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Abstract

A lack of resources, the increased focus on C'Oy emissions, and the resulting climate
changes have resulted in an increase in the demand for energy saving technologies. This
demand has driven this study of Reinforcement Learning (RL) based control for Heating
Ventilation and Air-Conditioning (HVAC) systems.

Studies of the world energy consumption show that 40% of the world’s energy con-
sumption goes into HVAC systems. Studies also show that cost can be reduced by up to
20% of the current industrial practice by using optimal control on HVAC systems. How-
ever, to do optimal control on HVAC systems is difficult. Model Predictive Controllers
(MPC) requires a unique model for a given building, which may or may not be eco-
nomically feasible, hence the reason why it is not normal practice. On the other hand,
there are model-free methods that typically are data-driven. Data-driven methods have
previously been shown possible but data expensive.

This dissertation focused on data-driven methods for HVAC, and how to make these
methods more robust and data efficient. Five papers are presented that all contribute
to data efficiency and robustness. Of the five papers new methods are presented in the
first four papers and the fifth paper is a field study verifying the methods in a real-world
test. The five papers are outlined below:

e Paper A: This is a study of RL for Underfloor heating systems. In this paper
Eligibility Traces is proven useful, also the issues with efficiency and robustness is
identified and discussed.

« Paper B: In this paper a method for robust RL is developed. The method uses
a traditional control policy on top of the RL controller, then soft constraints are
implemented it such a manner that the algorithms learn whenever the traditional
control policy takes over.

o Paper C: This study uses Multi Agent RL (MARL) to improve data efficiency. A
70% reduction in the convergence time is achieved when comparing Single Agent
RL. Additionally, is it shown that a 17% price reduction can be archived with
MARL when compared to industrial State-of-the-art controllers.

iii



« Paper D: This Paper present a novel framework for Offline RL for HVAC system.
This paper demonstrate that a near optimal policy can be found by only training
offline.

o Paper E: This paper presents a field study of the algorithm developed in paper
D. In this study the results of Paper A-D are verified.

The methods described above all support each other. This means that Paper D
also includes the methods described in Paper A-C. The simulation studies presented in
Paper D show that a near optimal policy can be found with 60 days of data, and the
cost reduction is 19% when compared to a traditional control policy. Paper E is a field
study, where a lab environment consists of two separate buildings of 9m? and 16m?.
These buildings are subjective to the outside weather but are not occupied by humans.
During the winter 2020/2021 a benchmark test with a traditional control policy was
done and during the winter 2021/2022 the Offline RL algorithm was deployed.



Dansk Resumé

Mangel pa ressourcer, gget fokus pa CO2-udledning og de deraf fplgende klimagendringer
har resulteret i en stigning i efterspgrgslen pa energibesparende teknologier. Denne efter-
sporgsel har drevet denne undersggelse af Reinforcement Learning (RL) baseret kontrol
til Heating Ventilation and Air-Conditioning (HVAC). Undersggelser af verdens energi-
forbrug viser, at 40% af verdens energiforbrug bruges i HVAC-systemer. Undersggelser
viser ogsa, at omkostningerne kan reduceres med op til 20% ved at bruge optimal kon-
trol hvis der sammenlignes med nutidens industrielle praksisser. Det er dog sveert at
lave optimal kontrol p4 HVAC-systemer. Model Predictive Control (MPC) kreever en
unik model for en given bygning, at lave sadan en model er typisk ikke gkonomisk
rentabelt, hvorfor det ikke er normal praksis. I modsaetning til MPC findes der ogsa er
der model frie metoder, disse er typisk datadrevne. Datadrevne metoder har tidligere
vist sig muligt, men de kreever meget data hvilket betyder der gar lang tid for disse
virker. Denne afhandling fokuserede pa datadrevne metoder til HVAC, og hvordan man
laver disse metoder mere robuste og dataeffektive. Der praesenteres fem artikler i denne
afhandling som alle bidrager til dataeffektivitet og robusthed. Af de fem artikler praesen-
teres nye metoder i de forste fire artikler og den femte er et feltstudie, der verificerer
metoderne i et virkeligt system. Formalet med de fem artikler er opsummeret nedenfor:

e Artikel A: Dette er en undersggelse af RL for gulvvarmesystemer. I denne artikel
er "Eligibility Traces” undersggt og pavist nyttige i gulvvarme systemer, ogsa
problemerne med data effektivitet og robusthed er pavist og diskuteret.

o Artikel B: I dette papir er der udviklet en metode til robust RL. Metoden bruger
en traditionel kontrol politik som en sekundzer kontroller til RL kontrolleren, for
at optimere lzeringen implementeres "soft constraints” pa en sidan made, at algo-
ritmerne laerer, nar den traditionelle kontrolpolitik tager over.

e Artikel C: Denne undersggelse bruger Multi Agent RL (MARL) til at forbedre
dataeffektiviteten. En 70% reduktion i konvergenstiden opnas ved sammenligning
af Single Agent RL. Det er desuden vist, at en prisreduktion pa 17% kan opnés
med MARL sammenlignet med industrielle standard kontroller.



e Artikel D: Denne artikel praesenterer en ny metode for Offline RL til HVAC-
system. Denne artikel viser, at en naesten optimal kontrol politik kan findes kun
ved brug af offline treening.

o Artikel E: Denne artikel praesenterer et feltstudie af algoritmen udviklet i Artikel
D. I denne undersggelse er resultaterne af Paper A-D verificeret.

De ovenfor beskrevne metoder understgtter hinanden. Det betyder, at artikel D ogsa
omfatter metoderne beskrevet i artiklerne A-C. Simuleringsundersggelserne praesenteret
i artikel D viser, at en nzesten optimal kontrol politik kan findes med 60 dages data, og
omkostningsreduktionen er 19% sammenlignet med en traditionel kontrol politik. Ar-
tikel E er et feltstudie, hvor et laboratoriemiljo bestaende af to separate bygninger pa
9m? og 16m?. Disse bygninger er udsat for vejret udenfor, men er ikke af menneskelig
adfzerd. I lgbet af vinteren 2020/2021 blev der udfgrt en benchmark test med en tradi-
tionel kontrolpolitik, og i vinteren 2021,/2022 blev Offline RL algoritmen implementeret
og testet.
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Chapter 1

Introduction

1 Introduction and Motivation

Over the past decade, energy efficiency has become even more important due to the
growing concern of climate change, exploitation of natural resources, and a growing
world population. This is also clear in the 17 UN world goals, where three speaks directly
into this [37]. This Ph.D. project has explored how to utilize state-of-the-art methods
in Reinforcement Learning to do model-free optimal control of Heating Ventilation and
Air-conditioning (HVAC) systems. The type of HVAC system the algorithms have
been tested on, is Underfloor Heating (UFH), in a experimental setup that resembles a
domestic house.

The building sectors in the US and China are consuming 40% and 43% of the annual
energy production respectively [22, 58]. For comparison the transport sector consumes
28% of the annual energy production, and within the transportation sector is aviation
consuming about 11%. Hence even incremental improvements to the HVAC sector,
will result in large reductions in the energy consumption. Figure 1.1 shows the energy
consumption by sector and their subcategories. Roughly 50% of the energy consumed
in the commercial and residential building sector is HVAC energy.
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Residential

Energy Consumption

by sector '
= HVAC = Lights

EB = Water-heating
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Fig. 1.1: Energy consumption across sectors in the US is seen to the left. The relevant sectors
"Commercial" and "Residential” are seen divided into sub categories to the right [46].

Studies show that there is a large potential to reduce the consumption of HVAC
energy. This can be done not only by building new buildings or re-insulating existing
buildings but also by recommissioning the HVAC system of the existing building mass.
In [35] 150 exciting commercial buildings are investigated. It is found that recommis-
sioning the HVAC system can save 15% of the energy consumption on average and that
the average return on investment is 0.7 years. This translates to US $18 billion in annual
savings in the commercial building sector in the US alone.

Another method to additional reduce the energy consumption of buildings is pre-
dictive control. A common method to do predictive control of buildings are model
predictive control (MPC) [5, 25, 42]. In these papers is it found that MPC controllers
could reduce the energy consumption by 17-24%, whether or not these 17-24% can be
directly added to the savings of 15% found in [35] cannot be concluded, but it can
be assumed that savings achieved with MPC controllers are additional savings since it
was tested on already commissioned buildings. Other smart controllers that, similar
to MPC, do predictive control are [49, 54]. These controllers use energy price forecast
and a thermodynamic model to minimize energy consumption. Similar savings were
achieved with these controllers. All these controllers do however have one large draw-
back, an extensive thermodynamic model is required, and this gives cause for concern.
An extensive model results in even greater commission cost, and continuous upkeep of
the model.

An alternatively to model-based predictive control is model-free optimal control
methods. Model-free methods naturally require some kind of learning, this Ph.D. project
has solely focused on RL, however one could explore other types of learning controllers
such as Iterative Learning Control (ILC) that before has been used in control of HVAC
systems [53]. As the name suggests these methods are model-free and hence do not need
a commission of a model [48]. This means that the issue of badly commissioned HVAC
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systems as described in [35] will to some extent be solved because the HVAC system
will automatically and continuously be commissioned over the entire life span. Further-
more, an RL controller will also perform optimal control like an MPC but without the
commission and maintenance of a model.

Model-free RL can overall be done in three ways 1) online, 2) online off-policy, and
3) offline. An illustration of Online RL and Offline RL can be seen in Figure 1.2.

a) Online RL b) Online off-policy RL c) Offline RL
_—

= e

(sir)
N [omwer | | N
,. 1ouE T e L i e T
T— T S

Rollouts

Fig. 1.2: In (a) is a online RL algorithm shown. The policy is updated for every iteration with the
latest experience(s,a,s’,r). In (b) is the online off-policy shown, here the policy is updated not only
with the latest experience but with all experiences. In (c) offline RL is visualized. In Offline RL data
is gathered with policy 7€ a policy 7 is then derived from the data and this policy is then deployed.

Numerous papers have been written on online RL and online off-policy RL for HVAC
systems. In [11, 40] online RL is used to control the thermostat in a thermal zone and
the mixing loop in a commercial building respectively. It is shown that RL can be used
with success to control parts of a Heating system. In [51] online off-policy RL used to
control the thermostats in multiple zones. This Ph.D. project has only explored off-
policy RL in both online and offline settings. To the author’s knowledge is there no
papers on RL for Underfloor heating as heating installation. Therefor is this the first
topic this project is concerned with. Common for all RL algorithms is that one cannot
ensure robust/safe behavior because of the black-box nature of an RL algorithm is [21].
This is especially true, during early training and exploration of the action-state space.
Because this project aims to develop a commercially viable algorithm, is robustness and
safe learning one of the main topics of this study and a solution to safe RL for HVAC
has been proposed.

RL suffers from what Richard Bellman referred to as "the curse of dimensional-
ity" [12]. This means that as the number of actions and states grow so does the com-
plexity of the action-state space and the value function that a value-based RL algorithm
is associated with. To combat the growing complexity, artificial neural networks as func-
tion approximators have shown great promises [36]. Additionally, to using schemes to
generalize over the action-value function the environment can also be re-formulated as
a Markov Game (MG). By formulating the environment as a MG instead of a Markov
Decision Process (MDP), Multi-Agent RL(MARL) can be used. MARL can with some
assumptions reduce the complexity of the action-state space. This is especially inter-
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esting for an RL algorithm that is supposed to control the entire HVAC system or an
entire underfloor heating system.

To illustrate the scaling problem of having a single agent to control the entire system
of a one, two, three, and four-zone UFH system, the calculations of the action-state space
have been made for the four cases, see Table 1.1.

Table 1.1: Size of action-state space for one, two, three and four-zone UFH system. The action-
state space grows exponentially with number of temperature zones. Assumptions about the number of
discrete values each action or state has: Ty ppiy; 15, Valve per zone; 2, Troom per zone; 12, Tgpmp; 30,
heat consumption; 10, sun; 10.

Action-state space size

One zone 1-10°

Two zones 26 - 106
Three zones 622 - 106
Four zones 15 - 109

The above table shows that the action-state space grows exponentially with the
number of temperature zones in the system, this means that RL control does not scale
well in the UFH control task or many other control problems [48]. In this study is it
therefore proposed to use Multi-Agent Reinforcement Learning MARL to overcome the
scaling problem.

Robustness and fast convergence are in any type of online RL the key parameters
when designing for HVAC systems. If, however offline RL can be used, these parameters
only a concern when the algorithm is deployed. By using offline R,L existing building
data can be used. This is of interest in a scenario where an existing building is recom-
missioned, and operation data is still available. Also, in a new commission of a building
offline RL can be feasible. This is because existing traditional controllers can run for
a period, this data can then be used to build a model in which the RL algorithm can
train.

With the introduction, motivation, and potential for using RL in HVAC systems
described, can the research questions this Ph.D. project has been concerned with, be
outlined.

2 Research Questions

The research questions have been formulated on the basis of the information shared in
Section 1.
The four research questions this Ph.D. thesis addresses are outlined below:

RQ1 How does model-free Reinforcement Learning perform in an Underfloor Heating
System?
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RQ2 How can a framework for robustness in Reinforcement Learning for HVAC systems
be designed?

RQ3 Can Multi-Agent Reinforcement Learning be used to reduce convergence time for
RL HVAC control?

RQ4 Can Offline Reinforcement Learning be a data efficient method for HVAC control?

In the following is outlined which papers contribute to the respective research ques-
tions:

e RQ1 is answered in Papers A and F
¢ RQ2 is answered in Papers B and F
« RQ3 is answered in Papers C and F

¢ RQ4 is answered in Papers D and F

3 Research Methodology

To answer the research questions formulated in section 2 the methodology used in this
thesis is presented. The methodology will give a structure to the thesis, this will ensure
that the questions are answered in a proper manner and that there is consistency trough
out the thesis. The research methodology presented in this thesis is inspired by the Soft
Systems Methodology (SSM) [19]. The SSM is a methodology structure which begins
with a "soft problem" like "how can RL function in HVAC systems". Following this is
the problem identified and solved, and lastly is the solution tested.
To illustrate the methodology used in this thesis Figure 1.3 is made.
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RQ: 2, 3and 4 \‘
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Fig. 1.3: This Figure is a illustration of the methodology used in this thesis. From the Figure can it be
seen in which steps the respective research questions are answered and how each paper are contributing
to this.

From Figure 1.3 it can be seen that the methodology is split up into 3 stages. Stage
1 is the problem identification stage. This is the beginning of the thesis where RQ 1,
has the purpose of identifying potentials and weaknesses in RL for HVAC. To identify
potentials and weaknesses in RL for HVAC RQ1 has been answered, and Paper A has
been written. Paper A is an SOA RL algorithm designed and deployed in a simulation
environment.

Stage 2 is to solve the issues found in Paper A. It was found that robustness was the
most immediate issue to combat, hence RQ2. With RQ2 answered the problem of fast
convergence became relevant, hence RQ3 and finally RQ4.

Stage 3 is the laboratory and validation work. In this stage is new research not
produced, however is an application paper (Paper E) made based on the results obtained
in the real-world test environment.

4 Structure of Thesis

This thesis is structured in two parts; in part I, a summery of the work done during
this Ph.D. Project is presented. In Chapter 1 the introduction, motivation, and research
questions have been outlined. Following this Chapter 2 contains a state-of-the-art review
of related work within the field of R, and HVAC. In Chapter 3 the problem is described
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and the overall problems in the control of HVAC systems are outlined. Furthermore,
the three test environments of which the research is based on are explained. In Chapter
4 the solutions are presented, in this chapter the papers A, B, C, D and E are explained.
Lastly, the is work concluded on in Chapter 5. Part II is a collection of papers that

supports the work done during this Ph.D. project.

5 Publication and Submissions during PhD Project

This section presents the paper published and submitted during this Ph.D. project, the

Papers in present in dated order, with the earliest paper first.

Paper

Reference

A

C. Blad, S. Koch, S. Ganeswarathas, C.S. Kallesge, S. Bggh, Con-
trol of HVAC-systems with Slow Thermodynamic Using Rein-
forcement Learning, Procedia Manufacturing, Volume 38, 2019, Pages
1308-1315, ISSN 2351-9789.

C. Blad, C. S. Kallesge and S. Bggh, Control of HVAC-Systems
Using Reinforcement Learning With Hysteresis and Tolerance
Control, 2020 IEEE/SICE International Symposium on System Inte-
gration (SII), 2020, pp. 938-942, doi: 10.1109/SI146433.2020.9026189.

C. Blad, C. S. Kallesge and S. Bggh, A Multi-Agent Re-
inforcement Learning Approach to Price and Comfort
Optimization in HVAC-Systems, Energies 2021, 14, 7491.
https://doi.org/10.3390/en14227491

C. Blad, C. S. Kallesge and S. Bggh, Data-Driven Offline Reinforce-
ment Learning for HVAC-Systems, Energy, under second round of
review

C. Blad, C. S. Kallesge and S. Bogh, A Field study of Offline Multi-
Agent Reinforcement Learning, to be submitted to Energy and
Buildings, Elsevier in June 2022

Below a short description of each paper along with a description of how the paper

contributes to the state of the art within the field of RL and HVAC is given.

e Paper A

— This paper is concerned with RQ1 and can best be described as a survey
study of RL for UFH. In This paper is a Simulink model for UFH developed
and a Deep Q-network (DQN) RL algorithm is tested on this model. these
results are compared with a DQN algorithm with eligibility traces. It was
found that Eligibility Traces do improve the performance of RL in HVAC.
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Furthermore, it was found that robustness and scalability are of concern when
deploying RL in HVAC.

— Moreover this paper contributes with testing RL on UFH and showing that
robustness and scalability are problems when using RL in UFH systems. This
paper also shows that eligibility traces improve performance in RL for UFH.

e Paper B

— This paper is concerned with RQ2, where improving robustness is central.
Firstly, a new Dymola model isd developed for simulating UFH systems,
with a dedicated air to water heat pump as the heating source. This paper
investigates how to implement robustness in RL without compromising the
optimal policy and increasing the convergence time for this policy.

— Moreover this paper contributes with a novel framework for robust RL control
of HVAC systems. It is found that implementing a traditional controller
on top of the RL algorithm and incorporating linear soft constraints in the
reward function robustness can be ensured. Additionally, the convergence
time can be reduced because the action/state space is reduced to what is
known to be feasible.

e Paper C

— This paper is concerned with RQ3, where improving scalability is central. In
this paper the Dymola models developed in Paper B are used. This research
explores MARL as a solution to the scaling problem. A novel approach where
the communication of actions between agents is set up in a manner so it from
a system point of view is sensible. Furthermore, the state space is divided
such that each agent only receives states relevant for its own objective. Lastly,
the MARL algorithm is compared to a SARL algorithm.

— Moreover this paper contributes with a novel MARL algorithm for control of
HVAC systems. This Algorithm reduced the convergence time for a 4 zone
UFH system from 600 days when using SARL to 180 days when using MARL,
this translates to a 70% reduction in the convergence time.

e Paper D

— Paper D Investigate RQ4 regarding Offline RL for HVAC systems. This paper
is a novel framework for Offline RL developed. The Framework is based on
Black box modeling methods and is therefore completely commission-free.
This paper investigate how much data is required to do Offline RL, and how
this data can be gathered.
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— This paper contributes to the field of offline RL for HVAC systems by de-
veloping a novel framework for offline RL. It is shown that the framework
can be applied to a four temperature zone UFH system and perform well
with 60 days of data. Additionally, it shows that the framework can be used
in recommissioning tasks and a near-optimal policy can be found from the
first day of deployment. This naturally requires that data from the proviso
system is available.

e Paper E

— This paper is an application paper whose purpose is to verify the research
done in Paper A-D. In this paper is the algorithm developed in Paper D
deployed in a real world environment. Real data is gathered as a bench
marking test during the spring of 2021 and the winter 2021/2022. This data
is then used in the offline RL framework presented in Paper D. The offline
trained algorithm is deployed mid January 2022 and is tested until 10th of
Marts.

— In this paper is it found that the Offline RL framework presented in Paper
D can be deployed in a real world environment. An analysis of the test
data shows that the control policy exhibits predictive control like behavior.
Oscillation of the system is reduced by a minimum of 40% while the cost of
heating is reduced by minimum 10 %.
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Introduction



Chapter 2

Literature Study

This chapter summarizes the literature studies done to make the research presented
in the five papers. This part of the thesis is divided into four sections. Each section
describes the background theory for the respective topic followed by the literature study
of the given field.

1 Energy Consumption of HVAC Systems

As described in Chapter 1, the consumption of HVAC is one of the largest single sectors
of energy consumers [44]. If dividing HVAC energy into heating and cooling energy
sources it will naturally be different depending on the geographical location. When
looking at the Western World (Europe and USA) heating in the residential sector in
the US and Europe is accounting for 88% and 92% respectively [3, 38]. Hence, heating
is by far the most energy requiring, for this reason is heating the prime focus of this
thesis. One may argue that it is the same dynamic properties and therefore the same
algorithms will also work for cooling. When looking at the energy sources natural gas
is by far the most common method for heating, in Figure 2.1 the distribution of energy
sources in the EU can be seen.

13
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Energy Sources

® Heat-pump ® Biomass
® Direct Elektricity Fule Oil
= Coal ® Natural Gas

Fig. 2.1: Energy sources in EU [3].

Heating with electricity and heat pumps are, however, becoming more popular in
both the EU and US where the heat pump market is growing 8.5% and 8% respectively
[8, 9]. According to the EU commission this is also a part of the long-term strategy
to convert more HVAC energy to electrical sources [3]. An obvious benefit of using
heat pumps is that renewable energy can be used to heat the houses, but also the fact
that production of renewable energy is varying not as a function of consumption but as
a function of the season and weather. This variation in production will only increase
as more energy comes renewable energy sources. For the consumer this variation is
reflected in the cost, so energy is cheaper when the production is high and vice versa.

Because the HVAC energy sector for heat pumps is increasing and an interesting
optimization problem arises when looking at building dynamics, the dynamics of a heat
pump, user occupancy, and the price of electricity this Ph.D. thesis has focused on UFH
systems with air to water heat-pumps as heating source.

2 Reinforcement Learning

The theory and results in the following section are based on excerpts from Paper C
- "A Multi-Agent Reinforcement Learning Approach to Price and Comfort Optimiza-
tion in HVAC-Systems" published in the Open Access journal Energies. Reinforcement
Learning is as described in Chapter 1 an iterative learning method. Furthermore, it is
described how this thesis focuses on model-free RL and how this can be divided into
1) online RL, 2) online off-policy RL, and 3) offline RL [48]. Additionally, model-free
RL can be divided into three categories; value-based learning, policy-based learning,
and actor-critic-based learning, where actor-critic is a combination of value-based and
policy-based learning. Because this thesis focuses on online off-policy RL and offline RL
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value-based learning is central. This thesis has more specifically employed Q-learning
as a backbone in all algorithms developed in Papers A-E.
Q-learning is based on the Bellman equation seen in Eq. (2.1).

Q*(5,a) = E[Rps1 +ymax Q*(s ,a)] (2.1)

The bellman equation simply states that if the further state’s for all actions is known,
the optimal policy is to choose the action that results in the highest Q value (Q*(s,a)).
This is also what is referred to as a greedy policy [12].

Choosing the correct action is the easy part, updating the Q-function, so that Q;
converges towards @, is however difficult, or at least to do so within a reasonable
number of iterations. In Eq. (2.2) the update strategy for Q-learning without function
approximators can be seen. For the update strategy to converge to Q* it is necessary
for the environment to satisfy the conditions of a Markov Decision Process (MDP).

Definition:A MDP is defined by a tuple {S,A,P,R}; S is the finite number of states,
A is a finite number of actions, P is the transition probability for s; to transition to S¢y1
under a given action a. R is the immediate reward for the expected transition from s;
to St4+1- [43]

A MDP can only be defined as a MDP if s;41 is dependent of s; and not s;_,,. If the
state space is not fully described, which often is the case in real world applications, the
environment is defined as a partially observed MDP(POMDP). The same theory applies
to a (POMDP). However, is the transition probability matrix naturally is associated with
some degree of uncertainty.

