
different algorithms: Deep Q-Learning and the Deep Policy Gradient method both at the ag-
gregated and building level. Mocanu et al. intend to minimize cost, reduce peaks and meet
the constraints of electrical devices. The study concludes that both DQN and DPG methods
can be successfully implemented to flatten the energy profile or minimize energy. The au-
thors notice a better performance of the DPG method to solve scheduling problems both at
the aggregated and building level.

Matallanas et al. [74] (2012): Neural network controller for Active Demand-Side Manage-
ment with PV energy in the residential sector

Matallanas et al. combine automatic control with a Demand-Side Management system. They
call this concept active demand-side management. The implementation of the ADSM in house-
holds can reduce electrical network stress, increase self-consumption and reduce congestion
situations.

The authors study the case of a household provided with PV generation and supported with
batteries. The solar house is connected to the grid and has deferrable and non-deferrable
loads. The objective of the ADSM controller developed by the authors is to maximize self-
consumption by scheduling the activation of the loads when the PV generation is higher. To
achieve this, the system needs the input from the user and a forecast of the generation, to
schedule the desired tasks. The ADSM consists of a scheduler, a coordinator and an actuator.
Scheduler and coordination are artificial neural networks. The parameters of the network are
tuned by a genetic algorithm. The results of the study show that GA-tuned ANN control can
be implemented as an ADSM system to increase self-consumption in PV-provided buildings.

3.3 Conclusion of the State of the Art Chapter

The beginning of the chapter presents the state of the art of the PVCool project. The test rig
and HiL Simulation environments are described. The hardware, software and the Simulink
model of the PVCool project are briefly introduced.
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Then, the chapter reviews the relevant publications of controls for building energy systems
based on machine learning techniques. The most widely used approaches in control are rein-
forcement learning, artificial neural networks, and evolutionary algorithms. The model-free
approach of reinforcement learning is frequently limited by the "curse of dimensionality".
The artificial neural networks are often used in control as a modeling tool and are also often
used to design hybrid controllers. Genetic and evolutionary algorithms are optimization tools
in control. Many authors use combinations of these three methods or a combination of one of
these techniques with conventional controls to improve the performance of the building en-
ergy control. Section 3.2.4 presents different publications that use these hybrid approaches.
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4 Decision on the Supervisory Control
Approach based on Machine Learning

This section focuses on the structure, goals, and approach of the designed supervisory con-
trol. Section 4.1 presents the architecture of the control, as well as its main objectives. Section
4.2 details the considered approaches and justifies the final approach choice.

4.1 Structure and Goals of the Supervisory Control

As briefly introduced in section 2.3.1, the control functions in building energy systems can
be local or supervisory. Supervisory controls are often referred to as energy management sys-
tems [46]. Local controls are lower-level controls that ensure a robust functioning of the dy-
namic process and aim at tracking a given setpoint or reference. Common examples of local
controls are PID or rule-based controllers. Instead of receiving a reference, supervisory con-
trols receive measurements from the environment and consider the overall system charac-
teristics and components interactions. With this input, the objective of supervisory controls
for HVAC and building energy systems is to determine the optimal setpoints that will optimize
operation. Common objectives among HVAC supervisory control systems are to minimize en-
ergy cost and/or maintain thermal comfort [46]. The obtained setpoint trajectory can then be
used by subordinate local controllers. The latter interact directly with the cooling or heating
devices of the building.

This thesis develops a supervisory control system, whose flowchart is shown in figure 4.1.
The supervisory control takes in environmental measurements and predictions such as the
average ambient temperature or the available PV power deduced from solar irradiation. It also
receives feedback from the state of the building energy system, for instance, the temperature
of the thermal storage. The building energy system also suffers disturbances that affect the
process such as heat losses [8].

The objective of the supervisory control, in this case, is to minimize the electricity cost of the
system. As the price of buying electricity from the grid is higher than the price of selling un-
used PV energy to the grid, self-consumption is naturally being maximized. Self-consumption
refers to the action of consuming or storing the generated PV instead of selling it to the grid.
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Figure 4.1 – Scheme of the studied supervisory control [8]

A further benefit of increasing self-consumption is the reduction of emissions. While mini-
mizing energy costs and maximizing self-consumption, the boundaries of the thermal energy
storage cannot be exceeded, and the building demand should be covered. The supervisory
control calculates the setpoint trajectory of the desired compressor power Pdes of the cold
vapor cycle that minimizes energy cost.

4.2 Decision for Control Strategy Approaches

In light of the results of the literature review in section 3.2, it is clear that reinforcement learn-
ing, artificial neural networks, and evolutionary algorithms all have advantages and disadvan-
tages. Hybrid approaches can combine the advantages of different methods to compensate
for their disadvantages. According to Ahmad et al. [3], hybrid techniques lead to better per-
formance and solutions by combining the different strategies thoughtfully. For this reason, in
this thesis, a hybrid approach is chosen. Different combinations all lead to different charac-
teristics. Below a description of the considered approaches, as well as their advantages and
disadvantages are given.

• Genetic algorithms and artificial neural networks: Genetic algorithms can optimize
a neural network. Ferreira et al. [73] use a multi-objective genetic algorithm to identify
the structure of the ANN model. Matallanas et al. [74] use a GA to tune the parameters
of their ANN-based control. The combination of evolutionary algorithms like GA with
ANNs gives acceptable approximation and computational speed. However, this hybrid
technique needs a large amount of training and simulation data [15].

• Multi-agent systems and reinforcement learning: A multi-agent system is an agent-
based technique that splits complex problems into smaller sub-problems. Each agent is
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in charge of a particular sub-problem. These intelligent agents can work autonomously
towards a specific goal and can interact, negotiate and cooperate with the other agents
[36]. The implementation of reinforcement learning algorithms into multi-agent sys-
tems enables learning habilities among agents. If one agent fails, the others can react
and learn from the new environment. However, agents could also work independently
rather than in cooperation. This would lead to suboptimal results. Another downside of
the technique is that the complexity increases with the number of agents [36].

• Reinforcement learning and artificial neural networks (DRL): Wei et al. [71] and Mo-
canu et al. [70] already successfully implemented DRL online scheduling controls to on-
line scheduling of energy systems to minimize energy costs. DRL algorithms can solve
challenging problems and deal with the intrinsic variabilities and uncertainties of res-
ident’s electrical needs or renewable energy generation [70]. The DRL algorithm must,
however, learn using a trial and error approach, which can lead to suboptimal results at
the beginning of the learning phase. To solve this, DRL agents can be pre-trained [75].

In table 4.1, an overview of the main advantages and disadvantages of the control approaches
considered is given. Some of the publications on hybrid techniques listed in section 3.2.4 con-
sider the combination of MPC, ANN, and GA. A similar approach is already developed by
Rauscher [8]. Rauscher [8] implements an MPC control using an ANN to estimate the COP
of the heat pump. In his thesis, he considers using a GA to solve the MPC optimization but
finally chooses a pattern search algorithm. As this approach has already been investigated, it
is not considered in this thesis.

Considering the information in 4.1, the DRL approach seems more suited for the design of
a supervisory control for the PVCool project, because of its successful previous application
in scheduling and energy cost minimization problems. Additionally, considering the balance
between advantages and disadvantages in table 4.1, DRL has a higher amount of advantages
compared to the number of disadvantages. Therefore, the deep reinforcement learning ap-
proach is chosen in this thesis.
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Table 4.1 – Overview of advantages and disadvantages of the considered hybrid control strate-
gies

Approach Advantages Disadvantages

Genetic algorithms
and artificial neural
networks

• acceptable approximation [15]
• speed in evaluation [15]

• needs extensive training and
simulation data [15]

Multi-agent systems
and reinforcement
learning

• agents can share and exchange
information [36]

• if one agents fails, the others
can react and learn from the
new environment [36]

• complexity increases with the
number of agents [36]

• independent work of agents
can lead to suboptimal results
[36]

Reinforcement learn-
ing and artificial neu-
ral networks (DRL)

• can solve challenging tasks [70]
• effective in reducing energy

costs [71]
• suited for online scheduling

[70]
• able to deal with uncertainty

[70]

• trial and error approach [75]

4.3 Conclusion

This chapter presents the goals and general structure of the supervisory control system. The
control receives input from the environment and feedback from the energy system. With this
information, the supervisory control chooses the setpoint trajectory of the compressor power
of the cold vapor cycle to minimize energy costs. Different machine learning approaches can
be implemented to perform this task. However, as seen in section 3.2 hybrid strategies tend
to perform better. Different hybrid approaches are compared. Among the considered hybrid
strategies, deep reinforcement learning is the most promising and has already been success-
fully implemented in similar past studies ( [70], [71] ). Therefore, a deep reinforcement learn-
ing supervisory control is implemented in this thesis.
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5 Development of the deep reinforcement
learning Control Strategy

This chapter focuses on the implementation process of the DRL supervisory control system.
The first section focuses on the resulting architecture of the supervisory control and the ele-
ments of the DRL control. Section 5.2 reviews some design features and choices of the control.

The supervisory control is developed using a bottom-up approach: starting with basic fea-
tures and building from there a more complex system. This work does not detail all the steps
of the programming and development process, only its most important resulting characteris-
tics. A brief overview of the process is given below:

1. The first the basic features of a DRL control are examined and tested through already
programmed examples of the Mathworks reinforcement learning toolbox [76]. Both DQN
and DDPG algorithms are investigated.

2. In a second step, a simplified version of the supervisory control is created. It is not in-
tegrated into the PVCool Simulink model. The goal of this version is to shape the re-
inforcement learning Simulink environment and to get familiar with the elements and
inputs of the control. This version does not consider some elements such as the thermal
storage and is therefore incomplete. It investigates both DQN and DDPG algorithms.

3. Then, a complete version of the supervisory control is developed. This version considers
all the necessary elements, but like the steps above, it is not integrated into the PVCool
Simulink model. This version is used to test the functionality of the control and chose
some of the parameter values. The DQN algorithm is chosen.

4. Finally, the supervisory control is integrated into the PVCool Simulink model. The con-
trol is tested and verified through short-term simulations.

5.1 General Architecture of the Supervisory Control

This section presents the architecture of the supervisory control. Section 5.1.1 describes the
general architecture of the supervisory control and the workflow of the control process. Sec-
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tion 5.1.2 details the main elements of the DRL control.

5.1.1 Supervisory Control Architecture

As shown in section 4.2, real-time learning via trial and error from an unknown environment
take a lot of time and can lead to suboptimal results at the beginning of the learning phase.
To overcome this issue, DRL agents can be pre-trained. In this thesis, the DRL agent is pre-
trained using predictive input data. The available input data, which can be accessed by the
controller and used as predictions, as well as the compressor control signal have a temporal
resolution of one second. However, control systems for building energy have usually a horizon
of 24 to 48h. As the DRL agent needs to establish the sequence of actions to be performed over
the control horizon, a resolution of one second for the DRL agent would mean that the agent
has to optimize via trial and error a sequence of 86.400 to 172.800 actions. This would lead
to high computational time and effort. To avoid this, it has been decided that the supervisory
control should follow the architecture already developed by Rauscher [8].

