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Abstract

The building sector is responsible Ecessive amounts of energy consumpénd energy

related emissiong he need to implemésustainable technology is crugialich as heat

pumps However, faultswithin the system psta strain on energy consumptid@tudies have
revealed that digital monitoring has the possibiiitgnhance energgfficiency. Specifically,
Machine Learning techniques has proven teuiecessful in the field of system optimization

and fault detectiowhich can help reduce energy consumption and additional costs. The aim
of this thesigs to investigatdhow data analysis and Machine Learning techniques can be used
to make performance predictions of heat pump systems.

This thesis focuses on developing regression mddelseat pump performance predictions
using data from redime field measurementsom two groundsource heat pumps connected
to a largefacility. Thepredictedperformance metricarethe Coefficient of Performance
(COP) and Carnot efficiencfhe research methodology inclisdeliterature review, data
pre-processing, feature selection and model developriibetdata was prprocessedo
remove unsatisfactorpformation,and relevant input features wedentifiedduring feature
selectionRegression models were developed ranging fsanple linear to notinear
regressiorwith up tofour input featuresind thirddegree polynomiallThe models were
evaluatedusingthree differentnodel evaluation metrics.

The results of this thesis revealed ttiegt best performing modefisr predicting CORvere

nontlinear, includingthree to four input featuresith a thirddegree polynomialThese

models were able tachieveover90%accuracy. However, models predicting Carnot

efficiency showed deviatiorfer one of the heat pumpshese results revealed the importance

of the feature selection process when developing regression mbukelsignificanfeatures

to consider were revealed to be the discharge refrigerant (the temperature of the refrigerant at
compressor outlet) and the compressor voltage sifhaldata analysis process and

regression models revealadsumed measurement error or faults in one of the heat pump
systems

In conclusion, his study emphasizes the effectiveness of Machine Learning techniques for
heat pump performance predictipapecificallyhighlighting therole of feature selection

Keywords: Heat pump, Regression modsgl|Data analysisiachinelearning Coefficient of
Performance, Carnot efficiency



Sammanfattning

Byggsektorn g for en betydande del av energiférbrulgniochenergirelateradetsiapp.Det

ar viktigt att implementera mer hallbar teknik, sdsom varmepumpar. Daremot kan fel som
uppstar i systemen tka energiférbrukninggtudier har visat att digital Gvervakning kan
forbattra energieffektiviteterspecifikt har maskininlarningstekniker visat sig vara
framgangsrika inom systemoptimering och felsokning, vilket kan bidra till mihska
energiforbrukningpch kostnadeiSyftet med denna avhandling ar att undkeshur

dataanalys och maskininlarningstekniker kan anvandas féstatiera prestandan av
varmepumpssystem.

Denna avhandling fokuserar pa att utveckla regressionsmodeller for att estimera pastanda
varmepumpar med hjalp av data fran realtidsmatningar fran tva varmepumpar anslutna till en
stor fastighetDe prestandamatt som har forutsagts ar verkningsgraden @@@arnot
effektiviteten.Forskningsmetodiken inkluderar en litteraturstyéiebehandling av data,

urval avindata ochutveckling av modellerng6rbehandlingen av daggordes for att ta bort
otillfredsstallandenformationoch relevanta indavarnableridentifierades under

urvalsprocessen. Regressionsmodeller utvecklades och strackte sig fran enkel lickar till

linjar regression med upp till fyra inda&&riableroch tredjegradspolynom. Modellerna
utvarderades darefter med hjalp av tre olika evalueringsmatt.

Resultaten av denna avhandling visade att de béasta modellerna for att forutsaga COP var icke
linjara, med tre till fyra indatafunktioner och tredjegradspolynDessa modeller kunde

uppna éver 90% noggrannhet. Daremot visade modeller som forutsade €akintiteten
avvikelser for en av vArmepumparmeessa resultat avsltjade vikten av urvalsprocessen for
indatavariablervid utveckling av regressionsmodell&esignifikantavariablerna atbeakta

visade sig vara temperaturen pa kylmedlet vid kompreisppetoch kompressorns
spanningssignal. Dataanalysprocessenreghessionsmodellerna avsléjade aven antagna

matfel eller fel i ett av varmepumpsystemen.

Avslutningsvisbetonar denna studie effektiviteten av maskininlarningstekniker for att
estimera prestanda av varmepumpar, med sarskild vikt pa urvalsprocessen fiaiiaddéa

Nyckelord: Varmepumpar, Regressionsmodeller, Dataanalys, Maskininlarning,
Verkningsgrad, Carnot effektivitet
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1. Introduction

1.1 Background

According tothe InternationaEnergyAgency (IEA)(2023) the building sectas accountable
for 30% ofglobal energy consumption and 26% of global eneeigted enssions.As stated

by thelEA (2022)the heating of buildings responsible for 10% aflobalenergyrelated
emissionsand & of today,a common source fdreating of buildings is fosdiliels. The
implementation of sustainable heating technology is therefore ctacishchthe European
Unionmission forNetZero Emissions by 205@dditionally, examiningthe energy
distributionof a building reveals that HVAC systems account for approximately 40% of the
total energy cosumption according tdhou et al. (2023)

Heat pumpsreconsidered moresustainablend energyefficient heating technologwhich
can reduce the usd fossil fuek. Theyextract heat from the surroundingsdincreasats
temperaturehroughthe thermodynamic cycie the heat pump. The increased heat be
used to heat up the air inside a building or distribute hot i&eér 2022)

Despite the benefits of heat pumpry presence of faults in HVAC systenmsgenerakauses
significant loss of energyAccounting forapproximately 150% of theoverall energy usin
buildings.This may arise fromnsufficient maintenancandmonitoring decreased
functiorality of the system componentsioaccuratenstallation(Singh et al., 2022)n a
studyconducted byAguilera et al. (2022)he most commorproblems recognizeith large
scale heat pungincludedclogging and contaminaticaffectingheat exchangeralong with
leakage of the refrigerardditionally, the components moaffected bythesefaults were
heat exchangersyaporatorsand compressors.

According tothe IEA (2024) digital monitoring and operation of HYAC systems has the
possibility to reduce overall costs and increase energy efficiency. The sesesof
technologiesn the building sectofacilitatesa large amount aflatacollection.With thorough
data analysis, valuable information can be retrievebused to makperformance
predictions of HVAC systems.

The use oMachine Learningechniguesasgainedsignificant attention and are widely used

for performance predictionMachine Learninglgorithmscan retrieve valuable information

from a datasdby finding patterns and relationships to make predictions. This has shown great
potential in the field of HVAC system optimization and fault detection as studies have
revealed a reduction of up to 30% in energy consumygfibou et al., 2023)

1.2 Aim and ResearchQuestions

The scope of this thesis is to investigate howde data analysis adatadriven models for
heat pump performance estimatidine aim is talevelop anduggesmodels capable of
accurately assessing heat pump performanceat the same tingelve intowhich variables
in a heat pump arggnificant to considein order to make reliable predictions.

The primary objectivéor this thesis and with exploring dadaiven models for heat pump
performance estimationstis investigate how they can loeveloped and furthersed to
estimate energy demand aalafault diagnosigool to achieve optimal system operation
This, in turn would lead to improvednergy efficiency, reduced operational costs, and
enhance overall sustainability.
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The research questiots be investigat aretherefore,
1. How candataanalysis together with statistical and machine learning techniques, be
used topredictthe performancef heat pumps?
2. How reliable are thsuggestednodelsfor estimating heat pump performance
considering thénput feature8 Which are the significant variables to consider?

1.3 Delimitations

This thesigs limitedto develop datalrivenregressiormodels for heat pumperformance
estimation This implies investigating both linear and rlamear regression model§he heat
pump performance in question is limited to investidetat pumpgCOPas well as Carnot
efficiency. This entails that thdeveloped models will be traingsted, and validatesith

data that has been collected from sl operationmeasurement and further been processed
to mimic an ideal state of operation when delivering heat

1.4 Methodology

Theresearchmethodologycarried oufor this thesis consists of a literature revjalata pre
processing, feature selection and model development.

Theliterature reviewwasconducted to gherinformation regarding theperational process
of heat pumpgher thermodynamic propertieand performanceetrics.This was dae to
conduct a valuable investigatiom how to estimate heat pump performatinceugh data
analysis using statistical and machine learning techniqinesliterature review also covered
key aspects of data analysis and machine leatniggin a broader understanglian the

topic. This enabled identification of the best methods tmsé for this resedncThe

literature review concluded with an investigatmm previous research made in the field of
Machine Learning applications for HVAC systems and COP estimations for heat gunigps.
provided a broader perspective over the progress that has been made so far in this field.

The dataused for this researdias beermollected from a reaime field measurement from

two operatingGround SourceHeatPumps(GSHP)connected talargefacility. The
measurements were made during the timeframe from February to Decembekrzdg8ing
data from more than one heat pump enables for companbwmalidatiorof the model
development procesAn additional feature, the outdoor temperature, was also added to the
dataset. The data for this feature wasdiactedirom measurements provided by Swedish
Meteorological and Hydrologichstitution (SMHI). Theraw collected data havarther
undergone prprocessing using the boxplot method to remove unsatisfactory data points.
This was donéeo strengthen the reliability of the data, ande able to mimic ideal values for
heat pumpperation. Subsequently, calculatiaigperformance metrics were conducted to
estimate the performance of the heat pumps. This included calculating the COP, Carnot COP
and Carnot efficiency.

Data normalization was applied befdeature selection to enable comparison between

variables in the datasdihe feature selectigorocess involvedlentification ofessential input

features for the model developmefstcorrelation analysis was made to determine

relationships between the variables in the dataset. This include®l@mthr sondés corr el
coefficient for linear relationships and Spear mands -lneaank coef fi ci
relationshipsAdditionally, a Variance Influence Factor (VIF) wesnducted to detect and

address multicollinearity amorigatures.
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The model development processolved developingegression models, both linear and non
linearwith several different input featuredlodels ranged between one inpufaar input
features, and nelinear models werdeveloped up to a thirdegree polynomiaModels with
both COP and Carnot efficiency as the output were tested asitvelinput features were
chosen based on the VIF analysis, how easily attainable they are, atetigeh of their
correlation with the calculated performance metridge developed models were then
evaluated based on three model evaluation mefftosse were thilean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE), and Coefficiemetermination ).