QU1 (5,a) = QM (s,0) + - (ry +ymax Q' (s',a) = QUM (s,)  (22)

from Eq. (2.2) can it be derived that for the Q-function to converge to Q* is it
necessary to visit all state action pars. This is simply not feasible in large systems,
therefore is function approximation used to approximate the Q function Q(s,a;6) =~
Q(s,a). By using an artificial neural network (ANN) as function approximation has it
been shown that a Q-function can converge [36]. Additionally, to function approximation
with ANN’s has double Q-learning [50], experience replay, prioritized experience replay
[45] and a range of other methods been developed for reducing convergence time or
improving convergence in value-based RL.

Many of the above mention methods have been applied in various forms in the papers
presented in Chapter 1, this work is also elaborated on in Chapter 4.

As described in Chapter 1 RL in MDPs for HVAC systems has been studied In [11,
39]. In [51], RL is used to control airflow rates for up to five zones, where each zone has
an individual actuator. It is found that it is possible to reduce energy cost, but training
times increased drastically when going from one to four zones. This result supports the
need for an Markov Game formulation, which makes it possible to use Multi Agent RL
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in an HVAC system. RL is from hereon referred to as Single Agent RL (SARL) and
Multi Agent RL (MARL).

3 Multi Agent Reinforcement Learning

The theory and results in the following section are based on excerpts from Paper C - "A
Multi-Agent Reinforcement Learning Approach to Price and Comfort Optimization in
HVAC-Systems" published in the Open Access journal Energies. MARL is like SARL
concerned with solving decision-making problems. However, instead of one agent decid-
ing all actions in a system and receiving one reward, multiple agents decide the actions
and receive individual rewards, or a joint reward based on the state of the system.

This thesis focuses on MARL systems formulated as an MG. The formal definition
of an MG is as follows:

Definition: A Markov Game is defined as a discrete time-stochastic process, a tuple
(N, S, A%.n, Riien, P) where N is the number of agents, S is the state space observed
by all agents, A% is the joint action space of all N agents. R' : S x A x S — R is
the immediate reward received by agent i for transition from (s, A%) to s’ and P is the
transition probability [18]. The definition of an MG can be interpreted as the following;:
at time T every i'th agent i = [1..N] determines an action A’ according to the current
state s. The system changes to state s’ with probability P and each agent receives an
individual reward R? based on the new state s’. The goal for each agent is to maximize
its long-term reward by finding the policy 7*. [18]. The value function update for an
MG is defined as follows:

V:r;i*,ﬂ-—i*(s) = ]E[Z’YtRi(Su(luStJ,_l]) | ai ~ 7Ti(' | st),s0 = s (2.3)
t>0

When going from SARL to MARL an entirely new dimension is added to the prob-
lem. It is therefore necessary to define what type of MG the system is. The type
describes how the agents are formulated and affect each other. A MARL problem can
be formulated in three ways; 1) a Cooperative setting 2) a Competitive setting, and 3)
a Mixed setting [56].

Cooperative, Competitive and Mixed Setting

In general a MARL algorithm in a cooperative setting is formulated with a common
reward function so R!(s,a,s’) = R*(s,az,s') = R"(s,a,, s') and referred to as a Markov
team game. A number of different algorithms exist for solving a Markov team game,
these include team-Q [33] and Distributed-@ [30]. Distributed-Q is a MARL algorithm
framework, which is proven to work for deterministic environments. It has been shown
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that all agents will converge to an optimal policy without sharing data between agents.
This is very compelling, but because this paper works with a general-sum problem, this
will not work.

A MARL algorithm in a competitive setting is formulated as a zero-sum game where
one agent’s win is the other agent’s loss Y, R'(s, a;, s’) = 0. There is for zero-sum games
made a number of algorithms. An example of these is the minimaz-Q [32]. Because an
HVAC cannot be categorized as a zero-sum game, these algorithms of are little interest.

Lastly, the mixed setting, also referred to as a general-sum game, where the system
is categorized by each agent having its own reward function, and therefore its own objec-
tive. In these types of systems, game theory and the Nash equilibrium play an essential
role. In contrast to a cooperative setting where it is possible to assume that the system’s
overall best reward can be found by having all agents maximize their own reward, it is
not possible in a general-sum setting. General-sum games have been designed for static
tasks [17], this is of little interest unless adapted to dynamic tasks. Also, Single-agent
algorithms are used in a mixed setting [20, 34], even though there is no grantee of con-
version if applying SARL in a multi-agent system [18]. Algorithms which are designed
for dynamic tasks, include "Nash-Q" [24], "PD-WoLF'" [10] are of interest. The idea of
a Q-learning algorithm that finds a Nash equilibrium is compelling. Succeeding papers
have however argued that the application of Nash-Q is limited to environments that
have a unique Nash equilibrium [56]. More recent work on fully decentralized MARL
has been proven to converge under an assumption of using linear function approxima-
tors for the value function [57]. Even though this algorithm is distributed, a joint Q
function is incorporated, which makes all agents aware of each other. This is necessary
to prove general convergence, but it also increases complexity as the number of agents
grows and hence makes it less scalable. In more recent work agents are distributed in a
similar manner to our work [13]. The main difference between their architecture and our
framework is that our agents only observe parts of the state space, as well as utilizing
different methods to update the Q-function.

Additional to SARL and MARL has this thesis work with Offline RL. The goal of
working with Offline RL is to use existing building data to build black box models on
which the RL algorithm can train offline.

4 Offline Reinforcement Learning

Offline training of a RL algorithm requires a model of the real environment or data.
When training from data there are multiple issues. The obvious issue is sparse data.
If the high reward areas of the state-action space is not included in the data set, the
value-function derived from the data naturally will not include these areas as well. Less
obvious is how the data distribution and the shift in data distribution effects offline RL.
In supervised learning, which effectually the problem are becoming when doing offline
training directly from data, is the goal to predict some state Sy;; from S under the
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same data distribution. In RL the goal is to change the policy and hence do something
different, presumably better, which easily can change the data distribution [31].

Training offline directly from data with Q-learning can be done by initializing the
algorithm and load the data, consisting of the state action and reward transitions (s,a,r)
into the replay buffer and allow the algorithm to approximate the value function [31].
This type of offline RL has been applied in [27]. In that paper, the task was for a robot
to grap items on a table by using images.

In the work presented in this thesis offline training is done on a model, however not
a pre-built and verified model, but a data-driven model. The argument for doing this
and not loading the data into the Replay buffer is that it will be possible to generate
synthetics experience by applying disturbances that are not represented in the collected
data. This will combat the issue of shifting data distribution. The model is however nat-
urally associated with some uncertainty for this reason all disturbances are not applied
but only disturbances which to a large extent are represented in the collected data.

Black-box Model Generation for HVAC Systems

Model generation overall be split into 3 categories 1) Physics-based methods also referred
to as white-box 2) black-box(data-driven) methods or 3) a combination of the two called
grey-box methods. In grey-box methods is an overall structure defined by physics and
data is then used to fit the parameters of the model [4]. A Physics-based model requires
extensive modeling work, and because the dynamics of two houses are never the same,
this work is more or less required for every building it is installed in, this not feasible.
A grey-box method can be variable, it is however not commission-free, it does require
expert knowledge to identify which type of installation it is used in [7]. Because this
paper strives to develop a model-free approach a data-driven model is developed. Even
though this paper uses a black-box model, it can be argued that a grey-box model will
be more data-efficient and better at generalizing under a sparse data foundation, but
for the reason stated above a grey-box model is not used.

There are several different methods to build data-driven models for HVAC systems.
the work presented in this thesis uses ANN as function approximators, these have before
has been deployed in black-box models for HVAC systems with success [6, 29]. Due to the
slow and delayed responses, a radiant heating system is associated with it is beneficial to
apply a recurrent neural network(RNN). An RNN is a broad term for neural networks
that can identify patterns in a sequence of data [55], in an HVAC context is this time-
sequence data. An Long Short Term Memory (LSTM) layer is a type of RNN that can
identify patterns over shorter or longer periods of time depending on the problem [23].
LSTM networks have also been used in a black-box model context to predict load profiles
of electricity consumption [47], one can argue that some of the same dynamic properties
at least when talking about user behavior are present in electricity consumption as in
HVAC systems.



Chapter 3

RL-Based Control of
HVAC-systems

This chapter addresses the fundamental problems in control of HVAC systems, and
the problems associated with developing control algorithms for these types of systems.
This chapter will also present the simulation environments used for papers A-D and the
experimental setup used in Paper E.

1 Problem Description

This problem description is an extension of the research questions presented in Chapter

1. The purpose is to outline the problems associated with each research question, and

to present the background work that has made it possible to answer these questions.
The problem description can be summed up to the following question:

Can an RL-based control algorithm for UFH systems be developed with the same safe/robust
behavior as a traditional event based controller without compromising the RL-based con-
troller’s ability to find the optimal control policy?

For the reader to gain an insight into the specific problems associated with control

of UFH systems or building temperature, in general, the following section describes the
thermodynamic properties of buildings and how these affect the control performance.

19
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2 HVAC and Building Dynamics

To elaborate on the problems associated with control of HVAC systems an illustration
of an HVAC system for a two zone house is made, see Figure 3.1

11

Tsupply
Heat
pump Treturn

Fig. 3.1: An illustration of a two zone HVAC system, with a air-to-water heat pump. 77 and T refer
to the temperature in zone 1 and 2, and Ty ppiy and Treturn refer to the supply temperature from the
heat pump and the return temperature from the temperature zones.

For the purpose of explaining the dynamics of a system like the one in Figure 3.1 is
the system divided into the HVAC-system dynamic and the building dynamics.
2.1 HVAC dynamics

The HVAC system in Figure 3.1 consists of a heat pump, two on/off valves, and x meters
of pipe. The control actions for a system like this are;

e Opening or closing valve 1.
e Opening or closing valve 2.
e Adjusting the supply temperature.

The on/off valves in UFH systems are typically thermostatic actuated wax valves.
The opening and closing cycle are for these valves a linear motion over 100s, meaning
that it takes 100s from the control action is performed to the valve is 100% open or
closed. This slow response of cause needs to be represented in the model. Furthermore,
there are large transport delays associated with moving the water from the heat pump
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through the floor and back. Typically, is it recommended to use no more than 100
meters of pip pr. zone. if assuming that each zone has 100 meters of 17mm pipe, and
the pump supplying water to the system at constant pressure where the flow is 150
L/hour, then the transport delay through the system is 720 s. This is not a problem if
the supply temperature is constant. However, this also means that when changing the
supply temperature, then it will take 12 minutes for the water with the new temperature
to get all the way back to the heat pump when the valve is open. Adjusting the supply
temperature is naturally also associated with some kind of dynamic when it is assumed
that this is linear, and the response time is 60 s.

The dynamics of the heat pump are also relevant for this control problem because
part of the control objectives is to reduce the price of heating. As described in Paper
C [14] "The price of heating with a heat pump can be simulated by knowing the cost of
electricity, the dynamics of a heat pump, and the power consumption of the system. The
cost of electricity is assumed to fluctuate during the day. The average danish price of
electricity during the day can be seen in Figure 3.2a [1] . The dynamics of a heat pump
can be described with the coefficient of performance (COP) which is a function of the
ambient temperature and the supply temperature. The COP as a function of the ambient
temperature can be seen in Figure 3.2b [26]. Additionally it is necessary to describe the
part load factor (PLF). The PLF indicates how efficient the heat pump is dependent on
the duty cycle, this can be seen in Figure 3.2¢ [41]."
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Fig. 3.2: Paper C [14] "Dynamics of a heat pump: Figure a) shows the average electricity prices
including taxes in Denmark as a function of the time of day(tod). Figure b) Shows the COP as a
function of the ambient temperature, for four different supply temperatures. Figure ¢) show the PLF
as a function of the duty cycle(D)".

As stated, one of the objectives of the RL algorithm is to optimize the cost of heating.
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For this reason, is it necessary to know how much energy the system consumes. In this
thesis the flow is used to calculate the energy consumption, see Eq. (3.1)

AE = (Tsupply - Treturn) . prater . Qflow - AT (31)

AFE
cost = COPToms: Towma) - PLF(D) -CE(tod) (3.2)
With the dynamics of the COP and a method to calculate the energy consumption,
the price of heating using a heat pump can be calculated see Eq. (3.2).
The most important dynamics of the HVAC system is described above. Other factors
such as wear and tear, clogging, etc. are not included in this thesis or the paper that
support this thesis. Following this is the description of the building dynamic.

2.2 Building Dynamics

Building dynamics mostly concerns the transfer of thermal energy. With the above-
described HVAC system energy can be supplied to the rooms by opening the valve to
the specific zone and allowing hot water to run through the pipes in the floor. Heat
energy will then flow into the floor and then into the room. This is naturally associated
with some delay and slow dynamic response. This delay and response is deponent on
how the pips are integrated into the floor. It is common to put the pipes into the concrete
floor when casting the floor. This is referred to as type A in Figure 3.3. Alternatively,
the pipes can be put on top of the floor foundation, these types are types of UFH systems
are referred Type B or Ultra Fast UFH.

Cross Section

Type A Type B

Top View

C

Fig. 3.3: Illustration of floor types, type A refers to pipes casted into the concrete flooring, type B
refers to fast UFH, with minimal concrete on top of the piping.
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The time constant for a UFH system can, depend on the type of floor, be between 30
minutes and 3 hours [28] hence the reason for using adaptive control for these systems.

The dynamic of the control system is now described, however, the dynamics of the
disturbances for a building are equally important. There are six important factors when
considering the disturbances in building dynamics:

o Radiation

e The ambient temperature
o Rain

e Wind

e Seasonal change

o User behavior

How a building environment will be affected by these factors naturally depend on
how and with which materials the building is constructed, and how it is used.

3 Environments

The purpose of this section is to describe under which conditions the results of the
papers presented in Chapter 4 are gathered.

This thesis uses 3 environments, two simulation environments, and one real-world
environment. The first simulation is a simulink environment, this environment is used
in Paper A. The simulink is not elaborated further on. In Paper B-D is a dymola
environment used and in Paper E is the real-world environment used.

3.1 Dymola Simulation Environment

The theory and results in the following section are based on excerpts from Paper C -
"A Multi-Agent Reinforcement Learning Approach to Price and Comfort Optimization
in HVAC-Systems" published in the Open Access journal Energies.

Dymola is a Modelica-based multi-physics simulation software and, as such suitable
for simulating complex systems and processes. Several libraries have been developed
for Dymola. For the simulations in this work, the standard Modelica library and the
Modelica Buildings library are used.

The simulation can be split into two parts: 1) the hydraulic part and 2) the ther-
modynamic part. The hydraulic part of the simulation can be described by a mixing
loop, a pump, one valve per temperature zone, and some length of pipe per temperature
zone.
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The thermodynamic side of the simulation is constructed using the base element
"ReducedOrder.RC. TwoElements" [52]. This element includes heat transfer from exte-
rior walls, windows, and interior walls to the room. It furthermore includes radiation
from the outside temperature and radiation from the sun. This means that wind and
rain do not affect the simulation, as they are assessed to be smaller disturbances. These
disturbances are not always negligible, but for the purpose of this work it is assumed to
be. The simulation results will still indicate the saving potential that can be expected
in real-life installation. The element is made in accordance with "VDI 6007 Part 1"
which is the European standard for calculating transient thermal response of rooms and
buildings [52].

The length of pipe used in each zone and parameters for the windows, walls, zone
area, and volume are shown in Table 3.1.

Table 3.1: [14]"Parameters used for each temperature zone. A and B refer to if it is the one-zone
simulation or the four-zone simulation."

Parameter ZonelA ZonelB Zone2B Zone3B Zone4B
Length of pipe | 105m 56m 105m 42m 70m
Window area 20m? 12m? 25m? 12m? 24m?
Wall area 39m? 36m?2 40m? 12m? 30m?2
Zone area 30m? 16m? 30m? 12m? 20m?
Zone volume 80m3 48m3 90m3 36m3> 60m3>

To simulate how the room receives heat from the floor, a floor element has been
constructed. The floor element incorporates the pipe length, pipe diameter, floor thick-
ness, floor area, and construction material. These parameters enable the floor element
to simulate how the heat from the water running in the pipes will transfer through
the concrete and into the room. The heat in the room is assumed to be uniformly
distributed. This means that the temperature at the floor, at walls, and at the sealing
of the room is the same. Modelling the temperature distribution uniformly is also in
accordance with "VDI 6007part1".

3.2 Evaluation of Simulation

It is not possible to validate the simulation environment with data from a real-world
system. We can, however, evaluate step responses to evaluate the dynamic convection
of heat from the water in the pipes to the air in the room. Additionally, we can evaluate
the amount of power the rooms require and compare it to a real-world house. Lastly,
the daily and seasonal power consumption can be evaluated.

To evaluate the simulation environment, a run of the simulation with hysteresis
control on the valves and an outdoor compensated supply temperature is executed.
Note, that hysteresis control is the control method traditionally used in UFH system.
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For the validation, a simulation with one temperature zone system is used. However,

a similar simulation has been made for a four-temperature zone system with similar
results.

All simulations are made with a hysteresis control with reference point 22°C and

a dead band of £ 0.1°C. The outside compensated supply temperature is following a
linear model, see Eq. (3.3).

Tsupply = —0.6 - Tambient + 42 (33)

Firstly, the room temperature of an entire heat season is plotted in Figure 3.4.
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Fig. 3.4: [14]'Simulation results of one heating season, with a traditional controller and outside
compensated supply temperature."

From Figure 3.4 it can be seen that a heating season is approximately 280 days.
The heating season is in this work defined as the period of the year where the building
needs energy to sustain a zone temperature of 22 °C. The simulation starts March 1st,
and the period from June 1st to September 1st has been removed from the weather
file as no heat is needed in this period. The seasonal effect can be seen in the figure,
where occasional overshoots happen in the period from day 70 to day 140. Hence, in the
Fall/Spring period, where heat is needed during the night and morning but not during
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the daytime, overshoots happen. The temperature is otherwise oscillating between 21.7
°C and 22.2 °C.

To investigate the response more closely the room temperature and the associated
valve position are plotted over a period of two hours and 30 minutes, see Figure 3.5.
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Fig. 3.5: [14]"Room temperature and associated valve position over a period of 8640s (0.1 days). By
investigating the graph the dynamic response can be analyzed."

Figure 3.5 shows that when a valve is opened 1700s (0.02 days) will pass before the
temperature gradient in the room becomes positive. Additionally, it can be seen that
when the valve is closed the temperature will continue to rise an additional 0.1°C and
about another 1700s will pass before the gradient becomes negative. This behavior is
due to the slow dynamic properties that are expected of a UFH system, and therefore it
also validates that this simulation resembles the typical dynamics of a UFH system [28].

lastly to verify the simulation environment the power consumption is reviewed. The
temperature zone is 30 m? and consumes 3561 kWh over a heating season at a reference
temperature of 22 °C, meaning an average of 118 kWh per m?. An average Danish
house uses 115 to 130 kWh per m? [2],which shows that the simulation is within what
is considered average in a Danish climate.
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3.3 Real-world Test Environment

The real world test environment is located at Marinus Svendsensvej 2, 8850 Bjerringbro,
Denmark. Here we have set up 3 heating zones that are, from a thermal point of view,
independent. However, they are all supplied by the same heating source, so from a
hydraulic point of view they are connected.

In Figure 3.6 a) the real-world environment can be seen during the winter season.
In the picture the 4 buildings this environment consists of can be seen. Tree heating
zones and one laboratory. This can also clearly be seen from the layout sketch in Figure
3.6 b. Unfortunately due to installation complications have Zone 3 not been included
in the experiments.

a) picture of the real-world environment during winterseason

b) Sketc of the layout
Zone 2 Zone 3 LAB Zone 1

* 9m2 9 16m2
North

Fig. 3.6: In Figure a) can a picture of the test environment during winter be seen. 4 small buildings
can be seen in the picture. In Figure b) can the layout of the buildings be seen and how they are
hydraulic connected."

In Figure 3.7 a sketch of the hydraulic installation be seen.
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Fig. 3.7: Illustration of the hydraulic setup in the test environment. the arrows indicate the flow
direction, red is the hot supply water green is the mixed water and blue is the cooled return water. the
position of the sensors can also be seen in the illustration.

From the figure can it be seen where the temperature and flow sensors installed in
the system.

Data collection and hardware

The real world test environment consist of tree data collection devises, one low level
control device, one cloud controller and a local server. An illustration of this data
collection setup can be seen in Figure 3.8.
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Fig. 3.8: Illustration of the hardware setup for the conducted real-world experiment.

The two of the tree data collection devices is configured alike and are placed in each
temperature zone. The sensor input collected by these devices can be seen below:

Room Temperature
Supply Temperature
Return Temperature
Floor Temperature

Lumen Sensor

The third data collection device is located in the lab. This device collects the fol-
lowing sensor inputs:

Flow
Supply Temperature
Return Temperature

Ambient Temperature

The server device is a Raspberry Pi 4b. This device creates a local Wi-Fi signal
that the data collection devises connects to and sends their sensor signals to the server.
The server has Grafana installed and is connected to the internet, making the data easy
accessible through Grafana or an API. The code for the data collection devices, the
server, and the API can be found in (GIT).
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The low-level control device is also a Raspberry Pi 4b. This controller can perform
the control actions the controller located in the Grundfos Cloud calculates. The low
level controller can perform the following control actions:

e Control of Supply Temperature
o Open/close Valve 1
o Open/close Valve 2
o Open/close Valve 3

For the supply, temperature is a PI controller designed with sensible PI parameters.
The supply temperature and the position of the valves are calculated in the Grund-
fos cloud and transmitted to the low level controller over an API. Both the low level
controller and the cloud controller have access to the sensor data over the Grafana API.

In this chapter the fundamental problems associated with the control of HVAC
systems are analysed. Additional has the two environments this thesis is based on been
presented. The following chapter will present the solution to the research questions
presented in Chapter 1.



Chapter 4

Solution

This chapter presents the results of the five papers that support this thesis. These
results answer the five research questions formulated in Chapter 1. This chapter is
structured with five sections, one for each paper. Each section includes an opening, an
extended abstract, and closing remarks. This chapter includes excerpts from the papers
supporting this thesis, making Part I of the thesis self-contained and readable without
having to read the supporting papers.

1 How does model-free Reinforcement Learning per-
form in an Underfloor Heating System?

In this section the results of Paper A "Control of HVAC-systems with Slow Thermody-
namic Using Reinforcement Learning" are presented. This paper is was presented at the
29th International Conference on Flexible Automation and Intelligent Manufacturing
and is published in Procedia Manufacturing. This section contains excerpts from the
above mentioned paper.

The paper answers the first of the four research questions. It is found that eligibility
traces are performing well in UFH systems. However, this paper also serves as a back-
ground study where issues/problems in RL-based control for HVAC are found. Based
on this study is research questions 2-4 formulated.

1.1 Extended Abstract

This study is conducted in the "Simulink simulation environment". This environment
is as described in Chapter 3 Section 1 a simplified environment, however for an initial
study of how RL performs in Underfloor Heating and which methods are performing

31
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best is this environment sufficient.

In Chapter 2 is it argued that HVAC systems and especially underfloor heating
is associated with slow and delayed responses. For this reason, is Q learning and Q
learning with eligibility traces examined. Eligibility traces increase the agent’s ability
to correlate rewards received with proviso actions given and not only the action given
at t-1. This is also elaborated in Section 2.

The objective of the RL algorithm is to keep the room temperature as close to 22C°
as possible. The objective function for the algorithm can be seen in (4.1).

n
R= Z 1- (TTef - ,T'room,n)2 (41)
1
This objective is simple when compared to the algorithms in Paper B-E, however,
because the purpose of this paper is an examination of RL in HVAC is can it be used.
The architecture of the RL algorithm can be seen in Figure 4.1.
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Fig. 4.1: [16]Illustration of the neural network, with input states; Room temperature, orientation to
reference temperature, differential of room temperature, valve position, and mixing temperature. And
output Q values and the Softmax action selector. The possible actions are; increase Ty,;;, decrease
Tmiz, open valvey, close valven,.

From Figure 4.1 it can be seen that a deep neural network is used. The activation
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function used in the neurons are "ReLu", different types of activation functions have been
tried. From the empirical test was it found that "Relu" performed best. The exploration
mechanism used is a softmax function. This exploration mechanism is elaborated in
Section 2. However, the softmax is only used in Paper A, in Paper B-E is epsilon greedy
exploration used. The algorithms tested in this paper have 2 hidden layers with 64
hidden neurons in each layer.