Figure 5.1 – Communication scheme between deep reinforcement learning control, rule-based
control, and Matlab script, based on [8]

The supervisory control is divided into a superordinate controller (in this case a DRL con-
troller) with a resolution of one hour for the long-term optimization, and a subordinate con-
trol (rule-based control or RBC) that has a temporal resolution of one second. The coordina-
tion of both controls, as well as the synchronization of the supervisory control and the test
rig, is realized by a Matlab script. Figure 5.1 illustrates the communication process between
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the superordinate DRL, the subordinate RBC and test rig model, and the coordinating Matlab
script.

Figure 5.2 – Matlab synchronzing script flowchart, based on [8]

In the HiL simulation mode, the test rig model is simulated at a high pace. Every simulation
hour the DRL algorithm is evoked, the simulation pace is slowed down to one simulation sec-
ond per real-time second, and the learning running flag is set to 0. The role of the flag is to
signal when the simulation starts and ends. The goal of the DRL is to find the optimal se-
quence of hourly compressor electrical energy for the next 48h. In other words, it provides a
vector of 48 values, each one corresponding to the amount of electrical energy that the com-
pressor supplies for one hour. Once the learning is finished, the learning running flag is set
to 1 and the high simulation pace is restored. The optimized energy vector is sent to the RBC.
The RBC takes the energy for the first hour and determines the power signal for the compres-
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sor with a resolution of one second. The reader can refer to Rauscher’s thesis [8] to understand
the details of the hour-to-second transformation. When the next simulation hour starts, the
DRL algorithm is evoked again. Inputs and horizon of the control are shifted one hour. While
the agent is trained, the RBC uses the second hour from the last received compressor energy
vector to provide the power signal. Once the agent is trained, the RBC uses the first value of
the new energy vector to calculate the power signal for the compressor.

All the coordination, as well as the synchronization with the test rig, is done by the Matlab
script. Figure 5.2 shows the flow chart of the synchronizing script. The script is initialized,
and the test rig simulation starts. Then, the scripts’ loop examines until the simulation end
tend is reached, whether the simulation time tsim exceeds the learning starting time tint,learn.
The learning starting time is determined through the multiplication of the learning starting
interval tint,learn and a counter variable. When the learning phase is finished, the results are
transmitted to the test rig model and the counter variable is updated and increased. This pro-
cess continues until the simulation time tsim reaches the simulation end tend.

5.1.2 Architecture and Elements of the DRL Control

As described in section 2.2.2, the objective of the reinforcement learning algorithm is to train
an agent to perform a task within an environment. The agent recognizes the state of the en-
vironment through observations. It decides of an action to perform in the environment. The
agent then collects a reward, indicating how successfully the last action was with respect to
reaching the objective. This workflow is implemented in Simulink using the Reinforcement

Figure 5.3 – Simulink model of the DRL control

Learning Toolbox [76] and is commanded by a Matlab script. Figure 5.3 shows a screenshot of
the resulting model. In this case, the objective of the DRL control (DRL agent) is to find the
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optimal sequence of compressor energy quantities for the next 48 simulation hours that will
minimize energy cost and maximize self-consumption. To do so, the agent uses the informa-
tion it gets from the environment (observations) to generate a series of 48 values of energy
quantities (action). These are sent to the environment and a simulation is run. The new ob-
servations are used to calculate the resulting energy cost of the last simulation (reward). The
reward guides the agent’s trial and error learning process towards the final goal. The agent
stores and continuously updates its mapping of actions to observations or environment states
(policy). Policies in reinforcement learning can take different forms, as seen in section 2.2.2.
However, a DRL agent uses artificial neural networks to represent its policy. The individual
elements will be described in more detail in section 5.2.

5.2 Design of the DRL Supervisory Control

After reviewing the general architecture and workflow of the control, the design of the main el-
ements (environment, observations, reward and agent) is described in detail in the following
sections.

5.2.1 The Environment

The environment is a modified version of the predictive model realized by Rauscher [8]. The
predictive model is an approximate version of the building energy system, with a temporal
resolution of one hour instead of one second. The predictive model receives prediction in-
puts of the future energy system behavior and input from the DRL agent. Overall, the envi-
ronment’s 48h-horizon-inputs include:

• The available PV energy (prediction input)

• The ambient temperature (prediction input)

• Building’s electrical demand (prediction input)

• Building’s thermal demand (prediction input)

• Hourly compressor energy vector (from DRL agent)

The resulting environment or prediction model is shown in figure 5.4. The following blocks,
developed by Rauscher [8], are only briefly introduced here.
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Figure 5.4 – Environment of the DRL control
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• Read PV electrical demand energy block: This block subtracts the available PV power
to the electrical demand.

• Heat Ambient block: This block calculates the average ambient temperature. This can
be the source or sink temperature, depending on if the building tenants demand heat
or cold, respectively.

• Estimate COP block: This block contains the same ANN that is used to estimate the
COP in the test rig model. The ANN’s inputs are the temperature of the heat sink, the
temperature of the heat source and the compressor power estimated from the following
block.

• Estimate average compressor power block: This block uses the temperatures of the
heat sink and heat source, as well as the proposed energy vector to approximate the
average value of the compressor power.

The most significant modifications introduced to Rauscher’s model [8] aim to integrate the
optimization constraints into the Simulink model and to be able to deal with both heating
and cooling demand. The optimization constraints include the following:

• Demand coverage: The thermal and electrical demand of the building must be covered.

• Compressor energy bounds: The maximum power that can be provided by the heat
pump is PHP,max . If the compressor supplies its maximum power for one hour, that
means the compressor energy supplied per hour must be below EHP,max . The constraint
is shown in equation (5.1).

0 ≤ Ecomp ≤ EHP,max (5.1)

• Thermal storage boundaries: The state of the thermal storage is defined by the state of
charge (SOC). The definition of the state of charge is presented in (5.2).

SOC = Tstor ag e −Tempt y

T f ul l ychar g ed −Tempt y
(5.2)

The state of charge of the thermal storage temperature must remain between 0 and 1,
as shown in equation (5.3).

0 ≤ SOCstor ag e ≤ 1 (5.3)

As the DRL agent proposes a vector of compressor energy values, the compressor energy con-
straint is implemented when defining the range of actions of the DRL control. The demand
coverage and thermal storage temperature boundaries constraints are implemented within
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the prediction model. New blocks are created to deal with constraints: the energy bought and
energy sold block, the upper bound constraint, and the lower bound constraint. Other blocks,
such as the source and sink block or the COP or EER block aim to make the prediction control
valid both for cooling and heating purposes. First, the function of the blocks aiming to deal
with the optimization is detailed:

• Energy bought and energy sold block: This block calculates how much energy needs to
be bought and sold to the grid to meet the building’s demand and maintain the energy
balance. The priority of the supervisory control system, before minimizing costs, is to
cover the building’s thermal and electrical demand. Considering the electrical demand,
if the difference between PV energy and electrical consumption (compressor’s energy
and electrical demand) is negative, missing electrical energy has to be bought from the
grid. On the other hand, if that difference is positive, the excess of PV energy is sold to
the grid. The block follows the logic described in figure 5.5.

Figure 5.5 – Simulink block that calculates the amount of energy bought and sold to the grid: the
signal Ener_PV_min_dem refers to the available PV energy and E_comp to the energy
planned for the heat pump. The outputs of the block are E_sold and E_bought, the
energy sold and bought, respectively

• Upper bound constraint: This block corrects the values of energy quantities proposed
by the DRL algorithm to ensure that the values make physical sense. The upper bound
constraint block ensures the heat pump does not transfer more heat to the hot storage
than it can accept (because the state of charge would otherwise surpass one, failing to
meet constraint (5.3)). In a similar way in the case of the compressor chiller, it ensures
no more heat is withdrawn from the cold storage than it is available so that the state
of charge remains below one. Considering the example of a case of heating demand,
equation (5.4) shows than when the heat pump provides more heat QHP than the ther-
mal demand of the building Qbui , the hot storage increases its temperature. Equation
(5.4) T0 being the initial temperature of the storage, mw the mass of water in the tank
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and cp the specific capacity of water.

Tstor ag e (h) = T0 +
t=h∑
k=0

1

cp mw
(QHP (t )−Qbui (t )) (5.4)

That means, that when the thermal storage already is at its maximum temperature and
the state of charge is one, the maximum heat pump energy is the electrical energy
needed to cover thermal demand. Otherwise, the thermal storage would exceed its tem-
perature limits. When the hot storage has not reached its maximum temperature, the
maximum compressor energy is the minimum value between the maximum energy that
can be supplied by the heat pump and the electrical equivalent to the available heat ca-
pacity of the thermal storage. This way, the prediction model limits the proposed values
of the DRL algorithm if they were to cause a transgression of the temperature limits of
the thermal storage.

• Lower bound constraint: This block corrects the values of energy quantities proposed
by the DRL algorithm to ensure that the values make physical sense. The lower bound
constraint ensures that no more heat is extracted by the building from the storage than
it can provide. Similarly, in the case of cooling demand it ensures no more heat is trans-
fered to the cold storage than it can accept. In other words, this constraint guarantees
that the system does not rely on the thermal storage to provide heat or cold to the build-
ing when the state of charge of the thermal storage is 0. Considering the example of a
case of heating demand, equation (5.4) shows than when the heat pump provides less
heat than the thermal demand of the building, the thermal storage decreases its tem-
perature. Therefore, to avoid a transgression of the temperature limits of the heat stor-
age and to ensure thermal demand coverage, the minimum compressor energy value
when the thermal storage is at its lower temperature limit is the electrical equivalent of
the thermal demand. If the state of charge of the thermal storage is between 0 and 1, the
block ensures the system does not rely on the storage to provide more than the available
heat stored to cover the demand.

• Thermal storage block: This block outputs the temperature of the thermal storage and
its state of charge, considering the effect of both the building’s thermal demand and
the heat pump. The state of charge of the thermal storage is calculated using equation
(5.5). Considering the case of heating demand, the heat that is withdrawn from the ther-
mal storage to heat the building Qbui decreases the hot storage temperature and state
of charge. The heat provided by the heat pump QHP increases the heat storage tem-
perature and state of charge. The difference between the two heat quantities is divided
by the mass of the water in the water tank mw and the specific heat capacity cp . This
leads to the temperature variation of the water in the heat storage. The result is divided
by the temperature range of the thermal storage. The variations over all time steps are
added and the result is summed to the starting state of charge SOC0 to obtain the state
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of charge of the thermal storage at an hour h.

SOC (h) = SOC0 + 1

Tst , f ul l −Tst ,empt y

t=h∑
k=0

1

cp mw
(QHP (t )−Qbui (t )) (5.5)

The following two blocks are included in the prediction model in order to make it applicable
both for heating and cooling applications.