Thetool that was usetbr thisthesisis Python which is & opensourceprogramming
language typically applied for data analysis and machine leatasikg Python isknown for
being useiffriendly andcomprehendin@ wide variety of modulesandlibraries It is therefore
preferredamong norprofessional data scientidts conducing data visualizationsstatistical
analysesinddevelopingmachine learning algorithn{€oursera2024) The following
librariesthatwereusedto carry outhis studyare Pandas, NumPy, Matplotlib, Seaborn,
CoolProp,Plotly and Scikit LearnThese libraries are developed for data analysis and
building machine learning algorithms, except from the CoolProp lib€wglProp is an open
source libray that comprehends thermodynamic properties which facilittg=rmination of
properties among various gases and liqU@solProp 2023) This library wasspecifically
used for the thermodynamic calculasamonducted fotheheat pump performance
evaluations
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2. Heat pumps

2.1 Introduction to Ground -Source Heat Pump technology

Heat Pump

i o =~ % is transferred
| Increasing the pressure —— the building's
| raises the vapour temperature

The ground loop transfers heat
to a working fluid in the heat pump

“ Distribution
System
The distribution system can
be either underfloor heating,
radiators or forced-air system

Ground

LOOP The working fluid expands
causing it to cool

A network of pipes is
buried in the ground or
immersed in a water source

Figure 1 GSHPsystenm(Niessink, 2019)

Due to theexcessive amount of energglated emissions connected to the building sector

there is a need to mitigate the useofi-renewable energy sourcés the context of space
heating anatooling heat pumps arconsidered more sustainablalternative sincéhey

extract heat from renewable soursegh ageothermal, air or water sourc@e extracted

heat energy from the source gets increased or decreased by the operating system within the
heat pump which is then distributado the building(Singh et al., 2019)

Apart from differences in energy sources, there are also differences in operation between heat
pumps A heat pump mgeither contain an on/off or inverteontrolled compresso©n/off

heat pumpsaunchwhen the temperature falls below the setpoint, opgrat maximum

power until the desired temperature is reachaekertercontroled heat pumpgontain a

variable speed compressehich facilitatesadaptivesystemoperation basedn temperature
demandThis entails that the operation is driven by demaheah enables the compressor to

run at decreased speeds to maintain the temperature sefpeimompressor willry run at
elevated speeds when necessarydmparison to thiess expensiven/off heat pump
systemtheinvertercontrolled heat pumpffers amoreenergy effieentoperational system
(AIROSD, 2023)

The datausedfor this study is collected from Grour@burceHeatPumps (GSHP)Therefore,
thefollowing sectionbriefly provides an overview dghe technology and its components.

Closedloop goundsource heat pumpsxtracttheir energy from heatoredwithin the
groundthrough heat exchaegs Theseare displayed asiping loops in the ground buried
either horizontally or verticallySingh et al., 2019)According toSveriges Geologiska
UndersokningSGU) (2023 horizontal loops argypically instaledat a depth of
approximately 1m in the ground. Thesestemgetrievetheir heatenergy from solar radiation
stored in the surface of the grouh the other handiertical heat exchangers dypically
installedat a depttof around 106800m based on geological circumstanaed heating
demandThepipes installed in the grouradntaina circulatingheat carrier fluictalled brine
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which typically consists of a mixture of water and antifreeze orHBails works as a heat
exchanger due to the thermal conductivity of the biinleas the ability to absorb the heat that
is present in the ground and further carry it to the heat pumprs{REgli, 2024) Figure[1]
provides an overview of the operational process

This is an effectivéneat extractingystemsince during the winter months, tgeound
temperature is warmer than the air temperature. Oodiieary, the ground temperature is
cooled than the air temperature during the summer m@8thgh et al., 2019)The
temperature within the ground also varies with deythather conditions has gsificant
impact on the ground temperature above a depth dKhahogirou & Florides, 2004)
According tothe SwedishMeteaologicalandHydrologicallnstitute(SMHI) (2023)
temperature variations within the ground becomesd#ested bythe air temperaturas
depth increasedhis also implies decrease in ground temperature variatiéihg. depth of
approximately 67/m, the temperature reachiéshighest peak during the colder monémsl
remains almost constant due to minimal temperature variations.

Theoperationathermodynami@rocess within a hegump, and its components,described
in the following chapter.

2.2 Vapour compression cycle

There are four main components a heat pumprlhe evaporator, condenser, compressor and
expansion valvéisplayed inFigure[2].

Heat In Electricity Heat Out

|

Compressor

5
/—~ Compression ﬂ

Evaporation Condensation

~—— Expansion —

TSN

g
§

Expansion Valve

Condenser

Figure 2 Vapourcompression cycle (Heat Pump Association, n.d.)

The operational process is based on a vapor compression cycle to facilitatecheage

Within the cycle, there is a need of maintaining an equilibrium between a lower temperature,
and a higher temperature. This also entails achieving a balance betieeenanda higher
pressure. The cycleinswith a working fluid called a refrigeranivhichvaporizes and

condenses through the components of the cyitiesenables heat transfer from a lower
temperature source to a higher temperature delivery (Zanaarydet al., 2009)The
thermodynamic properties of a refrigerant can be displayed in a presghedpy (ph)
diagram,shown inFigure[3].
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Figure 3 EnthalpyPressure DiagramNaicker, 2015)

In the evaporator, the space is kept cold to ensure that the refrigerant remains at a low
temperatureThis is called the refrigerated spadée extracted heat from thenewable
sourceenters the evaporatahereit gets absorbed by the refrigeranhiscaugs the

refrigerantto start boiling and eventually vaporize due to the temperature diffefeoricthis

to work,theevaporating temperature of the refrigeramistbe below the temperature within

the evaporatoiThis process forms a lepressure vapour which enters the compresadhe
compressoran electric motowork input increases the temperature and pressure of the vapor
which then enters the condensEne processn the evaporataiakes place at constant

pressure. Since the formed vapor still absorbs heat from the refrigerated space during this
processit becomeslightly superheated before entering the compressor. This results in a
slight variation betwaethe inlet and outlet enthalpy. The enthalpy differeammunts for the
amount of heat that the refrigerant has absorbed from the refrigerated space, which is called
the refrigerating effect. This can bgpressed witliequation [L]. Equation P] display the
refrigerating capacityGranrydet al., 2009)

(1]

(2]

Where,

N = Refrigerating effect

0 = Coolingcapacity

4 = mass flow rate

"Qr = Evaporator outlet enthalpy
‘Q;, = Evaporator inlet enthalpy

Within the compressor, there is an electric work input englthe vapor to increase in both
temperature and pressure. This also causes differbat@serthe enthalpy of theefrigerant

at compressor inlet and outl@he enthalpyof the refrigeranincreases as gasseshrough

the compressoresulting in an elevata@frigerant enthalpy at the compressor oufléis
process is characterized Bguation [3Jandcan be explained as the required work input for
the compressoEquation [4]on the other hand, displays the electrical work input needed to
operate the compress@ranrydet al., 2009).
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(3]

(4]

Where,

- =Requiredcompressowork input

'O =Required power for compressor work input
‘Q | = Compressor outlet enthalpy

"Q j =Compressomlet enthalpy

As the refrigerant leaves the compresg@ubsequentlgnters the condens&Within this
componentcondensation takes plaagich isenabled by the presence at@ling medium.
This processccurs due to the elevated vapor pressure of the refrigehactt allowsit to
return to its liquid stateThe refrigerant must [@sess significantly higherondensing
temperature than the cooling meditorenable this procesEhe amount of heat that is
released from this processexplained inEquation p]. While Equation ] display the
calculation process to determine the heating capéGitgnrydet al., 2009).

n Q 7 QO
[5]

(el

Where

1 = Heating effect

0 = Heating capacity

‘Q;, = Condenser outlet enthalpy

The condensed liquidnters the expansion valve before istartsthe cycle.The purpose of
the expansion valve t® complete the cycle andaintain the pressure differenctesgether

with the compressoHere,there is a throttling process taking platkisis a thermodynamic
process which quickly reduces the pressure of the refrigenat at the same time causes the
temperature to drowithout any heat exchang€he expansion valve completes the cycle as
the refrigerant once again enters the evaporator at a lower tgomgesind pressufSrarryd

et al., 2009)Figure[4] illustratesthe configurationof a vapor compression cycle.

fa

c — high pressure side
condenser

low pressure side

expansion
device

compressor
evaporator

T‘?z

refrigerated space

Figure 4 Vapor compression cycle configuratic@rénrydet al., 2009)
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2.3 Coefficient of Performance (COP)

There arevariousways to determine how effective a heat pump systeihis.Coefficient of
Performanc€COP) of a heat pump is performance metriehich disclosedow effectively a
heat pumplelivers heat in comparison to the requiedettrical work inpuat a certain
moment(Mousdell 2024). More specificallythe COP of a heat pump is a measureroént
how effectively the heat pungelivers rejectedheatfrom the elevated temperature in the
condensem comparison to thesork input in the compressoFhe calculationof heat pump
COP isshownin Equation[7] (Granryd et al., 2009)

600

o|

Where,
0 = Heating capacity
'O = Required power for compressor work input

Thereis also gperformance metrithat gives an overall view on the performance béat

pump oveithe course of a fulieating season called tBeasonaCoefficient of Performance
(SCOP). In contrary to the COP measurement, the SCOP provides a more accurate
representation of how energy efficient the heat pump is as it takes temperature and weather
variations into counfMousdell, 2024)SCOP is estimated lividing the heating capacity

for the full heating season by thequired work inpufFournier, D24).

The COPIis used as a key performance indicator for heat pump systems and it is strongly
dependent on the operating conditigfahlén et al., 2014 heinlet and outlet temperatures
of theheat sourcsignificanty impact theCOP of a heat pumf@hese temperatures may vary
throughout the yedor ambientheat source@Pieper et al., 2021According toPollard and
Berg (2019)he performance of a heat pumpnfuenced by outdoor environmental
conditions. The COP of a heat pump varies with changes of temperature as it decreases at
lower temperatureg.he COPof avapor compression cycle is highly dependenthen
evaporating temperature as well as the condensing tempeFaiutiee cycle to operate at
highest efficiency, it is significant to ked#ipe evaporating temperature as high as possible,
while thecondensing temperature should be kept as low as poddiilgaining ths ensures

a highly efficient heat transfas well asa highCOPvalueof the heat pump (Granryd et al.,
2009)

The Carnot cyclgives the theoretical maximum COP of a heat puhspt shares similarities
with the vapor compression cycléjd significant to make comparisons betweée two.