The results of Paper A include simulations of a 1 temperature zone system a 2-
temperature zone system and a 4-temperature zone system. However, the conclusion
can be derived from the simulations in the 1 and 2 temperature systems therefore only
these results are presented here.

The Simulink environment is only affected by the ambient temperature, hence the
reason for calling it simplified. Furthermore, is the ambient temperature constant the
first 1-107S(115 days), then weekly oscillations of +3C° are applied and at 1.5-107S(173
days) daily oscillations of £3C° are applied. The reasoning behind doing this was, that
it would make it easier for the agent to converge first to an environment where there are
no disturbances and then to a little disturbance and finally to more disturbance. This
can be seen from Figure 4.2.

In the simulation with 1 temperature zone, Q-learning, and Q-learning with eligibility
traces tested and compared, 4 simulations are made, 2 with Q-learning and 2 with Q-
learning and eligibility traces. The simulation time is 2 - 107S =~ 230 days. The results
of simulations 1 and 3 can be seen in Figure 4.3.
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Fig. 4.2: [16]Results of one temperature zone simulink simulation, were RL control is applied.

In addition to the plots showed in Figure 4.2 are the standard deviation and mean
of the 4-simulation displayed in Table 4.1.
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Table 4.1: [16]Results of the one temperature zone simulink simulations. Two simulations with
random seed with and with out eligibility traces are presented.

Test Model Type Troom1lZ, 0] Timiz|T]

1 QN [21.52,0.54] [40.47]
2 QN [22.44,0.54]  [38.74]
3 QN+ET [22.04,0.11]  [36,61]
4 QN+ET [22.09,0.47]  [42.73]

From Figure 4.2 and Table 4.1 can it be seen that the Q-network with eligibility
traces are performing better, the mean is closer to 22C° in both test 3 and test 4,
additional is the oscillations smaller.

In the simulation with two temperature zones the same tests are made. The simu-

lation time is 2 - 10”S ~ 920 days. The results of simulation 1 and simulation 3 can be
seen in Figure 4.3.
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Fig. 4.3: [16]Results of two temperature zone simulink simulation, were RL control is applied.

To estimate how well each of the 4 simulations is performing the standard deviation

and the average room temperature for each zone have been calculated, this can be seen
in table 4.2.

Table 4.2: [16]Results of the two temperature zone simulink simulations. Two simulations with
random seed with and with out eligibility traces are presented.

Test Model Type Troom1lZ, 0]  Troom2|Z, 0]  Tiiz|T]

1 QN [20.12,2.11] [21.8,1.67]  [40.47]
2 QN [22.38,0.62]  [22.35,0.63] [38.74]
3 QN+ET [21.91,0.34]  [21.87,0.36]  [36,61]
4 QN+ET [22.03,0.58] [22.19,0.55]  [42.73]
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From Figure 4.3 and Table 4.2 can it be seen that test 3 and 4 with eligibility traces
are performing better then test 1 and test 2 in both the mean value and standard
deviation.

From Figure 4.3 it can also be seen that a significant drop in performance around
6.5-107S this is to be expected because the algorithm is not limited and can therefore
explore every part of the action/state space. This observation gives merit to research
question number 2 regarding robustness.

When comparing Figure 4.2 and Figure 4.3 it can be seen that the converge time is
much higher for the 2-zone system, this is also expected because the action state space
is much larger for a 2 zone system. This gives merit to research question number 2
regarding Multi Agent RL.

1.2 Closing Remarks

As described in the introduction to this paper is this study an initial study to inves-
tigate how RL performs in HVAC and to investigate which issues/problems are worth
investigating. It is from this study research question 2,3 and 4 has been formulated. So
even dog the results are not as strong when compared to paper B-E and the simulation
environment is to simple to make any conclusions as to how a RL controller will perform
in a real-world scenario, this study has been vital for the results of Paper B-E.

2 How can a framework for robustness in Reinforce-
ment Learning for HVAC systems be designed?

In this section is the results of Paper B Control of HVAC-Systems Using Reinforcement
Learning With Hysteresis and Tolerance Control presented. This paper was presented
at the 2020 IEEFE International Symposium on System Integration and published in
IEEE Xplore. This section contains excerpts from the above mentioned paper.

The paper answers the second of the five research questions. This paper focuses
on how to construct a robust RL framework for controlling the valve position. This
means that the mixing temperature in this paper is a traditional outdoor compensated
controller. A robust framework for the mixing temperature have also been developed.
This framework is not presented in Paper B, but is presented at the ending of this section
and uses the same basic principle. This paper uses the Dymola simulation environment
presented in Section 3.1.

2.1 Extended Abstract

In this paper the idea is that the RL controller can operate within some defined limits,
and when the RL controller moves outside these limit’s another controller in this case
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a tolerance controller overwrites the RL controller. An illustration of this can be seen
in Figure 4.4.

Tolerance Control

RL control

TC control

Upper limit
Set point \ m / \ i

Lower limit

Fig. 4.4: [15]"Illustration of how the T'C works as hard constraint in the AI control of a UFH system."

This control structure works well for UFH systems or similar systems where a default
controller is available. However, this is naturally not always the case, therefore this
principle can only be used in cases where a default controller is available.

How this framework is incorporated in the objective function affect performance
significantly. Paper B explored how to incorporate soft constraints in the objective
function so that the RL agent is aware when the default controller takes over.

For this purpose, 5 simulations are presented in Paper B;

o Simulation A: With the RL controller, but without the RL/TC framework
o Simulation B1: With the RL/TC framework, but no soft constraint.

o Simulation B2: With the RL/TC framework, and a constant value as a soft con-
straint.

o Simulation B3: With the RL/TC framework, and a linear soft constraint.
o Simulation C: The default controller(TC)
Simulation A and B1 uses Eq.(4.2) as reward function.

2 — (T, — Tres)- if21.6 < T, < 22

. , (4.2)
—(T, — Tpey) if 21.6 > T, or T, > 22

R(TZ7 v, Hc) = {
Form (4.2) can it be seen that no soft constraints are incorporated. Therefore, the

agent is not aware, or at least, there is no information in the reward function indicating
that the TC part of the RL/TC framework has taken over.
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Simulation B2, B3 and B4 with the RL/TC framework is Eq. (4.3) and Eq. (4.4)
used. Simulation B2 uses the soft constraint formulated in (4.5). Simulation B3 uses
the soft constraint formulated in (4.6).

2 — (T, — Tres)-  if21.6 <T, <22

R(T.,V, H,) = { —(T. — Trey) if 216> 7T, or T, > 22 ,
—H, if SC' = active
not active if 21 < T, > 23
SC(T.,V) = [ active ifT,<2land VP =0 ,
active ifT, <23and VP =1
H.(SC)= 5 if SC = active

1+ He if SC = active
5 if SC = not active

H. (SC) = {

(4.3)

(4.6)

In Simulation B2 is Eq. (4.5) used. From this can it be seen that the soft constraint
is just a negative constant added if the agent violates the limits set in the RL/TC
framework. In Simulation B3 is Eq. (4.6) used, this soft constraint is linear increasing
as the agent continuously violates the limits set in the framework.

The Results of Simulation A and Simulation B can be seen in Figure 4.5.

Fig. 4.5:
constraints.
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[15]RL control without TC vs RL control with robustness framework, but without soft

From Figure 4.5 can it be seen that simulation A without the RL/TC framework

converge faster, but is performing considerably worse than Simulation B where the
RL/TC framework is included.
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In Figure 4.6 can the results of Simulation B1 and Simulation B2 be seen in com-
parison.
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Fig. 4.6: [15]RL control with robustness framework with and with out soft constraints. Reward 1
referees to no soft constraint and Reward 2 referees to constant soft constraint.

From the results in Figure 4.6 can it be seen that the agent with soft constraint shown
in Eq. (4.5) ("Reward 2") is perform significantly better when comparing convergence
time. Simulation Bl converges after 280 days, and Simulation B2 converges after 110
days.

In Figure 4.7 can the results of Simulation B2 and Simulation B3 be seen in com-
parison.
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Fig. 4.7: [15] RL control with the robustness framework, with constant soft constraint vs linear

increasing soft constraint.

In Figure 4.7 can it be seen that the linear increasing soft constraint is performing



3. How can Multi Agent Reinforcement Learning be used to reduce convergence time for RL
HVAC control? 39

better than the constant soft constraint. Simulation B3 converges after 60 days, whereas
Simulation B2 converged after 110 days.

This concludes the results of Paper B. From the results can it be seen that the frame-
work with linear increasing soft constraints is performing well. The same framework has
been implemented with the same success for the supply temperature. Where the default
controller is an outdoor compensated supply temperature.

2.2 Closing Remarks

This paper is a simple but robust solution for safe RL implemented. The main con-
tribution is that by manipulating the soft constraint a considerable improvement to
the performance can be observed. Additionally is it also in this paper the Dymola
environment developed. This environment is used in the following papers.

3 How can Multi Agent Reinforcement Learning be
used to reduce convergence time for RL HVAC
control?

This section presents the results of Paper C A Multi-Agent Reinforcement Learning
Approach to Price and Comfort Optimization in HVAC-Systems. This work is published
in the Open Access journal Energies. This section contains excerpts from the above
mentioned paper.

The results of this paper answers research question 3 and shows how MARL can
reduce the convergence time significantly when compared to SARL. This paper is also
the first paper in this thesis where the saving potential of RL in HVAC systems is
investigated.

3.1 Extended Abstract

This paper uses a modified version of Q learning with eligibility traces as presented
in Paper A. Additionally the Safety constraints developed in Paper B have also been
implemented in this article.

The framework developed in this article is illustrated in Figure 4.8.
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_—

Fig. 4.8: [14]" Illustration of how the agents interact with each other and the environment. In the
figure, four valve agents, one mixing agent, and a four-zone Underfloor Heating System can be seen.
The sequence of interactions is as follows; all valve agents choose an action based on the state of the
environment. These actions are passed to the mixing agent, the mixing agent chooses an action based
on the state of the environment and the actions of the valve agents. All actions are passed to the
environment and the environment returns states and rewards for the agents"

From Figure 4.8 it can be seen that the architecture of the agents are arranged such
that the valve agents’ action is chosen independent of each other and independent of the
supply temperature. All valve agents report the chosen actions to the mixing agent, that
based on these actions chose a mixing temperature for the system. This architecture
reduces the complexity of the State/Action space significantly.

The mathematical formulation of the Q-functions for the architecture shown in Fig-
ure 4.8 can be seen in Eq. (4.7) and Eq. (4.8).

t t ..
Qf—‘rl(sshas 7041}1 m) = ]Es,a,'r',s'

((a™ ' b ot st (4.7)
|:(1 - Q)Qz((as ’avL.M) +C¥[7‘Z +ﬁn(;1?;XQ‘Z (S s ’as 7al'ul..'m,)}:|

(' a™ e ) =

) ) ) / i 4.8
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From Eq. (4.7) and Eq. (4.8) it can be seen that both actions and states are split-up
into local states and actions and only relevant data is shared between agents. The input
states for the valve agent and supply agent can be seen below.

e Valve agent input:

— Room Temp ¢ € {1,---,n}, [°C];
— A Room Temp ¢ € {1,---,n}, [°C];
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— Hard constraint Valve ¢ € {1,--- ,n};
— Supply temperature, [°C];

— Ambient temperature, [°CJ;

— Sun, [w/m?];

— Time of day, [hour and minutes].
e Supply agent input:

— Room Tempi € {1,---,n}, [°C];
— A Room Tempi € {1,---,n

-~
k!

— Hard constraint Supply;
— Ambient Temperature, [°C];
- Sun, [W/mZ]v

— Time of day, [hour and minutes];

Price, [Euro].

From above it can be seen that each valve agent only receives states regarding the
given zone that is being controlled. The supply agent receives information regarding
each zone including the valve position and the price of heating.

The reward function for the valve agents can be seen in Eq. (4.9), with the two
sub-functions in Eq. (4.10) and Eq. (4.11).

2— (T, — Tres)-  if21.6 <T, <22

R(T.,V,H.) = § —(T>. — Trey) if21.6 >T,or T, >22 , (4.9)
—H, if SC = active
not active if 21 < T, > 23
SC(T.,V) = [ active ifT,<2land VP =0 , (4.10)
active ifT, <23and VP =1

1+ He if SC = active

) ] (4.11)
5 if SC = not active

H. (5C) = {
The abbreviations in the equations above are the following: R = Reward SC = Safety
controller, T, = Zone temperature, VP = Valve position, and H. = Hard constraint.
The two sub-functions (4.10) and (4.11) are parts of the safety control and ensure a
robust behavior. This is what is presented in Paper B.
Similar to the reward function for the valve agents the reward function for the supply
agent can be seen in Eq. (4.12) with similar sub-functions Eq. (4.13) and Eq. (4.14).
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2 (T, —Thos) — P if21.6<T, <22and VP =1
R(T,,V, H,) = ( ) Herbs gy < s2an (4.12)
—(T, —Tyey) — P if21.6 >T, or T, > 22
t acti if 7., > 20.5
SCO(T,, V) = 4 "ov acve e, > (4.13)
active if T,, < 20.5 and VP =1
1+ H, if = acti
H.(SC) = + He 1 SC = active . (4.14)
5 if SC = not active

The abbreviations in the equations above are the following: R = Reward SC =
Safety controller, T, = Zone temperature, VP = Valve position, H. = Hard constraint
and P=price.

From Equation (4.12), it is seen that the reward is much like the reward from the
valve agent, with the difference that the +2 reward requires that the valve is open.
When heating with a heat pump, it is optimal to have as much water circulation as
possible. by Adding that the reward is highest when the valve is open enforces this
behavior. The price is a scalar between 0 and 1, and the lower the price of heating, the
better.

Like in the valve reward function, a safety controller is put on top of the RL algo-
rithm. Simulation results show that it has some of the same effects as in the case of the
valve agent reward. The safety controller is the outside compensate supply temperature
used in the simulations in Section 3.2. The safety controller is activated whenever the
temperature in a given zone is 1.5 °C lower than the reference temperature, and the
associated valve is open.

Results

To verify that the above-described formulation of the learning problem reduces the
training time/convergence rate is an experimental plan established. Five simulations
are presented in this paper. Two of the simulations are made in a one-zone UFH system
and three are made in a four zone UFH system. The five simulations and the purpose
of each simulation are outlined Below:

e Simulation 1: MARL algorithm in one zone UFH system. This simulation will
verify that the algorithm converges.

e Simulation 2: SARL algorithm in one zone UFH system. This simulation serves
as a benchmark for the MARL algorithm.

e Simulation 5: Traditional control policy in one zone UFH system.



3. How can Multi Agent Reinforcement Learning be used to reduce convergence time for RL
HVAC control? 43

e Simulation 3: MARL algorithm in four-zone UFH system. This simulation will
verify that it is possible to converge fast by reformulating the problem to a Markov
Game.

e Simulation 4: SARL algorithm in four-zone UFH system. This simulation is
a benchmark for simulation 3 and will show that MARL converges faster than
SARL.

e Simulation 5: Traditional control policy in four-zone UFH system. This simulation
will show the cost and comfort of a traditional control policy.

Figure 4.9 shows the results of Simulation 1 Simulation 2, and Simulation 3. From
Figure 4.9 can it be seen that the MARL and SARL algorithms converge in approxi-
mately the same time, about 180 days. It can be seen from the figure that the reward
signal oscillates after convergence, this is due to the seasonal changes in the price of
heating, and how the reward function is formulated.
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Fig. 4.9: [14]"Reward signal of the one-zone UFH system. Simulation time is 1000 days."

That the SARL and MARL algorithms converge at approximately the same time is in
accordance with the assumption that the convergence time should correlate with the size
of the action state space. Since the distribution of agents in a one-zone system almost
results in the same action state space as if it was one agent, the convergence time is
more or less the same. The performance of the RL algorithms, compared to a traditional
controller, is better after 40 days of training. However, a drop in performance is seen
after 80 days. This drop is due to a change of seasons and therefore load conditions
that are unknown to the RL. After 120 days, the RL algorithms are shown to perform
better than the traditional controller. There are a few days during a heating season
where the MARL and SARL controllers are not performing better than the traditional
controller. This can be found around day 220 and 240. These days are exceptionally



44 Chapter 4. Solution

cold and therefore the system is in saturation and therefore the RL-controller cannot
improve the performance. From Figure 4.9 can it also be seen that both RL algorithms
converge to a higher reward than the traditional control policy.

In Figure 4.10 is the results of Simulation 4, Simulation 5 and Simulation 6 presented.
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Fig. 4.10: [14]"Reward signal of the four-zone UFH system in, simulation time is 1000 days."

From the figure above can it be observed that the MARL agents converge after 180
days but are performing well after 40 days. The SARL agent converges to approxi-
mately the same as the MARL but after 600 days. This difference in convergence speed
confirms the assumption on the relation between convergence speed and the size of the
action space. Whereas SARL and MARL both works for a one-zone UFH system, the
advantages with MARL are clear in the four-zone simulation. MARL results in faster
convergence and marginal better convergence over 1000 day period.

Additional to the reward it is interesting to compare the RL performance to the
traditional controller in terms of cost and comfort. For this comparison, MARL is
compared to the traditional control policy.

To estimate the comfort is box plots of the temperature distribution of each of the
4 temperature zones made. These can be seen in Figure 4.11.
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Fig. 4.11: [14]"Boxplots of temperature distribution in zone 1, zone 2,zone 3 and zone 4 in the
four-zone UFH system for the MARL simulation and the simulation with a traditional control policy."

From the plots above, it can be deduced that the variation is about 40% less with
MARL compared to a traditional controller. Note, outliers have been removed from the
data before being used for the box plots. Smaller variations in the temperature give
both better comfort and reduced price. Hence the MARL agents behave like this.

The cost of heating with the MARL algorithm, the traditional controller and the
savings as a function of time can be seen in Figure 4.12. The cost is calculated based

on the price of electricity, coefficient of performance (COP) and the partial load factor
(PLF).
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Fig. 4.12: [14]"Price of heating per week for MARL and traditional control for a four-zone UFH
system over 1000 days period."

From this plot, it can be concluded that the savings vary over the season, but
the MARL controller is performing better than the traditional controller at any point
in time. The average savings are 19% when using MARL compared to a traditional
controller. During the first 20 weeks can it be seen that the savings oscillate more than
the remaining 120 weeks, the reason for this is naturally that the control policy of the
MARL agent has not yet converged.

3.2 Closing Remarks

This paper is the first paper in this series where the savings potential of RL-based control
for heat pump UFH based systems are presented. Additionally, have the convergence
time been reduced significantly. These factors combined bring a control concept like
this much closer to commercially viable.

4 How can Offline Reinforcement Learning be a data
efficient method for HVAC control?

This section presents the results of Paper D Data-Driven Offline Reinforcement Learning
for HVAC-Systems. This work has been submitted to the journal Energy and is currently
under second round of review. In this paper the methods developed in Paper A, Paper
B, and Paper C are used.
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The results of this paper contribute to the field of RL for HVAC by presenting a
framework for offline RL. This framework makes it possible to train the RL agents offline
and deploy them into the real-world environment once it is certain that the performance
is robust. The RL agents are also training online when deployed into the real-world
system. This online training is categorized as online fine-tuning, which enables the
algorithm to compensate for changes in the environment and include dynamics that
were not a part of the offline training.

4.1 Extended Abstract

As mentioned, the idea is to train the agents offline before deploying them into the
real-world environment. This means that an offline environment is required. This can
be white-box simulation, grey-box simulation, or black-box simulation. Because this
study strives to build commission-free algorithms has the work focused on a black-box
simulation. A black-box simulation is a purely data-driven simulation, meaning that it
is not required to set up the differential equations associated with the dynamics of a
building. However, a black box model require data from the specific environment. This
paper is therefore working under two scenarios:

e Scenario A: A new installation where there is no prior data from the environment.
A Traditional control policy will run for a period to gather data.

e Scenario B: A recommission of an existing installation where prior operating data
is available.

In Figure 4.13 scenario A can be seen. Scenario B can be derived from Figure 4.13 by
removing step 1 where the "traditional controller" is interacting with the environment.
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Fig. 4.13: Illustration of scenario A: The traditional controller interacts with the environment T time
steps after each time step the action and state transition is saved in the data buffer. The data set is
passed to the SRM ones trained, the SRM is used as an artificial environment for the RL agent to train
until convergence. The trained agent is then deployed in the real environment, the agent can still do
limited exploration for fine-tuning. Steps 2, 3, and 4 will be repeated until the SRM converges.

In Figure 4.13 Step 2 the black box model can be seen. This model is a Long Short
Term Memory (LSTM) network which is a type of Recurrent Neural network (RNN)
that enables events to be correlated over multiple time steps. The reason for this type of
network is naturally that UFH systems are associated with slow and delayed responses.
In Chapter 2 Section 4 the theory for LSTM networks is described. To verify that an
LSTM network is suitable for this task a Multilayer Perceptron (MLP) network is also
tested in Paper D. A MLP network is as explained in the background chapter a more
traditional network for regression tasks. However, an MLP network does not have any
ability to correlate events over multiple time steps.

The length of an episode in the RL framework is 30-time steps or 5 hours. Hence
for the model to be useful it is required to predict the room temperature 30-time steps
into the future. Because this is a control task, is it necessary for the model to predict
every time step in between the current time and 30-time steps into the future dependent
on which control actions are performed. In Figure 4.14 an illustration of such a model
structure is showed.
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Fig. 4.14: Illustration of model architecture for supervised learning. This architecture will compensate
for the prediction error that occurs in every time step.

From Figure 4.14 it can be seen that it is a different model for each time step. This is
to compensate for the unavoidable error that will occur in each model. For this reason,
a model is made for predicting each of the 30 time steps. Alternatively, to a model for
each time-step, can this also be done with a single model that is used in all time-steps.
To verify that a structure where a different model for each time step is suitable both
methods are tested in Paper D.

Test of Black Box Models

To verify that the LSTM model with the model architecture presented in Figure 4.14 is
suitable four tests are carried out. The prediction error for each time step for the four
models are presented in Figure 4.15.

0.8 - LSTM 30 models
MLP 30 models
0.7 - MLP 1 model
LSTM 1 model
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Fig. 4.15: Plot of the average prediction error for each time step. 4 plots can be seen, one for the 1

model LSTM, one for the 30 model’s LSTM and the same for the MLP test. The data foundation is
60 days for the training of the model and 220 days for the evaluation.

The associated average prediction error pr time step is shown in Table 4.3.
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Table 4.3: The average error pr. prediction, 30 time steps into the future, under the traditional

Z eTTo’r)

control policy.(“55

LSTM model MLP
1 model 0.3894 0.6946
30 models 0.3246 0.6166

From Figure 4.15 and Table 4.3 it can be seen that the prediction error is 45% lower
for the LSTM based model then the MLP model. Furthermore, it can be seen that by
making a model for each time step and thereby compensating for prediction error the
models perform 19% better on average.

Simulation Results

This section presents four simulations, two simulations with the RL/black box frame-
work, one simulation only with the RL algorithm, and one simulation with a traditional
controller. The four simulations are outlined below.

o Simulation 1: without RL/black box framework but with RL control. This simu-
lation will serve as a benchmark for how the RL performs without training in the
black box model environment.

e Simulation 2: with a traditional control policy, this will serve as a benchmark to
estimate the RL algorithms capability to reduce heating costs while maintaining
or increasing the comfort level.

o Simulation 3: with RL/black box framework, in scenario A.

o Simulation 4: with RL/black box framework, in scenario B with one heating season
of data(280 days).

In Figure 4.16 the reward plot for simulation 1, Simulation 2 and Simulation 3 is
shown.

From Figure 4.16 it can be seen that when using the RL/black box framework the
performance is improved or equal to the normal MARL controller. Especially during the
first 60 days, the performance is better. The reason for the improvement in this phase is
that the RL/black box framework follows the traditional control policy. After approx-
imately 580 days the MARL and RL/black box framework converge to approximately
the same control policy.

In Figure 4.17 the results of simulation 1, Simulation 3 and Simulation 4 are shown.
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Fig. 4.16: Reward plot over 880 days for simulation 1, Simulation 2 and Simulation 3, where 1 is;
MARL control, without the RL/black box framework, and 2 is; A traditional control policy. and 3 is;
the RL/black box frame work in Scenario A.
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Fig. 4.17: Reward plot over 880 days for simulation 1, Simulation 3 and Simulation 4, where 1 is;
MARL control, without the RL/black box framework, and 3 is; A traditional control policy. and 4 is;
the RL/black box frame work in Scenario B.