• Source and sink block: This block observes whether the building is in heating or cool-
ing mode. The current mode is determined by a signal. If the signal is one, the CVC acts
like a heat pump. The cooling mode is signalized by a minus one. If the heating mode is
activated, the ambient air is selected as the source and the thermal storage as the sink.
On the other hand, if the cooling mode is activated, the thermal storage is selected as
the source and the ambient air as the sink. The block is shown in figure 5.6.

Figure 5.6 – Simulink source and sink block: the variable T_Sim_Amb corresponds to the av-
erage ambient temperature and the variable T_Sim_Storage to the temperature of
the thermal storage. The block determines which of these temperatures is the source
(T_Sim_Source) and which the sink (T_Sim_Sink)

• COP or EER block: This blocks decides whether the COP or the EER is used. In case of
a heating application, the COP is passed to the next blocks. In case of a cooling applica-
tion and considering no losses, the EER is calculated as shown in equation (5.6).

EER = Qsour ce

Pi n
= Qsi nk −Pi n

Pi n
=COP −1 (5.6)

The results of the prediction model are sent to the DRL agent. These outputs are called obser-
vations in the reinforcement learning environment.
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5.2.2 The Observations

The DRL agent senses the state of the environment through observations. The observations
and their accompanying reward guide the algorithm’s learning towards the optimal solution.
In the DRL supervisory control of the PVCool project, the following variables are taken as
observations and sent from the environment to the DRL algorithm:

1. Energy bought from the grid

2. Energy sold to the grid

3. Compressor energy

4. COP of the heat pump

5. State of charge of the thermal storage

6. Corrected compressor energy (after going through the optimization constraints blocks
in the environment)

In every case, these observations are vectors of 48 values, one for each hour of the control
horizon. Some of these observations are used to calculate the reward resulting from the 48
simulation hours trial.

5.2.3 The Reward

The goal of the supervisory control is to minimize the energy cost. A reinforcement learning
algorithm tries to maximize the reward [35]. The reward function R shown in equation (5.7)
minimizes energy cost insofar as it maximizes the energy profits.

R =∑
(Esol d ·psel l )−∑

(Eboug ht ·pbuy ) (5.7)

The energy sold to the grid Esol d has a positive impact on the total reward R, and the energy
bought from the grid Eboug ht decreases the reward value. In this thesis, the price of selling

electricity to the grid psel l is taken as the German feed-in tariff in 2019 and set to 0.11 e
kWh [77].

The price of buying electricity from the grid is taken from the Stadtwerke München GmbH [78]
tarif and is set to 0.30 e

kWh . This price situation is typical in the current German electricity
market. As the buying price is significantly higher than the selling price, the DRL agent is
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guided towards minimizing the amount of energy bought from the grid. It is also naturally
guided towards increasing self-consumption.

The reward guides the learning process of the DRL agent. The design of the DRL agent is
detailed in the next section.

5.2.4 Design of the DRL Agent

The agent is at the center of a control based on reinforcement learning. The agent observes
the state of the environment and receives the corresponding rewards, takes actions in this
environment, and progressively learns via trial and error the path towards the maximization
of long-term reward [16]. As explained in section 2.2.2, the policy or the mapping of states
(observations) and actions can be represented by a neural network. The agent is then a deep
reinforcement learning agent. This section will first focus on the DRL algorithm chosen for
this thesis. Then, some design characteristics of the agent are presented. Finally, the training
process is introduced.

DRL Algorithm

Matlab supports two types of deep reinforcement learning agents: DQN or DDPG [40]. Both
agents can observe continuous or discrete states. However, the DQN algorithm can only per-
form actions in the discrete action state and the DDPG algorithm only in the continuous ac-
tion state.

The DQN agent trains a critic or value function that can estimate future rewards using state
observations and actions as input [35]. The critic is an artificial neural network. During the
training, the agent explores the action space and updates the critic in every step of the learn-
ing process. The agent also stores past experience in a buffer [40].

The DDPG does not only involve a critic but also an actor, which is a second neural network.
The function of the actor is to output actions based on state observations. Then, the critic
reads the state observations and the actions chosen by the actor and outputs the value of
the state-action pair [40]. Actor and critic are both updated during the learning process. Past
experience is stored in a buffer [35].

In the developed supervisory control, the action is the sequence of 48 energy quantities to be
supplied by the heat pump in the next 48 hours. Considering the example of a heat pump with
a maximum electrical power of 3.000 W , the energy quantities can go from 0 to 3.000 Wh, as
seen in section 5.2. Both DQN and DDPG agents are initially investigated. In the case of the
discrete action space supported by the DQN agent, the agent is designed in a way that actions
can vary between 0 and 3.000 Wh with a resolution of 100 Wh. The discrete action space for
the DQN agent consists then of 31 possible actions. In the case of the continuous action space
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Figure 5.7 – Energy values proposed by the DDPG and DQN agents for the 1st of November 2008

supported by the DDPG agent, the agent can choose all the possibilities between 0 and 3.000
Wh.

Tests performed demonstrate better behavior and performance of the DQN agent in this ap-
plication. Figure 5.7 shows the comparison of the proposed energy quantities of the two algo-
rithm. The DQN agent explores energy values within the whole interval (from 0 to 3.000 Wh)
whereas the DDPG agent only proposes low energy quantities (from 0 to 2,9 Wh), close to the
lower bound, with a sensible variation. Overall, lower energy prices are achieved by the DQN
algorithm. For these reasons, the DQN algorithm is selected moving forward.

Design of the DQN Agent

The critic trained by the DQN agent takes actions and state observations as inputs and gives
the value of the state-action pair as an output. The critic is defined in a DRL Matlab Script. The
training is performed using the Simulink reinforcement learning model depicted in figure 5.3.
The critic network is illustrated in figure 5.8. The critic receives observations and actions as
inputs. Observations and actions result from a 48h-horizon trial or episode in the environ-
ment. The action corresponds to the desired compressor energy. The observations include
the energy bought from the grid, the energy sold to the grid, the corrected compressor energy,
the COP of the heat pump, and the state of charge the heat storage. The corrected compressor
energy refers to the compressor energy vector proposed by the agent that has been corrected
when needed in the prediction model to ensure meeting the system’s constraints. The critic
only has one output, providing the value of the actions in that state. Between input and out-
put layers the number of hidden layers has to be selected. As networks of three hidden layers
and more can learn and model complex representations [79], it is decided that the network
should have at least three hidden layers. To keep the computational complexity as low as pos-
sible, the network has three hidden layers. The number of neurons in each of the hidden layers
is chosen using the following rules of thumb [80]:
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Hidden Layers Output LayersInput Layer

Action: 
Compressor Energy

Observation: 
Corrected compressor energy

Observation: 
Energy bought from the grid

Observation: 
Energy sold to the grid

Observation: 
COP of the heat pump

Observation: 
SOC of the thermal storage

Value

Figure 5.8 – Representation of the critic of the DRL Algorithm

1. The size of a hidden layer must be between the size of the output layer and the size of
the input layer

2. The number of neurons in the hidden layer should be two thirds the size of the sum of
output and input layer sizes

3. The size of a hidden layer should be less than twice the number of input neurons

As the input layer has six neurons and the output layer one neuron, the number of hidden
neurons according to the first rule should be between two and five. Concerning the second
rule, the sum of input and output layer neurons is seven, and two-thirds of six is a number
between four and five. Tests with both sizes of hidden layers are performed, resulting in faster
learning for four hidden neurons. Using four neurons per hidden layer also agrees with the
third rule as four is less than twice the number of input neurons (twelve). The other charac-
teristics of the neural network, such as the use of a fully connected layer or the choice of the
relu activation function are inspired by exemplifying projects of the Reinforcement Learning
Toolbox [76].

Training Process

Every simulation hour, the DRL control is evoked to learn the optimal behavior of the com-
pressor for the next 48h. The learning is conducted through the training of the deep reinforce-
ment learning agent. The training is controlled by the Matlab function trainingStats. The
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Figure 5.9 – Flowchart of the training process of the DRL Algorithm

function trains the DRL agent in the environment depicted in figure 5.4. The function checks
the episode number. In this case, an episode refers to a 48 steps simulation, each step corre-
sponding to one hour. At the beginning of every training episode, the function resets the envi-
ronment and initializes actions and observations. The agent sends a sequence of 48 compres-
sor energy quantities to the environment and collects the resulting reward and observations.
The agent learns from this experience and updates actions and observations. This process
continues until the algorithm reaches the maximum number of episodes. When the learning
process ends, the information collected during all the episodes is processed. The episode with
the maximum reward is selected and the compressor energy vector of that episode is stored
and sent to the RBC. Figure 5.9 shows the workflow of the training process.
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5.3 Conclusion

This section has introduced the overall structure of the supervisory control of the PVCool
building energy system. The three main elements of the supervisory control are the superor-
dinate DRL control, the subordinate rule-based controller and the synchronizing script. The
goal of the DRL control is to calculate the sequence of compressor energy quantities for the
next hours that will minimize energy costs while still covering the demand and maintaining
the storage temperature within its operation bounds. The vector of energies is then sent to the
rule-based controller that transforms the hourly energy quantities into a power signal with a
resolution of one second for the compressor. The coordination is ensured by a synchronizing
Matlab script.

Then, the architecture of the DRL control has been introduced. The DRL control includes four
main elements: the DRL agent, the environment, the observations, and the reward. The en-
vironment consists of a predictive model that approximates the building energy system. The
observations are relevant outcomes from every trial of the agent. They allow the calculation
of the reward function (in this case, the energy cost). Although at first two algorithms have
been investigated for the DRL agent, the DQN algorithm is chosen at the early stages, show-
ing better performance. The DQN agent trains a neural network that outputs the value of a
state-action pair using actions and states as inputs. The agent can choose between a discrete
number of energy values within the operation range of the compressor.
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6 Verification of the Control Strategies
with Short Term Simulations

This chapter examines the verification process of the DRL control. First, section 6.1 describes
the inputs and outputs used for the verification, as well as the control evaluation measures.
Section 6.2 describes the testing of the code before its integration in the PVCool Simulink
model. The objective of this first testing is to verify the compliance to control bounds and the
effectiveness of the self-consumption strategy. Additionally, the number of episodes for the
learning phase is determined. Then, section 6.3 discusses the conducted simulations after the
integration of the DRL control in the HiL Simulation to verify the outputs of the supervisory
control.

6.1 Simulation Data

This section gives an overview of the setup of the conducted simulations. Mainly, the inputs
and outputs of the simulation are presented.

6.1.1 Simulation Inputs

The input data used for verification purposes within the DRL environment corresponds to the
data used by Heithhorst et al. [52] and Rauscher [8]. The input data used for the verification
of the code include:

• Electric Demand Data: The electric demand data are extracted from a dataset supplied
by Tjaden et al. [81]. The dataset includes the electrical demand data of 74 households
at two measurement periods. The data of one of these households were selected by
Möhrstedt [82] considering the annual and characteristic electricity consumption of a
typical family household. This same profile is used in this thesis.