When the heat pump is working at liighest efficiency, the COP correspsiio around80%
of the theoretical maximum val§&ranryd et al., 2009Yhe Carnot cycle COR given by

the difference between two constant temperafanas higher temperature and one lower
temperatureA smaller difference between them gives a higher Carnot COP YRlees,
2016)The higher temperature corresponds to the condenser temperature, and the lower
temperature corresponds to the evaporating temper&tearfdet al., 2009) Equation[8]
displays the calculation of Carnot CQRees, 2016)

v o Y
O U [y N r’ —
®dOi ¢ ey

(8]
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“Y = Highertemperaturén the condenser
“Y = Lowertemperaturen the evaporator

The Garnot efficiencyof the refrigerant— , displaysthe matio between the COP of a heat
pump and th€arnot COP shown igquation[9] (Granrydet al., 2009)

600
00

C4

(9]

This relationship disclosé®w the heat pump performs inmparisonto theideal theoretical
maximum COP valueThis is an important metric to consider when evaluating the
performance of a heat punip revealshow effective the heat pump is during operation in
comparison to how effective the heat pump theoretically cdGtanrydet al., 2009)

In terms ofCOP estimations, various methods have been tdsted. article provided by
Pieper et al. (2021some of these have been mentior8umeof themincludealinear
correlation methoavith few independent variables across different types of refrigeotis
complex and more simple mathematical models have been tested. The complex models
focused on inlet and outlet temperature of the heat sink, whikrthpermodelsconsidered
only the outdoor temperaturidowever, both approaches considered polynomial terms to
address notinear trendsLastly, it is mentioned that empirical ddtave been used to
determine correlations between variables related to heat pump perfermihding reliable
results
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3. Heat Pump modelling

3.1 Introduction to Machine Learning applications for HVAC systems

Machine LearningML) techniques havieeenused forseveral yearfor HVAC system
optimizationand havemore recently beemakinggreat progresviL applications are mainly
used for indoor environmental quality contemidenergy managementhe most commdg
usal ML applicationsfor energy managemeimvolvesmakng comparisondetwea indoor
and outdooenvironmental qualityThese applications enat#eergy consumption predictisn
for optimal system operatian potentiallyreduce operational costsdincrease energy
efficiency. More recentlyML applications have been ustdmonitorHVAC systens for

fault detectionZhou et al., 2023)

Depending on thebjective withML applications as well as the type of data thaailable

there are several different methods to (&®u et al., 2023)Datais typically classified as
eitherlabelled or unlabelled. Labelled data contains relevant information, in the form of tags
or labels, which adds context to the dataset and provides clear instructions for machine
learning algorithmsOn the contrary, unlabellethtalacks classificationrmaking thenmmore
complexto interpret{Awan, 2023) According toZhou et al. (2023dhere are four different
categories to ML, theseasupervised learning, unsupervised learnsegnisupervised

learning and reinforcement learning.

Supervised learningsedabelled input and corresponding output features to train algorithms
for predictionandpatternrecognitionbetweernthefeatures in the datas&®egressiorand
Artificial NeuralNetworks (ANN) are examples of supervised learning methods.
Unsupervised learningivolvesfinding relevant hidden information within the internal
structure of the dataséthis method is used whamlabelled dat#s available allowing the

ML algorithmto find trends withouthe guidance of labelled featur@sis type of ML
application is mainly used before supervised learning, as a part of daupessingSems
supervised learning is a combination of supervised and unsupervised learning where both
labelled and unlabelled dataasailable This involves traininghe modelwith labelled data

and using the algorithm to find trends within the unlabelled datZket et al., 2023)
Reinforcement learning, on the other hand, disignificantlyfrom the previously mentioned
learning algorithmsThis methodinvolvesa learning agentteracting with actions in its
learning environmenBased on its responses to the actionsagent eithegetsrewarded or
subjected to consequenc@&sis iterative process enables thedelto learn and improve its
decisionmaking through trial and erroFheaim with reinforcement learning is to create an
algorithm which is able to enhance the total sumeafarded decisions made by the learning
agent(Bhatt 2018)

According toZhou et al. (20233upervised and reinforcement learning areptieéerableand

mostimplementedearning algorithms in the context of ML application for HVAZstem
optimization The reason for this is that thise of labelled data tgpically a necessity
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3.1.1 Heat Pump modelling approaches folCOP estimations

In the context omodelling approaches for heat pump performance estimationgrwood
(2016)has providedour methodgor Ground SourceHeatPump (GSHP)Coefficient of
Performance (COP) estimatioi$hese ardalanced energy, steady stditted models and
dynamic stat@pproaches

The balanced energy approaelpresents theimplest form operformance estimatiofVith

this methodthe COPis estimated based dime ratio between the heatingpacity and the
required work inputThe COP value igonsidereconstant which providesufficientresults

to use for estimating seasonal energy bgmvever,the accuracy is insufficierfior
performance analysiSteadystate and fitted modebre instead more suitable approaches for
performance optimizatiolhe steadystatemethodproposes aathematicamodel of each
component in the vapour compression cyoldetermine the CORhe fitted modelling
approach proposesmultiple regression analydigtweerthedependent variabJ€OP, and
independent variables suchsagnificant fluidtemperatured=inally, the dynamiestate
modelling approach is presentédke the steadystate approach, a mathematical model of
eachcomponent in the vapor compression cycle is proposed. Hoveelager amount of
more detailed variablas usedwhich enables prediction of the heatpémp dy na mi c
performance. This methodssiitable for @termining heat pump performance over time
which is appropriate for control system design or fault detection.

In a study conducted uttige et al. (202Iregression andirtificial Neural Network(ANN)
models are compared for the purpose of performance predictions of heat phmpsn with

this researclvas to compare the performance of the models baskdwnvell they
performedwith data fromfield measurements and data providedh®y manufacturefThis
studyemphasisethe importance of choosing the complexity of thedeldased on the
availability of the dataBecauseaccording to this article, models perfomaith different
accuraciesvhen exposed tnew dataANN modelscontainan internal structurefdayers
consisting of neurong he training process allows the neurons to reveal information from the
input featuresvhich enables the modt find patters and make predictiof&ngh, 2024)
Regression modeblre used to predicttarget output featurey either one or several inputs.
They predict the output by determining a bfistine between the featureRegression

modelling is valuable in the sense of estimating relationships between variables and how they
affect oneanother (Kuramg2023).

The inputs used to produce the models erédsearclprovided byPuttige et al. (2022yere
evaporator inlet temperature and condenser outlet temperature. Theaksoitgaring the

two modelling approachesvealed that that ANN models perform with higher accuracy for

more complex approaches and when large datasets from field measurements are available. As
for regression models, it was revealed that they perfaitmthe highest accurasyhen only
manufacturer data is available.

This article also provides an overview of comparisons between different models that have
been tested in previous researthe findings revealed thaggression models apgeferable

due to their simplicitandeasyto-use approachlhey produce models with high accuracy
whenhigh quality data from heat pump operation is availgbimple linear models have
proven to produce good modetfowever, the best performing regression models have
multiple input featuredModels withtwo or three inputsas well asa seconddegree
polynomialhaveproven to be the best performing regression mottetsalso revealethat
regression modelsutperformcomplex models wheanly data provided by the manufacturer
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is availableThe simplicity of linear models reduces risks of comprehenuipigal issues
that may occur during model developmértie conclusion ishatwith arestrictedamount
and quality of data, simplicity is preferred.

According toChen et al. (2023here have been various amounts of ML algorithms tested for
the purpose of estimating the COP of a heat pdrhp.articlementionsthat most of the

current models in the research field are developed with a large amount of input features.
Many of which are challenging to measutering heat pump operatiomhe input features

that are typically used athe temperature of the fluids in the syst€hen et al. (2023)
explains that these variables are challenging to measure and poses risk of leakage due to
sensor deploymenit is also mentioned in the article that monitoring systems for GSHP
systemsn operation may not be sufficiefRroblems such assufficient amount of

measuring deviceand issues witlexisting sensors occur. This may disrth quality of the
measurements, whiatauses a difficulty to obtain algnificant variables needed to estimate
the COPInstead, more easily attained variables such asdm#nd inside air quality are of
interest to incorporate in COP estimation modellingoor thermal conditions can be
obtained fronthermometers and outdoor conditions are easily attained frortimesalveb
applications.

Theresearch documented inetarticleby Chen et al. (2023pcuses onesting modelsising
moreeasilyacquirednput featuresA more complexhybrid ANN modelwas testedising
hourly power consumptioas well asbothoutdoorand indoomeasurementsf the air quality
and humidity levelsThe results attained from the model showed high accufangng the
input features used to test the model, it was revealed that outdeemperaturénad the most
significant impact oftie COP.

This thesis is limited to investigate regression modelbéat pump performance predictions
The following chapters disclose each step of the data analysis process undertaken for this
study, preceding to the final stage of model development.

3.2 Data pre-processing and model development

3.2.1 Data pre-processing

Datapre-processingor data cleanings a methodised to transform unsatisfactory raw data
into useful and readable informatiorhis methodconsists ofiltering and removing
inadequatedatawhichis a necessarfyrst stepwithin model developmerib strengthen the
reliability of the mode(Duggal 2023) Theinitial stepof this process igypically to detect
data pointghatsignificantly deviatefrom therest of the datasetvhich are called outliers.
This deviation in the dataset can potentiallydependent on the data collection process and
becaused by measurement errdrsere are several methods to use for outlier detection
whereone of them is these ofBoxplotvisualization(Warudkar 2020) which isthemethod
used for this study

A boxplotis a statistical method useddplay a visubrepresentationf the distribution ofa
datasset Thedistribution isbased on a minimumand maximuniimit, the first quartile ) )
representinghe 25th percentile of the datasiste medianandthe third quartil€r )
representinghe 75th percentiléGalarnyk 2023) Figure[5] displays the boxplot distribution
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Figure 5 Boxplot distribution (Galarnyk2023)

The boxillustrated in Figure§] represents the interquartile ran@@R). Thisrepresentshe
distance between the first and the third quastid the calculation idisplayed inEquation
[10] (Galarnyk 2023)

"00°YR A
[10]
Theverticalline in the middle of the borepresentshe mediarof the datasefThe horizontal
lines extending from the bakustratesthe rangeof the upper and lower limitEquation [L1]
displays the calculation of the lower limit agduation [L2] showcasehe calculation of the
upper limit(Galarnyk 2023) 5 B
0 &€ 0VRIQAGM pwzO0'Y
[11]
YN R RIQA @O pz 00 Y
(12
As portrayedn Figure[5], values above or below thpper and lowelimits are considered

theoutliersof the datasefThese are the values that significantly differ fromrte of the
datase{Galarnyk 2023)

A significantstepin data preprocessings to normalize theariables in the dataseis
normalization makes values comparablhenthe dataetd o e $olod & normal
distribution, normalizatioms usedo scale the data in a range from 0 to 1 using a linear
transformation of the variableBguation [L3] distributes the rescaling of variablg@dam,
2020)

(13

Where,

w= Feature in the dataset

® = Minimum value of the feature
®w = Maximum value of the feature

Beforeproceeding witleature selection, the dataset should be divided into train arsktest
The train subset is the data used for training the model, which is typically around 75% of the
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datasetThe remaining 25%uill be the test datased toevaluatehe model This is a random
sampling process, and it is a significant step in model development as it discloses how the
model performsvith new and unseen data. (Galarn2R22) Figure[6] illustratesthe process

of train/testsplit on a dataset

X_train __y_train

Full Dataset Features  Target |
— |
1 L 2. Use for training
- —

0. Arrange data [~ |1. *Train Test Spiit —  Change
p—-—" e — - hyperparameters ML Model
|| “Consists of: £
a. Random

| samping X_test y_test =
1 b. Split into = o
.| lrain::gl:\ test Y Useﬁr»leslmg

Figure 6 Train/Test Split process (Galarnyk 2022)

3.2.2 Feature selection

Whendeveloping datalriven modelsit is important toconside both relevant and
insignificant input features'his strengthens the accuracy of the mauohel thereforg¢he use
of feature selection methods is essential.