From Figure 4.17 it can be seen that the RL/black box framework does perform
better when more data is available. During the first period of 60 days is the performance
of scenario B is notably better. After this period is the increase in performance only
marginal. The reason for only a marginal increase is that the generated black box
models do not become much better with the additional data.

4.2 Closing Remarks

This study marginally improves the convergence rate however it does improve the per-
formance during early training, furthermore and more important does it allow for offline
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training. Offline training can be used in recommission tasks to deploy pre-trained agents
based on data from the proviso system. Additionally, this framework can also be used
in transfer learning situations where building dynamics and/or behavior patterns may
be similar.

5 How will Offline RL perform in a Real-World field
test?

This section present Paper E A Field test of Offline Multi Agent Reinforcement Learning
for HVAC-Systems this is an answer to research question 5. This will be submitted to
Energy and Buildings.

In Paper E is the methods presented in Paper A-D tested in a real-world field test. A
bench marking test is firstly conducted, this bench marking test is used for comparison,
furthermore is the data from the bench marking test used to train the offline RL policy.

5.1 Extended Abstract

This paper validate to some extent the research conducted in Paper A-D. The biggest
concern when conducting real world experiments in HVAC systems are that a compari-
son between the bench marking test and the test with the RL policy are approximations
since they have not been subjected to the same weather disturbances.

Bench-marking Test

This section presents the benchmarking test that is performed in the real-world environ-
ment, this test is performed with traditional controllers during spring 2021 and winter
2021/2022. The period of the test is from 1th of March to 21th of April and again from
1th of December to 4 January. In total, this is equivalent to 85 days of benchmarking
data.

To conduct this benchmark test has two outdoor compensated supply temperatures,
and hysteresis controllers been used. The functions for the outdoor compensated supply
temperatures can be seen in (4.15) and (4.16). The hysteresis ban is set for 0.01C° and
the reference temperature is 22 C° for zone 1 and zone 2.

Tsupply =—-06- Tambient + 45. (415)

Tsupply =-06- Tam,bient + 38. (416)

The reason two supply temperatures are used is that the first seen in Eq. (4.15) is
used during the spring 2021 and the second seen in Eq. (4.16) is used during winter
2021/2022.
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In the following is 5 sensor signals presented. In Figure 4.18 is the room temperature
for each of the 2 zones presented. In Figure 4.19 is the Lux measurement for each zone
presented and in Figure 4.20 is the ambient temperature plotted.
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Fig. 4.18: Room temperature in each of the 2 temperature zones during the test period.
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Fig. 4.19: Lux measurement in each of the 2 temperature zones during the test period.
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Fig. 4.20: The ambient temperature during the bench marking period.
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With the data presented and the offline RL framework in Paper D have an offline

RL policy been trained and deployed in the real world test envirnment. The results are
presented in the following section.

Presentation of RL Data

In Figure 4.21 the room temperature in the two zones can be seen.
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Fig. 4.21: Room temperature in each of the 2 temperature zones during the deployment of the RL
algorithm.

From the room temperature plot can it be seen that the temperature is steady at 22
°C except for periods where the radiation causes the temperature to rise.
In Figure 4.22 is the Lux measurements from the two zones presented.
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Fig. 4.22: Lux measurement in each of the 2 temperature zones during the deployment of the RL
algorithm.

In Figure 4.22 it can be seen that the Lux measurements and the rise in temperature
in Figure 4.21 are correlated.

In Figure 4.23 is the ambient temperature over the testing period shown
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Fig. 4.23: The ambient temperatures during the deployment of the RL algorithm.

If comparing the ambient temperature from the RL deployment with the ambient

temperature in the benchmarking in Figure 4.20 test it can be seen that some of the
same tendencies can be seen.

Analysis and Comparison of Data

To asses if the RL control policy found with offline training is performing better than
the policy used in the benchmarking test is the following investigated:

o Is the RL controller exhibiting predictive control-like behavior. this is investigated
by looking at shorter time series of 24 hours.

e Compare the oscillations of the room temperatures in the benchmark data and
the RL data during periods where the system is not saturated.

e Compare duty cycle and supply temperature to estimate if the RL control policy
is reducing cost.

For this comparison is only benchmarking data from the winter period 2021 used.
The reason for this is that two control policies are used in the benchmarking test. The
control policy used during the winter is the best.

In Figure 4.24 is two 24 hours’ time series shown. The time series are taken from

the RL policy and benchmarking test, and periods have similar sun and ambient dis-
turbances.
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Fig. 4.24: 24 hour time series analysis. In this figure can 24 hours of room temperature data for two
similar days for the RL control policy and the traditional control policy be seen.

In Figure 4.24 can it be seen that the RL policy reduces the temperature in the
zones before the sun heats up the rooms, additional can it be seen that the oscillations
are smaller. This indicates that the RL control policy exhibits predictive control-like
behavior.

To verify that the RL control policy is performing better than the traditional policy
is temperature distribution visualized in box plots seen in Figure 4.25.
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Fig. 4.25: Histograms showing the distribution of the room temperature for the RL control policy
and the traditional control policy. The data used in these histograms are only data for periods where
the system is not saturated. The system is estimated to be saturated when the temperature is above
23 °C and the valves are closed.

The data visualized in Figure 4.25 is only from periods where the system is not
saturated. In Figure 4.25 it can be seen that the distribution for both temperature
zones is reduced. In zone 1 is the temperature distribution 43% lower and in zone 2 is
63% lower.
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Table 4.4: Table showing the duty cycle over the periods of the benchmark test and the test of the
RL policy. Additional is the duty cycle over when the system is not saturated shown.

RL RL not satuarted TC TC not saturated
Zonel 63 88 42 65
Zone 2 67 83 43 63

Lastly, to estimate if the RL control policy is more optimal is the duty cycle inves-
tigated. The duty cycle is shown in Table 4.4.

In Table 4.4 it can be seen that the duty cycle for the RL policy is roughly 20% higher,
this is naturally because a lower supply temperature is chosen by the RL controller.

Estimating the energy savings by comparing the price calculated in Eq.(3.2) cannot
be done directly since the benchmarking test and the RL policy test have not been
subject to the same disturbances. However, we can compare the duty cycle of the two
tests. The relationship between the partial load factor (PLF) and the duty cycle can be
seen in Figure 3.2, where the heat pump dynamics are elaborated on [41].

In Figure 3.2 can it be seen that the partial load factor is roughly 0.1 lower for
the benchmarking test. The PLF has a linear relationship with the efficiency of the
system [41], this is also seen in Eq. (3.2). Because of this, it can be concluded that the
RL policy is 10% more energy efficient. If assuming that the price of electricity is the
same for the two tests is the RL policy at least 10% more cost-efficient.

5.2 Closing Remarks

This Paper validates first and foremost that the offline RL policy is performing well
when deployed in the real world environment. Additionally, is it shown that the RL
policy is exhibiting predictive control like behavior and reduces the oscillations of the
two zones 43 % and 63% respectively. Lastly is 10 % cost savings argued by investigating
the duty cycle of the two test.
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Chapter 5

Conclusion and Future Work

1 Research Contributions

This collection of papers summarized the contribution made during this PhD project.
Three methods for data efficient and robust RL have been developed. These methods
have additionally been field tested were they to some extent have been validated. How
each of the three methods contributes to the field of model free optimal control of HVAC

are outlined below:

e The robustness framework is a simple and safe method to ensure comfort regardless

of the control policy of the RL agents. By manipulating the objective function of
the RL agent with soft constraints, it is shown that the RL agent quickly learns
that the action state space outside of the limits of the robustness framework is
unfeasible. hence does this result in both fast and safe convergence.

The Multi Agent RL framework makes RL for HVAC more scalable. It is shown
that by formulating the HVAC environment as a Markov Game and by implement-
ing a, from a system point of view, sensible reporting structure a 70% reduction
of the convergence time can be archived. This framework is also supported by the
above-mentioned robustness framework.

The offline RL framework allows for more data efficient offline training. This
framework uses a LSTM based regression model to model the action state space.
By doing so is it shown that a near optimal control policy can be derived only
from offline training. This framework also supports the MARL framework.

All of the above-mentioned contributions support each other therefore it has been

possible to test all of the above mentioned methods in one field test. This field test is

99
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presented in Paper E and in this paper is it validated that the offline RL framework
does converge to a better policy then the traditional control policy.

2 Future Research

Even dough this thesis presents a field test, is there still more verification work to be
done before the final algorithm is commercially viable. Additionally, has there not been
made any effort to reduce the computational power it requires to train the algorithms
or reduced the amount of memory that is required to store it. Therefore, the following
steps are suggested to mature this research:

e Minimize the amount of storage needed to host the algorithm.
e Minimize the computational power required to train the algorithm
e Conduct multiple full size field tests, in buildings with occupants.

Additional research that could improve the performance of RL-based control for
HVAC is transfer learning. It may be possible to train an algorithm on data from a
similar building. It will not converge 100%, due to the fact that the dynamic of two
houses are never the same, but it may come close. The final training can then be done
on data from the given building. This is similar to pre-training of the network.
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Abstract

This paper proposes an adaptive controller based on Reinforcement Learning (RL), which copes with HVAC-systems consisting
of slow thermodynamics. Two different RL algorithms with Q-Networks (QNs) are investigated. The HVAC-system is in this
study an underfloor heating system. Underfloor heating is of great interest because it is very common in Scandinavia, but this
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by very slow dynamics. The environments consist of one, two, and four zones within a house in a simulation environment
meaning that agents will be exposed to gradually more complex environments separated into test levels. The novelty of this paper
is the incorporation of two different RL algorithms for industrial process control; a QN and a QN + Eligibility Trace (QN+ET).
The reason for using eligibility trace is that an underfloor heating environment is dominated by slow dynamics and by using
eligibility trace the agent can find correlations between the reward and actions taken in earlier iterations
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1. Introduction

To cope with rising energy demands and an ambition to reduce the carbon footprint from heat and energy
production, regulation regarding insulation of buildings has increased. Another way to reduce energy consumption
of buildings is to use more advanced controllers, which reduce energy waste and increase comfort. For large

buildings, Model Predictive Controllers (MPCs) have showed to be effective [1], but an MPC requires a full
thermodynamic model of the building, which for normal households is not economically feasible to make.

A traditional controller for an underfloor heating system in a household is a hysteresis control with the room
temperature as input. This controller opens and closes for the control valve supplying heat to the floor dependent on
the room temperature. The core issues with using hysteresis control with the room temperature as input for
controlling the room temperature is the slow thermodynamic properties of the floor, which can result in time
constants between 10 minutes to 3 hours depending on the floor type and material. Because of the delayed responses
in the system a hysteresis controller is not able to keep the temperature constant because of its inability to predict the
energy need for the room.

This paper suggests an adaptive controller based on reinforcement learning with a neural network. Reinforcement
learning is, like animal learning, based on learning by interacting with a given environment [2]. Because its learning
capabilities, reinforcement learning-based control naturally adapts, to whatever environment it interacts with.
Furthermore, the reinforcement learning algorithms suggested in this paper are also model-free, which, as stated
earlier, is necessary for the controller to be economically feasible. In this paper two algorithms are tested in four
simulation environments. Two conclusions will be derived from this; 1) by adding eligibility trace the algorithm will
perform better in an environment dominated by slow dynamic, 2) by increasing the complexity of the state-action
space the algorithm will become unstable and therefore limit the use to smaller state-action spaces.

2. Use case

To identify the initial problem a sketch of an underfloor heating system is shown in Fig. 1, illustrating heat fluxes
in a room. In Fig. 1 the temperature of the water running through the pipes in the floor is controlled by a mixing
unit. This mixing unit can be a thermostatic mixing unit or an electromechanically actuated mixing unit. A
thermostatic mixing unit can be outdoor compensated, meaning it adjusts the temperature of the mixing water
according to the outside temperature — high outside temperature, low mixing temperature and vice versa. An
electromechanically actuated mixing unit is less common because it needs a control input, but it does allow for more
control of the environment. In the work presented in this paper an electromechanical valve will be used due to its
flexibility. The electromechanical valve is controlled by a step size controller. The control agent will still control the
mixing temperature, but the incremental change in the temperature will be adjusted according to the distance to the
given reference temperature. Meaning, if the distance between the room and reference temperature distance is high,
the incremental change will be high and vice versa.
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Fig. 1. An underfloor heating system with one temperature zone consisting of four heat fluxes ®. Heat fluxes are in the simulation calculated with
a 1D heat differential equation, the free heat flux ®g. is set to zero in all simulations. The hydraulic system of the underfloor floor heating is
presented in the bottom of the figure, and it is assumed there is a local heat source, which also could have been a district heating source.

By using a reinforcement learning based controller it is theoretically possible for an agent to adapt to the
thermodynamic properties of a given thermal zone, by making an internal predictive model and using predictive
external data such as weather forecasts to enhance performance. In this paper, it is demonstrated that it is possible
for the agent to learn to control a four-zoned underfloor heating system in a simulation environment in Simulink
within a tolerance of 1 °C. The simulation environments have the thermal dynamic properties of an underfloor
heating system, but is only affected by the ambient temperature, so no sun, wind etc. and there is no thermal transfer
between interior walls.

3. Reinforcement Learning

This paper will use aspects of the deep reinforcement learning algorithm Deep Q-network (DQN), which was
developed as a method to combine deep neural networks and reinforcement learning for learning directly from high-
dimensional sensory inputs [3]. An underfloor heating system can in contrast to Atari games, which the DQN was
developed for, be described as systems with low-dimensional sensory inputs. Therefore, the proposed algorithm
utilizes a neural network with one hidden layer. The neural network with weights 6 is used as a function
approximator to approximate the action value function Q(s, a) = Q(s, a, 0). The reason for using a function
approximator is because it is not computational efficient to store a large Q-table. As one might suspect using
function approximators does also come with drawbacks [4]. Especially using nonlinear function approximators such
as a neural network has proven hazards because of the risk of instability or divergence [5]. Using experience replay
and fixed target Q in the DQN has proven that a neural network can be an efficient and stable function with
improved convergence behavior [3].

Since the DQN was developed improvements has been made to the experience replay method, these include
prioritized experience replay[6] and hindsight experience replay[7]. These techniques have not been considered for

this paper.
Experience replay works by storing the experience from a given iteration at time ¢ with the stats s, action a,
reward r and the next state si+1, e:= (S5, as 7, S=1). The experience is stored in a memory Dley, . , . , ] and used

to update the weights in the Q-network through a loss function and an optimizer. The purpose of experience replay
is to reduce correlation between observation by randomly drawing experience from the matrix D, this also enables
the agent to use rare experience more than ones[8]and thereby learn more efficiently from a limited amount of data.
The loss function used to calculate the error between target Q and predicted Q is derived from the bellman equation
and can be expressed by the following equation:
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An optimizer is used to update the weights in the neural network. In the original DQN is stochastic gradient
descent used, in this algorithm is the Adam optimizer is used. The Adam optimizer is a first order gradient-based
optimizer like stochastic gradient descent, but it also uses estimations of lower-order moments, which makes it
suitable for non-stationary objectives and noisy and/or sparse gradients like a neural network can have [9].

To ensure that the agent during training explores the state action space and exploits what it has already learned, a
Softmax function is used as an action selector. The Softmax function works by setting the parameter T which
indicates the agent’s level of confident. T =0 indicates full confident and to encourage more exploration T is
increased. The mathematical description of the Softmax function can be seen in the following equation: (Q(st, at))T

Q(sg.at)
P G

WsiaeA - Qs witht >0 3)

Yagyqe T

As stated in the abstract it is of interest to test if an eligibility trace implementation can perform well in an
environment dominated by slow dynamics such as underfloor heating systems. Eligibility trace is a method that
makes it possible to make a trade-off between Monte Carlo and Temporal Difference, where Monte Carlo has high
variance because Monte Carlo only updates at the end of the episode. This MDP is considered continues as it does
not have episodes, so Monte Carlo cannot be used. Temporal Difference on the other hand updates for every
iteration but uses its own estimation to update, which means it has bias [2]. Eligibility trace or n-step learning uses a
parameter n, where n is the number of iterations that will pass before an update is made. This means if n is the same
size as the number of iterations in an episode it is Monte Carlo.

For experience replay to be compatible with eligibility trace, a few modifications has been made to way the data
is drawn from the experience memory D. Instead of drawing random samples, the agent is drawing random batches
of the same size as the eligibility trace

4. Experiment

The structure of the used Q-network with input states, Q-values, and the action selector, is illustrated in Fig. 2.
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Fig. 2. lllustration of the neural network, with input states, Room temperature, orientation to reference temperature, differential of
room temperature, valve position, and mixing temperature. And output Q values and the Softmax action selector. Two hidden layers is
shown in the illustration, this is just to illustrate that it is possible to add more layers.
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The experiments have been divided into four different test levels (TL’s) to sort out which RL algorithm that is
suited for the task. Both algorithms will start in the environment of TL1 and then continue to TL4 increasing the
complexity where they need to satisfy the requirement (R): Room temperature(s) is allowed a standard deviation of
1 °C from the room reference temperature 22 °C. The TL1 environment consist of one temperature zone, but with no
thermo-properties of an underfloor heating system. The only task of the agent is to control the mixing temperature.
The environment of the TL?2 is still one temperature zone but with the thermo-properties of an underfloor heating
system has been added in this test level. By doing this it will be possible to investigate the effect of eligibility trace
in a dynamic environment. TL3 and TL4 consist of multiple zones meaning the agent can control valves and the
mixing temperature. TL3 has two zones and TL4 has four zones. The ambient temperature in the simulation
environment is set to be constant in the beginning of the simulation and then a 1-day and a 14-days sine cycle is
added to represent day and night changes and longer changes over 14 days. Hyperparameters and settings of the
algorithms are shown in Appendix A. The following results from the test levels will consist of response temperature
plot of the environment from 232 days’ time per test in TL1 and TL2 and 926 days’ time in TL3 and TL4.

4.1. Test Level 1 Results

Two tests were performed in TL1, one test of the QN and one test of the QN+ET, the results can be seen in Fig.
3.

Test level 1 - Test 1- QN Test level 1 - Test 2- QN + ET

— Tmx
Tircom
Tamb.

Fig. 3. Results of Test Level 1 with no thermo-properties of an underfloor heating system has been introduced. The mixing temperature Ty, is
blue, room temperature T1,q0m is red and ambient temperature Ty is yellow.

It can be seen from the results of the two tests in Fig. 3 that the QN algorithm without eligibility trace does
perform equally good or better than the algorithm with eligibility trace. The reason for this is that there are no slow
responses in this system, because there is no reason that eligibility trace should improve performance.

4.2. Test Level 2 Results

Two tests are performed in TL2, where Test 1 is the QN algorithm and test 2 is the QN algorithm with eligibility
trace, the results of the two tests are shown in Fig. 4.

Test level 2 - Test 1- QN Test level 2 - Test3- QN + ET

"0 02 04 06 08 1 12 14 16 18 2 0 02 04 06 08 1 12 14 16 18 2
Time(s] %107 Time[s] 107

Fig. 4. Results of Test Level 2 with thermo-properties of an underfloor heating system has been introduced. The mixing temperature Ty is green,

ambient temperature Tymp, is purple, return temperature Trewm i8 blue, floor temperature Thoor is red and room temperature T1,o0m is yellow.
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Table 1. Satisfaction of requirement R from the period 1.8 - 107 to 2 - 107 seconds
in Test Level 2 are grey scaled elements with tests where R is satisfied.

Test  Model type [X, okl

1 QN [21.52,0.54]
2 QN [22.44,0.54]
3 QN+ET [22.04,0.11]
4 QN+ET [22.09,0.47]

From the results in Table 1 and Fig. 4 it can be seen QN+ET performs best, and that the QN algorithm does not
meet the requirements in the first test but manages to do so in second test. A comparison to TL1 without slow
dynamics reveals that the QN algorithm performed slightly better than QN+ET. This comparison leads to the
conclusion that ET does improved performance when the system is dominated by slow dynamics.

4.3. Test Level 3 Results

TL3 consists of four tests; two with the QN algorithm and two with the QN+ET algorithm. The results of two
successful tests are shown in Fig. 5.

Test level 3 - Test 1- QN Test level 3 - Test3- QN + ET
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Fig. 5. Results of Test Level 3 with thermo-properties of an underfloor heating system has been introduced. On the left Test 1
and Test 3. Where Tyoom 1 is blue, Troom 2 is red, Thix is purple and the ambient temperature Ty is yellow

From Table 4 it is seen that the QN+ET algorithm satisfies the requirement two times in both rooms, where the
QN algorithm only satisfied the requirements for one of the two tests and it did not perform as well in this test

regarding standard deviation or mean value. Note that Test 2 with QN+ET also manages to have the lowest energy
usage due to average lowest mixing temperature Tx.

Table 2. Satisfaction of requirement R from the period 7-107 to
8-107 seconds in Test Level 3 with QN and QN+ET where grey scaled
elements are tests where R is satisfied.

Test Model type Tlroam [Xr Gx] Tzroom [Xv GX] Tmix [f]

1 QN [2012,211]  [21.81,1.67]  [40.47]
2 QN [22.38,0.62] [22.35,0.63] [38.74]
3 QN+ET [21.91,034] [21.87,036]  [36.61]
4 QN+ET [22.03,058] [22.19,055]  [42.73]
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4.4. Test Level 4 Results

TL4 consists of three tests with the QN+ET algorithm due to it satisfied the requirement in TL3 and it was not
possible to perform a satisfied test of the QN algorithm. The result of TL4 is shown in Fig. 6.

Test level 4 - Test 1- QN + ET Test level 4 - Test 2- QN + ET Test level 4 - Test 3- QN + ET
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Fig. 6. Results from three tests from Test Level 3 of QN+ET.

From Table 4 it is observed that Test 3 is successful, it did however require three tests, which shows that the
algorithm has become unstable due to the complexity of the state-action space.

Table 3. Satisfaction of requirement R from the period 7-107 to 8:107 seconds in
Test Level 4 with QN+ET where grey scaled elements are tests where R is satisfied.

Test  Model type T1l00m T2r00m T3r00m T4r00m Tonix

[X, 0] [% 04 [X, 0x] [X, 0x] [x]
1 QN+ET [21.89,0.36] [21.77,1.13] [21.99,0.37] [21.99,0.38] [32.13]
2 QN+ET [19.69,0.85] [22.07,0.27] [22.2,0.25] [22.63,0.6] [34.73]
3 QN+ET [22.08,0.26] [21.95,0.61] [22.2,0.28] [22.35,0.34] [39.05]

5. Conclusion

By reviewing the results of the 9 tests it can be concluded that it is possible for a reinforcement learning based
controller to control the designed simulation environment of an underfloor heating system. In this study two
different algorithms have been tested; 1) QN and 2) QN +ET. By comparing the performance of the two algorithms
it can be concluded that the eligibility trace addition to the Q-network does increase performance slightly, but only
when there are slow dynamics included in the simulation. Furthermore, it is concluded that the function
approximator does become unstable when increasing the complexity of the state-action space. This means that one
should be aware of the size of the state-action space when using this technique and additional research is needed to
make the proposed reinforcement learning approach more robust.

6. Future Work

As stated in the introduction, the simulation environment is simplified i.e. it does not include interior wall
transfer, windows, sun, wind etc. A more detailed simulation environment would make it possible to take all these
parameters into account. To utilize the full potential of reinforcement learning it would be ideal to use forecasted
weather data. This way the agent would not only depend on its internal model of the dynamic behavior, especially in
an environment dominated by long delayed response this would be desirable. In this study the simulation
environment has been defined as one single MDP, which can include 1, 2 and 4 temperature zones. It has been
observed that by increasing the number of zones in the MDP the training time becomes longer and the agent does
perform less desirable. This, of cause, makes sense, because the complexity of the state-action space is increased
with the number of zones. It would be interesting to explore the possibility to design an agent with multiple MDPs,
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or a multi-agent controller, to control the temperature zones independently. All the above observations are subjects
for future works.