• Thermal Demand Data: The thermal demand data first used by Schmideder [55] derive
from the building simulation tool (BST) data. The BST software aims at the simulation
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of a building’s thermal behavior. The building floor area of 120 m2 and a medium insu-
lation standard are taken. Oscillations in the data are flattened.

• PV Data: The data are an adaptation of the Solarenergieverein Bayern e.V. measure-
ments of a 1MW peak PV plant. The data is scaled to the building and compressor size
to a peak power of 5 kW.

• Ambient Air Temperature Data: The ambient air temperature data also derive from the
BST data. The data are processed to obtain average ambient temperature values for each
hour.

The original data cover one year from the 28th of September 2008 to the 28th of September
2009 with a resolution of one second. As memory usage for annual simulations is excessively
high, the data are restructured by Rauscher [8] to be able to comfortably perform monthly
simulations. The input data for the DRL controller are stored as a cell array where each cell
contains the simulation data for each month starting January 1st with a resolution of one
hour. Additionally, the user can also choose to use annual data starting September, 28th.

6.1.2 Simulation Outputs

The outputs collected to verify the control in the first stage of the verification process include
actions, observations, computational time, and rewards. Specifically, the following outputs
are gathered:

• Action (best episode)
– Compressor energy

• Observations (best episode)
– Corrected compressor energy
– COP of the heat pump
– Heat provided by the compressor
– Energy bought from the grid
– Energy sold to the grid
– Thermal storage temperature

• Reward
– Value and episode number of the maximum reward
– Value and episode number of the maximum average reward
– TrainingStats episode reward information
– TrainingStats average reward information

• Control performance (full learning process: all episodes)
– Computational time
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The computational time is calculated in the DRL Matlab Script. Actions and observations
are exported from Simulink using the To Workspace blocks. Episode rewards are stored in
trainingStats. The episode with the highest reward is selected and the corresponding in-
formation is extracted. Observations, actions and rewards of the best control episode, along
with computational time measures, are stored in a file.

The collected outputs for the second phase of the verification process are the outputs of the
supervisory control system. These consist of:

• Applied compressor power
• Applied energy sum applied of the RBC for the current hour

6.2 Verification of the DRL Control

This section describes the verification process of the developed DRL control. Here, the control
is verified before its integration in the PVCool Simulink model to confirm its optimal behavior
using short-term simulations of the months of March and November. These months are in-
teresting because they present a significant amount of PV and thermal demand. The training
phase is launched every 24h with a horizon of 48h. The DRL algorithm runs 200 episodes. This
number of episodes per training launch leads to high computational time. A compromise is
found between accuracy and computational effort in section 6.2.3.

The first section describes the verification of the control bounds. Section 6.2.2 confirms the
control meets the objectives. Finally, section 6.2.3 justifies the decision of the maximum num-
ber of episodes needed.

6.2.1 Verification of the Control Bounds

The control should keep the state of charge of the thermal storage between 0 and 1. The de-
sired compressor energies sent to the RBC should stay between EHP,mi n equals 0 Wh and
EHP,max , wherein, in the base case, EHP,max equals 3.000 Wh. The compliance to this bounds
is ensured throughout the simulations of March and November.

Verification of Energy Limits

Figure 6.1 presents the desired energies generated by the DRL control during an exemplary
week. The dashed red lines at 0 Wh and 3000 Wh signalize the energy bounds. The energy
bounds are ensured by the DRL action limits in the Matlab Script and in the Simulink DRL
environment, where the compressor energy is limited by its maximum depending on the tem-
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perature conditions. The compliance with the compressor energy bounds is ensured through-
out the simulation.
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Figure 6.1 – Bound compliance of the desired energies of the heat pump

Verification of State of Charge Limits

Figure 6.2 shows the state of charge trajectory over an exemplary period going from the 2nd to
the 5th of November 2008. The thermal storage reaches both its upper and lower thresholds
signalized with a dashed red line but does not surpass them. If the upper threshold of the state
of charge is reached, the DRL environment constraints the heat pump to input at most enough
heat to cover the thermal demand, so the limits of the thermal storage are not exceeded. On
the other hand, if the lower limit is reached, the system DRL environment prevents the control
from relying on the storage to provide heat or cold. The compliance to the thermal storage
bounds is therefore guaranteed.
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Figure 6.2 – Bound compliance of the state of charge of the thermal storage

6.2.2 Verification of the Control Objectives

The DRL control should ensure thermal and electrical demand coverage while increasing the
self-consumption ratio of the system. Figures 6.2, 6.3, and 6.4 show the results of the SOC,
thermal and electrical power of the period going from the 2nd to the 5th of November 2008 as
an example of the correct functionality of the control. Analogue examples of a period of the
month of March are presented in appendix A.

In figures 6.3 and 6.4, the blue lines represent the thermal and electrical energy, respectively,
provided and used by the heat pump. The orange dashed line in figure 6.3 represents the
building’s thermal demand. The yellow line in 6.4 represent the power coming from PV that is
available to the heat pump, after the electric demand coverage, and the orange dashed lines
represent the sold to the grid minus the power bought from the grid (if positive, power is sold
to the grid, if negative, power is bought from the grid).

In these three figures (6.2, 6.3, and 6.4), both the self-consumption strategy and the demand
coverage are clear. From the 2nd to the 5th of November the heat pump is operated during
the hours of excess PV power, charging the heat storage completely until the state of charge
reaches one, increasing self-consumption. The thermal storage covers the thermal demand
until it reaches its minimum state of charge. When the thermal storage is empty, the heat
pump takes over in the coverage of the thermal demand and re-charging the thermal storage.
The thermal demand is covered therefore at every moment: when it is not covered by the
thermal storage (when the thermal storage is not discharging), it is covered by the heat pump
and vice-versa.
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Figure 6.3 – Overview of the building thermal demand and the thermal power provided by the
heat pump during the period 2nd to the 5th of November 2008
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Figure 6.4 – Overview of the available power, the heat pump power and the resuting bought and
sold powers during three exemplary november days

With 200 episodes per training phase, the average computational time per optimization launch
is 1.124 seconds. The number of episodes was set to 200 to later find a compromise between
computational time and accuracy. The details of the trade-off are described in the next sec-
tion.
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6.2.3 Determination of the Number of Episodes

The number of episodes is set in this verification phase to 200. At an average of 5,6 seconds
per episode, this leads to high computational time. It was observed that in more than 60% of
the cases, the training pattern was similar to the one of figure 6.5 (to see all training patters
refer to appendix B). The figure describes the training progress of the reinforcement learning
agent. The blue circled line shows the reward obtained in each episode, the stared red line
depicts the heretofore average reward, and the green line with crosses shows the estimate of
the discounted long-term reward. Note that the rewards are multiplied by 1.000 to allow for a
better visualisation of the training process in the MATLAB Episode Manager.

Figure 6.5 – Episode rewards for the 11th of November 2008

As can be seen in figure 6.5, the average reward reaches its maximum value around the 60th
episode. Although the maximum reward episode might not have yet been reached (in this
example, the maximum reward happens between the episodes 150 and 160), a sufficiently
good solution has already been found. Therefore, the number of episodes can be reduced
without significantly affecting the results to decrease the computational cost.

To evaluate the effect of reducing the number of episodes to achieve acceptable results and
computation time, it was investigated how many episodes were needed to reach either the
maximum reward episode or the maximum average reward for every day of March and Novem-
ber allowing a certain increase of the energy cost with respect to the best result achieved in 200
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episodes. To exclude outliers the quantile 95 is taken, therefore including 95% of the data [83].
The results of the investigation are shown in figure 6.6.

It can be seen that the relative energy cost increases with the decrease of the maximum num-
ber of episodes chosen. As the time needed for each training phase is too high using 200
episodes, a compromise is to be found between accuracy and computation time. As can be
seen in figure 6.5 and appendix B, the average reward generally reaches its saturation value
after 60 episodes. This means that after 60 episodes an acceptable solution has probably al-
ready been found. A training process of 60 episodes corresponds to a 2% relative increase of
the energy costs. It is decided that 2% is an acceptable relative loss of accuracy. For the follow-
ing simulations, this maximum number of episodes is selected as a stopping condition for the
learning process.
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Figure 6.6 – Number of episodes as a function of the relative increase of the energy cost

6.3 Verification of the Supervisory Control System

In the second phase of the verification, the DRL control is integrated into the PVCool Simulink
control. The objective of this verification is to confirm the correct coordination between scripts
and to check the outputs of the overall supervisory control system. The simulation of the first
week of November is run. The supervisory control launches the DRL agent training every hour
with a prediction horizon of 48h.

This section only describes the verification of the supervisory control outputs, to avoid re-
peating information. The self-consumption strategy of the supervisory control is maintained,
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showing a similar behaviour to the one presented in figure 6.4.

As described in chapter 5, the DRL controller determines the optimal sequence of energies
to be applied by the heat pump during the following 48 hours. The hourly energies are then
transformed into a power signal with a resolution of one second for the heat pump in the RBC
developed by Rauscher [8]. The goal of this subunit of the supervisory control is to match the
desired hourly energy Edes determined by the DRL control and the energy Edes that is applied
by the rule-based subordinate controller. Figure 6.7 compares the desired heat pump energy
and the energy that is applied by the supervisory control during an exemplary timelapse of
the first week of November 2008. Figure 6.8 proves the supervisory control does not exceed
the control bounds, keeping the heat pump power within limits.

In figure 6.7, it can be seen that the applied energy generally matches the desired energy de-
termined by the DRL controller. Some differences, particularly between 5 am and 7 am can be
observed. These differences result from the fact that the sequence of desired energies is de-
termined using hourly averages as inputs. Differences between the predicted operation range
of the heat pump and the actual range of operation in real-time can appear, causing a certain
divergence between the applied and the desired energy.
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Figure 6.7 – Comparison of the desired hourly energy for the heat pump and the energy actually
applied by the supervisory control unit between 5 am and 5 pm of the 2nd of November
2008
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Figure 6.8 – Compliance of the supervisory control unit to heat pump power control bounds

6.4 Conclusion

The verification process undergoes two phases. First, the control is tested before its integra-
tion in the PVCool Simulink model. The stopping conditions of the learning process are de-
termined. After its integration, the supervisory control is tested again using the definitive pa-
rameters.

In both cases, the compliance to the control bounds has been proven. The energy values pro-
posed by the control do not exceed the heat pump energy limits. Similarly, the state of charge
is kept within bounds. The control satisfies its objectives, accounting for demand coverage
and operating the heat pump when excess PV is available to increase self-consumption.