Feature selection methodee typically classified into three different growpisich arefilters,

wrappersand embdded method§Rendall et al., 2019Y he filter method uses statistical
measuremertb identify correlation betweewnariables in a datas@tlenon 2024) This is the

method used for this studylore specificalyPe ar sondés correl ation coe
Spear man 0 sient were kised to detierinine correlation between the features.

Pear sonds c or rnndicatastinean nelationshgtietivaert twoevariablest is
measured in a range betweérno 1, where 1 indicatesperfectly linearmandpositive
correlationwhereas1 indicates a full negative linear correlatiéguation [L4] representshe
calculation ofPearson correlation coefficie(Rendall et al., 2019)

(14

Where,

w ="Q value of the output feature
w= meanvalue of theoutput feature
wp = "Q value of theQ feature

of = meanvalue ofthe’Q feature

I n contrast to Pear sheSpdasnamankcoeffieintmeaswasneno ef f i ¢
linear correlation between variabl&p e ar man 6 s risatsokangn@betivdemlc i e nt
andl to determine the strength of the correlatiendall et al., 2019)his coefficient is

based on the rank of the daEach data poirgets arankng depending on its valugshere the

largest value in the dataggdts the highest rar{kGupta 2023) The calculationof the rank

coefficientis expressed ikquation 5] (Rendall et al., 2019)
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Where,

i ="Q rank of the output feature

i [= mean rank of the output feature
i ; ="Q rank of theQ feature

A commonissue thamay arisavhen developing regression modislsnulticollinearity. This
appearsvhentwo or more independenariables in the datasare stronglycorrelaed
Multicollinearity leads to aincreagdvariance of a regression coefficiemhis, in turn, may
affecttheresult of the model as ieducegheinterpretabilityand reliabilityof the regression
coefficients Identifying features who poses risk of multicollinearity is therefore significant.
typical method used to address this issue is analysing the Variance Influence Factor (VIF).
The VIF methodidentifiesto which degreeariables in the dataset may influence each other
(Bhandarj 2024) The calculation to determirtee VIF is displayed inEquation [L6] (CFl,

2024)

w00 ——-
Y
[16]

Where,
'Y = Coefficient of determinatiofor the’Q featureby regression against all inpteatures

A VIF equal to lindicatesthat there is no presenoémulticollinearity foranindependent
variable The closefY is to 0, the less variance between regression coefficients is found
(CFI, 2024) Whenthe VIF exceeds 5, itmpliesappeaanceof high multicollinearitybetween
thevariablesin the datasgiBhandarj 2024)

3.2.3 Model development

Machine LearnindML) modek consists oflgorithns able tomake predictionbased on
input and output featureShe model should be able to make predictions based on new and
unseen datdnaving beemreviousy fitted with thetrainingset of thedata.ML algorithms
differ from each otheand are typicallylassified based on how easily interpretable they are.

Typically, ML models are classified &ghite Box or BlackBox models. Whitd8ox models
arerecognizedas havingeaser algorithms The procedure behind tloaitput predictionss
easier tacomprehendAn example of this type of ML model isSimple LinearRegression
(SLR). On the other handlack Box modelsire more complex and hardemt@ake sense of
however they tend tperform with highelaccuraciesThey are more complicatehlie tothe
difficulty in understanding the algorithm behind the output feature prediction. Therefore, they
are more suited for complex situatioB®osting models are an example of Black Box ML
models(Tsang 2023) White-box models can be described as purely physicedvhile
black-box models arentirely datadriven.Despite the fact that whieox models are easy to
understan@ndapply, they are not as easy to develbpcontrast blackbox models are easier
to develop yet harder grasp ML models may also be classified aggbox which are
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considered a mixture betwewite and blackbox models Thegrey-box models havproven
to be preferrables they are able to overcome the lackt#rpretation factors which may
arise from white and blagiox modelgArendt et al. 2018).

This thesis is limited to investigate regression models for heat pump performance estimations
The followingchaptergrovide an overview of regression models as well as the mathematical
algorithms behind thenThere arevarious regression models to implemdriweverthe

models applied for this studyrelinearandpolynomial regression.

3.2.3.1Linear regression

Linear regression modedsm toidentify a preciselinear relationshigetween independent

and dependent variablé&SimpleLinearRegressior{SLR) modelsusea singular input feature

the independent variablie relation to the output featyrthe dependent variabl€his type of
modelpredicts a precise straight line, oftefferredt o as -t heofibesée, to des
relationshipbetween the variable$his prediction involves dming the slope and intercept

of the line. The slope revedls whichextentthe dependent variabdhangesvith each unit of

the independent variabl&he intercepindicatesan estimationof the dependent variable

when the independent varialdquals taero.The mathematical equation to determihe

bestfit line for aSLR is shownin Equation 7] (Mali, 2024).

[17]
Where,
w= Dependent variable/Output feature
@ = Intercept
@ = Slope
@ = Independent variable/Input feature

Whentwo or moreinput features aravailable Multiple LinearRegressio{MLR) models
can be usetb estimate linear relationslsipAs shown inEquation[18], the difference
between SLR and MLR is thatch input featuriss associated with a corresponding slope
(Mali, 2024).

(18]
3.2.3.2Polynomial regression

Non-linear relationships between variablgenot compatible with linear regression models
This is whee Non-LinearRegression (NLR) models, typicaliescribed apolynomial
regressionarerequired Figure[7] illustrate the differences between linear and polynomial
regression model®olynomialregression models atechnicallyclassifiedasatype of linear
regressionHowever they are capable @iccommodatingon-linearindependent variabldsy
usingpolynomial functionsvith various degreeghis, in turn allows the model to find nen
linear relationships between the independent and dependent variablessvahiotvn in
Equation L9] (Agrawal 2023)

(19
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Whenapplyingtwo or more input featuraa apolynomial regressiomodel| it is referred to
as Multivariate Polynomial Regression (MPE}juation 0] shows an example of the
algorithm for aseconddegree polynomial regression model with two input feat(fetha,
2013)

[20]
Developing MPR modelsivolves a high risk of accommodatingulticollinearity between
variables(Sinha, 2013)previouslyexplained inChapter 3.2.2Additionally, employing
higherdegres of polynomialincreases the risk alverfitting the modelAgrawal 2023).
Overfitting occurs when the modebpturepatternsandmemorize trends within the training
dataset As a resultthe modebecomes too complex apeérformsinadequatelyvhen
exposed to new, unseen dék@mehrsen2018).0n the contrary, bbwer degreef polynomial
poses a great risk of underfittigggrawal 2023). Underfitting takes place when the model
fails to comprehend important trends within the dataset due to its simplicity, resulting in an
overall weak result of the model evaluation (Koehy2618).

Basic Linear Regression Polynomial Regression

Figure 7 Simple linear regression vs. Polynomial regression models (Y,&0at)

3.2.3.3Regression coefficients

When developing regression models, the aim réatemodelsthatperform with high
accuracy and a minimum amount of errors. As shiowiequation 21] & [22], & and®
represent the intercept and the slopkichalsomaybereferredto as the regression
coefficients.These coefficients are significant for the performance of the regression. model
is thereforeof interest to find the most accurate values of thepraduce models with a
minimal error. This can beccomplishedy implementing Least Squares methdéguation

[21] showcase the calculation process to determine the, slogilenon 2018)

B w dqw w

B w o

(21

Where,

w = Value oftheQ input feature
of= Mean value of input features
w = Value of the’ Q output

w= Mean outpuvalue
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Equation P2] displays the calculation for the intercepb, (Menon 2018)

(22
The regression modelling analysisthis studyis performed using th8cikit Learnlibrary.
This libraryusesthe Ordinary Least Squares (OLBjethodto determine the regression
coefficients.The OLS methogbredicts the coefficients of the bddtline by redudng the sum
of squared errorst calculateshie distancéetween the actual and predicted valudsch are
called residuals. Each calculated residu#thén squared and added to a cumulative &um
minimize thesquared sum dll residualgAvsar, 2022) The calculation of th&um of
Squared Errors (SSE) is showrEquation R3] (CFI, 2024)

Y'YO W
[23

Where,

¢ = Total number ofeaturedn the dataset
w = Actual target value for th® feature
w = Predicted target value for tfe feature

3.2.3.4Model evaluation metrics

Evaluating the performance of dataven models i®ssentialThis is typically doneisinga
selection of statistical performance metrgsch asMeanAbsoluteError (MAE), Mean
AbsolutePercentagdrror (MAPE) andthe Coefficient ofDeterminationq .

Mean absolute error (MAEEpresentshe averageabsoluteerrorsfound in the modelThis is
defined by the difference between the actual and predicted \sduess théotal number of
observationsn the datasgtAgrawal,2023) Equation 4] representshe calculation for the
MAE performance metriLewinson 2023) Modelsproducing smaller MAEralues are
desired sincalower valueindicatedess difference between actual and predicted values.

aa'og O @S
[24]

Where

¢ = Total number ofeaturesn the dataset
w = Actual target value for th® feature
w = Predicted target value for tie feature

Mean absolute percentage error (MARESImilar to the MAE metriandthe results may be
interpreted the samelowever the MAPE metric is distributed in percentageerefore,
models producing Bbwer percentage value of the MAPE metric are considered more
accurateModels producing lower values of the MAPE meteageals thathere is a close
distance between the actual and predicted values in the (Githedrt, 2023) Equation 25|
showsthe calculatiorprocesgo determinghe MAPEperformancenetiic (Lewinson 2023)

29



(29

According toMontafio et al. (2013he results of the MAPE metrics can be interpreted as the
following. Models producing a MAPE value between2®b indicates a good model
performance, where ressiielow 10% areconsidered a highly accurate modeésulting in
MAPE values betweeR0-50% are considered less accuratedelsbut still reasonable, while
models exceeding 89 are considered inaccurate.