The proposed reinforcement learning control is not robust enough to use in commercial applications yet.
Additional research must be made into increasing the robustness of the controller. Multiple improvements have been
made to the DQN algorithm, the latest is the Rainbow algorithm [10]. These improvements might also be better
suited for the current and future tasks at hand.
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Appendix A. Settings of Algorithms for Test Levels

Table Al Standardization of input variables. Table A2. Setup for Q-networks for test levels.
Input variables Standardisation Equations
= Q-network Setup Test Level
Tsa 35
1 2 3 4
Toa | (T-Thas)-10) |
_ Input variables 4 4 9 17
. 05 if Troom = Toer
'std n —
05 if Troom < Trer Hidden layers 1 1 | |
, 1ifQ > 0
std Q=0 Hidden neurons per layer 30 30 30 30
Toea T Output variables 3 3 7 19
std

Table A3. Hyperparameters for algorithms in test levels.

Hyperparameters Algorithm

QN QN+ET
Learning rate Tyg 0.001 0.001
Discount factor y 0.9 0.9
Softmax temperature T 100 100
Experience replay batch size 50 50
Experience replay capacity 100000 100000

Eligibility trace steps n - 30
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Abstract: This paper addresses the challenge of minimizing training time for the control of Heating,
Ventilation, and Air-conditioning (HVAC) systems with online Reinforcement Learning (RL). This is
done by developing a novel approach to Multi-Agent Reinforcement Learning (MARL) to HVAC
systems. In this paper, the environment formed by the HVAC system is formulated as a Markov
Game (MG) in a general sum setting. The MARL algorithm is designed in a decentralized structure,
where only relevant states are shared between agents, and actions are shared in a sequence, which are
sensible from a system’s point of view. The simulation environment is a domestic house located in
Denmark and designed to resemble an average house. The heat source in the house is an air-to-water
heat pump, and the HVAC system is an Underfloor Heating system (UFH). The house is subjected to
weather changes from a data set collected in Copenhagen in 2006, spanning the entire year except
for June, July, and August, where heat is not required. It is shown that: (1) When comparing Single
Agent Reinforcement Learning (SARL) and MARL, training time can be reduced by 70% for a four
temperature-zone UFH system, (2) the agent can learn and generalize over seasons, (3) the cost of
heating can be reduced by 19% or the equivalent to 750 kWh of electric energy per year for an average
Danish domestic house compared to a traditional control method, and (4) oscillations in the room
temperature can be reduced by 40% when comparing the RL control methods with a traditional
control method.

Keywords: deep reinforcement learning; artificial intelligence; HVAC-systems; underfloor heating;
energy in buildings; predictive analytics

1. Introduction

In the USA and Europe, roughly 35% of the energy consumption in 2008 was used in
HVAC systems [1]. To reduce energy consumption and hence the carbon footprint from
heat and energy production for HVAC systems, the regulation regarding insulation of
buildings has increased [2]. Another way to reduce energy consumption in buildings is
to use more advanced control techniques, reducing energy waste, and increasing comfort.
For large buildings, Model Predictive Controllers (MPCs) have shown to be effective [3,4],
but MPCs require a full thermodynamic model of the building, which is not economically
feasible for regular households. Smart controllers based on scheduling according to energy
prices are proposed [5,6]. These algorithms require less commissioning than an MPC’s but
are still comprehensive to commission. To handle the issues with commissioning and still
harvest the benefits with advanced control techniques, model-free Reinforcement Learning
(RL) is proposed for the control.

This article focuses specifically on control of Underfloor Heating systems (UFH) in
domestic houses. Traditionally, hysteresis control with room temperature as input is used
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for controlling these UFHs. This hysteresis controller fully opens or closes the control valve
supplying heat to the floor dependent on the room temperature. The main issue with using
hysteresis control in UFH is the slow thermodynamic properties of the system, which can
lead to time constants between 10 min to 3 h depending on the floor type and material [7].
Due to the slow responses in the system, the hysteresis controller is not able to keep the
temperature constant because of its inability to predict the energy demand for the rooms.
The temperature of the supply water is traditionally controlled by an ambient temperature
compensated controller. This type of controller is, as the hysteresis controller, also affected
by the slow response in the convection of heat from the water to the room, but also the
delayed response associated with transporting the water in the pipes.

Reinforcement Learning (RL) is a model-free adaptive control method, and as such,
it is possible to adapt to the specific dynamic properties of the environment [8]. This
capability makes RL particularly interesting for the control of UFH or Heating, Ventilation,
and Air-conditioning (HVAC) systems in general [9]. In particular, the commissioning
phase is automated with RL. Moreover, the user behavior has a large effect on the comfort
level of the temperature zones. Here, RL is able to take this behavior into account in the
control as well [10]. In this paper, user behavior is however not included, because the goal
is to investigate how the RL algorithms will adapt to the building environments. The user
behavior will just complicate this analysis.

The RL algorithm studied in this article is an online learning method. Therefore, the
agent/agents of the RL will not perform optimally during training. The training time is
highly correlated with the complexity of the state-action space [8]. This correlation is an
issue in the RL control design for UFH, as it makes it difficult to scale the RL algorithm to
houses with multiple temperature zones [11]. To illustrate the scaling problem of having a
single agent to control the entire system of a one, two, three, and four-zone UFH system,
the calculations of the action-state space have been made for the four cases, see Table 1.

Table 1. Size of action-state space for a one, two, three and four-zone UFH system. The action-state
space grows exponentially with the number of temperature zones. Assumptions about the number
of discrete values each action or state has: Tsupp,y; 15, Valve per zone; 2, Tyoom per zone; 12, T,,.1,; 30,
heat consumption; 10, sun; 10.

Action-State Space Size

One zone 1 x 106

Two zones 26 x 10°
Three zones 622 x 10°
Four zones 15 x 10°

Table 1 shows that the action-state space grows exponentially with the number of
temperature zones in the system, which means that RL control does not scale well in the
UFH control task or many other control problems [8]. To deal with this scaling problem,
we propose to incorporate Multi-Agent Reinforcement Learning (MARL). Instead of formu-
lating the problem as a Markov Decision Process (MDP) and use Single Agent Reinforcement
Learning (SARL), the problem is formulated as a Markov Game (MG), and MARL can be
used, see Figure 1 for an illustration of an MDP and an MG.

From Figure 1, it is seen that the interaction with the environment changes, but not
the environment itself. Whereas the environment in a single agent system receives one
action, in a multi-agent system it receives an action vector with the same size as the
number of agents in the system. The states and rewards received by the agents from the
environment are distributed, such that it is possible to only pass relevant state information
to a given agent. Formulating an environment as an MG to use MARL has been used in
other applications as well. In [12], a voltage control for a power grid [12] is designed, and
MARL is applied with success for route planning in road network environments in [13].
MARL is also used for training unmanned fighter aircrafts in air-to-air combat in [14].
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a) Markov Decision Process b) Markov Game

Figure 1. Illustration of the difference between a Markov Decision Process and a Markov Game. In
(a) one agent and one environment are seen. The agent interacts with the environment by sending a
tubule of actions and receiving one reward and the states of the environment. In (b) multiple agents
and one environment are seen. The action space is split into i number of actions. Each agent receives
a reward and the states of the environment.

RL for HVAC systems has previously been studied. In [15], Q-learning is used for
a single thermostat. Here 10% energy saving is achieved by scheduling the reference
temperature, such that comfort is only considered relevant if there are occupants in the
room. RL is used in [16] for controlling the supply temperature and the pressure in a
mixing loop. Though the mixing loop only represents a small part of the entire HVAC
system, it shows that RL can outperform state-of-the-art industrial controllers. In [17], RL
is used to control airflow rates for up to five zones, where each zone has an individual
actuator. It is found that it is possible to reduce energy cost, but training times increased
drastically when going from one to four zones. This result supports the need for an MG
formulation, which makes it possible to use MARL in an HVAC system.

To the authors’ knowledge, the results presented in this paper are the first to introduce
MARL for the control of UFH systems. Prior papers on MARL in other parts of HVAC
systems do exist, though primarily for HVAC systems for commercial buildings. In [10],
an air handling unit controlled by a MARL algorithm formulated as a Markov Game in a
cooperative setting is presented. This formulation means that each agent is aware of the
state of the other agents, but not the current action taken by other agents. The algorithm is
based on an actor-critic model. In that paper, a 5.6% energy saving is achieved. Looking
slightly beyond HVAC systems, MARL is used in hot water production for domestic houses
in [18]. Here, MARL is used in a distributed setting where agents are not aware of other
agents’ actions.

The paper is organized as follows. First, Section 2 presents the background and
contributions of the work. The general SARL and MARL theory is explained, and which
methods inspired the present work, finally elaborating on the contributions to the research
field. Then, Section 3 presents the system design and an evaluation of the designed Dymola
multi-physics simulation. This simulation serves as the training and test environment
for the designed SARL and MARL algorithms. Next, Section 4 presents the underlying
math and design of the RL systems, along with hyperparameters, input states, and reward
functions. Finally, Section 5 presents the experiments and the analysis of experimental
results, and Section 7 concludes the paper.

2. Background and Contributions

This section introduces the theory behind SARL and MARL, and argues why MARL is
relevant in the control of UFH. Furthermore, the contributions of this paper are explained.

2.1. Reinforcement Learning

RL can be divided into three categories: Value-based learning, policy-based learning,
and actor-critic-based learning, where actor-critic is a combination of value-based and
policy-based learning. In this paper, we focus on value-based learning, specifically Q-
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learning as a backbone technology, but the benefits of using MARL transfer across all three
types [19]. The central idea of value-based learning is to find the optimal action-value
function, which needs to satisfy the Bellman optimality equation (Equation (1)) [8]. Let
Q*(s, a) be the optimal value-action function, then Q*(s, a) is given as follows:

Q*(s,a) = E[R¢41 + ymax Q*(s,a) | s al. )

The bellman equation states that if the future state s’ for all actions is known, then the
optimal policy is to choose the next action a’ that results in the highest Q value (Q* (s, 4)).
This approach for choosing a is referred to as a greedy policy.

An RL algorithm learns about the environment it interacts with by iteratively updating
its estimate of the action-value function, such that the action-value function converges
towards Q; — Q* fori — oo.

Choosing the correct action if the policy is greedy is simple. Updating the Q-function
so that Q; converges towards Q. is, however, difficult, at least within a reasonable number
of iterations. The update strategy for Q-learning without so-called function approximators
is given by Equation (2).

For the update strategy to converge to Q*, it is necessary for the environment to satisfy
the conditions of a Markov Decision Process (MDP).

Definition 1. A MDP is defined by a tuple {S, A, P,R}; S is the finite number of states, A is a
finite number of actions, and P is the transition probability for s; to transition to s;,1 under a given
action a. R is the immediate reward for the expected transition from sy to sy1.

Qupdatfz(s’a) — chrrent(s,a) +a- (Tt + 'yme?x Q(s/,a) _ chrent(s,a)) (2)

Equation (2) shows that for the Q-function to converge to Q*, it is necessary to visit
all state-action pairs. This is simply not feasible in large systems. Therefore, function
approximation is used to approximate the Q function Q(s,4;6) ~ Q(s,a). By using an
Artificial Neural Network (ANN) as a function approximator, it is shown that a Q-function
can converge [20]. Additionally, for function approximation with ANNSs, a range of
methods have been developed to reduce convergence time or improving convergence
in value-based RL, for example double Q-learning [21], experience replay, prioritized
experience replay [22], and several other methods.

Even though the above-mentioned methods do improve generalization and reduce
training, RL, and machine learning, in general, do suffer from what Richard E. Bellman
refers to as “the curse of dimensionality” [23]. For this reason, MARL is explored for RL
control of HVAC systems.

2.2. Multi-Agent Reinforcement Learning

MARL is like SARL, concerned with solving decision-making problems. However,
instead of one agent deciding all actions in a system based on one reward, multiple agents
decide the actions and receive individual rewards or a joint reward dependent on the type
of MARL setting.

This paper focuses on MARL systems formulated as an MG. The formal definition of
an MG is as follows:

Definition 2. A Markov Game is defined as a discrete time-stochastic process, a tuple (N, S, Al;cy;,
Riien, P) where N is the number of agents, S is the state space observed by all agents, and A'j.y is
the joint action space of all N agents. R : S x A x S — R is the immediate reward received by
agent i for transitioning from (s, A’) to s, and P is the transition probability [24]. The definition of
an MG can be interpreted as the following: At time T every i'th agent i = [1... N| determines an
action A! according to the current state s. The system changes to state s’ with probability P and
each agent receives an individual reward R' based on the new state s'.
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When going from SARL to MARL, an entirely new dimension is added to the problem.
It is, therefore, necessary to define what type of MG the system is. The type describes how
the agents are formulated and affect each other. A MARL problem can be formulated in
three ways: (1) A cooperative setting, (2) a competitive setting, and (3) a mixed setting [25].

Cooperative, Competitive, and Mixed Setting

In general, a MARL algorithm in a cooperative setting is formulated with a common
reward function so R!(s,a,s') = R%(s,az,s') = R"(s,a,,s') and referred to as a Markov
team game. A number of different algorithms exist for solving a Markov team game, these
include team-Q [26] and Distributed-Q [27]. Distributed-Q is a MARL algorithm framework,
which is proven to work for deterministic environments. It has been shown that all agents
will converge to an optimal policy without sharing data between agents. This is very
appealing. However, because this article is concerned with a general sum problem, the
approach will not work.

A MARL algorithm in a competitive setting is formulated as a zero-sum game where
one agent’s win over the other agents. Such a setting can be formulated as }_; Ri (s,a;, s/ )=0.
There exists a number of zero-sum game algorithms, see for example minimax-Q [28]. This
MARL algorithm setup is however of little interest for this paper, as rewards for a UFH
system cannot be formulated as a zero-sum game.

Finally, in the mixed setting each agent has its own reward function, and therefore its
own objective. This mixed setting is also referred to as a general sum game.

Game theory and the Nash equilibrium play an essential role in the analysis of these
systems. In contrast to a cooperative setting, where it is assumed that the system’s overall
best reward can be found by having all agents maximize their own reward, this is not
possible in a general sum setting. A number of different algorithms for general sum games
have been designed for static tasks [29]. However, UHF is a dynamics system meaning that
static tasks must be adapted to dynamic systems to be interesting for our work.

In addition, single-agent algorithms are used in a mixed setting [30,31]. That is,
even though there is no grantee of conversion if applying SARL to a multi-agent sys-
tem [24]. Algorithms, which are designed for dynamic tasks, include “Nash-Q” [32] and
“PD-WoLF” [33], and will form the starting point for our work.

The idea of a Q-learning algorithm that finds a Nash equilibrium is compelling.
Succeeding papers have however argued that the application of Nash-Q is limited to
environments that have a unique Nash equilibrium for each iteration [25]. More recent
work on fully decentralized MARL has been proven to converge under the assumption of
using linear function approximators for the value function [34]. Even though this algorithm
is distributed, a joint Q function is incorporated, which makes all agents aware of each
other. This is necessary to prove general convergence, but it also increases complexity as the
number of agents grows and therefore makes the approach less scalable. In a more recent
work, agents are distributed in a similar manner to our work [35]. The main difference
between their architecture and our framework is that our agents only observe parts of the
state space. Moreover, different methods are utilized for updating the Q-function.

2.3. Contributions

This paper extends the current state-of-the-art for model-free control of UFH systems,
including testing SARL on UFH systems and presenting a novel MARL approach to HVAC
systems. The novelty lies in the interaction between agents in the MARL algorithm. In
distributed Q and Nash-Q, agents are either not aware or completely aware of each other.
In this paper, each agent acts according to a well-defined structure as described in Section 4.
Furthermore, the comparison between the SARL simulation and MARL simulation vali-
dates the hypothesis that MARL can reduce training times in HVAC systems. Lastly, we
present a novel method to ensure robustness for controlling the supply temperature in
HVAC systems.
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3. System Design and Evaluation

To test hyperparameters, input states, and algorithms, it is necessary to have a simula-
tion environment. A simulation environment is never a 1:1 representation of the real world,
but for a simulation environment to be applicable in this study, it is necessary that the
simulation, to a large extent, has the same dynamic behavior. To accomplish this, Dymola
has been used as the simulation tool.

3.1. Dymola Multi-Physics Environment

Dymola is a Modelica-based multi-physics simulation software and, as such, is suitable
for simulating complex systems and processes. Several libraries have been developed for
Dymola. For the simulations in this paper, the standard Modelica library and the Modelica
Buildings library are used.

The simulation can be split into two parts: (1) The hydraulic part and (2) the thermo-
dynamic part. The hydraulic part of the simulation can be described by a mixing loop, a
pump, one valve per temperature zone, and some length of pipe per temperature zone.

The thermodynamic side of the simulation is constructed using the base element
“ReducedOrder.RC.TwoElements”. This element includes heat transfer from exterior walls,
windows, and interior walls to the room. It furthermore includes radiation from the outside
temperature and radiation from the sun. This means that wind and rain do not affect the
simulation, as they are assessed to be smaller disturbances. These disturbances are not
negligible, but for the purpose of this paper, the simulation results will still indicate the
saving potential that can be expected in real-life installation. The element is made in
accordance with “VDI 6007 Part 1”7, which is the European standard for calculating the
transient thermal response of rooms and buildings [36].

The length of pipe used in each zone and parameters for the windows, walls, zone
area, and volume are shown in Table 2.

Table 2. Parameters used for each temperature zone. A and B refer to if it is the one-zone simulation
or the four-zone simulation.

Parameter ZonelA ZonelB Zone2B Zone3B Zone4B
Length of pipe 105 m 56 m 105 m 42m 70 m
Window area 20 m?2 12 m? 25 m?2 12 m? 24 m?2

Wall area 39 m? 36 m? 40 m? 12 m? 30 m?

Zone area 30 m?2 16 m? 30 m?2 12 m? 20 m?2
Zone volume 80 m> 48 m? 90 m? 36 m® 60 m3

To simulate how the room receives heat from the floor, a floor element has been
constructed. The floor element incorporates the pipe length, pipe diameter, floor thickness,
floor area, and construction material. These parameters enable the floor element to simulate
how the heat from the water running in the pipes will transfer through the concrete and into
the room. The heat in the room is assumed to be uniformly distributed. This means that
the temperature at the floor, at walls and at the sealing of the room is the same. Modeling
the temperature distribution uniformly is also in accordance with “VDI 6007part1”.

3.2. Evaluation of Simulation

It is not possible to validate the simulation environment with data from a real-world
system. We can, however, evaluate step responses to evaluate the dynamic convection of
heat from the water in the pipes to the air in the room. Additionally, we can evaluate the
amount of power the rooms require and compare it to a real-world house. Lastly, the daily
and seasonal power consumption can be evaluated.

To evaluate the simulation environment, a run of the simulation with hysteresis control
on the valves and an outdoor compensated supply temperature is executed. Note, that
hysteresis control is the control method traditionally used in the UFH system. For the
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validation, a simulation with a one-temperature zone system is used. However, a similar
simulation has been made for a four-temperature zone system with similar results.

All simulations are made with a hysteresis control with reference point 22 °C and
a dead band of £0.1 °C. The outside compensated supply temperature follows a linear
model, see Equation (3).

Tsupply = —0.6 - Tombient +42. 3

Firstly, the room temperature of an entire heat season is plotted in Figure 2.
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Figure 2. Simulation results of one heating season, with a traditional controller and outside compen-
sated supply temperature.

From Figure 2, it can be seen that a heating season is approximately 280 days. The
heating season is defined here as the period of the year where the building needs energy to
sustain a zone temperature of 22 °C. The simulation starts 1 March, and the period from
1 June to 1 September has been removed from the weather file as no heat is needed in
this period. The seasonal effect can be seen in the figure, where occasional overshoots
happen in the period from day 70 to day 140. Hence, in the fall/spring period, where heat
is needed during the night and morning but not during the daytime, overshoots happen.
The temperature is otherwise oscillating between 21.7 °C and 22.2 °C.

To investigate the response more closely, the room temperature and the associated
valve position is plotted over a period of 2 h and 30 min, see Figure 3.

Figure 3 shows that when a valve is opened, 1700 s (0.02 days) will pass before the
temperature gradient in the room becomes positive. Additionally, it can be seen that when
the valve is closed, the temperature will continue to rise an additional 0.1 °C and another
about 1700 s will pass before the gradient becomes negative. This behavior is due to the
slow dynamic properties that are expected of a UFH system, and therefore it also validates
that this simulation resembles the typical dynamics of a UFH system.

The price of heating over one heating season is plotted in Figure 5. Before reviewing
the plot, it is necessary to explain how this price is calculated. The price will also serve as a
benchmark to prove that significant cost savings are possible by utilizing reinforcement
learning in UFH. To that end, in this article, it is assumed that the heat supply is an
air-to-water heat pump.
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Figure 3. Room temperature and associated valve position over a period of 8640 s (0.1 days). By
investigating the graph, the dynamic response can be analyzed.

The price of heating with a heat pump can be simulated by knowing the cost of
electricity, the dynamics of a heat pump, and the power consumption of the system. The
cost of electricity is assumed to fluctuate during the day. The average Danish price of
electricity during a day can be seen in Figure 4a [37]. The dynamics of a heat pump
can be described with the Coefficient of Performance (COP), which is a function of the

ambient temperature and the supply temperature. This COP can be seen in Figure 4b [38].

Additionally, it is necessary to describe the Part Load Factor (PLF), which describes how the

efficiency of the heat pump depends on the duty cycle. This PLF is shown in Figure 4c [39].
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Figure 4. Dynamics of a heat pump: (a) Shows the average electricity prices, including taxes in Denmark as a function of the time

of day (tod). (b) Shows the Coefficient of Performance(COP) as a function of the ambient temperature, for four different supply
temperatures. (c) Shows the Partial Load Factor(PLF) as a function of the duty cycle (D).
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price[Euro pr day]

1.4 -

1.2 -

1.0 -

0.8 -

With the Cost of Electricity (CE), the COP and the PLF described and the power
consumption of the system (AE) available from the simulation, the cost of heating with a
heat pump can be simulated with Equation (4):

AE

cost = - CE(tod). 4
COP(Tamb/ Tsupply) ! PLF(D) ( ) @

From Figure 5, it is evident that the price of heating over one heating season varies.
The lowest cost is found in the spring/autumn period and highest during winter. Though
there is a yearly trend, it is also evident that the price during a 14-day period can vary 30%,
as seen from day 200 to 210.

Traditional Control Policy

50

100 150 200 250 300
Time[days]

Figure 5. Price of heating over one heating season for a one-temperature zone system, of 30 m?. The price is price per day

in Euro.

Finally, the power consumption is reviewed. The temperature zone is 30 m? and
consumes 3561 kWh over a heating season at a reference temperature of 22 °C, meaning an
average of 118 kWh per m2. An average Danish house uses 115 to 130 kWh per m? [40],
which shows that the simulation is within what is considered average in a Danish climate.

The use case is now described, the simulation has been evaluated, and it has been
shown that it resembles a traditional Danish house. The RL algorithm can therefore be
designed and tested on this simulation.

4. RL Algorithm Design

Figure 6 illustrates the hydraulic system for a four-zone UFH system. The system
in the figure consists of a heat pump with a supply temperature and four on/off valves
controlling the temperature of each of the four zones. The MARL algorithm is designed
as an MG in a general sum setting as explained in Section 2.2. By reviewing Section 3, it
can be seen that the natural way of dividing the UFH environment into multiple agents is
achieved by having one agent control the supply temperature and one agent for each of
the temperature zones. Each of the temperature zone agents will, in this setting, control
the on/off valves supplying the zones with hot water. This setup means that for a four-
temperature zone UFH system, there are five agents, as illustrated in Figure 6.
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Mixing |Heat
Agent | Pump Return

*VA = Valve Agent

Figure 6. Four-zone temperature system, with a air to water heat pump. From the illustration, it can
be seen how the agents are divided into one mixing agent and four valve agents. The mixing agent
controls the supply temperature and the valve agents control the flow to each zone.

By splitting the environment into five agents instead of one, the action space is changed.
The result of this change is shown in Table 3. From the table, it is seen that the actions can be
formulated as one action with 240 discrete values or as 5 separate actions, which are either
15 or 2 discrete values. With this formulation of the action space, A = (a1, a3, a3, 44, 45]. A
distributed RL formulation of the problem can be written as in Equation (5).