The correct communication between scripts has been proven. The subunit of the supervisory
control applies the desired energy quantities decided by the DRL control. Small differences
between the applied and desired energy can appear since the DRL control uses hourly aver-
ages as input and hence does not take into account variations within these hours.
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7 Parameter Study and Economic Analysis

This chapter focuses on the development of a parameter study for the PVCool project. The ob-
jective of the study is to determine the optimal combination of parameters that achieves the
minimal cost of the complete PVCool system. In this study, only the parameters susceptible
to have the highest impact on costs are considered. These parameters include:

• The volume of the thermal storage

• The maximum power of the heat pump

• The size of the PV generation unit

To limit the scope of the study, three different sizes of PV, three heat pumps and four thermal
storages are tested. Therefore, a total of 36 annual simulations are performed. As the time
resources to perform this study are limited, the rule-based control developed by Achatz [9]
is chosen to perform these simulations due to its speed. A list of comparative values is then
calculated with the result of simulations to determine the optimal system.

Section 7.1 describes the comparative values used to evaluate the results of the parameter
study. Section 7.2 gives an overview of the parameters and inputs that are chosen to conduct
the study. Finally, the results are presented in section 7.3 and the economically optimal system
is determined.

7.1 Comparative Values

To compare the different scenarios, levelized costs are calculated. Levelized costs allow the
comparison between energy systems with different capacities, costs and sizes [84]. The lev-
elized cost of energy (LCOEnergy) is used as the main comparative value for the economic
evaluation. To obtain the LCOEnergy, the levelized cost of electricity (LCOE) and the levelized
cost of heat (LCOH) are calculated.

The objective of the supervisory control is not only to achieve the minimum energy cost but
also to maximize self-consumption and reduce emissions. Therefore, the self-consumption

69



Parameter Study and Economic Analysis

ratio (SCR) and the emissions obtained are additionally calculated as comparative values. In
the following sections, the aforementioned comparative values are described in more detail.

7.1.1 Levelized Cost of Electricity

The levelized cost of electricity allows the comparison of energy systems with different gener-
ation and cost configurations. It takes into account all investment and operation costs of an
energy system as well as the energy generated over its entire life cycle [84]. In this thesis, the
net present value (NPV) method is used to calculate levelized costs. With the NPV method,
the investment, as well as all costs and revenues occurring over the system’s lifetime, are dis-
counted and referred to a shared date. The result of this is then divided by the present value
of the electricity yield. The LCOE is calculated as shown in equation (7.1) [84]:

LCOE =
IPV +∑n

t=1
Ct

(1+ i )t∑n
t=1

Et

(1+ i )t

(7.1)

where IPV refers to the PV investment, Ct to the electricity and PV maintenance costs, and Et

to the electricity consumption of the building. The costs of each year t are discounted at rate
i and summed from year one to the economic life of the system n. If the resulting LCOE is
lower than the buying price of electricity, the energy system is economically beneficial [85].

7.1.2 Levelized Cost of Heat

The calculation of the levelized cost of heat is similar to the LCOE calculation. To calculate the
costs of heat, Angenendt et al. [86] propose the following method: first, the overall costs and
revenues of the system Ct ,Over al l Sy stem are calculated taking into account both the electrical
and heating system. Then, the costs and revenues of the system without the heating system
Ct ,noHeatSy stem are subtracted. The difference results in the balance of revenues and costs of
the heating system. The result of the difference is finally divided by the present value of the
total heat production of Qt . Equation (7.2) illustrates the aforementioned method:

LCOH =
IHP + IT S +∑n

t=1

Ct ,Over al l Sy stem −Ct ,noHeatSy stem

(1+ i )t∑n
t=1

Qt

(1+ i )t

(7.2)

where the resulting investment consists of the heat pump IHP and thermal storage IT S and i
is the real interest rate.
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7.1.3 Levelized Cost of Energy

The levelized cost of energy (LCOEnergy) proposed by Angenendt et al. [86] allows a sum-
marized comparison of heat and electricity costs. The LCOEnergy is defined as the weighted
sum of the LCOE and the LCOH. The thermal and electrical demand are taken in this work
to define the weights. Equation (7.3) describes the relationship between the three levelized
costs [87].

LCOEner g y = LCOE · Eel ec

Etot al
+LCOH · Qheat

Etot al
(7.3)

7.1.4 Self-Consumption Ratio

The self-consumtption ratio defines the amount of the PV production that is consumed in
the building. As explained in section 5.2.3, the DRL algorithm uses the price difference be-
tween buying and selling electricity from and to the grid to guide its learning, thereby en-
couraging self-consumption. The SCR is obtained as shown in equation (7.4) by dividing the
amount of electricity that is produced by the PV generator and consumed by the building itself
EPV ,consumed by the total PV generation EPV ,g ener ated .

SC R = EPV ,consumed

EPV ,g ener ated
(7.4)

7.1.5 CO2 Emissions

The calculation of emissions in this thesis considers only the emissions produced during op-
eration and not during the entire lifecycle of the system elements, therefore neglecting the
emissions that arise from the production, transport, and disposal of the components. The two
sources powering the building are the PV installed and the electricity bought from the grid.
Since PV operation does not generate CO2 emissions, only the energy bought from the grid
is taken into account when calculating the total emissions. As the case of a building in Ger-
many is considered in this study, the CO2-equivalent of the German electricity mix is taken
as a reference to calculate the operation emissions. According to the International Institute
for Sustainability Analysis and Strategy [88], the CO2-equivalent of the country in 2018 was

0,502
kg

kWh
. Therefore, the yearly emissions arising from the operation of the building mCO2

are calculated as shown in equation (7.5).

mCO2 = Eboug ht ·0,502 (7.5)
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7.2 Study Parameters and Inputs

This section details the data, parameters, equipment sizes and prices used for the parame-
ter study. First, the input data used to perform the simulations are described. Then, the heat
pump, thermal storage, and PV parameters and price structures are presented. Finally, the
choices of economic parameters are explained.

7.2.1 Simulation Data

Part of the simulation data are modified in an attempt to consolidate the dataset. The follow-
ing points summarize the origin of the data.

• Electric Demand Data: The electric demand dataset are the same as the data used in
chapter 6. It was developed by Tjaden et al. [81] and processed by Möhrstedt [82].

• Thermal Demand Data: The thermal demand is obtained using the BST software and
was generated by Möhrstedt [82]. The dataset was developed by Kastl [89] and is the
same dataset used for verification in chapter 6.

• Hot Water Demand Data: The thermal demand is originally extracted from a disserta-
tion from Pflugradt [90]. The data used in this thesis was processed by Möhrstedt [82].

• PV Data and model: The radiation data come from the processing of the radiation data
of the center of Munich collected by the Meteorological Institute of Munich and the data
provided by the Solarenergieförderverein Bayern e.V.. The PV model was developed by
Schelze [91].

• Weather Data: The data are provided by the Meteorologisches Institut München and
contain historical values of temperature, wind, humidity, radiation, and pressure of the
center of Munich with a resolution of one minute.

The data are availabe in the time range from the 28th of September 2008 to the 27th of Septem-
ber 2009. They are adapted and processed to be used in the parameter study and the evalua-
tion to perform the simulations. The hourly vectors are calculated and restructured in a sim-
ilar way as described in chapter 6 to be used with the MPC and DRL controls. The resulting
annual data are represented in Appendix C. The only difference is that in this case, the hot
water demand is included in the thermal energy demand prediction vector.
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7.2.2 Model Parameters

The parameter study aims to find the optimal combination of thermal storage volume, PV
plant size, and heat pump maximal power for the PVCool project energy system. Three dif-
ferent sizes for the PV plant and heat pump, and four different thermal storage sizes are con-
sidered. In the following, the models and cost structures chosen for each of the elements are
detailed.

Heat Pump

In Germany, the investment in heat pump systems can be supported by state subsidies. A
list of the commercially available heat pumps that are eligible for such subsidies is published
by the German Federal Office of Economics and Export Control [92]. The products of brand
Viessmann, an international manufacturer of heating, refrigeration, and industrial systems
based in Germany, are included in this list and are selected as product price references in
this thesis. More specifically, the air-water heat pump model Vitocal 200-A is selected as a
reference [93].

Figure 7.1 – Approximation of heat pump costs

The prices of the Vitocal 200-A are plotted as a function of the heat pump scaling factor. In
this thesis, the scaling factor compares the maximal electrical power of the heat pump to the
selected reference of 3000 W. Three different scaling factors are considered in the parameter
study: 2/3, 1 and 4/3. That corresponds to maximal powers of 2.000 W, 3.000 W and 4.000 W
respectively. As these values of maximum power are not exactly available in the Viessmann
portfolio, the catalog is only used to give a realist approximation of investment costs. In fig-
ure 7.1, a tendency line with a R2 factor of 0,99 is selected to approximate the prices of the
chosen heat pump sizes. The factor R2 ranges from zero to one and defines the accuracy of a
regression model, with one corresponding to a good model fit to the data [83]. The heat pump
prices and sizes that are used in the parameter study are summarized in table [?]. The opera-
tion and maintenance costs of the heat pump are taken as 2.8% of the investment costs [94]
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Table 7.1 – Costs and sizes of the selected heat pumps for the parameter study

Maximum Power [kW] Scaling Factor Approximate Price [e]
2.000 2/3 7.079
3.000 1 7.970
4.000 4/3 9.131

and the installation and delivery costs of both the thermal storage and the heat pump add up
to 6.500e [95].

Thermal Storage

The process of finding approximate prices for thermal storage is similar to the procedure de-
scribed above. The prices of the Vitocell-V are used to approximate the sizes of thermal stor-
age tested. Storage volumes of 250, 475, 750 and 1500 liters are tested in the parameter study.
Since not all of these storage capacities are available in the Viessmann portfolio [93], an equa-
tion is determined after plotting the storage prices as a function of their volume. Figure 7.2
shows the resulting equation and table 7.2 summarizes the chosen thermal storage volumes
and their approximate prices. The costs of operation and maintenance are 1% of the invest-
ment costs.

Figure 7.2 – Approximation of thermal storage costs

Table 7.2 – Costs and sizes of the selected thermal storages for the parameter study

Volume [L] Approximate Price [e]
250 1.151
475 2.185
750 3.449

1.500 6.895
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Solar Panels

This work considers the installation of rooftop PV in the investigated building. Three differ-
ent sizes are investigated: 2,5, 5 and 10 kWp. According to the German Solar Industry Asso-
ciation [96], the price of such a PV system in 2016 was 1.456 e/kWp, incluiding transporta-
tion and installation costs. The distribution of costs is shown in figure 7.3. The operation and
maintenance costs were taken as 1% of the investment [97].