The Coefficient of determinationY ) measuresiow accuratelghe model can predict the
output feature, based on the input featlifes performance metri@vealshow well the
variability in the dependerdutputvariable can be explained by the independent input
variables The results are typically expressed in percengagkemodels producing highaf
valuesperform with higheaccuracies (Hiregoudar, 202@quation R6] showcasehe
calculation process fdhe coefficient of determinatiofi,ewinson 2023)

B w w

Y P B o o

[26]
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4. Heat pump and Data description

4.1 Heat pump systemdescription

The heat pump systeoontainstwo large scaleinvertercontrolledGround SourceHeat

Pumps. They are connected &dargefacility and produce botheating and coolindHeat
Pump 1(HPL) serves as therimary unitwhile HeatPump 2 HP2) is initiatedduring
increased heating deman@ie to confidentiality reasonspecific details regarding the heat
pump&os ¢ ap adidclosgdHowevenitgan belrevealed that the heat pump has a
capacity exceeding 400 kW atite Coefficient of Performance exceeds 5.

4.2 Data description

4.2.1 Heat pump 1

Table[1] displayseach measured variable from the dataSkese variables araeasured and
collected from sensors connected tolieat pumps

Tablel Measured dataariables, HP1

Variable name Description Unit
cond T wat in_1 Condenser Entering/ater C
Temperature
cond T wat _out 1 Condenser Leaving/ater C
Temperature
cond_pressure_1 Condenser Relative Pressu kPa
cond_temp_1 Discharge Refrigerarit C
Temperatureat compressor
outlet
eva Twat in_1 Evaporator Enterin@rine C
Temperature
eva pressure_1 Evaporator Relative Pressu kPa
eva T out 1 Superheated Temperature C
signal_1 Compressor voltage signa Vv
(0-12V)

Using the measured data, additional variables were calculated in order to estimate the
performance metrics of the heat pufpble[2] presentshecalculatedvariables

Table2 Calculated variablesHP1

Variable name Description Unit
cond_temperature_1 Condenser temperature C
eva_temperature_1 Evaporator temperature C
enthalpy_inlet compr_1  Enthalpy inlet compressor J/kg
enthalpy_outlet_ compr_1 Enthalpy outlet compresso J/kg
enthalpy_outlet cond_1  Enthalpyoutlet condenser J/kg
COP_1 Coefficient of performance -
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COP Carnot 1 Carnot cyclecoefficient of -
performance
Carnot_efficiency_1 Carnot efficiency -

Determining theCoefficient of Performance (COP) metric can be carried out by assessing the
enthalpyin the compressor and condenser, as explain€dapter 2 Specifically, the

compressor inlet and outlet enthakey well as the condenser outlet enthalpy are required for
this calculationThese variablegere therefore derived from the given measured variables.
This wasaccomplishedisingthe CoolProplibrary to asses thermodynamic properties

As previouslydescribed irChapter2, the behaviour of a refrigerant within a vapor
compression cycle can be explained by a pressnitgalpy diagramrherefore, he enthalpy
valueswereobtainedgiven the pressuréemperature and specific refrigerant type for the heat
pump systemThe compressor inlet enthalpy weaculatedrom the evaporator pressure and
temperaturewhile the compressor outlet enthalwas retrieved fronthe condenser pressure
and temperaturd he condenser outlet enthalpyas calculated given the condenser pressure
at the state of full refrigerant condensati®he condenser and evaporator temperature were
derivedfrom their respective pressures. This involved converting the measured pressure for
each to the corresponding temperatures in degree Celsius.

Following the determination dhe enthalpy valugsthe CORof the heat pump ascalculated
usingEquation B4).

w

‘Q  =Compressor outlet enthalpy
"Q | = Compressor inlet enthalpy
‘Q;, = Condenser outlet enthalpy

As mentioned irchapter 2.3it is of interest to make comparisons betweenGhmotcycle
COPand the momentary COP value of the heat purhp.Carnot CORs given by the
difference between the contgng and evaporating temperaturé¢he systemThe
calcuhtion ofthe Carnot CORalueof the heat pump idisplayedn Equation B5].

(28]

Where,
“Y = Condenser temperature
“Y = Evaporator temperature

In order b make predictions regarding the actual performance of the heatqummgaredo

the theoretical maximum efficiency, the Carnot efficiemaluewasestimatedEquation [36]
represents the calculation used to determine the Carnot efficiency.
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4.2.2 Heat pump 2

Table B] displaysthe measured variables collected from Heat Pump 2.

Table3 Measured data variables|P2
Variable name
cond T wat in_2
cond T wat out 2

cond_pressure_2

cond_temp_2

eva T wat in_2
eva_pressure 2
evaT out 2

signal_2

Description
Condenser Entering/ater
Temperature
Condenser Leaving/ater
Temperature

Condenser Relative Pressu

Discharge Refrigerarnit
Temperaturef the

refrigerantafter compressor

Evaporator Entering Brine
Temperature

Evaporator Relative Pressu

Superheated Temperature

Compressor voltage signa
(0-12V)

(29

Unit

The calculated variableshownin Table }] have beerstimated using the same calculation

methodused for HP1.

Table4 Calculated variablesHP2

Variable name
cond_temperatur@_

eva_temperatur@ _

enthalpy_inlet compg2_
enthalpy_outlet compg_
enthalpy_outlet_con@®_
COP2
COP_Carnot2

Carnot_efficiency 2

Description
Condenser temperature

Evaporator temperature
Enthalpy inlet compressor
Enthalpy outlet compresso
Enthalpy outlet condenser

Coefficient of performance

Carnot cycle coefficient of
performance

Carnot efficiency

Unit
C
J/kg
J/kg

J/kg
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5. Results
5.1Heat pump 1

5.1.1 Data pre-processing

The first part of the process was to plot the distribution ofdtedataand detect potential
outliers with the boxplot method. The distributiontio¢ raw datdooxplotsfor HeatPump 1
(HP1)aredisplayedin Figure[8]. Appendix [4 shows the distribution in a violin plot.

;

20 25 30 s 40 45 20 25 30 E=] 40 45 50 20 30 40 50 60
cond_T_wat_in_1 cond_T_wat_out_1 cond_temp_1

10 20 0 40 0 0 5 10 15 20 5 5 o 5 10 15 20 25
cond_temperature_1L eva_T_wat_in_1 eva_T_out_1

}—-.{ | |
L
LI ‘

T T T
-50 —40 -30 -20 —10 0 10 20 o 2 4 6 8 10 12
eva_temperature_1 signal_1

Figure 8 Boxplot raw data distribution HP1

The result of thelata cleaning proces®llowing the trim of the data with the boxplot
method is found inAppendix[1] & [ 3].

The next step of the proceassolved mergng thevariablesto the same timefragto enable
further calculations and comparisoiitiedata collection for each variable has been
conducted with slight differences in timestampiserefore, the timeframe for each measured
variable was resampled to ariinute intervalWithin each interval, values were averaged
over e/ery 5-minute periodHowever, due téhe timeframe variationsesampling and
merging the data resulted in some missing valBeme variablesere occasionally

measured and collected over a witlerespan than 5 minutes. Consequergtother round

of data cleaning occurred.

Following the calculation process to determine the performance me®esand Carnot
COP, a scatter plot was matte compare the distribution of theifhe scatter plot, found in
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Appendix[5], revealed abnormal valu@sboth distributios. For example, the scatter plot
revealedCOPvalues below lwhich entails that the heat pump is not in operafidrerefore,
a filter was applied to the dataremovevalues of COP below The resulting scatter plot
following this process is found in Appendix [6]

Some inadequate data were still found following this prodé@ssviolin plot distribution,
found in AppendiX4], revealedhe lowest temperatufeund in the condenser was C.
Whendelivering heatthe temperaturan the condenser should be above rademperature.
The minimum expectedalue should be arour8D C. Thereforean additional filter was
applied to the datto remove values of condenser temperature b8HW.

The scatter plot shown in Appendi] [reveals that there is still a noticeable deviation in the
distributionfor Carnot COPThe COPshouldcorrespondo approximately around 80% tife
value obtained for the Carnot cycle, as previously explain€thapter2.3. A final filter to
remove Carnot COP values above 8.5 was therefore applied to the dataset.

Theresult of thecleaning process of the data for H&t&illustrated in violin plots irFigure

[9]. Thefinal distribution of the scatter plot fohe COP and Carnot COP distributiare
displayed inFigure[10] & [11].
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Figure 9 Violin plot cleaned data distribution HP1
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Figure 10 COP and Carnot COP scatter plot HP1
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Figure 11 COP scatter plot HP

5.1.2 Feature selection

Thefeature selectioprocess included a correlation analysis between the measured
independentariables andthedependentarget variablesAdditionally, the outdoor

t emper at ur ewasaddedas andnpud featureis feature was added assit
consideredo beeasily attainableaspreviously discussed ithapter 3.1.1The outdoor
temperature data was conducted from measurements providieel Bwedish Meteorological
and Hydrological Institut¢éSMHI). Thedataconducted from SMHWwas collected through
hourly measurement$hereforethe heat pump variables needed taraasformed once
again. This time with an hourly average interualprder for them to be comparable to the
outdoor temperature measuremeiitss resulted in loss of data.

Thecorrelatonanal ysi s i ncluded both Pearsonds corr e
rel ationshi ps arank amelficiént f@a sodirear eelatiomatapsTbesresults
for the measured variablatained fromHP1 andhe target featur€OParedisplayedbelow
in a heatmapFigure [12r e pr esent s t he results ofFigBrear s on¢
[13]shows the results of Spearmands rank coeff
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Pearson Correlation Heatmap
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Figure 12 Pearson correlation heatmap between measured variables and COP, HP1

Spearman Correlation Heatmap
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Figure 13 Spearman correlation heatp&®etween measured variables and COP, HP1

Table B] provides a summary of the results attaifreth the correlation analysiEach
measured variabliecom HP1 and their correlation with CGiPe displayed in this tabl&he
results reveastrong correlation for all the variablesscept for the condenser entering water
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temperaturd i c o nd _ T 1 @hetdischangeefrigerant( i ¢ o n d _ t whiohps the 0 )
temperature of theefrigerantleaving the compressdras the strongest correlation

coefficient. There are only slight deviations between the Pearson and Spearman coefficients,
whichimpliesthat there arboth linear and notinear relationships.

Table5 Pearson & Spearman Correlation Coefficients in relation to COP1

Pearson Correlation SpearmanCorrelation

Variable name

Coefficient Coefficient
cond T wat in_1 -0,62 -0,58
cond T wat out 1 -081 -0,82
cond_pressure 1 -0,85 -0,86
cond_temperature_1 -0,85 -0,86
cond_temp_1 -0,95 -0,96
eva T wat in_ 1 0,88 0,89
eva_pressure 1 092 0,92
eva_temperature_1 0,92 0,92
eva T out 1 0,93 0,93
signal_1 -0,89 -0,89
T_outdoor 0,83 0,86

Figure [14]represents the results from the Pearson correlatiefficientsbetween the
measured variables from HP1 and the other target feature, @#io@ncy. Figure [15]
displays the results from the Spearman rank coeffigient

Pearson Correlation Heatmap
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Figure 14 Pearson correlation heatmap between measured variables and Carnot efficiency, HP1
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Figure 15 Pearson & Spearman Carnot Efficiency Correlation Heatnipl

Table[6] presents a summary ech measured varialded their correlation with Carnot

efficiency.