Qiyi(s.a',.a") =

Egore | (1—a)Qi(s,a'.a") +afr} + pmax Qi(s',al,.,a")]|.
o

©)

Table 3. Action space for Single Agent RL ann Multi Agent RL.

SARL MARL
Single Agent/Mixing Agent 240 15
Valve Agent 1 0 2
Valve Agent 2 0 2
Valve Agent 3 0 2
Valve Agent 4 0 2

From Equation (5), it can be seen that all agents have a Q-function and have full
observability of the actions of all other agents. However, if the UFH system is investigated,
it can be argued that each valve agent has little to no effect on each other. For this reason, it
can be argued that the connections between the valve agents are unnecessary and therefore
should be removed. Removing these connections will give the following formulation of
the Q-functions, see Equations (6) and (7). Here, 1, - - - , m refers to valve 1 to valve m and
st refers to the supply temperature:

Q?:—l (s,a%,a"m) =

i((,st v i st/ st v (6)
Boare (1= 0)QH(0, %) + ol + pmax Qf (¢, a*, 0]

QP (s,a,a%) =

. ) 7
Bop | (1= )QH(5,0%, 0%) + ol + ruax O (%, 7] . 7

Since it is argued that zones have little to no effect on each other, it can also be argued
that parts of the state space should only be locally observed. For this reason, the local state
space [Sst, Sv1/ 5057503, sv4] are defined, and the Q-functions can be rewritten to Equations (8)
and (9). Elaboration on which states are relevant for which agents are given in Section 4.3.
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With the Q-functions formulated, the foundation for the MARL algorithm is estab-
lished. An illustration of the structure of how the agents are interacting with the environ-
ment can be seen in Figure 7.

Valve a
Agent 1 !
-\

(sz,rz)
> (s

‘mix” mix)
(853) Valve
(s:,r:) Agent3 J&—7
N -
a

Figure 7. Illustration of how the agents interact with each other and the environment. In the figure,
four valve agents, one mixing agent, and a four-zone Underfloor Heating System can be seen. The
sequence of interactions is as follows; all valve agents choose an action based on the state of the
environment. These actions are passed to the mixing agent, the mixing agent chooses an action based
on the state of the environment and the actions of the valve agents. All actions are passed to the
environment and the environment returns states and rewards for the agents.

The following explains (1) which RL methods are used, (2) the pseudo-code for the
algorithm, (3) how the reward functions are formulated, (4) how the state-action space is
distributed, and (5) which hyper-parameters are used.

4.1. Reinforcement Learning Methods

The backbone RL algorithm used in this paper is the deep double Q-network algorithm
with experience replay, N-step learning, and epsilon greedy decay exploration.

The N-step eligibility trace used in the algorithm is also used in [41,42]. This approach
is chosen due to the slow dynamic of the UFH system, making eligibility traces desirable.
Experience replay is also used to enhance data efficiency. The implementation of experience
replay is customized to N-step eligibility trace and MARL. This is done by maintaining the
experience in mini-batches with the same length as the N-step eligibility trace. Additionally,
the experience replay is synchronized between the agents, so the experience for agent; at
time t has the same timestamp as the experience for agent; at time ¢. The pseudo-code for
the MARL algorithm can be seen in Algorithm 1.
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Algorithm 1 MARL Deep Q-Learning.

1: for each iteration k do

2: for each environment step do

3: Observe state S¢ and distribute local states s}, s?...s! to respective
agents.

4: Valve agents select action u]; (n) = MaXay, Q(s, a’:n;; ;0) or pick ran-
dom action with probability epsilon.

5: Mixing agent select action a’fnix = max,,, Q(s, af] ()’ 6) or pick ran-
dom action with probability epsilon.

6: Collect action a}, a%...a? to A execute Ay and observe next state Sy
and reward.

Store (s, af, r{, s{, ;) in replay buffers D".
: Decay epsilon
9: end for

10: for each update step do

11: Agent n sample experience of size B each with length n-step from D".

12: Compute Q-values as described in Equations (7) and (9).

13: Calculate losses for all agents.

14: Calculate gradients with respect to the network weights 6 and per-
form gradient step.

15: Every C environment step, update target networks.

16: end for

17: end for

4.2. Reward Functions

To gain intuition about the reward functions, two base functions are defined—one for
the valve system and one for the supply temperature.

4.2.1. Valve Reward

The valve reward is shown in Equation (10). The reward function depends on two
sub-functions shown in Equations (11) and (12).

2—(To—Typ)  if216 < T: <22

R(T, V, He) = { —(Tz — Typp) if21.6 > T,or T, > 22, (10)
—H, if SC = active
not active if21 < T, > 23
SC(T,, V) = { active if T, <2land VP =0, 11)
active if T, <23and VP =1
1+ H if SC = acti
Hos0) =], "H¢ o mactive. 12
5 if SC = not active

The abbreviations in the equations above are the following: R = Reward SC = Safety
controller, T, = Zone temperature, V = Valve position, and H, = Hard constraint.

The two sub-functions Equations (11) and (12) are a part of a safety framework for
ensuring robust behavior in RL [43]. In [43], it is demonstrated that by implementing a
safety controller, in this case a tolerance controller, on top of the RL algorithm, robust
behavior can be ensured. The safety controller is activated when the RL controller is trying
to explore the action-state spaces that are known to be outside safety boundaries. The H¢
variable is the soft constraint that iteratively increases linearly as the agent continuously
tries to explore parts of the action-state spaces, which is known to have negative comfort
characteristics. The immediate +2 reward, which is received when the agent is less than
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—0.4 °C from the reference point, enforces that the comfort is highest when the temperature
is in this range. When the reward function is used in the MARL setting, the reward is
simply distributed so that each agent receives the reward for the zone it is controlling.
When the rewards are used in the SARL setting, all rewards are summed into one reward.

4.2.2. Supply Temperature Reward

The reward function for the supply temperature is shown in Equation (13), and the
associated sub-functions are shown in Equations (14) and (15).

2— (T, —=T,sr)—P if216 < T, <22and VP =1
R(TZ, v, Hc) _ ( z ref) 1 < 1z an (13)
—(T, — Tref) - P if21.6 > T, or T, > 22
t acti if T,, > 20.5
SC(T,, V) = not active if T, > (14)
active if T,, <205and VP =1
1+ H if SC = acti
Hc(SC) = e : acive. (15)
5 if SC = not active

The abbreviations in the equations above are the following: R = Reward, SC = Safety
controller, T, = Zone temperature, V = Valve position, H. = Hard constraint, and P = Price.

From Equation (13), it is seen that the reward is much like the reward from the valve
agent, with the difference that the +2 reward requires that the valve is open. When heating
with a heat pump, it is optimal to have as much water circulation as possible. Adding that
the reward is highest when the valve is open enforces this behavior. The price is a scalar
between 0 and 1, and the lower the price of heating, the better.

Like in the valve reward function (Equation (10)), a safety controller is put on top of
the RL algorithm. Simulation results show that it has some of the same effects as in the case
of the valve agent reward. The safety controller is the outside compensate supply temperature
used in the simulations in Section 3.2. The safety controller is activated whenever the
temperature in a given zone is 1.5 °C lower than the reference temperature, and the
associated valve is open.

4.3. Input States

The input states to the RL agent are a mix of actual states of the system and parameters
that are functions of the system’s states. The input states are divided into valve input states
and supply input states. The input state space is explained from a MARL point of view.
From a SARL point of view, the same states are used. These are combined in a single tuple
and sent to the single agent.

4.3.1. Valve Input States

Seven states are used in the valve agents. All states are normalized so they assume a
value from 0 to 3. These states can be seen in the list below.

®  Valve agent input:
-  RoomTempic€ {1,---,n},[°C];
-  ARoomTempic€ {1,---,n},[°C];
- Hard constraint Valvei € {1,--- ,n};
-  Supply temperature, [°C];
- Ambient temperature, [°C];
- Sun, [w/m?];
—  Time of day, [hour and minutes].

From the list above, seven input states can be seen, the “A Room Temp” is the gradient
of the room temperature, and the “Sun” is the strength of the Sun. In the weather file, this
strength is measured in [W/ m2].
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4.3.2. Supply Temperature Input States

The input states for the supply temperature can be seen in the list below.
e Supply agent input:

- Room Tempi € {1,---,n}, [°C];

- ARoom Tempi € {1,---,n}, [°C];

- Hard constraint Supply;

- Supply Temperature, [°C];

—  Ambient Temperature, [°C];

- Sun, [w/m?];

—  Time of day, [hour and minutes];

—  Price, [Euro].

From the above, it can be seen that many of the states are the same as in the valve
agent, only the price and the hard constraint states are different. An overview of how the
number of states increases as the number of temperature zones also increases is given in
Table 4.

Table 4. Overview of how the number of input states is increasing when more zones are added to the
system for both MARL and SARL.

Supply Agent Valve Agent Single Agent
One zone 8 7 10
Four zones 17 7 22

4.3.3. Action Space

As explained in Section 3, the action space for the SARL formulation for a four-zone
UFH system is a discrete value from 0 to 239 and the action space for a MARL system is a
vector as follows: A = [aq, a5, a3, a4, a5), see Table 3.

Tests in the simulation have shown that when doing simulations with SARL, it is
necessary to manipulate the action state space, so that there are 31 actions instead of 240
for a four-zone system. This reduction is done by separating the control of the valves and
the control of the supply temperature. That is, the agent can either control the valves or the
supply temperature at a given step. This reduction results in 16 actions for the valves, and
15 for the supply temperature, hence the 31 actions all in all. The reduction of the action
space is also done in SARL for the simulation of the one-zone system resulting in the 16
actions. That is, 15 mixing actions and one action for closing the valve, hence the action
state space for the one-zone SARL and MARL algorithms are similar and therefore, it is
expected that the convergence time will be similar. An overview of the action space in the
different settings can be seen in Table 5.

Table 5. Overview of how the input states are increasing when more zones are added to the system
and how MARL and SARL are affected by this.

Supply Agent Valve Agent Single Agent
One zone 15 2 16
Four zones 15 2 31

4.3.4. Hyperparameters

The hyperparameters used for training and testing the algorithms are displayed in
Table 6. The values seen below are found from empirical tests of the algorithms.
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Table 6. Hyperparameters used for training the agents.

Supply Agent Valve Agent Single Agent
Learning rate 0.01 0.01 0.01
Epsilon decay 0.0005 0.0005 0.0005
Epsilon max 1 1 1
Epsilon min 0.1 0.1 0.1
batch size 432 432 432
N_steps 45 45 45
gamma 0.9 0.9 0.9
ANN 60 x 60 x 60 60 x 60 x 60 90 x 90 x 90
Target update rate 540 540 540

The following section will present a test plan explaining which experiments are
required to prove scalability in MARL and increased performance when compared to
a traditional controller. Furthermore, the results of the experiments will be presented
and analyzed. All raw data obtained from these simulations can be found in (https:
/ /github.com/ChrBlad/MARL_data, accessed on 30 March 2021).

5. Experiments and Results

A test plan is established to validate that the MARL formulation reduces training time
and hence improves scaling capabilities compared to a SARL formulation. The test plan
includes two test levels, consisting of environments with one and four temperature zones,
respectively. By introducing these test levels, it is verified that the scaling problem stated
in the introduction is solved using MARL. The test plan is outlined in Table 7 and consists
of six tests and three comparisons. Both test levels consist of simulations of 1000 days. To
review how MARL performs in comparison to SARL, the reward of the MARL is compared
to the reward of SARL.

Table 7. This test plan elaborates on which experiments are necessary to prove scalability in MARL
and better performance in Reinforcement Learning when comparing with traditional control (TC).

SARL MARL TC
Test Level 1 1 1 0
Test Level 2 1 1 1

5.1. Test Level 1

In Test level 1, a single zone UFH system is simulated with a MARL and a SARL
controller, respectively.

Figure 8 shows that the MARL and SARL algorithms converge in approximately the
same time, about 180 days. This is in accordance with the assumption that the convergence
time should correlate with the size of the action state space. Since the distribution of agents
in a one-zone system almost results in the same action state space as if it was one agent,
the convergence time is more or less the same. The performance of the RL algorithms,
compared to a traditional controller, is better after 40 days of training. However, a drop in
performance is seen after 80 days. This drop is due to change of seasons and therefore load
conditions that are unknown to the RL. After 120 days, the RL algorithms are shown to
perform better than the traditional controller. There are a few days during a heating season
where the MARL and SARL controllers are not performing better than the traditional
controller. This can be found around day 220 and 240. These days are exceptionally cold
and therefore the system is in saturation and therefore the RL-controller cannot improve
the performance.



Energies 2021, 14, 7491 16 of 20

60 -
40 -
20 -
©
c 0-
2
£ —20-
&
© —-40 -
>
< _60-
-80 - ~—— MARL
~—— SARL
-100 - Traditional Control
0 200 400 600 800 1000
Time[Days]
Figure 8. Reward signal of the one-zone UFH system. Simulation time is 1000 days.
Some variation in the reward signal is observed after the algorithms have converged.
This is due to the seasonal effect on the comfort and prices of heating. This is to be expected
and may be different for the reward plots seen in other articles, where the reward converges
to a constant value.
5.2. Test Level 2
In test level 2, the SARL and MARL performance in a four-zone UFH system is
compared. The result of test level 2 is shown in Figure 9.
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Time[Days]

Figure 9. Reward signal of the four-zone UFH system in, simulation time is 1000 days (working on 2000-day simulation

results).

From the reward plot of test level 2, some of the same behavior as in test level 1 can be
observed. The MARL agents converge after 180 days but are performing well after 40 days.
The SARL agent converges to approximately the same as the MARL but after 600 days.
This difference in convergence speed confirms the assumption on the relation between
convergence speed and size of the action space. Whereas SARL and MARL both works for
a one-zone UFH system, the advantages with MARL are clear in the four-zone simulation.
MARL results in faster convergence and marginal better convergence over a time period of
1000 days.
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As the SARL and MARL converge to almost the same policy with identical perfor-
mance, there is no reason to compare the performance in terms of comfort and price.
However, it is interesting to compare the RL performance to the traditional controller. For
this comparison, MARL is used.

Traditional Control vs. MARL

The reward signal is a good measurement of performance. It does, however, not
explain how much better a MARL algorithm performs in terms of comfort and price
compared to a traditional controller. The performance in terms of comfort and price is
therefore evaluated.

Firstly, the room temperature data for zone #1 is evaluated from a histogram to
determine the distribution of the temperature data.

As shown in Figure 10, the temperature distribution for a traditional controller is far
from normally distributed. For this reason, standard deviations or variance cannot be used
to calculate performance. A box plot for each temperature zone is therefore used. From
this plot, it is possible to conclude on the variation in the room temperature for each zone.

12000 - MARL
Traditional Control

10000 -

8000 -

Frequency
[~
(=
S
(=]

N ii
. .L

21.50 21.75 22.00 22.25 22,50 22.75 23.00 23.25
Temperature[C]

Figure 10. Histogram of room temperature in zone #1 from simulation with four temperature zones.

Figure 11 contains four box plots showing the temperature variations in each of the
four temperature zones. From these plots, it can be deduced that the variation is about 40%
less with MARL compared to a traditional controller. Note, outliers have been removed
from the data before being used for the box plots. Smaller variations in the temperature
give both better comfort and reduced price. Hence the MARL agents behave like this.

The cost of heating with the MARL algorithm, the traditional controller, and the
savings as a function of time can be seen in Figure 12. The cost is calculated based on the
description in Section 3.2 and Equation (4).

From this plot, it can be concluded that the savings vary over the season, but the MARL
controller performs better than the traditional controller at any point in time. The average
savings are 19% when using MARL compared to a traditional controller. During the first
20 weeks, it can be seen that the savings oscillate more then the remaining 120 weeks, the
reason for this is naturally that the control policy of the MARL agent has not jet converged.
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Figure 11. Boxplots of temperature distribution in (a) zone 1, zone 2, (b) zone 3, and zone 4 in the four-zone UFH system for
the MARL simulation and the simulation with a traditional control policy.
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Figure 12. Price of heating per week for MARL and traditional control for a four-zone UFH system over a 1000-day period.

6. Discussion

The results of this paper is based on a unique simulation environment, for this reason
general savings of 19% can not be proven, and there is no standard model to benchmark
against. However when reviewing Sections 3 and 3.2, it is shown that both the benchmark
controller and the simulation environment gives a valid view of a real world test. In the
Git repository, the simulation environments and control code are available. The authors
do encourage researchers to benchmark further algorithms against this code. Since this
is a simulation environment and not a real world test, the algorithm has not been tested
for robustness towards sensor faults, sliding errors in sensor measurement, or stochastic
behavior. The main purpose of this paper is to prove that this algorithm can converge
fast to the thermal properties of a house. Further research will prove if this algorithm is

resilient towards stochastic behavior in the forms mentioned above.

18 of 20
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7. Conclusions

In this paper, we explore a novel approach for building control strategies with Multi-
Agent Reinforcement Learning for underfloor heating systems. Formulating the Underfloor
Heating (UFH) system as a Markov Game (MG) instead of a Markov Decision Process
(MDP) makes it possible to distribute the action space locally between agents. Moreover, it
is argued that it is possible to have some states of the system observed locally.

By using a multi-agent structure and observe states locally, it is demonstrated in
simulation that convergence time can be reduced by more than 70% when compared with
a single agent approach. Furthermore, it is shown that as the complexity of the state-
action space increases, the convergence time of the MARL agent will remain acceptable.
In comparison, a SARL agent becomes almost unfeasible. Additionally, the simulation
experiments show that MARL is a better alternative to traditional control methods when
comparing heating costs. The simulation shows a 19% reduction of the heating cost. If
assuming a Seasonal Coefficient of Performance (SCOP) of 4, the average size of a house is
140 m? [44], and the average heat consumption is 115 kWh per m?, these savings sum to
approximately 750 kWh of electric energy per year in an average Danish household.
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1. Introduction

Heating Ventilation and Air-Conditioning (HVAC) systems are today con-
suming approximately 40% of the annual energy consumption in the US which is
assumed to be true for much of the western world as well [1]. There are multiple
ways of making these systems more efficient, one of them being improving the
control algorithms. Traditionally, control systems for HVAC systems are event-
based controllers typically based on; the temperature of the zone (hysteresis
control), the ambient temperature (outside-compensated supply temperature)’,
and the time of day (scheduling) [2].

Event-based controllers, like the one described, do not allow for any pre-
dictive control and because of the delayed and slow responses associated with
HVAC, especially for radiant heating or cooling, this is not optimal. Further-
more, the cost of energy and the efficiency is not constant. For compressor
systems the efficiency dependents on the ambient temperature, the part load
factor, and energy prices. Hence, the price of heating is highly dependent on
what happens not only in the current time step but also what happens in the
following time steps [2].

A common method to do predictive control is Model Predictive Control
(MPC). This has previously been described in the literature in relation to HVAC
systems [3, 4, 5]. When doing MPC a model is required, however, not two build-
ings are alike and the dynamic of a building can also change over its lifetime,
which requires a new model for each scenario. For these reasons, MPC con-
trollers for buildings are both expensive to make and can also be expensive to
maintain.

Other smart controllers are scheduling energy usage according to energy
prices [6, 7]. These controllers naturally need a model to predict energy usage
and are therefore, like the MPC controller, expensive to commission.

An expensive commissioning phase is a cause for concern. A study of 150
existing commercial buildings showed that a recommissioning could reduce the
energy consummation by 15% on average [8]. Model-free Reinforcement Learn-
ing (RL) is, as the name suggest, a model-free method to do predictive con-
trol [9, 10], hence do not require the commissioning of a model. Numerous
papers concerning the usages of RL in HVAC systems have been published
[11, 12, 13, 14]. These papers show that RL algorithms compared to traditional
event-based controllers can reduce costs between 5.5% and 15%. The papers
describe the problem with using RL and how it requires a substantial amount
of time/data to converge towards a optimal solution.

To overcome slow convergence, Multi-Agent Reinforcement Learning (MARL)
for HVAC systems has been proposed in [15, 16, 17]. In MARL, the environ-
ment is formulated as a Markov Game which reduces the complexity of the
action space. In [17], additional steps have been taken to reduce the complexity
of the action state space, hence reducing the convergence time.

This paper proposes a model-free offline MARL algorithm as a solution to
the problem of poor behavior during early training of the RL agents. This is
done under the assumption that a traditional controller is accessible and has an



acceptable performance.

Offline training of a RL agent has been applied in HVAC systems in [18].
However, this approach is based on an extensive model, which is as expensive
to commission as an MPC controller. Offline RL for HVAC systems based on
available data, has been proposed in [19] but the idea has not been developed.
In [20], model based RL is used in an online fashion to control airflow. The
model in the paper is a grey-box model, hence based on an actual model where
the parameters are approximated by an artificial neural network (ANN) and
thereby more generic than MPC. However, grey-box models can only model the
dynamics of the model on which it is based on which is a limitation when taking
use for general purpose and not any specific environment,

The idea

This paper explores the possibility of training the RL/MARL agents in black
box model environments, before deploying the control algorithms in the real-
world system. Because this paper strives to use a data-driven model/models,
data is required for the model to be obtained, which is why this article works
with two scenarios:

e Scenario A: A new installation where there is no prior data from the
environment.

e Scenario B: A recommission of an existing installation where prior oper-
ating data is available.

The model is a black box nonlinear regression model that to a large extend
is able to model the dynamics of the real world environment. How this model is
designed is explained in section 4. In Figure 1 scenario A can be seen. Scenario
B can be derived from Figure 1 by removing step 1 where the "traditional
controller” is interacting with the environment.
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Figure 1: Illustration of scenario A: The traditional controller interacts with the environment
T time steps, after each time step the action and state transition is saved in the data buffer.
The data set is passed to the SRM ones trained, the SRM is used as a artificial environment
for the RL agent to train until convergence. The trained agent is then deployed in the real
environment, the agent can still do limited exploration for fine tuning. Step 2, 3 and 4 will
be repeated until the SRM converges.

The goals of this paper is to verify, in a Dymola Simulation, that the above
described framework does work in both new commissions of buildings and com-
missions where data is available.

Above, the motivation, related work, and the overall idea for this paper has
been described. Following this, in section 2 the background for this paper is
explained. The simulation environment, on which the results of this paper is
based, is described and evaluated in section 3. This environment is built in
Dymola, hence the results of this paper is purely simulation based. The reason
for doing a simulation based study, is that it takes years of data to complete
this study which in real-time would make this study difficult to realize. In
section 4 the black box model is designed and evaluated. The evaluation is
done by comparing the black box model to the results of the Dymola simulation
model which is considered the ground truth. In section 5 the RL framework
presented in section 1 is deployed in the Dymola simulation and a comparison
with a normal RL deployment, and a traditional deployment is made. Lastly,
the results are concluded in section 7.

2. Background and Contributions

This section gives insights into model-free RL, MARL, Offline training, and
black box model generation.



2.1. Reinforcement Learning

Model-free RL is a learning method that by interacting with the environment
learns an optimal control policy 7* [9]. In Single Agent RL (SARL), the inter-
action between environment and agent is defined as a Markov Decision Process
(MDP) and for Multi Agent RL it is a Markov Game (MG). An illustration of
this interaction is shown in Figure 2.
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Figure 2: Illustration of difference between a Markov decision process and a Markov game.
In figure l.a can one agent and one environment be seen. The agent interacts with the
environment by sending a tubule of actions and receiving one reward and the states of the
environment. In figure 1.b can multiple agents and one environment be seen. The action
space is split into i number of actions, each agent is receiving a reward and the states of the
environment.

As seen in the illustration in Figure 2, the difference between an MDP and
an MG is that multiple agents are controlling the environment. The reason
for formulating a problem as an MG is often due to the complexity of the
action-state space. Richard Bellman formulated it as RL suffer under ”the
curse of dimensionality” which means as the complexity increases, so does the
time required to converge towards a solution [21]. Hence, this paper uses MARL
to converge as data efficient as possible.

In RL there are several different updating/learning methods; policy-based,
actor-critic, and value-based. This paper focuses on value-based RL, more
specifically Q-learning. In Q-learning the central idea is to satisfy the Bellman
optimality equation Eq. (1) [9]. In Q*(s,a) is given as follows:

Q*(s,a) = E[r + ymaxQ*(s ,a') | 5,d] (1)

In Eq. (1) is Q* the optimal Q-function of the system. Q* is given by the
reward at time t(r), and the discounted reward of future states. Where ~ is the
discount factor and Q*(s’,a’) is the future reward. Q* is not typical known,
the entire reason for doing value based RL is to learn Q*. this can be done
effeciently with Artificial Neural Networks (ANN’s). The Q function then looks
like the following Q*(s, a; ) where 6 is the weights of the ANN.