Figure 7.3 – Cost structure of a PV system under 30 kWp [96]

7.2.3 Economic Parameters

As mentioned in the last section, the Federal Office of Economics and Export Control rewards
the installation of heat pumps and the associated equipment (including thermal storage)
in Germany with attractive subsidies [98]. The subsidy for both existing and new buildings
amounts to 35% of the investment costs. The value-added tax (VAT) applied to the purchase
of the heat pump, thermal storage, and PV in Germany is 19% [99]. The life-time for this type
of project is considered to be 20 years [94] and the applied real interest rate of 3% is taken fol-
lowing the European recommendations [85]. Table 7.3 summarizes the economic parameters
that are used in the parameter study.
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Table 7.3 – Costs and sizes of the selected thermal storages for the parameter study

Parameter Unit Value

Real interest rate 3%

Mean electricity price
e

kWh
0,30

Feed-in tarif
e

kWh
0,11

VAT 19%

Subsidies (heat pumps, thermal storage) 35%

Life-time of the project years 20

7.3 Identification of an Economically Optimal System

To complete the parameter study 36 yearly simulations are run using the control developed
by Achatz [9], chosen for its speed. The following annual data is collected or calculated from
the simulations:

• Electrical Demand
• Heating Demand
• Heat Pump Electrical Consumption
• Heat Pump Thermal Yield
• Electricity cost without the heating system
• Energy bought from the grid
• Energy sold to the grid
• Self-consumed energy
• PV electricity production
• SCR

The analysis of each case is performed using Excel. An example of the spreadsheet used to
calculate the results of each case of study is presented in appendix D. Table 7.4 summarizes
the results of the parameter study.

Although not shown in table 7.4, the results of the simulations show that the annual thermal
yield of the heat pump in most of the scenarios including thermal storages of 250 L and 475 L
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7.3 Identification of an Economically Optimal System

Table 7.4 – Summary of results of the parameter study

Storage PV Heat Pump SCR CO2 LCOE LCOH LCOEnergy
(L) (kWp) (kW) (kg) (e/kWh) (e/kWh) (e/kWh)

250

2,5
2 0,71 3.009 0,27 0,20 0,22
3 0,67 2.932 0,26 0,19 0,21
4 0,65 3.248 0,27 0,23 0,24

5
2 0,50 2.704 0,26 0,19 0,21
3 0,49 2.659 0,26 0,19 0,21
4 0,48 2.956 0,26 0,22 0,23

10
2 0,31 2.454 0,26 0,19 0,20
3 0,31 2.427 0,26 0,19 0,21
4 0,30 2.714 0,26 0,21 0,22

475

2,5
2 0,75 3.095 0,27 0,20 0,22
3 0,72 2.959 0,27 0,20 0,21
4 0,69 3.301 0,27 0,22 0,23

5
2 0,56 2.718 0,25 0,19 0,20
3 0,56 2.634 0,25 0,19 0,20
4 0,57 2.913 0,26 0,21 0,22

10
2 0,35 2.419 0,25 0,18 0,20
3 0,35 2.373 0,25 0,18 0,20
4 0,30 2.508 0,26 0,22 0,23

750

2,5
2 0,77 3.201 0,27 0,20 0,22
3 0,75 2.973 0,27 0,19 0,21
4 0,72 3.378 0,27 0,22 0,23

5
2 0,60 2.753 0,25 0,19 0,20
3 0,62 2.611 0,25 0,18 0,20
4 0,60 2.974 0,25 0,21 0,22

10
2 0,38 2.397 0,25 0,18 0,19
3 0,40 2.309 0,24 0,17 0,19
4 0,41 2.594 0,25 0,20 0,21

1.500

2,5
2 0,75 3.649 0,27 0,23 0,24
3 0,61 3.215 0,27 0,21 0,23
4 0,56 3.737 0,28 0,24 0,25

5
2 0,55 3.282 0,26 0,22 0,23
3 0,49 2.871 0,26 0,20 0,22
4 0,47 3.345 0,27 0,23 0,24

10
2 0,35 2.932 0,26 0,21 0,22
3 0,34 2.510 0,26 0,19 0,21
4 0,34 2.897 0,26 0,22 0,23
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is lower than the annual thermal demand of the building. This suggests the thermal storage
is not big enough to deal with the thermal demand, sometimes failing to cover it. Only the
cases with thermal storage of 475 L, PV of 10 kWp, and a heat pump of 3 or 4 kW can cover the
full thermal demand. However, it seems unreasonable to install an oversized PV generation
unit to compensate for undersized thermal storage. Therefore, it is hereafter considered that
the thermal storages of 250 L and 475 L are undersized for this problem and are therefore no
longer considered when seeking the optimal combination of parameters. The thermal storage
sizes of 750 L and 1.500 L cover the demand completely in all cases. The results show that
the LCOH and LCOEnergy prices for the 1.500 L thermal storage are higher compared to the
analog cases of the 750 L thermal storage. The most evident reason for this is the doubled
investment cost. A further reason for the cost increase is the increase in energy needed to
heat a larger volume of water in the storage.

When looking at PV sizes, results show that SCR and LCOE decrease when the PV capacity
increases. As a result, for the same heat pump and thermal storage sizes, the LCOEnergy de-
creases when the PV capacity increases. Figure 7.4 illustrates this phenomenon. The reason
for this is that the amount of PV energy that can be self-consumed in the building is not un-
limited. Larger capacities lead to a higher amount of energy sold to the grid and higher PV
remuneration without a substantial increase in the amount of energy that is consumed on-
site. Overall, the installation of a PV is beneficial since the LCOE is in every case lower than
the electricity buying price.

Figure 7.4 – LCOEnergy for a 3kW heat pump and different PV and storage sizes

Considering the different heat pump sizes, if the other parameters are kept constant, the heat
pump of 3 kW generally achieves lower LCOH and lower LCOEnergy. This can be seen in fig-
ure 7.5. The 2 kW heat pump runs on average at lower average power in comparison to the 3
kW heat pump but runs more hours during the year. On the other hand, the 4 kW heat pump
runs fewer hours than the 3 kW heat pump but at higher average power. The 3 kW heat pump

78
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consumes in this context less electricity, achieving lower LCOEnergy values. In the end, for the
considered application, the optimal strategy in terms of cost is to install a 3 kW heat pump.

After the analysis of the results of the parameter study, a decision needs to be made regarding
the criteria to choose the optimal combination of parameters. The following points summa-
rize the decision criteria:

• The system should be able to cover both thermal and electrical demand of the build-
ing, therefore the undersized thermal storages of 250 and 475 liters are not considered
eligible.

• The objective of the investigated control systems is to maximize the SCR ratio. To be
able to see the effects of the different control systems, a higher value of SCR is desirable.
Therefore, 2,5 and 5 kWp installations are preferred for this thesis.

• Among the remaining choices, the lowest LCOEnergy is selected.
• In the case of having two scenarios with the lowest LCOEnergy, the scenario resulting in

lower emissions is chosen.

Figure 7.5 – LCOEnergy for different PV and storage sizes - the influence of the heat pump size

The application of the aforementioned criteria leads to the following combination of param-
eters: a thermal storage of 750 L, a heat pump of 3 kW and a PV capacity of 5 kWp.
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7.4 Conclusion

This section investigates the optimal combination of parameters that allows achieving the
lower levelized costs of energy. Different sizes of PV, thermal storages and heat pumps have
been combined and tested using annual simulations. Further comparative values such as the
LCOE, the LCOH, SCR, and the total of emissions have been calculated to guide the choice
of the optimal system. The parameters and methods used in the study have been presented.
Finally, the results of the study have been summarized. The results show it is cost-optimal in
this application to chose a 3 kW heat pump and thermal storage of at least 750L. The costs of
electricity decrease with the increase of the PV capacity, however, the SCR decreases as well.

A list of four criteria has been decided to chose the combination of parameters considered
optimal. The scenario consisting of a 3 kW heat pump, a 750L thermal storage, and a 5 kWp
PV plant is selected. This combination of parameters is used in the following to compare the
different control strategies developed within the PVCool project.

80





8 Evaluation of the Control Approach

This chapter evaluates the performance of the control using long-term simulations. In sec-
tion 8.1, the monthly and annual outputs are presented and commented. In section 8.2, the
DRL control developed in this thesis is compared to the rule-based control programed by
Achatz [9] and the MPC designed by Rauscher [8]. The inputs and comparative values used to
assess the results of the simulations are presented in chapter 7.

As the simulations have high memory requirement and the available time to perform the sim-
ulations is limited, the annual simulations are split in quarters in the case of the rule-based
control and in months in the case of the MPC and DRL. The simulations are run in parallel
and therefore the state of the last day of the past period cannot be used as a starting point for
the simulation of the next period.

8.1 Results of the DRL Long-Term Simulations

This section discusses the results obtained by the simulation of the PVCool model using the
DRL control. The results are presented on a monthly basis. Appendix E includes further graphs
and results not included in this section. These include the operation hours of the heat pump,
the average heat pump power, and the monthly CO2-equivalent emissions.

8.1.1 Monthly Cost

Figure 8.1 represents the monthly electricity costs of the system using the DRL control devel-
oped in this thesis to control the heat pump. It can be seen that electricity costs are higher in
the coldest winter months and lower in the summer months. This can be explained by the fact
that the amount of heat that the heat pump needs to provide to the building during the winter
months is higher. More electricity needs to be bought from the grid, increasing the electric-
ity bill. Additionally, more PV is available during the summer, when the thermal demand is
lower, allowing to sell higher amounts of excess PV energy to the grid and therefore reducing
the electricity costs. The minimum electricity cost is attained in July, where the amount of en-
ergy bought from the grid reaches a minimum and the amount of energy sold to the grid is
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8.1 Results of the DRL Long-Term Simulations

at its maximum point (the available PV power for the heat pump is also maximum). January
and December have the highest electricity bill: the PV power available is at the lowest while
the thermal demand is at its highest point. A similar pattern to the one shown in figure 8.1
is seen in the figures of appendix E. The monthly compressor energy, the monthly operation
hours of the compressor, and the monthly emissions are higher during the winter since the
heating demand is higher. Minimums are reached during the summer, where the heat pump
only needs to provide enough heat to cover the domestic hot water (DHW) demand.
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Figure 8.1 – Monthly energy cost obtained when controlling the heat pump with the DRL con-
trol

8.1.2 Monthly SCR
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Figure 8.2 – Monthly SCR achieved when controlling the heat pump with the DRL control
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The monthly self-consumption ratio is shown in figure 8.2. Similarly to the energy cost, the
SCR is higher in winter and lower in summer. The PV production is higher in summer when
the demand is lower, so a larger portion of the PV production is sold to the grid. On the other
hand, the PV production is lower in winter, when the demand is higher, so a larger portion of
the PV production can be consumed on-site, increasing the SCR.