Table6 Pearson & Spearman Correlation Coefficients in relation to Carnot EfficigrBy

Variable name
cond_ T wat in_1
cond T wat out 1
cond_pressure_1
cond_temperature_1
cond_temp_1
eva T wat in_1
eva_pressure_1
eva_temperature_1
eva T out 1
signal_1
T _outdoor

The coefficientspresentedn the tablendicates atrongcorrelationamong the variable3he
superheated temperature in the evapoi@atdre v a _ T showstthe hast)significant
correlation and thecondenser entering water temperajurB c ond _ T _wegrhido i n _
have the leasSimilar to the results observed in TalbB§ poth linear and noefinear

correlationappear to bsubstantial

-0,56
-0,76
-0,78
-0,78
-0,89
0,87
0,87
0,87
0,91
-0,85
0,78

Pearson Correlation
Coefficient

Spearman Correlation
Coefficient

-0,50
-0,77
-0,77
-0,77
-0,89
0,89
0,88
0,88
0,92
-0,86
0,81



The feature selection procealsoincluded identifing potentialmulticollinearity between the
input featuresThe Variance Influence Factor (VIR)reviously explained in chapter 3.2.2,
was estimated for each input variable. The results are displayedbie [7].

Table7 VIF, HP1 features

Variable name VIF
cond T wat in_1 101,77
cond T wat out 1 94,45
cond_pressure_1 1138,75
cond_temperature_1 1226,22
cond_temp_1 116,67
eva_ T wat in_1 48,46
eva_pressure_1 2359,66
eva_temperature_1 2799,10
eva_T out 1 1410
signal_1 24,91
T_outdoor 6,5

The resultseveal that there ia high presence of multicollinearibetween the input features.

A VIF value should range betweerblwherel implies no multicollinearity anstalues

exceeding 5 indicasehigh multicollinearity among the variableSherefore, to select the most
accurate and reliable input features according to this method, each feature with the highest
VIF value was removed progressiveBince a higher presence of features implies higher risk
of multicollinearity, this method was applied for models with 3 and 4 input features. The
results are presentedTiable B] & [9].

Table8 VIF for 4 selectednput features HP1

Variable name VIF
cond T watout 1 4,29
eva T wat in 1 248
signal_1 2,95
T outdoor 5,32

Table9 VIF for 3 selected input features, HP1

Variable name VIF
eva T wat in_1 248
signal_1 295

T outdoor 2,05

40



5.1.3 Model development

The tested modeiacludeSimple Linear Regression (SLRYpn-Linear Regression (NLR),
Multiple Linear Regression (MLR) ardultivariate Polynomial Regression (N®}. The
models have beditled accordingto the type of modethenumber of input featurg$ F),0
andthedegree of polynomidlfi P.0l'he results of the model evaluation are preseinted
tables, distributing the performance metrics Mean Absolute Error (MA&n Absolute
Percentage Error (MAPE), and Coefficient of Determinatign).(The distribution between
actual values and the values predicted by the model are presented in scatfEh@lpksts
includeam | d e al Reference Lined, representing whe
align with the actual valueBoth trainingand teshg models are included farovidea
comprehensiveverview ofthe modeléability to predict the output with new and unseen
data.The remaining amount of data following tbleaning process was 211%% of the data
was used for training the models ghdlast25% wasused to test the models.

5.1.3.1Models with one input feature

Table[10], [11] & [12] display the modedvaluation results modsefrained and tested with

one input featureThe outdoor temperatu(@ T _ o u 9, & theimnpot feature used for these

models This feature was chosen to be used when developing models since, as previously
discussedit is a variable that is typically available and easily accessiblenonlinear

models were tested up to a thtdgree polynomiaFigure [16] illustrates the distribution of

the models tested with AT _outdooro as the in

Tablel0SLR1F, I nput : AT _out do o HRL Modeltepaludation A COP _ 10

SLR-1F, HP1, Model evaluation

Mean Absolute Error (MAE)-] 0,12
Mean Absolute Percentage Error (MAPE 30%
Coefficient of determinatior 62,5%
TablelINLR-1F-2P,l nput : AT _out do orHB1, \odédl gvaluation A COP _ 10

NLR-1F-2P, HP1,Model evaluation

Mean Absolute Error (MAE)-] 0,12
Mean Absolute Percentage Error (MAPE 27,76%
Coefficient ofdetermination 62,9%
Tablel2NLR-1F-3P,I nput : AT _out do o rHB1, \oddl grvaluation A COP _ 10

NLR-1F-3P, HP1,Model evaluation

Mean Absolute Error (MAE)-] 0,11
Mean Absolute Percentage Error (MAPE 24,37%
Coefficient of determinatiord 65,2%
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SLR-1F HP1: Train model,
Input feature: "T_outdoor”

SLR-1F HP1: Test model
Input feature: "T_outdoor”

14 —— lIdeal Reference Line

14 —— Ideal Reference Line
= 12 = 12
b H
i i3
® 10 ® 10
E E
s s
Z o8 Z o8
o o
8 8
2 06 = 06
8 @
E] E]
S o4 S o4
] °
-] 4
5 02 5 02
g 2
& &
0.0 0.0
-0.2 -0.2
0.0 02 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10
Actual Values COP [Normalized] Actual Values COP [Normalized]
MNLR-1F-2P: HP1 Train model NLR-1F-2P: HP1 Test model,
Input feature: "T_outdoor” Input feature: "T_outdoor”
1.4 1 — Ideal Reference Line o 1.4 —— lIdeal Reference Line
- 12 = 12
K K
] ]
E 10 s 10
E E
S -]
£ o8 Z o8
o o
8 3
a 06 = 06
o @
= =
£ oa S oa
T o
8 -
S 02 £ 02
£ &
0.0 0.0
o
02] ol'ee® -0.2
T v - T T - v T r T T
0.0 0.2 0.4 0.6 08 10 0.0 0.2 0.4 0.6 0.8 10

Actual values COP [Normalized]

NLR-1F-3P: HP1 Train model,
Input feature: "T_outdoor”

Actual values COP [Normalized)]

NLR-1F-3P: HP1 Test model,
Input feature: "T_outdoor”

14 — Ideal Reference Line

12

10

08

0.6

Predicted values COP [Normalized]

Predicted Values COP [Normalized]

— ldeal Reference Line

0.0 02 0.4 0.6 0.8 10
Actual Values COP [Normalized]

0.0 0.2 0.4 0.6 0.8 10
Actual Values COP [Normalized]

Figure 16 Models with input feature "T_outdoor" and output feature "COP_1"

The results from the correlation analysis revealedttieavariable discharge refrigerant

(A c o n d _ t) kamtpe sttomgest correlation to COP. Therefore, an additional model with

this feature as the input was testédble[13], [14] & [15] display the results from these

models andrigure [17]showcase the distribution of the models.

Table1l3SLR1F, Input: "cond_temp_1'Qutput: "COP_1"HP1, Model evaluation

SLR-1F, HP1, Model evaluation

Mean Absolute Error (MAE)-]

Mean Absolute Percentage Error (MAPE

Coefficient of determinatiord

0,08
22,3%
80,1%

Table14NLR-1F-2P, Input: "cond_temp_1", Output: "COP_1" HP1, Model evaluation

NLR-1F-2P, HP1,Model evaluation

Mean Absolute Error (MAE)-]

Mean Absolute Percentage Error (MAPE

Coefficient of determinatiord

0,08
21,2%
79,5%
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Table15NLR-1F-3P, Input: "cond_temp_1", Output: "COP_1" HP1, Model evaluation

NLR-1F-3P, HP1, Model evaluation
Mean Absolute Error (MAE)-]
Mean AbsolutéPercentage Error (MAPE)
Coefficient of determinatiorq

SLR-1F: HP1 Train model,
Input feature: "cond_temp_1"

0,08
19,400
81,4%

SLR-1F: HP1 Test model,
Input feature: "cond_temp_1"
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Figurel7Model s wit hciomput efmpattdor and output

Models tested with Carnot efficiency as the output wasaladucted. ie Carnot efficiency

feature

of a heat pump reveaits operational efficiency in comparison to its theoretical maximum
efficiency, as previouslynentionedn chapter 2.3The same input features used for the
previous models with COP as the output, were used for these models dablellL6], [17]

& [18] showthe results othemodelswi t h

distributions are found iRigure [18].

Tablel6SLR1F, I nput :

SLR-1F Model evaluation

Mean Absolute Error (MAE)-]
Mean Absolute Percentage Error (MAPE
Coefficient of determinatiorq

fil TOuotuptudto:o rioGar not _ef fi ci ency _10

0,11
24,4%
51%

AT out do or OTheassatter loe

HP1,
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Tablel7NLR1F-2P,| np dt oufi door 6, Output: AfCarnot efficiency_ 10 HP1,

NLR-1F-2P Model evaluation
Mean Absolute Error (MAE)-] 0,11
Mean Absolute Percentage Error (MAPE 24 2%
Coefficient of determinatiord 51%

Tablel8NLR1F-3P,l nput: AT_outdoor o, Output: ACarnot_efficiency_10

NLR-1F-3P Model evaluation
Mean Absolute Error (MAE)-] 0,11
Mean Absolute Percentage Error (MAPE 22,91%
Coefficient ofdetermination 52%

SLR-1F HP1: Train model, SLR-1F HP1: Test model,
Input feature: "T_outdoor” Input feature: "T_outdoor”
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Figure 18 Models with input feature "T_outdoor" and output feature "Carnot_efficiency_1"

The result of the models with ficond_temp_10
as the output feature are presentedable [L9], [20] & [21].
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Tablel9SLR1 F, Il nput: Afcond_temp_106, Output: ACarnot _efficiency._

SLR-1F Model evaluation
Mean Absolute Error (MAE)-] 0,077
Mean Absolute Percentage Error (MAPE 20,500
Coefficient of determinatiorq 74,01%

Table20NLR-1F-2P, | nput: Acond_temp_10, Output: ACarnot efficiency_

NLR -1F-2P Model evaluation
Mean Absolute Error (MAE)-] 0,077
Mean Absolute Percentage Error (MAPE 20,820
Coefficient of determinatiord 74,380

Table2l NLR1F-3 P, Il nput: fifcond_temp_10, Qut put : AfiCarnot efficienc

NLR -1F-3P Model evaluation
Mean Absolute Error (MAE)-] 0,077
Mean Absolute Percentage Error (MAPE 19,6%%
Coefficient ofdetermination 4 74,7%%
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Figure 19 Models with input feature "cond_temp_1" and output feature "Carnot_efficiency_1"
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5.1.3.2Models with two input features

The nodels tested witlbutdoor temperature as input featdré not perform well on their

own in comparison to the models tested wlith discharge refrigerar@onsequentlymultiple
regression maels withthe outdoor temperaturé (T _ o u §) ahadisaharge refrigerant

(A c o nd _ t)asnhe infutdfeature wedevelopedDue to thechallengesegardingfluid
temperatureneasurementsientioned in chapter3.1.1 an addi ti onal mo d e |
and the compresseopltagesignal(fisi g n a) iverehlso testedBoth multiple linear

regression anthultivariate polynomial regressionodels weremployed

Theresulto f t he model s with i nepoodée rmpe adthooutpets AT _ o u.
f eat ur e ard ds@ibuted idable[22], [23], [24] & [25]. Figure [20]show the scatter
plot distribution The nonlinear modelsvere tested up to a fourttegree polynomial
However, theyielded pooresuts in comparison tthe models with a thirdegree
polynomial Therefore, fourtidegree polynomial models were neglected for the rest of the
models.Thescatter plot distribution for the fourthegree polynomial models is found in
Appendix [9].