To learn the Q* function a back propagation trough the ANN is performed,
this is done by calculating the difference between the calculated value of the Q
function, and the estimated Q function. This can be done for every integration
or in batches. It is typical to do so in batches[9, 10].



Eq. (1) is a single agent formulation of the Q-learning algorithm. However,
as stated in the introduction, this paper formulates the environment as a MG
and uses MARL. A Q-learning algorithm for an MG can be formulated with
Eq. (2) [22].

Q""(s,a1,..,am) = E[Ry41 + 7 max Q (s, a),.nay) | sya1, . am]  (2)

In Eq. (2) Q*™ refers to the Q function of the m’th agent in the system.
It can be seen that all m agents observe all states (s) and all actions ay, ..., Gp,.
This ensures convergence. However, this formulation is data expensive because
it does not reduce the complexity of the problem.

In [17] it is shown that by making assumptions about the environment, the
Q-function can be formulated as shown in Eq. (3) and (4). This formulation
can only be made because we know that it is a UFH system with a supply
temperature and on/off valves.

Q.st(s.st’asf,$a1;1..m) -E |:Tsf, + Bma;XQst(s/sz’ast’aul..m.):| (3)
ast
va (s”m,a”m,ale) -F [7,11," 4 ﬁ Iélﬁnx va (s/vm7 a/vm7a25j1)] (4)

In is Q' the Q funciton for the supply temperature agent and QU™ is the
Q function for the m’th valve agent. It can be seen that local states are made
for each valve agent and the supply temperature agent. Furthermore can it be
seen that the valve agents are not aware of current action of the supply agent,
but only past actions.

An illustration of the communication structure can be seen in Figure 3.
Additional can a illustration of a UFH system, with the valve and supply tem-
perature, be seen in Figure 5 in section 3.
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Figure 3: Illustration of how the agents interacts with each other and the environment. In
the figure four valve agents, one mixing agent and a four-zone UFH system are be seen. The
sequence of interactions is as follows; all valve agents choose an action based on the state of
the environment, these actions are passed to the mixing agent, the mixing agent chooses an
action based on the state of the environment and the actions of the valve agents. All actions
are passed to the environment and the environment returns states and rewards for the agents.

From Figure 3 it can be seen that all valve agents and the mixing agent
have individual reward functions and observable states. The communication
structure is structured such that valve agents are communicating their actions
to the mixing agent, and then the joint actions of the controllers are sent to
the environment. A similar way of communicating the actions is used in [23]
in a general purpose RL setting. The reward function for each agent, and the
corresponding states and action are elaborated on in section 4.

2.2. Offtine Training

Offline training of an RL algorithm requires a model of the real environment
or data. When training from data there are multiple issues, the obvious one is
a limited amount of data. If the high reward areas of the state-action space is
not included in the data set, the value-function derived from the data naturally
will not include these areas as well. Less obvious is how the data distribution
and the shift in data distribution affects offline RL.

In supervised learning, which effectually the problem is becoming when doing
offline training directly from data, the goal is to predict some state S;i; from
S under the same data distribution. In RL the goal is to change the policy,
hence do something different, presumably better, which easily can change the
data distribution[24].

Training offline directly from data with Q-learning can be done by initializ-
ing the algorithm and load the data consisting of the state action and reward
transitions (s,a,r) into the replay buffer and allow the algorithm to approximate
the value function [24]. This type of offline RL has been applied in [25], where



the task was to enable a robot to grasp objects from a table by using image
observations.

In our work we do offline training on a model, however not a pre-built and
verified model, but a data-driven model. The argument for doing so, and not
loading the data into the replay buffer, is that it will be possible to generate
synthetic experience by applying disturbances that is not represented in the
collected data. This will combat the issue of shifting data distribution. The
model is however naturally associated with some uncertainty. For this reason
not all possible disturbances are applied but only disturbances which to a large
extend are represented in the collected data.

2.3. Black box Model Generation

Model generation can broadly be split into 3 categories: 1) Physics-based
methods also refereed to as white-box, 2) black box (data-driven) methods, or 3)
a combination of the two called grey-box methods [26]. In grey-box methods the
overall structure is defined by physics and data is then used to fit the parameters
of the model [27]. A Physics-based model requires extensive modelling work, and
because the dynamics of two houses are never the same, this work is required for
every building for which the model is to be used. This is not feasible. A grey-box
method can be variable, however it is not commission free, it does require expert
knowledge for every installation it is used in [28]. Because this paper strives to
develop a model free approach a data-driven model is developed. Even though
this paper uses a black box model, it can be argued that a grey-box model will
be more data efficient and better at generalizing from a small amount of data,
but for the reason stated above a grey-box model is not used.

There are several different methods to build data-driven models for HVAC
systems. This paper uses ANN as function approximators, which before has been
deployed in black box models for HVAC systems with success [29, 30]. Because
of the slow and delayed responses associated with a radiant heating system,
it can be beneficial to use a Recurrent Neural Network (RNN). An RNN is a
broad term for neural networks that can recognize patterns in a sequence of
data[31]. In an HVAC context this is naturally time-series data. A long short
term memory (LSTM) layer is a type of RNN that can identify patters over
shorter or longer periods depending on the problem [32]. LSTM networks has
also been used in a black box model context to predict load profiles of electricity
consumption [33]. One can argue that some of the same dynamic properties, at
least with respect to user behavior, are present in electricity consumption as in
HVAC systems.

For the purpose of investigating if LSTM networks are suited for this task is
a model with Multilayer Perceptrons (MLP) also investigated in section 4. MLP
is the typical type of artificial neuron (ANN) that is used in most supervised
learning methods. These are computational efficient, however they do not have
the benefits of the LSTM network.

A LSTM network can have several layers each layer can then have several
LSTM cells. The LSTM cells can be designed differently. The method used
in this paper, is a LSTM cell with a forget gate [34]. Other methods include



Gated Recurrent Unit (GRU), LSTM without forget cell, LSTM with a Peephole
Connection etc. [31].

In Figure 4 two illustrations of LSTM can be seen. In a) an LSTM cell with
two units and an input size of two can be seen. In b) an example of a supervised
regression model, with an LSTM network with two layers, and three time step
dependencies can be seen.

a) LSTM cell with 2 units
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Figure 4: a)illustration of LSTM cell: h is the hidden cell state, ¢ is the cell state, x is the
state from the environment, f, i cw and o are function dependencies and o and tanh are
activation functions. The mathematical expression of a LSTM cell can be seen to the right.
b) Illustration of supervised regression model with a simple LSTM network.

In Figure 4 a it can be seen how a LSTM cell can be divided up into gates.
In the forget gate is it calculated weather or not information from the past cell is
passed to the new cell state ¢;. The input gate calculated how much information
from the new state z; are included in ¢; and in the output gate the hidden cell
h¢ is calculated.

2.4. Contributions

This paper extends the current state-of-the-art for offline RL for HVAC
systems. The framework presented in this paper ensures robust behavior during
deployment by using a traditional control strategy to collect data, and then build
a black box model from this data. The training can then take place in the black
box model environment where exploration does not affect occupants of the real-
world environment. Furthermore, state of art for black box model generation
for HVAC systems is expanded by testing LSTM layers and sequential layers for
black box model generation for UFH systems. The following section presents the
simulation environment that will serve as a test environment for this algorithm



3. Simulation and evaluation

This section elaborates on the simulation environment used in this paper
and which limitation this environment has when compared to a real-world envi-
ronment. The reason for doing a simulation based study is that it takes years of
data to complete this study, which makes real-time tests infeasible for the tests
and comparison studies presented here.

Firstly, a general UFH system in a domestic building is described. This
description will help the reader to gain an understanding of how these systems
work and the disturbances that affect them. Secondly,the simulation is presented
and a short evaluation is made.

Figure 5 illustrates a UFH system with n zones. We simulate a 4-temperature
zone system, however the dynamic is best described from a general point-of-view.

@ Loss
M
= eoeo
sun_
% Floor ?R Floor
Heat Tsupply
pump TReturn

Figure 5: Illustration of a n zone underfloor heating system. From the illustration can it be
seen that the heat supply is a air to water heat pump, and that flow to the individual zones
are controlled by on/off valves. additionally can the heat fluxes, ®gyun,P Fioor and ®r,ss be
seen.

From Figure 5 the three primary heat fluxes can be seen. These all con-
tributes to the temperature of the zone, which ultimately is what we want to
control. The objective is to keep the temperature as close to a defined reference
point at the lowest cost possible.

The heat flux ® 40, is controlled by the supply temperature from the heat-
pump and the flow in each zone is controlled by an on/off valve. The response
of @ f150r is however strongly affected by two factors 1) The slow response in the
concrete floors and the type of flooring, wood tiles etc. 2) The delayed response
in the transportation of water from the heat-pump to the floor.

The heat fluxes @y, and P55 are the disturbances effecting the system.
These are dependent on the window area, wall area, insulation type, roof etc.
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and disturbances such as, sun, ambient temperature, rain, and wind.

8.1. Simulation Environment

The simulation environment is built in the Dymola simulation software. Dy-
mola is a Modelica-based multi-physics simulation software, and as such suited
to do simulations of complex systems and processes where there both is a hy-
draulic part and a thermodynamic part [35]. For Dymola, several libraries have
been developed. For this simulation, the standard Modelica library and the
Modelica Buildings libraries are used. The simulation environment presented in
this paper is described in more details in [17].

To simulate the hydraulic part of the system the length of the pipe in each
zone is defined along with the flow of water from the heat pump. Because a
UFH system is built with on/off valves and not proportional valves that can
regulate the flow to each zone, the UFH system is commissioned to balance the
flow resistance of individual branches. This means that the pressure drop over
each zone is adjusted such that the flow is 1.5L/h pr meter of pipe in each zone,
hence the flow through a zone with a 100m of pipe is 150L/h.

Table 1: Parameters used in the Dymola simulation for each of the four temperature zones.

Parameter Zonel Zone2 Zone3 Zoned
Length of pipe | 56m 105m  42m 70m

Window area 12m?  25m? 12m? 24m?
Wall area 36m2  40m2  12m?  30m?
Zone area 16m?  30m? 12m?  20m?
Zone volume 48m3>  90m>  36m3  60m3

The thermodynamic side of the simulation is constructed using the base el-
ement "ReducedOrder. RC. TwoElements”. This element includes heat transfer
from exterior walls, windows, and interior walls to the room. It furthermore
includes radiation from the outside temperature and radiation from the sun.
Wind and rain is not included in the simulation, as they are assessed to be
smaller disturbances and are therefore not included. The element is made in
accordance with VDI 6007 Part 1” which is the European standard for calcu-
lating transient thermal response of rooms and buildings [36]. An evaluation of
this simulation is made in [17].

To calculate the cost of heating with an air-to-water heat pump a model of
a heat pump is developed. This model take into account the COP[37], partial
load factor[38] and the cost of electricity. In Figure 6 the price of electricity as
a function of time of day, the COP as a function of the ambient temperature,
the supply temperature, and the partial load factor as a function of the duty
cycle can be seen.
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Figure 6: Dynamics of a heat pump: (a) Shows the average electricity prices, including
taxes in Denmark as a function of the time of day (tod). (b) Shows the Coefficient of Perfor-
mance(COP) as a function of the ambient temperature, for four different supply temperatures.
(c) Shows the Partial Load Factor(PLF) as a function of the duty cycle (D).

With the Cost of Electricity (CE), the COP and the PLF described and the
power consumption of the system (AFE) available from the simulation, the cost
of heating with a heat pump can be simulated with Eq. (5):

AFE
cost = -CE(tod). 5
COP(Tump, Tsuppiy) - PLF(D) (tod) (5)

The following section is elaborating on how the black box models are de-
signed, lastly the black box models are tested and evaluated in the simulation
environment described above.

4. Design and test of black box model

In this section the black box model, that will be used for offline training, is
presented. Firstly, the requirements of the model are presented, followed by the
limitations and design of the model, and lastly a test of the model.

The episode length for the RL algorithm is defined as 30 time-steps or 5
hours, hence the model to useful is required to predict the room temperature 30
time steps into the future. Because this is a control task, is it necessary for the
model to predict every time step in between the current time and 30 time steps
into the future dependent on which control actions is performed. An illustration
of a system like this can be seen in Figure 7, the reason why there is a different
model for each time step is to compensate for the unavoidable error that will
occur in each model, for this reason is a model made for predicting each of the
30 time steps. Alternatively to a model for each time-step, can this also be
done with a single model that is used in all time-steps, this can be visualized
in Figure 7 by replacing the 30 different models with the same model for all
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predictions. The performance of a 30 model architecture and a single model
architecture is also investigated.

St—> St 1—>
A~ modely; >Troom, | w1 [model [ >Troom, .

|
S
L o o o I At+29+ model,;[>Troom

t+297 t+30

Figure 7: Illustration of model architecture for supervised learning learning. This architecture
will compensate for the prediction error that occurs in every time step. A new model is made
for all predictions meaning that for 30 time steps, 30 models are made.

From Figure 7 it can be seen that the problem is a regression problem, where
a model is predicting the room temperature from the state of the system and
the control action performed. The states of the system and the control actions
can be seen in Table 2

Table 2: Table showing states and actions used in the model described above for a single zone
UFH system.

States Actions

Room temperature [t, oy t,g] Supply temperature
Ambient temperature [t, -, _g] Valve position

Sun [t, -, t_g]

Ambient Temperature forecast [t, -, t_g]
Sun forecast [t, -, t_g]
Time of day [t, -, t_g]

As it can be seen in Table 2 is the state-space for the model, not only the
current state at time t, but also 6 time steps back. This has to do with the slow
and delayed responses of the UFH system that was explained in section 3.

To reduce the complexity of the model it is assumed that the different zones
have no hydraulic or thermodynamic effect on each other, this means one model
can be made for each zone and then the four models can be combined into the
UFH environment that is being simulated. These assumptions are not true for
the actual simulation model, or a real-world application. However, the goal
of the black box model is not necessarily to converge 100%, but rather to be
as data efficient as possible, and therefore this tradeoff between accuracy and
complexity is sensible.

4.1. Test of Black box models
The test data is only presented for a single temperature zone. Because of
the limitation presented in the section above this is sufficient. Two algorithms
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will be tested, one with an LSTM layer as presented in section 2 and one with
a MLP network. The data foundation is 280 days, equivalent to one heating
season of data. The data is split into training and testing data, 60 days is used
for training and 220 days is used for testing. Normally, a 70/30 % split would
be used, where most of the data is used for training. However, in this paper we
want to show that we can perform well with smaller amounts of data, hence the
reason for splitting the data so we only training on 20% and validating on 80%.

The hyper-parameters for the two algorithms are shown in Table 3. These
have been found by empirical tests.

Table 3: Hyperparameters for the LSTM model and MLP model.
LSTM model MLP

Optimizer Adam Adam
Activation functions ReLU ReLU
Learning rate 0.0005 0.0005
Hidden Layers 1 1
Hidden neurans 64 64
Input layer 8x6 48
Output layer 1 1

Four tests are carried out. The prediction error for each model is presented
in Figure 8.

0.8 - —— LSTM 30 models \/\/
~—— MLP 30 models _—
o P o T~~~
7 MLP 1 model o N —

_—
_ — LSTM 1 model —

E————————
. I /\/ NN

Average prediction error[degrees K]
)
b

0 5 10 15 20 25 30
Time steps

Figure 8: Plot of the average prediction error for each time step. 4 plots can be seen, one for
the 1 model LSTM, one for the 30 models LSTM and the same for the MLP test. The data
foundation is 60 days for the training of the model and 220 days for the evaluation.
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Table 4: The average error pr. prediction, 30 time steps into the future, under the traditional
control policy.(%)
LSTM model MLP
1 model 0.3894 0.6946
30 models  0.3246 0.6166

From Figure 8 and Table 4 it can be seen that the prediction error is 45%
lower for the LSTM based model then the MLP model. Furthermore, it can be
seen that by making a model for each time step and thereby compensating for
prediction error the models perform 19% better on average.

The framework for the interaction between the RL algorithm, the real-world
environment and the black box environment is illustrated in Figure 1. The
pseudo code for this framework can be seen in Algorithm 1.

Algorithm 1 RL/Black box framework
1: if Scenario A == True then
2 s=Initialize environment
3 for I iterations do
4 calculate actions based on a Traditional Control Policy.
5: Perform calculated actions in the Real-world environment.
6
7
8
9

Store states and actions (s}, ay’) in buffers D.
end for

: else if Scenario B == True then

: Store available data in buffer D
10: end if
11: Build Black box models from available data in buffer (D)
12: for N Iterations do
13: Calculate actions based on a MARL Control Policy.

14: Perform calculated actions in the black box model environment
15: Update RL Control Policy
16: end for

17: for Inf Interactions do
18: Calculate actions based on a MARL Control Policy.

19: Perform calculated actions in Real-World environment
20: Update RL Control Policy
21: end for

The MARL algorithm referred to in the pseudo code above is developed
and described in detail in [17]. The theory supporting the MARL algorithm is
elaborated on in section 2. The hyper-parameters, input values, and the reward
functions used in the MARL are the same as used in [17]. However, these are
repeated for the convenience of the reader in the following section.
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4.2. MARL dependencies and sub functions

In the following we outline the Reward functions and hyperparameters used
in the MARL algorithm. The reward function for the valve agents can be seen
in Eq. (6), with the two sub-functions in Eq. (7) and Eq. (8).

2— (T, = They)-  if21.6 < T, <22

R(T.,V,H) = { —(Ty — Trey) if 21.6 > T, or T, > 22 , (6)
—H, if SC' = active
not active if 21 < T, > 23
SC(T,,V) = [ active ifT, <2land VP =0 , (7)
active ifT,<23and VP =1

1+ He if SC = active
5 if SC = not active

H, (SC) = { (8)

The abbreviations in the equations above are the following: R = Reward SC
= Safety controller, T, = Zone temperature, VP = Valve position, and H, =
Hard constraint.

The two sub-functions (7) and (8) are parts of the safety controller and ensure
a robust behavior, incorporating a safety controller for this type of control task
is supported in [39]. In [39] it is found that by incorporating a safety controller is
robust behavior ensured, and a reduced convergence time is archived by reducing
the action/state space to what is known to be feasible.

Similar to the reward function for the valve agents can the reward function
for the supply be seen in Eq. (9) with similar sub-functions Eq. (10) and Eq.

(11).

2— (T, —Tyer)— P if216<T,<22and VP =1
RT V) =4 p)- P L6 < T < 22 an )
—(T. —Trep) — P if 21.6 > T, or T, > 22
t acti if T, > 20.5
SC(T., V) = no.ac ive 1 > (10)
active if T,, <20.5 and VP =1
1+ H if SC = acti
H,(SC) = + Heo 1 active . (11)
5 if SC = not active

The hyperparameters for both the supply agent and the valve agent can be
seen in Table 5. From Table 5 it can be seen that it is the same hyperparameters
used in the supply agent and valve agents.
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Table 5: Hyperparameters used for training the agents.

Supply Agent  Valve Agent

Learning rate 0.01 0.01
Epsilon decay 0.0005 0.0005
Epsilon max 1 1
Epsilon min 0.1 0.1
batch size 432 432
N_steps 45 45
gamma 0.9 0.9
ANN 60 x 60 x 60 60 x 60 x 60
Target update rate 540 540

The following section, present the results of the framework.

5. Simulation Results

This section presents four simulations, two simulations with the RL/black
box framework, one simulation only with the RL algorithm, and one simulation
with a traditional controller. The four simulations are outlined below.

e Simulation 1: without RL/black box framework but with RL control.
This simulation will serve as benchmark for how the RL performs without
training in the black box model environment.

e Simulation 2: with a traditional control policy, this will serve as a bench-
mark to estimate the RL algorithms capability to reduce heating costs
while maintaining or increasing the comfort level.

e Simulation 3: with RL/black box framework, in scenario A.

e Simulation 4: with RL/black box framework, in scenario B with one heat-
ing season of data(280 days).

In Figure 9 the reward plot for simulation 1, Simulation 2 and Simulation 3
is shown.

From Figure 9 it can be seen that when using the RL/black box framework
the performance is improved or equal to the normal MARL controller. Espe-
cially during the first 60 days the performance is better. The reason for the
improvement in this phase is that the RL/black box framework follows the tra-
ditional control policy. After approximately 580 days the MARL and RL/black
box framework converge to approximately the same control policy.

In Figure 10 the results of simulation 1, Simulation 3 and Simulation 4 are
shown.
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Figure 9: Reward plot over 880 days for simulation 1, Simulation 2 and Simulation 3, where
1 is; MARL control, without the RL/black box framework, and 2 is; A traditional control
policy. and 3 is; the RL/black box frame work in Scenario A.
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Figure 10: Reward plot over 880 days for simulation 1, Simulation 3 and Simulation 4, where
1 is; MARL control, without the RL/black box framework, and 3 is; A traditional control
policy. and 4 is; the RL/black box frame work in Scenario B.

From Figure 10 it can be seen that the RL/black box framework does perform
better when more data is available. During the first period of 60 days are the
performance of scenario B notably better. After this period is the increase in
performance only a marginal. The reason for only a marginal increase, is that
the generated black box models do not become much better with the additional
data. This is discussed further in section 6.

To assess if the RL algorithms are performing better than a traditional con-
troller, the cost and comfort level are investigated. To analysis the comfort a
box-plot of the temperature distribution is made for each of the four zones in
the simulation.

From Figure 11 it can be seen that the variation in temperature is smaller
or similar when comparing MARL/Scenario A with traditional control. In the
box plots it can be seen that the median is approximately 0.2 C°lower in zone 2
and zone 4 and 0.1 C°lower in zone 1 and 3. This deviation from the reference
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Figure 11: Plots for each of the four temperature zones. In each plot the temperature distri-
bution for Scenario A, MARL and Traditional Control are plotted. The data foundation is
the entire simulation period of 880 days.

temperature of 22 C°is according to the reward functions negligible. When
comparing MARL to Scenario A it can be seen that the performance is similar.
This is to be expected since they converge towards the same control policy. In
Figure 12 the temperature distribution for the first 100 days can be seen. From
this it can be seen that the variation is higher for the MARL agents without
the offline training framework.
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Figure 12: Plots for each of the four temperature zones. In each plot the temperature distri-
bution for Scenario A, MARL and Traditional Control is plotted. The data foundation is the
first 100 days of the simulations.

Lastly the energy consumption for the 4 simulations is evaluated. The results
can be seen in Table 6.

From Table 6 it can be seen that each of the four simulations uses approxi-
mately the same amount of heat energy. However, when evaluating the electric
energy consumption it can be seen that the RL-based controllers are performing
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Table 6: Cost of heating for each of the four simulations over the entire simulation period of
880 days. Additional to the cost can the consumed Heat energy and the electric energy, the
average Coefficient of performance(COP) and the average partial load factor(PLF) be seen.

Test Heat Electric  Avg. Avg. Cost Savings
energy Energy  COP PLF

TC 43.1 MWh 15.7 MWh 2.81 0.82 21854 DKK 0.0%
MARL 42.8 MWh 12.2 MWh 3.54 0.94 18139 DKK  17.1%
Scenario  42.9 MWh 11.9 MWh 3.61 0.95 17943 DKK  17.9%
A

Scenario  42.7 MWh 11.7 MWh 3.68 0.98 17615 DKK  19.4%
B

significantly better. Scenario B is saving 19.4 % when comparing to traditional
control. Scenario B performs better then both Scenario A and MARL. It has,
however, been established that they all converge to the same control policy.
Therefore, this better performance will over time also become smaller. Over a
30-year lifespan this will most likely become close to zero.

6. Discussion

The similar performance of Scenario A and Scenario B is not given. We did
expect the performance of scenario B to be significantly better than scenario A.
However, after examining the distribution of the data of which the black box
model was made this makes sense.