8.1.3 Monthly Average COP

Figure 8.3 represents the monthly average COP of the heat pump when controlled by the DRL
supervisory control. The COP is a measure of the efficiency of the heat pump. As shown, the
COP is higher in the summer and lower in the winter. This can be explained by the fact that
a lower difference between sink and source temperature increases the value of the COP, and
vice-versa. The temperature of the thermal storage (heat sink in the investigated case of heat-
ing) approximately ranges from 40◦C to 55◦C. As the temperature is higher in the summer
season, the difference between the ambient air (source) and thermal storage (sink) tempera-
ture is lower, so the value of the COP increases.
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Figure 8.3 – Monthly average COP obtained when controlling the heat pump with the DRL con-
trol

8.1.4 Monthly Average SOC

Figure 8.4 shows the monthly averages of the state of charge of the hot thermal storage when
controlling the heat pump with the DRL control. It can be seen that the monthly averages are
similar year-round. A striking exception is the month of June when the state of charge of the
thermal storage sinks considerably. This is because the thermal demand is zero between 13th
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to the 19th of June, to simulate the fact that the tenants are on holiday [82]. During that period
the state of charge of the storage nears zero, lowering the monthly average. Another exception
is July. During this month, the demand is low, and the PV production maximum. In this case,
using predictions implies that the DRL agent identifies that the thermal storage might not
need to be charged as often to fulfill the demand constraints.
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Figure 8.4 – Monthly average SOC of the thermal storage achieved when controlling the heat
pump with the DRL control

8.2 Comparison with Previous Work

Different controls have been developed within the PVCool project. The rule-based control
developed by Achatz [9] aims at the maximization of self-consumption by systematically us-
ing the available PV power on-site when the thermal storage allows it (whenever its state of
charge is below one). The rule-based control works with the real-time state of the energy sys-
tem and does not use weather or demand predictions. On the other hand, the MPC developed
by Rauscher [8] and the DRL control developed in this thesis both consider 24 and 48 hours
predictions, respectively, to determine the optimal behavior of the heat pump. The MPC uses
a pattern search optimization algorithm to determine the trajectory of the heat pump energy
yield. This section compares the performance of the three controls using the comparative
measures described in section 7.1. First, the monthly results are discussed to understand the
different behavior of the controls throughout different seasons. Afterward, the yearly results
are examined to give a general overview of the control performances.
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8.2.1 Comparison of the Monthly Results

This section summarizes the monthly results of the three different controls. The results of the
monthly electricity costs, monthly SCR, and average state of charge of the thermal storage
are presented hereafter. Further figures such as the results concerning the heat pump energy,
hours of operation of the heat pump and monthly emissions can be found in appendix F.

• Monthly Electricity Cost

The comparison of the monthly results for the electricity costs shown in figure 8.5 re-
veals that the MPC control in most cases achieves the lowest energy cost, and the DRL
control the highest cost. Two exceptions to this are the month of August and the month
of November. During the month of August, the MPC resulting costs are higher than
the DRL and the rule-based control by 17% and 15% respectively. During the month
of November, the energy cost obtained using the rule-based control is 1,5% lower than
the MPC, achieving the lowest cost of the three investigated controls.
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Figure 8.5 – Comparison of the monthly electricity cost when controlling the heat pump with
the DRL, MPC and rule-based controls

• Average COP

Figure 8.6 summarizes the monthly results regarding the average COP achieved when
using the three different controls. It can be seen that the three controls achieve similar
average COPs in winter. For instance, in January, the differences between the average
COP achieved by the rule-based control and MPC control in comparison to the DRL
control are of 2% and 3%, respectively. In summer, however, the rule-based control leads
to a substantially lower average COP. For example in the month of July, the COP achieved
by the rule-based control is 16,7% and 18,6% lower than the values obtained by the DRL
and MPC, respectively. This fact explains the higher heat pump energy use when using
the rule-based control in summer that can be seen in appendix F.
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Figure 8.6 – Comparison of the monthly average COP when controlling the heat pump with the
DRL, MPC and rule-based controls

• Monthly SCR

Figure 8.7 reflects the strategy difference between the rule-based control and the two
predictive controls. The objective of the rule-based control is oriented to maximize real-
time self-consumption, whereas the MPC and DRL controls aim at the minimization of
the long-term energy costs. The SCR of the system when using the rule-based control
is substantially higher than in the case of two other controls, achieving an increase in
self-consumption that ranges from 11% to 22% in comparison to the MPC. The MPC
achieves better results in terms of self-consumption than the DRL control, achieving a
relative increase in the SCR going from 0% to 12%.
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Figure 8.7 – Comparison of the monthly SCR when controlling the heat pump with the DRL,
MPC and rule-based controls
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• Average SOC

Figure 8.8 represents the monthly average state of charge of the thermal storage using
the different controls. Again, a substantial difference can be seen between the real-time
rule-based control and the two other controls. When comparing the SOC of the rule-
based control to the two predictive controls, it can be seen that the SOC is lower in
winter and considerably higher in summer. For instance, the SOC in the case of the
rule-based control is 43% lower in January and 95% higher in July than the SOC in the
case of the MPC. The behavior of the MPC and the DRL control in terms of the state
of charge of the thermal storage is similar. The difference between the rule-based con-
trol and the other two controls arises from the fact that the rule-based control system-
atically charges the thermal storage when excess PV is available, independently from
future thermal demand or future weather conditions. This way, in the months where
the excess PV is higher (in summer, for instance), the heat pump charges the thermal
storage to a higher extent, although the thermal demand is low. On the other hand, the
DRL and MPC controls receive future predictions and can charge the thermal storage to
meet the needs and sell a higher amount of energy to the grid.
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Figure 8.8 – Comparison of the monthly average SOC when controlling the heat pump with the
DRL, MPC and rule-based controls

8.2.2 Comparison of the Annual Results

Table 8.1 summarizes the annual results obtained when controlling the heat pump with the
three different controls.

As can be seen in table 8.1, the lowest annual cost is achieved using the MPC control. The
electricity cost is 2,2% and 6,7% higher when using the rule-based control and DRL control,
respectively. However, the rule-based control achieves the highest self-consumption ratio and
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Table 8.1 – Overview of the results of the annual simulations with the three investigated controls

Category DRL MPC RBC
Annual electricity cost 1.442e 1.352e 1.382e
Annual electricity demand for compressor operation 3.783 kWh 3.618 kWh 4.035 kWh
Annual runtime of the heat pump 2.246 h 2.308 h 3.207 h
Average COP of the heat pump 2,94 3,04 2,85
Average self-consumption ratio 0,45 0,50 0,62
Average state of charge of the thermal storage 0,36 0,35 0,40
Average CO2 equivalent emissions 2.842 kg 2.652 kg 2.611 kg

lowest emissions. The SCR achieved when using the rule-based control is 24% and 37,8%
higher than the SCR obtained by the MPC and DRL, respectively. The rule-based control also
leads to higher operation hours and average heat pump electricity consumption, being 39%
and 11,5% higher than the values obtained with the MPC, respectively. This means that the
economic life of the heat pump using the MPC control is likely to be longer than the technical
lifetime of the heat pump when using the rule-based control.

Economically speaking, the MPC control is therefore preferred. From an environmental point
of view, however, the rule-based control should be chosen. The DRL control achieves gener-
ally the worst results of the three controls. When comparing the two predictive controls, the
pattern search algorithm used by the MPC leads to better optimization results. The DRL algo-
rithm can lead to suboptimal optimization results. Two reasons for this are the reduced num-
ber of training episodes established and the fact that the learning alcorithm can get "stuck" in
a suboptimal solution (see training profiles in appendix B). Additionally, some optimization
accuracy has been traded for computational speed in section 6.2.3.

As the simulations of the DRL and MPC controls are performed in parallel and different com-
puters, a study of the computation time is not possible. However, it is observed that the rule-
based control is considerably faster than the DRL and MPC control. Whereas the simulation
of one month takes between one and two hours for the rule-based control, the simulation of
one month with the predictive controls takes approximately three days. The MPC is slower
than the DRL control, taking on average more time to complete one month of simulation.

8.3 Conclusion

The monthly results obtained by the simulation of the model when using the DRL control
have been presented and discussed. The DRL control is compared to the controls developed
by Achatz [9] and Rauscher [8]. Monthly and annual results of the three control are presented.

Results show that the MPC performs better economically speaking, achieving the lowest an-
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nual electricity cost. From an environmental point of view, the rule-based control achieves the
lowest annual operation emissions of the three investigated controls. The suboptimal results
obtained by the DRL algorithm can be explained by the reduced number of training episodes
and the fact that the learning algorithm can get caught in a suboptimal result.
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9 Conclusion and Outlook

This chapter concludes this work. Section 9.1 outlines the content and findings of this thesis.
An outlook on the possible enhancements and future steps is provided in section 9.2.

9.1 Summary of the Thesis

The share of renewable energy generation in Germany is increasing, while the contribution of
renewables for heating and cooling is still low [100]. However, the building sector plays an im-
portant role in decarbonization [3]. The development of concepts involving sector-coupling
strategies and renewable energy technologies in the building sector is, therefore, important
to reduce greenhouse emissions. The use of intelligent controls has been encouraged by the
Building Performance Institute Europe to manage such energy systems.

The purpose of this thesis is the development of a supervisory control based on machine
learning for PV-driven heat pumps and compression chillers. Firstly, the basic concepts of the
cold vapor cycles driving heat pumps and compression chillers are introduced. Afterward, the
relevant branches of machine learning and their application in control theory are presented.

From a literature review including controls based on reinforcement learning, evolutionary al-
gorithms, artificial neural networks, and combinations of the latter methods, it is concluded
that hybrid strategies are the most promising machine learning strategy for the PVCool ap-
plication. Different hybrid strategies are considered. The combination of artificial neural net-
work and reinforcement learning in what is commonly called deep reinforcement learning is
identified as the best candidate for controlling the investigated building energy system.

The deep reinforcement learning control is developed using a bottom-up approach, starting
with the basic features and progressively building to a more complex system. The control is
based on the supervisory control architecture developed by Rauscher [8]. The deep reinforce-
ment learning control uses 48h predictions and a simplified model of the building energy
system to learn the optimal hourly energy trajectory of the heat pump. The predictive model
is modified to include the optimization constraints and adapted for both heating and cooling
applications. The hourly values proposed by the deep reinforcement learning algorithm are
then transformed in signals with a temporal resolution of one second by a subordinate rule-
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based controller. The correct functionality and behavior of the deep reinforcement learning
control are verified through short-term simulations.

Then, a parameter study is conducted to find the economically optimal combination of sys-
tem parameters. The study consists of the performance of 36 annual simulations, each of
them testing a different combination of parameters. The simulations are conducted using
the rule-based control developed by Achatz [9], chosen for its speed. Levelized costs, self-
consumption ratio and CO2 emissions are calculated to determine the optimal scenario.

The same combination of parameters is used to examine the performance of the controls
developed within the PVCool project. The rule-based control developed by Achatz [9], the
model predictive control designed by Rauscher [8] and the deep reinforcement learning con-
trol developed in this thesis are compared on a monthly and annual basis. Results show that
the model predictive control achieves an annual electricity cost that is 6,4% and 2,2% lower
than the annual cost obtained by the deep reinforcement learning and rule-based control, re-
spectively. The best self-consumption ratio and the lower emissions are however achieved by
the rule-based control. When using the rule-based control, the self-consumption ratio is 24%
higher than the self-consumption ratio obtained with the model predictive control control,
and the emissions 1,5% lower.