Table22 MLR-2F, Input: "T_outdoor" & "cond émp 1" Output: "COP_1" HP1, Model evaluation

MLR -2F Model evaluation

Mean Absolute Error (MAE)-] 0,09
Mean Absolute Percentage Error (MAPE 23%
Coefficient of determinatiord 78,5%

Table23MPR-2F-2P, Input: "T_outdoor" & "cond @mp 1" Output: "COP_1" HP1, Modedvaluation

MPR-2F-2P Model evaluation

Mean Absolute Error (MAE)-] 0,098
Mean Absolute Percentage Error (MAPE 22,98%
Coefficient of determinatiord 73,85%

Table24 MPR-2F-3P, Input: "T_outdoor" & "condtemp 1" Output: "COP_1" HP1, Model evaluation

MPR-2F-3P Model evaluation

Mean Absolute Error (MAE])-] 0,084
Mean Absolute Percentage Error (MAPE 19,64%
Coefficient of determinatiorq 79,64%

Table25 MPR-2F-4P, Input: "T_outdoor" & "condtemp 1" Output: "COP_1" HP1, Model evaluation

MPR-2F-4P Model evaluation

Mean Absolute Error (MAE)-] 0,088
Mean Absolute Percentage Error (MAPE 18,62%
Coefficient of determinatiorq 75,73%
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MLR-2F HP1 Train model, MLR-2F HP1 Test model,

Input features: "T_outdoor”, "cond_temp_1"" Input features: "T_outdoor”, "cond_temp_1"
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Figure 20 Models with input feature "T_outdoor" & "cond_temp_1" and output feature "COP_1"

The results of the model s t estgigdalIwd twi tthh et hien
output featur e i Cladk[A]),q§27]& i28]. THeissapel pdoydestdbutions
are shown irFigure [21].

Table26 MLR-2F, Input: "T_outdoor" & "signal_1" Output: "COP_1" HP1, Model evaluation

MLR -2F Model evaluation
Mean Absolute Error (MAE)-] 0,068
Mean Absolute Percentage Error (MAPE 16,4%%0
Coefficient of determinatiord 84,4

Table27 MPR-2F-2P, Input: "T_outdoor" & "signal_1" Output: "COP_1" HP1, Modalaluation

MPR-2F-2P Model evaluation
Mean Absolute Error (MAE)-] 0,066
Mean Absolute Percentage Error (MAPE 16,000
Coefficient of determinatiord 86,140

47



Table28 MPR-2F-3P, Input: "T_outdoor" & "signal_1" Output:COP_1" HP1, Model evaluation

MPR-2F-3P Model evaluation
Mean Absolute Error (MAE)-]
Mean Absolute Percentage Error (MAPE
Coefficient of determinatiorq

0,064
16,200
87,1%

Predicted Values COP [Normalized]

MLR-2F HP1 Train model,
Input features: "T_outdoor”, "signal_1"

MLR-2F HP1 Test model,
Input features: "T_outdoor”, "signal_1"

—— Ideal Reference Line °

Predicted Values COP [Normalized]

— lIdeal Reference Line
o oe®

-0.2 -0.2
0.0 0.2 0.4 0.6 08 10 0.0 0.2 0.4 0.6 0.8 10
Actual Values COP [Normalized] Actual values COP [Normalized]
MPR-2F-2P HP1 Train model, MPR-2F-2P HP1 Test model,
Input features: "T_outdoor”, "signal_1" Input features: "T_outdoor”, "signal_1"
1.4 { — Ideal Reference Line . 14 —— Ideal Reference Line
= 12 = 12
H H
= i
® 10 = 10
E E
s s
Z o8 Z o8
o o
<] G
S os Y o6
8 @
= =
S oa S o4
T °
2 4
5 02 5 02
$ 3
& &
0.0 0.0
-0.2 -0.2
0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10
Actual Values COP [Normalized] Actual Values COP [Normalized]
MPR-2F-3P HP1 Train model, MPR-2F-3P HP1 Test model,
Input features: "T_outdoor”, "signal_1" Input features: "T_outdoor”, "signal_1"
14 —— Ideal Reference Line 14 —— Ideal Reference Line

04

02

Predicted Values COP [Normalized]
o
o

Predicted Values COP [Normalized]
o
>

0.0

=02 =0.2
T T T T T T T T T v T T
oo 0.2 0.4 0.6 08 10 0.0 0.2 0.4 0.6 0.8 10
Actual Values COP [Normalized] Actual Values COP [Normalized]

Figure 21 Models with input features "T_outdoor" & "signal_1" and output feature "COP_1"

The multiple regression models with the output feature Carnot efficiency were developed and
tested with the same input features used for the previous models with COP as th& batput.
results of the models witthei nput fTe @tut dhed® riic o n d ard peeseptedino
Table 9], [30] & [31]. Figure [22]display the scatter plot distribution.

Table29 MLR-2F, Input: "T_outdoor" &'cond_t_in_1" Output: "Carnot_efficiency_1" HP1, Model evaluation

MLR -2F Model evaluation
Mean Absolute Error (MAE)-]
Mean Absolute Percentage Error (MAPE
Coefficient of determinatiord

0,077
20,800
73,38
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M PR-2F-2P Model evaluation

Mean Absolute Error (MAE)-]

Coefficient ofdetermination

Mean Absolute Percentage Error (MAPE

0,08
21%
72,22

M PR-2F-3P Model evaluation

Mean Absolute Error (MAE)-]

Coefficient of determinatiord

Mean AbsolutéPercentage Error (MAPE)
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Table30 MPR-2F-2P, Input: "T_outdoor" & "cond_t_in_1" Output: "Carnot_efficiency_1" HP1, Model evaluation

Table31 MPR-2F-3P, Input: "T_outdoor" & "cond_t_in_1" Output: "Carnot_efficiency_1" HP1, Model evaluation

Figure 22 Models with input features "T_outdoor" & "cond_temp_1" and output feature "Carnot_efficiency_1"
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Table32 MLR-2F, Input: "T_outdoor" & "signal_1" Output: "Carnot_efficiency_1" HP1, Model evaluation

MLR-2F Model evaluation

Mean Absolute Error (MAE)-]

Coefficient of determinatiorq

Mean Absolute Percentage Error (MAPE

0,076
15,8%0
73,680

Table33MPR-2F-2P, Input: "T_outdoor" & "signal_1" Output: "Carnot_efficiency_1" HP1, Model evaluation

MPR-2F-2P Model evaluation

Mean Absolute Error (MAE)-]

Coefficient ofdetermination 4

Mean Absolute Percentage Error (MAPE

0,072
15,830
77,280

Table34 MPR-2F-3P, Input: "T_outdoor" & "signal_1" Output: "Carnot_efficiency_ 1" HP1, Model evaluation

MPR-2F-3P Model evaluation

Mean Absolute Error (MAE)-]

Coefficient of determinatiord

MLR-2F HP1 Train model,

Input features: "T_outdoor”, "signal_1"

Mean Absolute Percentage ErrtdAPE)
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16,180
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MLR-2F HP1 Test model,
Input features: "T_outdoor”, "signal_1"
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Figure 23 Models with input features "T_outdoor" & "signal_1" and output feature "Carnot_efficiency_1"
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5.1.3.3Models with three input features

Theselection ofvariablesfor the modelsvith three input featuresagbased a theresults of

the VIF analysisfound in sectiorb.1.2.The chosen input featuregerethereforethe outdoor
temperaturef{ T _ o u 1, dvaporatdr entering brine temperat(iiee va _ T _ward_i n_10
the compressor voltage signél ¢ i g n.dHe madel development process included testing
models with botlCOPand Carnogfficiencyas output features. Botimear and polynomial

regression modelsp to thirddegree weranalysed

Table [F], [36] & [37] show the results attained from the model evaluation performed for
models witht hr ee 1 nput featur es, HRgure|[24]didplaytheut put f
scatter plot distribution of the models.

Table35MLR-3F, Input: "T_outdoor", "eva_T_wat_in_1" & "signal_1" Output: "COP_1" HRIgdel evaluation

MLR -3F Model evaluation

Mean Absolute Error (MAE)-] 0,055
Mean Absolute Percentage Error (MAPE 15,28%
Coefficient of determinatior 90,66%

Table36 MPR-3F-2P, Input: "T_outdoor", "eva_T_wat_in_1" & "signal_1" Output: "COP_1" HP1, Model evaluation

M PR-3F-2P Model evaluation

Mean Absolute Error (MAE)-] 0,064
Mean Absolute Percentage Error (MAPE 14,39%
Coefficient of determinatiorq 90,64%

Table37 MPR-3F-3P, Input: "T_outdoor”, "eva_T_wat_in_1" & "signal_1" Output: "COP_1" HMdel evaluation

M PR-3F-3P Model evaluation

Mean Absolute Error (MAE]-] 0,048
MeanAbsolute Percentage Error (MAPE 12,59%
Coefficient of determinatiorq 92,54%

Input features: "T_outdoor”, "eva_T_wat_in_1", "signal_1" Input features: "T_outdoor”, "eva_T_wat_in_1", "signal_1"

14 — Ideal Reference Line 14 —— Ideal Reference Line

predicted values COP [Normalized]
Predicted Values COP [Normalized]

0.0 0.2 0.4 0.6 08 10 0.0 0.2 0.4 0.6 0.8 10
Actual values COP [Normalized] Actual values COP [Normalized]

51



MPR-3F-2P HP1 Train model,

Input features: "T_outdoor”, "eva_T_wat_in_1", "signal_1"

MPR-3F-2P HP1 Test model,
Input features: "T_outdoor”, "eva_T_wat_in_1", "signal_1"
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Figure 24 Models with input features "T_outdoor"”, "eva_T_wat _in_1" & "signal_1" and output feature "COP_1"

The results of the modelgith the same three input feature but with the output feature
ACarnot efficiency Bp[3%&][40]. The scaitérplgtefthe i n
predicted and actual valuesspresented in Figure [25].