In Figure 13 histograms of the data distribution for the black box models
for scenario A and scenario B can be seen.
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Figure 13: Data foundation for black box models in Scenario A and Scenario B. Starting from
the right is the Sun level, then the ambient temperature and lastly the supply temperature.
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From Figure 13 it can be seen that even though there is more data in the
black box models of scenario B it is close to the same distribution. This is the
reason for the similar performance.

All the simulations are initiated on January 1lst. One can argue that this is
a good time for collecting data, and that 60 days of data therefore might not be
enough if the data is collected during the Spring and Summer months. Further
research will establish if it is possible to estimate if a black box model will be
good or not based on the data distribution rather than the amount of data.

7. Conclusion

This paper presents a novel framework for offline RL with online fine tuning
for HVAC systems. The contribution of this paper is that by doing offline
RL poor behavior during early training can be eliminated. The online fine
tuning will allow the agent to converge better because all dynamics can not be
model in a black box model environment. It is additionally showed that this
framework can be used in retrofit situations where existing data from a building
management system can be used.

It is shown in a simulation environment that poor behavior can be eliminated
completely in both recommissioning task and in new commissioning. Further-
more is it shown that a cost reduction of 17.9 and 19.4% for new building and
old buildings with data is achieved in this simulation environment.

The black box model generation that is made in this paper is done with
LSTM networks. The performance of the LSTM networks is compared to MLP
networks and it was found that LSTM improve performance by 50% when com-
paring to MLP networks. Additionally is different types of architectures tested,
it is found that by creating a model for each time-step into the future can the
average prediction error be reduced by 17%.

8. Future Work

This paper present a method for doing RL based control of HVAC system
where poor behavior during early training is limited to the current state of art
controllers. However we note two things that still needs validation.

e A real world test where it is validated that this algorithm is able to com-
pensate for building dynamics and weather disturbances.

e A large simulation study which include occupant disturbance, to verify
that these disturbances do not cause the algorithm to fail. This should
be followed by a field test demonstrating the algorithm in houses with
occupants.

Another matter that has not been addressed is the computational capacity

required, to make control schemes like the one described in this paper. It can
give cause for concern that a framework like the one described above is from a
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computational point of view magnitudes more complex then current state of art
solutions. A internet connection and cloud computing may be a solution to this
otherwise, steps must be take to reduce the complexity of framework presented
in this paper.
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Abstract

This paper presents a field study of offline Reinforcement Learning (RL)
control of Heating Ventilation and Air-Conditioning (HVAC) system. More
specifically is the field test a UFH system, consisting of two temperature zones
located in Denmark. The algorithm tested is presented in previous work, and is
summarized in this paper. Firstly, is a benchmarking test presented, this test
has been conducted during spring 2021 and winter 2021/2022. This data is used
in the offline RL framework to train and deploy the RL policy. The RL policy
is tested during winter 2021/2022 and spring 2022. An analysis of the data
shows that the RL policy showed predictive control-like behavior, and reduced
the oscillations of the system by a minimum of 40%. Additionally, it is argued
that the RL policy is minimum 10% more cost effective than the traditional
control policy used in the benchmarking test.

1. Introduction

Heating Ventilation and Air-conditions(HVAC) systems are today consum-
ing about 40% of the annual energy consumption in the US, and this is assumed
to be true for much of the western world[1]. There are multiple ways of making
these systems more efficient, one of them being improving the control algo-
rithms. Traditionally, control systems for HVAC systems are event based con-
trollers, typically based on; the temperature of the zone (hysteresis control), the

1Corresponding author.
Email address: cblad@m-tech.aau.dk



ambient temperature(outside compensated supply temperature) and the time
of day(scheduling)[2].

Event based controllers do not allow for any predictive control, and because
of the delayed and slow responses associated with HVAC and especially radiant
heating or cooling this is not optimal, furthermore is the cost of energy and the
efficiency not constant, for compressor systems the efficiency depends on the
ambient temperature, the part load factor, and the energy prices. Hence is the
price of heating highly dependent on what happens in the future[2].

A common method to do predictive control is Model Predictive Control(MPC)
and there has been made quite a few papers on MPC’s for HVAC systems
[3, 4, 5]. When doing MPC, a model is required, and not 2 buildings are alike.
Furthermore, the dynamic of a building can also change over its lifetime. For
these reasons MPC controllers for buildings are both expensive to make and can
also be expensive to maintain. Other smart controllers are scheduling energy
usage according to energy prices [6, 7], these controllers naturally also need a
model to predictive energy usage, and are therefore like the MPC controller
expensive to commission.

An expensive commission phase gives cause for concern. A study of 150
existing commercial buildings showed that a recommissioning could reduce the
energy consummation by 15% on average[8]. Model free Reinforcement Learning
is as the name suggests a model free method to do predictive control [9], and
hence do not require commissioning, or at least very little. Numerous papers on
using RL in HVAC systems have been made [10, 11, 12, 13], these papers shows
that an RL algorithm compared to a traditional control policy can reduce cost
between 5.5% and 15%. From the papers, it can also be seen that the problem
with using RL is that it requires time/data to converge towards an optimal
solution.

When using model free RL, is there always a training period, this period
can as mentioned be long. But regardless of the length of the training period
is it important to ensure some sort of robustness/safety. In [14] is safety for
RL in general surveyed. In [15] is a framework for robust RL for HVAC system
developed. This framework is elaborated on in Section 2.

To overcome slow convergence Multi Agent Reinforcement Learning for HVAC
systems has been proposed in [16, 17, 18]. In MARL the environment is for-
mulated as a Markov Game which reduces the complexity of the action space.
In [18] are additional steps taken to reduce the complexity of the action state
space, and hence reduce the convergence time.

This paper proposes a model-free offline MARL algorithm to the problem of
poor behavior during early training of the RL agent under an assumption that
a traditional controller is accessible, that can perform acceptably.

Offline model-based RL/MARL has been applied on HVAC systems in [19].
However, is this based on an extensive model, and hence as expensive to com-
mission as an MPC controller. Offline RL for HVAC systems based on available
data has been proposed in [20], but the idea has not been developed. In [21]
are model based RL used in an online fashion to control airflow. The model in
[21] is a grey-box model, so based on an actual model but the parameters are



approximated by an artificial neural network (ANN), and hence more generic.
However, can it only model the dynamics of the model, which is a limitation
when talking user behavior ect.

2. Methodology

As described in Section 1 is this a field study of the RL algorithm developed
in [15, 18]. The methodology described in this section is therefore supported by
the above mentioned papers.

The 3 Methods that are validated in this field test are the following:

e A robustness framework that ensures robust behavior regardless of the RL
agent’s current policy.

e A Multi Agent RL framework that reduces convergence time.

e An offline RL framework that allows for data efficient offline training.

Before describing the method is a short introduction to RL based control for
HVAC made.

RL based control of HVAC systems

RL is as described in Section 1 a model-free learning method. RL can be
divided into value based, policy based and actor-critic based learning. This
paper only focuses on value based learning, more specifically Q learning.

Q-learning is based on the Bellman equation seen in Eq. 1 [9].

Q*(5,a) = E[Res1 +ymax Q*(s',a)] (1)

The bellman equation simply states that if the further states for all actions
is known, the optimal policy is to choose the action that results in the highest
Q value (Q*(s,a)). The Q function can also be referred to as the action-value
function, because it maps the reward value into the action state space. The
Reward function is for HVAC systems typically a trade-off between thermal
comfort and price, see eq (2)

R=oa-Comfort+ - Price (2)

We of cause never know Q* therefore we iteratively update the estimate of
Q* by interacticing with the environment. This is illustrated in Figure 1



Y

RL agent|——

Environment

A

(s.,r)

Figure 1: .

From the description above can it be derived that a RL controller can per-
form unwanted control actions, and therefore is robustness an important feature
in online RL based control of HVAC. Additionally, will the training time increase
as the complexity of the action state space, therefore is a method for reducing
this also an important feature. Lastly, will offline training make it possible
to deploy near optimal control policies which again will make RL for HVAC
systems an appealing technology.

Robustness framework

This method is developed in [15]. In that paper it is shown that by limiting
the action state space to what is known it feasible can the training time be
reduced, and robustness can be ensured.

Robustness is accomplished by designing a framework where a primary con-
troller (the RL control) is active if the system is in a predetermined part of
the action state space, if the system however enters another part of the action
state space, the secondary controller takes over. The secondary controller is a
standard industrial control policy that ensures robust behavior. An illustration
of this can be seen in Figure Figure 2.
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Figure 2: Illustration of robustness framework for RL. Were « represent the part of action
state space where the RL control policy is in control and 8 represent the rest of the action
sate space where the traditional control policy is in control.

Regardless of the configuration, this method ensures robustness. However,
to ensure convergence for the primary control so the secondary controller over
time becomes redundant is it necessary to implement some soft constraints
in the objective function of the primary controller. In [15] is it shown that
implementing linear increasing negative rewards yield the best results.

The results presented in [15] shows that by implementing linear increasing
negative rewards are the convergence time reduced by 75% when comparing to
a RL controller without the robustness framework.

MARL framework

The framework used in this field test is presented in [18]. In that paper
is a MARL framework for HVAC systems presented. The purpose of using a
MARL framework is to mitigate the long convergence time that RL usually is
associated with.

The framework contains two types of agents. 1) a supply agent that controls
the supply temperature. 2) valve agents that control the flow through each
temperature zone. As described in Section 1 and further explained in Section
section 3 is valve position and supply temperature the two actuator signals
needed for a UFH system.

This Framework is based on Q-learning, which as explained is a value base
RL learning method. The Q functions for the valve and supply agents can be
seen in Eq. (3) and Eq. (4).
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From Eq. (3) and Eq. (4) can it be seen that all agents receive partial
state spaces and that the valve agents are not aware of the action of the mixing
agent. The communication structure is setup in this manner to avoid causality
issues and to reduce the state space of the different agent. An illustration of
how the communication is set up in the MARL framework can be seen in Figure

Figure 3.
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Figure 3: Illustration of two zone MARL control structure. In the illustration can it be seen
that the valve action is passed to the mixing agent.

In [18] is it shown that this framework reduces the convergence time by 70%
when comparing to a Single Agent RL (SARL) formulation. Additionally, is it
shown that a SARL/MARL policy reduces the cost of heating by 17% when
comparing to an industrial SOA control policy while maintaining or improv-
ing the thermal comfort. This framework is also supported by the robustness
framework.

Offline RL framework

This framework is presented in [Paper D]. this work builds on top of the
MARL framework presented above. The purpose of this framework is to make
it possible to train the MARL algorithm offline from stored data. By training
offline can a near optimal control policy be deployed in buildings that already
have data available. If data is not available can data be collected online with
an industrial SOA control policy and after a period can a near optimal control



policy be deployed. An illustration of how this framework works can be seen in
Figure 4.
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Figure 4: [Paper D]The traditional controller interacts with the environment T time steps,
after each time step the action and state transition is saved in the data buffer. The data set
is passed to the SRM ones trained, the SRM is used as a artificial environment for the RL
agent to train until convergence. The trained agent is then deployed in the real environment,
the agent can still do limited exploration for fine tuning. Step 2, 3 and 4 will be repeated
until the SRM converges..

From Figure 4 can the scenario where no building data is available be seen.
Step 1 is not required if data already is available. In Step 2 can the Supervised
Regression Model be seen. This model is used in Step 3 as a simulation envi-
ronment for the MARL algorithm to learn a near optimal policy in Step 4 is
online fine tuning carried out in the real world environment, this is when the
optimal policy is found.

From a technical aspect is the SRM model the most challenging part of this
framework. Because this work strives to be commission free, is the SRM model
a black-box model. This means that unlike white box or grey box models does
this model not require any commissioning when applying it to different types of
HVAC systems.

In [Paper D] is Artificial Neural Networks used as function approximators
for the black-box model. It is shown in [Paper D] that the following model
structure with Long Short Term Memory cells reduces the prediction error on
average over 30 time-steps by 53.3% when compared to more traditional Multi-
layer preceptons and a model structure of only one model.

With the tree frameworks that will be validated in this paper presented can
the test environment be presented.

3. Real World Test Environment

The real-world test environment is located at Marinus Svendsensvej 2, 8850
Bjerringbro, Denmark. Here we have set up 3 heating zones that are, from a
thermal point of view, independent. However, they are all supplied by the same
heating source, so from a hydraulic point of view they are connected.



In Figure 5 a) the real-world environment can be seen during the winter
season. In the picture, the 4 buildings this environment consists of can be seen.
Tree heating zones and one laboratory. This can also clearly be seen from the
layout sketch in Figure 5 b. Unfortunately, due to installation complications
have Zone 3 not been included in the experiments.

a) picture of the real-world environment during winterseason

b) Sketc of the layout
Zone 2 Zone 3 LAB Zone 1

* 9Im2 9 16m2
North

Figure 5: In Figure a) can a picture of the test environment during winter be seen. 4 small
buildings can be seen in the picture. In Figure b) can the layout of the buildings be seen and
how they are hydraulic connected.

In Figure 6 a sketch of the hydraulic installation is seen.
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Figure 6: Illustration of the hydraulic setup in the test environment. the arrows indicate the
flow direction, red is the hot supply water green is the mixed water and blue is the cooled
return water. the position of the sensors can also be seen in the illustration.

From the figure it can be seen where the temperature and flow sensors are
installed in the system.

3.0.1. Data collection and hardware

The real-world test environment consists of three data collection devices, one
low-level control device, one cloud controller, and a local server. An illustration
of this data collection setup can be seen in Figure 7.
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Figure 7: In this Figure is the hardware setup for the real-world experiment illustrated.

The two of the tree data collection devices is configured alike and are placed
in each temperature zone. The sensor input collected by these devices can be
seen below:

o Room Temperature

e Supply Temperature



e Return Temperature
e Floor Temperature

e Lumen Sensor

The third data collection device is located in the lab. This device collects
the following sensor inputs:

o Flow

e Supply Temperature
e Return Temperature
e Ambient Temperature

The server device is a Raspberry Pi 4b. This device creates a local Wi-
Fi signal that the data collection devises connects to and sends their sensor
signals to the server. The sampling frequency for the data-gathering devices is
5 seconds. The server has Grafana installed and is connected to the internet,
making the data easily accessible through Grafana or an APIL. The code for the
data collection devices, the server, and the API can be found in (GIT).

The low-level control device is also a Raspberry Pi 4b. This controller can
perform the control actions the controller located in the Grundfos Cloud calcu-
lates. The low-level controller can perform the following control actions:

e Control of Supply Temperature with PI controller.
e open/close Valve 1
e open/close Valve 2

e open/close Valve 3

For the supply temperature is a PI controller designed with sensible PI
parameters the updating frequency if this is 5 seconds like the sampling rate.
The supply temperature setpoint and the position of the valves are calculated in
the Grundfos cloud and transmitted to the low-level controller over an API, new
control actions are calculated every 800 seconds. Both the low-level controller
and the cloud controller have access to the sensor data over the Grafana API.

3.0.2. Bench-marking Test

This section presents the benchmarking test that is performed in the real-
world environment, this test is performed with traditional controllers during
spring 2021 and winter 2021/2022. The period of the test is from 1th of March
to 21th of April and again from 1th of December to 4 January. In total, this is
equivalent to 85 days of benchmarking data.

To conduct this benchmark test has two outdoor compensated supply tem-
peratures, and hysteresis controllers been used. The functions for the outdoor
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compensated supply temperatures can be seen in (5) and (6). The hysteresis

ban is set for 0.01C° and the reference temperature is 22 C° for zone 1 and zone
2.

Tsupply = —0.6 - Tympient + 45. (5)

Tsupply =-06- Tambient + 38. (6)

The reason two supply temperatures are used is that the first seen in Eq.
(5) is used during the spring 2021 and the second seen in Eq. (6) is used during
winter 2021,/2022.

In the following is 5 sensor signals presented. In Figure 8 is the room tem-
perature for each of the 2 zones presented. In Figure 9 is the Lux measurement
for each zone presented and in Figure 10 is the ambient temperature plotted.

Spring 2021 Winther 2021/2022

Temperature[°C]

amiminy
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Figure 8: Room temperature in each of the 2 temperature zones during the test period.
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Figure 9: Lux measurement in each of the 2 temperature zones during the test period.
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Figure 10: The ambient temperature during the bench marking period.

4. Training and Deployment of Offline RL Policy

Before training and deploying the offline RL framework is the reward/ob-
jective function elaborated on. Even though the real-world test setup does not
include a heat pump is the reward function written for such an application. The
reward functions presented here are developed in [18].

The reward function for the supply agent and the associated sub functions
can be seen in Eq. (12) Eq. (13) and Eq. (14) respectively.

R(T.,V, H,) = 2—(T; —Trey) — P %f21.6<Tz <22and VP =1 )
—(T. — Trey) — P if21.6 > T, or T, > 22
SC(T,, V) = not. active %f T., > 20.5 (8)
active if T,, < 20.5 and VP =1
1+ He if SC = active
H.(SC) = 9
(56) {5 if SC = not active ©)

In the reward function in Eq. (12) it can be seen that the reward is dependent
on the room temperature(t,), the valve position(VP), the price of the energy
used (P), and the reference temperature(T,.s. The safety controller (SC) is
described in Eq. (13). From Eq. (13) can it be seen that if any valve is open
and the room temperature is below 20.5 °C, then the safety controller takes
over. The H,. function describes the numerical value of the negative reward if
the SC function is active.

The price of heating with an air-to-water heat pump needs to be emulated
due to the lack of the physical hardware. The model seen below considers the
COP, partial load factor, and the cost of electricity. In Figure 11 the cost of
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electricity as a function of time, the COP as a function of the ambient tempera-

ture, the supply temperature[22] and lastly the partial load factor as a function
of the duty cycle can be seen[23].

Price Dynamics
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Figure 11: [Paper D]Dynamics of a heat pump: (a) Shows the average electricity prices,
including taxes in Denmark as a function of the time of day (tod). (b) Shows the Coefficient
of Performance(COP) as a function of the ambient temperature, for four different supply
temperatures. (c) Shows the Partial Load Factor(PLF) as a function of the duty cycle (D).

lastly to describe the cost is it necessary to calculate the energy consumption
of the system. This is done with the flow measurement and the temperature
sensors. The energy consumption is calculated with Eq. (10)

AE = Q . (Tsupply - Trcturn) (10)

With the Cost of Electricity (CE), the COP and the PLF described and the
power consumption of the system (AE), the cost of heating with a heat pump

can be simulated with Eq. (11):
AE
COP(Tambv Tsupply) : PLF(D)

Much like for the supply agent can the reward function and the associated
sub functions for the valve agents be seen in Eq. (12), Eq. 13 and Eq. 14.

price =

- CE(tod). (11)

2— (T, — They)-  if21.6 < T, <22

R(T.,V,H.) = { —(T> — Trey) if21.6 >T, or T, > 22 , (12)
—H, if SC' = active
not active if21 < T, >23
SC(T,,V) = [ active ifT,<2land VP =0 , (13)
active ifT,<23and VP =1
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H, (SC) = {1+HC if SC = active (14)

5 if SC = not active

With the above described reward function and the data from the bench
marking can the offline RL method described in Section 2 be train and deployed.
For the online deployment is the exploration rate set at 3% this means that 3%
of the actions chosen by the agents are not greedy and will therefore be used
for exploration of the action state space.

5. Results

In this section is the results of the test with the RL algorithm presented.
additionally, are these results compared to the results of the bench marking test.
This section is split up into a presentation of the data. Following this is the
analysis of the data and a comparison to the bench marking data.

Presentation of RL Data

In Figure 12 the room temperature in the two zones can be seen.

34 Temp zone 1 RL
~—— Temp zone 2 RL

7"Jan 10" Mar

Figure 12: Room temperature in each of the 2 temperature zones during the deployment of
the RL algorithm.

From the room temperature plot can it be seen that the temperature is

steady at 22 °C' except for periods where the radiation causes the temperature
to rise.

In Figure 13 is the Lux measurements from the two zones presented.
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Figure 13: Lux measurement in each of the 2 temperature zones during the deployment of the
RL algorithm.

In Figure 13 it can be seen that the Lux measurements and the rise in
temperature in Figure 12 are correlated.
In Figure 14 is the ambient temperature over the testing period shown
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Figure 14: The ambient temperatures during the deployment of the RL algorithm.

If comparing the ambient temperature from the RL deployment with the
ambient temperature in the benchmarking in Figure 10 test it can be seen that
some of the same tendencies can be seen.

Analysis and Comparison of Data

To asses if the RL control policy found with offline training is performing
better than the policy used in the benchmarking test is the following investi-
gated:

o Is the RL controller exhibiting predictive control-like behavior. this is
investigated by looking at shorter time series of 24 hours.

e Compare the oscillations of the room temperatures in the benchmark data
and the RL data during periods where the system is not saturated.

e Compare duty cycle and supply temperature to estimate if the RL control
policy is reducing cost.
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For this comparison is only benchmarking data from the winter period 2021
used. The reason for this is that two control policies are used in the benchmark-
ing test. The control policy used during the winter is the best.

In Figure 15 is two 24 hours’ time series shown. The time series are taken
from the RL policy and benchmarking test, and periods have similar sun and
ambient disturbances.

25 ~——— Temp zone 1 RL
~——— Temp zone 2 RL

——— Temp zone 1
——— Temp zone 2
24
23-

22 A

21 21

Reletative time[Hours] 20 0

Reletative time[Hours]

Figure 15: 24 hour time series analysis. In this figure can 24 hours of room temperature data
for two similar days for the RL control policy and the traditional control policy be seen.

In Figure 15 can it be seen that the RL policy reduces the temperature in
the zones before the sun heats up the rooms, additional can it be seen that
the oscillations are smaller. This indicates that the RL control policy exhibits
predictive control-like behavior.

To verify that the RL control policy is performing better than the traditional
policy is temperature distribution visualized in box plots seen in Figure 16.
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Figure 16: Histograms showing the distribution of the room temperature for the RL control
policy and the traditional control policy. The data used in these histograms are only data for
periods where the system is not saturated. The system is estimated to be saturated when the
temperature is above 23 °C' and the valves are closed.

The data visualized in Figure 16 is only from periods where the system is not
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Table 1: Table showing the duty cycle over the periods of the benchmark test and the test of
the RL policy. Additional is the duty cycle over when the system is not saturated shown.
RL RL not satuarted TC TC not saturated
Zone 1 63 88 42 65
Zone 2 67 83 43 63

saturated. In Figure 16 it can be seen that the distribution for both temperature
zones is reduced. In zone 1 is the temperature distribution 43% lower and in
zone 2 is 63% lower.

Lastly, to estimate if the RL control policy is more optimal is the duty cycle
investigated. The duty cycle is shown in Table 1.

In Table 1 it can be seen that the duty cycle for the RL policy is roughly
20% higher, this is naturally because a lower supply temperature is chosen by
the RL controller.

Estimating the energy savings by comparing the price calculated in Eq.(11)
cannot be done directly since the benchmarking test and the RL policy test have
not been subject to the same disturbances. However, we can compare the duty
cycle of the two tests. The relationship between the partial load factor (PLF)
and the duty cycle can be seen in Figure 11, where the heat pump dynamics
are elaborated on [23].

In Figure 11 can it be seen that the partial load factor is roughly 0.1 lower for
the benchmarking test. The PLF has a linear relationship with the efficiency of
the system[23], this is also seen in Eq. (11). Because of this, it can be concluded
that the RL policy is 10% more energy efficient. If assuming that the price of
electricity is the same for the two tests is the RL policy at least 10% more
cost-efficient.

6. Conclusion

In this paper is a real-world test environment used to test the RL control
framework presented in [15, 18] and Paper D. Firstly, is a resume of the impor-
tant features and functions of the control framework presented, following this is
a description of the real-world environment.

In this paper is benchmarking data presented. The data is gathered during
the spring 2021 and winter 2021/2022. Two different control policies are used
where the best of the two are used for the comparison with the RL policy data.

The benchmarking data is used is the offline RL framework for offline training
where after the RL policy is deployed on the 7th of January 2022. The data
gathered from the 7th of January to the 10th of March shows that 1) from
looking at the data can it be seen that the overall performance is satisfying, the
RL controller does not perform completely unwanted control actions 2) the RL
control policy is performing predictive control like action. 3) the oscillation in
not saturated periods is reduced by 43% in zone 1 and 63% in zone 2. and 4)
the cost is reduced by a minimum of 10% when looking at the duty cycle of the
system.
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