9.2 Outlook

There are different alternatives to enhance the performance of the deep reinforcement learn-
ing control. First, the control could potentially be improved by optimization of its learning pa-
rameters and a further investigation of the different deep reinforcement learning algorithms.
Mocanu et al. [70] test both deep deterministic policy gradient and deep Q-network algo-
rithms and observe a better performance of the deep deterministic policy gradient algorithm.
In the tests performed in this work, however, the heat pump energies proposed by the deep
deterministic policy gradient near the lower bound (0 W). The deep deterministic policy gra-
dient algorith could be adapted to suit the PVCool application. Additionally, the optimal ar-
chitecture of the critic neural network could be investigated. Then, the predictive model could
be improved, for example, by the modelling of a back-up heater or the storage losses.

The deep reinforcement learning control is adapted to deal with heating and cooling appli-
cations. However, in this thesis, only its heating application in Germany is investigated. The
reward function and the parameter study should be adapted to other applications, weather
conditions, and socio-economic contexts. Further possibilities of reward functions that could
be more suitable for other applications are the minimization of the CO2 emissions or the max-
imization of self-consumption.

The monthly prediction inputs for the predictive controls can be adapted to include at the
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end of the monthly data two additional prediction days corresponding to the beginning of the
next month to ensure the correct determination of the heat pump hourly energy for the last
day of the investigated month. An extra day is already added to the model predictive control
prediction data, without which the last day of each month could not have been simulated.

The different controls developed within the PVCool projects have been evaluated using an-
nual simulations. The lowest annual costs are achieved by the model predictive control, show-
ing the benefit of using prediction inputs. The highest self-consumption ratio is achieved
by the rule-based control. However, this control also leads to higher operation hours, which
could lead to a shorter technical lifetime. Both controls outperform the deep reinforcement
learning control. Its performance could be enhanced by increasing the number of training
episodes or optimizing the training parameters.

The control to be applied depends on the goal to be achieved (i.e. self-consumption or costs)
and the possibility of obtaining reliable demand and weather prediction inputs. It is worth
mentioning that the predictions used in this thesis are 100% correct and the difference be-
tween the electricity costs obtained by the rule-based and model predictive controls is rela-
tively low (2,2%). Therefore, the rule-based control will likely achieve the lower annual energy
costs in real applications, considering that 100% correct predictions will certainly not be avail-
able in reality. For this reason, and because of its speed and simplicity, the rule-based control
might be the best solution.

Finally, the performance of the controls could be validated with experiments in the test rig.
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A March Examples of the Verification
Process
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Figure A.1 – Bound compliance of the state of charge of the thermal storage during the period
2nd to the 5th of March 2009
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Figure A.2 – Overview of the building thermal demand and the thermal power provided by the
heat pump during the period 2nd to the 5th of March 2009
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Figure A.3 – Overview of the available power, the heat pump power and the resuting bought and
sold powers during three exemplary march days
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B Training Patters of the Verification
Process

This appendix gathers the training patterns obtained in the verification of the DRL control.
The number of episodes is set to 200. In this training study and the observations of the DRL
agent are the corrected compressor energy, temperature of thermal storage, energy bought
from the grid, energy sold to the grid, and the COP of the heat pump. The action is the com-
pressor energy vector for the next 48h.

As can be seen, the Episode Manager encountered a graphic error in one day of November
(12th) and one day of March (7th). In the following such graphic errors are avoided by choos-
ing not to display the Episode Manager graphically. The evolution of the training process can
also be displayed as text in the command window of MATLAB.

Each of the figures represents the training progress of the deep reinforcement learning agent.
The stared red line represents the average of the hitherto obtained rewards marked by a circled-
blue line. The crossed-green line refers to the discounted estimation of the long-term reward.
In table B.1 and table B.2, each of the graphs correspond to one day of the respective month.
The days are ordered from left to right and top to bottom, i.e. the first five days of the month
are displayed in the first line of the table.
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Table B.1 – Training patterns of the month of March obtained during the DRL control verifica-
tion
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Training Patters of the Verification Process

Table B.2 – Training patterns of the month of November obtained during the DRL control veri-
fication
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C Simulation Inputs

The following images represent the annual prediction hourly vectors used to simulate the
building energy system using Rauscher’s MPC [8] and the DRL control developed in this the-
sis. Note that, although the annual data runs from the 28th of September 2008 to the 27th of
September 2009, it has been here reorganized for clarity reasons. The following graphs repre-
sent the data starting January, 1st.
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Figure C.1 – Annual electrical demand
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Simulation Inputs
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Figure C.2 – Annual PV production
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Figure C.3 – Available PV for the heatpump : excess PV after electrical demand coverage
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Figure C.4 – Annual sum of thermal and hot water demand
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Figure C.5 – Average ambient temperature in the center of Munich
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D Post-Processing of Parameter Study
Simulations

Heat Pump Interest Rate % 3%
Max. Power KW 3 Mean Electricity Price €/kWh 0,30
Cost € 7.971 Feed-in Tarif €/kWh 0,11
Installation with storage € 6.500 Value Added Tax % of total cost 19%
Total cost € 14.471 National Subsidies for Heat Pumps % of total cost 35%
Taxes € 2.749 Life-time of the project years 20
National Subsidies € 6.027

Total investment € 11.193

Thermal Storage Heat Pump % of cost 2,80%
Capacity L 750 Solar Panel % of cost 1%
Cost € 3.449 Thermal Storage % of cost 1%
Taxes € 655

National Subsidies € 1.437

Total investment € 2.668 Electrical Demand kWh 3.775
Solar Panels Heating Demand KWh 11.046
Power KWp 5,0 Heat Pump Electrical Consumption kWh 4.035
Net Cost €/KWp 1.456 Heat Pump Thermal Yield kWh 11.614
BOS % 32% Electricity cost without heating system € 444
Module % 48% Energy bought from the grid kWh 5.202
Installation % 20% Energy sold to the grid kWh 1.619
Total investment € 7.280 Self-consumed energy kWh 2.608

PV Production kWh 4.227
SCR 0,62

Investment Cost

Heat Pump € 11.193 Variable costs of Electricity € 21.650
Thermal Storage € 2.668 Electricity demand kWh 116.189
Solar Panels € 7.280 Heating Production KWh 172.787
Total Investiment € 21.141 Variable costs of Heat € 17.791
Operation Costs

Operation and Maintenance € 296
Price of Imported Electricity € 1.560 LCOE €/kWhe 0,25
PV Remuneration € 178 LCOH €/kWhth 0,18
Annual Variable Cost € 1.678 LCOEnergy €/kWh 0,20

Economic Parameters

Operation and Maintenance

Simulation Results

Discounted Sum of Results Over a 20 year Period

Levelized Cost of Energy

System Economic Performance

Model Parameters

Figure D.1 – Post-processing spreadsheet of the parameter study
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E Further Results of the DRL Long-term
Simulations
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Figure E.1 – Monthly heat pump energy obtained with the DRL control
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Figure E.2 – Monthly heat pump operation hours obtained with the DRL control
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Further Results of the DRL Long-term Simulations
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Figure E.3 – Monthly emissions produced with the DRL control
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F Further Results of the Control
Comparison
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Figure F.1 – Comparison of the monthly heat pump energy when controlling the heat pump
with the DRL, MPC and rule-based controls
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Figure F.2 – Comparison of the monthly heat pump operation hours when controlling the heat
pump with the DRL, MPC and rule-based controls
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Further Results of the Control Comparison
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Figure F.3 – Comparison of the monthly emissions when controlling the heat pump with the
DRL, MPC and rule-based controls
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G Alignment of the Project with the
Suistainable Development Goals

The United Nations decided in 2015 of a 15-year plan of action, the "2030 Agenda for Sus-
tainable Development" [101]. The agenda aimed at the achievement of a list of 17 broad and
interdependent Goals to create a more sustainable future for everyone all over the world. In
an attempt to be a part of this global, highly necessary, and urgent initiative, this project is
framed in at least one of the Sustainable Development Goals set by the United Nations.

The main objective of this thesis is to develop an intelligent control for a building energy sys-
tem that aims at the reduction of the energy costs and the maximization of self-consumption
and therefore, the minimization of CO2 emissions. The data used in this thesis simulates a
single-family household in the city of Munich (Germany). However, this application is only
used as an example. With different input data and the pertinent alterations, the systems could
be used in different climates, areas, or countries. Because of the aforementioned information,
this project aligns with the eleventh Suistainable Development Goal: "Suistainable Cities and
Communities". As mentioned, the project is not exclusively designed for urban areas, but can
be applied to any rural or urban building.

The eleventh goal of the United Nations aims at making urban areas safer, more resilient,
and more sustainable. The motivation behind this goal is the increasing importance of cities
and their impact on energy consumption and CO2 emissions. In fact, according to the United
Nations [102], cities are responsible for 60 to 80% of global energy consumption and 75% of
total CO2 emissions. Additionally, nine out of ten urban inhabitants are exposed to polluted
and unsafe air. Objective 11.6 strives for the rection of the environmental impact of urban
areas and especially the improvement of air quality [102].

To quantify to what extent this thesis has fulfilled this decarbonization goal the single-family
household used to test and evaluate the control is now considered again. The householdâ€™s
annual electric demand is 3.774,5 kWh and its annual heating demand is 11.046 kWh. The CO2

equivalent of the German electricity mix reaches 0,502 kg/kWh [88]. Therefore, if the elec-
tricity would entirely be supplied by the electrical grid, this would entail 1.894,8 kg of CO2

emitted per year to cover the electrical demand. Regarding the thermal demand, 36% of the
households in Germany use natural gas to cover the heating demand, making natural gas the
leading heating provider for the residential sector [103]. The carbon footprint of natural gas
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Alignment of the Project with the Suistainable Development Goals

according to the Council Information System of the city of Munich [104] is of 0,255 kg per
kWh. For the thermal demand of the investigated building, that leads to 2.816,7 kg of annual
CO2 emissions. In total, considering both thermal and electrical demand without PV and elec-
tric heating, the annual carbon emissions would reach 4.711,5 kg. The proposed system uses
PV-driven electric heating and a deep reinforcement learning control. The system generates
a total of 2.842 kg of emissions, which is 40% less than what a "traditional" system would pro-
duce. The decarbonization potential of the investigated system is striking and could highly
help cities and other areas to become cleaner and more sustainable.

A further Sustainable Development Goal that is tackled in this thesis is the seventh objective:
"Affordable and clean energy". This objective aims at ensuring more sustainable, affordable,
and reliable access to energy [105]. More specifically, by installing a PV generation unit that
is able to feed excess electricity into the electrical grid, this project is helping with objective
number 7.2 that encourages the increase of the share of renewable energy sources in the en-
ergy mix [105]. The simulation year going from the 28th of September 2008 to the 27th of
September 2009, the deep reinforcement learning control developed within this thesis led to
2.330 kWh of PV energy being fed to the German electrical grid.

To conclude, this thesis tries to contribute to the Sustainable Development Goals set by the
United Nations in 2015. Specifically, the thesis tackles the issue of making cities and com-
munities more sustainable, by proposing a cleaner energy and control system for buildings
that leads to lower emissions and ultimately reduces air pollution. Additionally, the thesis
also contributes to the objective of providing cleaner energy by being able to feed renewable
energy in the electrical grid.
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