Table38 MLR-3F, Input: "T_outdoor", "eva_T_wat_in_1" & "signal_1" Output: "Carnot_efficiency_1" HP1, Model
evaluation

MLR -3F Model evaluation

Mean Absolute Error (MAE)-] 0,062
Mean Absolute Percentage Error (MAPE 14,026
Coefficient of determinatiord 83,04%

Table39 MPR-3F-2P, Input: "T_outdoor", "eva_T_wat_in_1" & "signal_1" Output: "Carnot_efficiency_1" HP1, Model
evaluation

MPR-3F-2P Model evaluation

Mean Absolute Error (MAE)-] 0,061
Mean Absolute Percentage Error (MAPE 13,96
Coefficient of determinatiord 83,6%%

Table40 MPR-3F-3P, Input: "T_outdoor", "eva_T_wat_in_1" & "signal_1" Output: "Carnot_efficiency_1" HP1, Model
evaluation

MPR-3F-3P Model evaluation

Mean Absolute Error (MAE)-] 0,056
Mean Absolute Percentage Error (MAPE 12,76%
Coefficient of determinatiord 85,5®0
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MLR-3F HP1 Train model,

Input features: "T_outdoor”, "eva_T_wat_in_1", "signal_1"

MLR-3F HP1 Test model,

Input features: "T_outdoor”, "eva_T_wat_in_1", "signal_1"
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Figure 25 Models with input features "T_outdoor", "eva_T_wat_in_1" & "signal_1" and output feature "COP_1"

5.1.3.4Models with four input features

The same procedutessedwhen choosing input features for models with three inpats

applied for models with four input$he chosen input features were the outdoor temperature

(AT _outdooreéenterivmp obrait me t e mp ecorapreasore ( iev a _
voltage signal (Ataviggwvalt eX o)t earpckr@ad mad &n § dijc.ond

Table [41], [42] & [4 3] display the model evaluation results for models tested with four input
features and the output feature ACOP_1l0.
shown in Figure [26].

The

Table41 MLR-4F, Input: "T_outdoor", "eva_T_wat_in_1", "signal_1" & "cond_T_wat_out_1" Output: "COP_1" HP1,
Model evaluation

MLR -4F Model evaluation
Mean Absolute Error (MAE)-]
Mean Absolute Percentage Error (MAPE
Coefficient of determinatiorq

0,044
10,70%
92,9%
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Table42 MPR-4F-2P, Input: "T_outdoor", "eva_T_wat_in_1", "signal_1""&ond_T_wat_out_1" Output: "COP_1" HP1,
Model evaluation

MP R-4F-2P Model evaluation
Mean Absolute Error (MAE)-] 0,041
Mean Absolute Percentage Error (MAPE 12,82%
Coefficient of determinatiord 94,68%

Table43MPR-4F-3P, Input: "T_outdoor", "eva_T_wat_in_1", "signal_1" & "cond_T_wat_out_1" Output: "COP_1" HP1,
Model evaluation

MPR-4F-3P Model evaluation
Mean Absolute Error (MAE)-] 0,038
Mean Absolute Percentage Error (MAPE 11,7®6
Coefficient of determinatiord 95,226

MLR-4F HP1 Train model, MLR-4F HP1 Test model,
Input features: "T_outdoor”, "eva_T_wat_in_1", "signal_1", "cond_T_wat_out_1" Input features: "T_outdoor”, "eva_T_wat_in_1", "signal_1", "cond_T_wat_out_1"
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Figure 26 Models with input features "T_outdoor", "eva_T_wat_in_1", "signal_1" & "cond_T_wat_out_1" and output
feature "COP_1"

The results of the models with four ingaatures and the output feature
ACarnot effici ency 4145 &d46leFigesr&dRywrapresentstiiea bl e [ 4
scatter plot distribution of each model.
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Table44 MLR-4F, Input: "T_outdoor", "eva_T_wat_in_1", "signal_1" & "cond_T_wat_out_1" Output:
"Carnot_efficiency_1" HP1, Model evaluation

MLR -4F Model evaluation

Mean Absolute Error (MAE)-]
Mean Absolute Percentage Error (MAPE
Coefficient of determinatiord

0,053
12,14%
86,620

Table45 MPR-4F-2P, Input: "T_outdoor", "eva_T_wat_in_1", "signal_1" & "cond_T_wat_out_1" Output:
"Carnot_efficiency_1" HP1, Model evaluation

MPR-4F-2P Model evaluation

Mean Absolute Error (MAE)-]
Mean AbsolutéPercentage Error (MAPE)
Coefficient of determinatiord

0,046
11,43%%
90,630

Table46 MPR-4F-3P, Input: "T_outdoor", "eva_T_wat_in_1", "signal_1" & "cond_T_wat_out_1" Output:
"Carnot_efficiency_1" HP1, Model evaluation

MPR-4F-3P Model evaluation

Mean Absolute Error (MAE)-]
Mean Absolute Percentage Error (MAPE
Coefficient of determinatiorq

Input features: "T_outdoor”, "eva_T_wat_in_1", "signal_1", "cond_T_wat_out_1"

predicted Values Camot Efficiency [Normalized)
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MPR-4F-3P HP1 Train model, MPR-4F-3P HP1 Test model,
Input features: "T_outdoor”, "eva_T_wat_in_1", “signal_1", "cond_T wat_out_1" Input features: “T_outdoor”, "eva_T_wat_in_1", “signal_1", "cond_T_wat_out_1"
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Figure 27 Models with input features "T_outdoor","eva_T_wat_in_1","signal_1" & "cond_T_wat_out_1" and output feature
"Carnot_efficiency_1"
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5.2 Heat pump 2

5.2.1 Data pre-processing

Similar to the proces®r HP1, outliers were detected and removed using the boxplot method.
Figure[28] displays the raw dataoxplot distributions of the measured variatdésined
from HP2.
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Figure 28 Boxplot raw data distribution HP2

The resuls of theoutlier eliminationfrom the dataset are displayasl boxplotsn Appendix
[7] and as violin plots in Append{8].

The same methaagsed for HPWwas applied to resample the timeframe of each measured
variablefor HP2to facilitate comparabilityThis resulted in missing values due to differences
in timestamps between the variablasother cleaning process of the data was thereby
automatically appliedThe resuls of thisinstance ardisplayed inFigure[29]
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Figure 29 Violin plot cleaned data distribution HP2

Contrary to the filtering process of the data for H#P&, valuef the variables from HP2

werenow reasonable and not in need of further cleaning. Therefore, the calculation process
for estimating th&€OP and the Carnot COP was conducted and the results were displayed in a
satter plot showrnin Figure[30] and[31].
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Figure 30 COP and Carnot COP scatter plot HP2
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Figure 31 COP scatter plot HP2

5.2.2 Feature selection

Thecorrelation analyis for HP1 wasalsoappliedfor HP2 and theoutdoor temperature
feature was added as wdtigure[32] illustratethe Pearson correlation coefficierdad

el Sty =

Nov 2023

Figure [33] distribute the Spearmearrelation coefficients. Table T#provides an overview

of how each measured variable are correlated to.COP

Pearson Correlation Heatmap
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Figure 32 Pearson correlation heatmap between measured variables and COP, HP2
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Spearman Correlation Heatmap
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Figure 33 Spearman correlation heatmap between measured variables and COP, HP2

Table47 Pearson & Spearman Correlation Coefficients in relation @RCHP2

Variable name Pearson C_Zo_rrelation Spearman _C_orrelation
Coefficient Coefficient

cond T wat in_2 -0,63 -0,60
cond T wat out 2 -081 -0,84
cond_pressure_2 -0,87 -0,86
cond_temperature_2 -0,86 -0,86
cond_temp_2 -0,96 -0,97
eva T wat in_2 0,82 0,85
eva_pressure 2 0,88 0,89
eva_temperature_2 0,88 0,89
eva T out 2 0,86 0,88
signal_2 -0,65 -0,60
T _outdoor 0,82 0,84

Similar to the results of theorrelation analysis for HPlinear and no+inear relationships

are foundbetween the measured variables and the COP for Hie2strongest correlation
coefficientfound is theemperature of the refrigerant leaving the compressor

( Acond _ tGvergh wHlethe correlation coefficients are relatively strotitey arenot

as strong as the relationships fodadHP1.A notable deviation is found in the results for the
compressor voltage sign@lfi s i g nwdnére tte @grrelation coefficientsgnificantly

weaker in comparison tohat isobserved in HP1.
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Figure[34] showcase the result of the correlation analysis for each measured variable for HP2
andCarnotefficiency.
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Figure 34 Pearson correlation heatnpedbetween measured variables and Carnot efficiency, HP2

Spearman Correlation Heatmap
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Figure 35 Spearman correlation heatmap between measured variables and Carnot efficiency, HP2
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Table [8] summarizes how each measured variable for HP2 are correlated to Carnot
Efficiency.

Table48 Pearson & Spearman Correlation Coefficients in relation to Carnot Efficiency HP2

: Pearson Correlation Spearman Correlation

Variable name e .
Coefficient Coefficient

cond T wat in_2 -0,56 -054
cond T wat out 2 -0,64 -0,65
cond_pressure_2 -0,64 -0,59
cond_temperature_2 -0,63 -0,59
cond_temp_2 -0,84 -0,84
eva T wat in_2 0,65 0,67
eva_pressure_2 0,68 0,67
eva_temperature 2 0,68 0,67
eva T out 2 0,63 0,63
signal_2 -0,34 -0,25
T _outdoor 0,65 0,64

The observed results differ significantly from the results obtained for Hi&lLcorrelation
relationship between the measured variables and Carnot effi@ppegars relatively weak

apart from the temperature of the refrigerant leaving the compressarond _t emp _ 2 0)
Remarkablythere isalmost a negligibleelationship between the compressor voltage signal

( A s i g raradlCarrielficiency.

The VIF method used to detect multicollinearity between features in the dataset was applied
for HP2 as well. TabledP)] display the results of the VIF analysis. Tabl8][Show the

selected features for models with four input features and Tajlen[Bude the selected

features for models with three input features.

Table49 VIF, HP2 features

Variable name VIF
cond_T wat_in2 87,62
cond T wat_out2 69,73
cond_pressure_ 748,24
cond_temperature_ 844,12
cond_temp2 48,70
eva_ T wat in2 45,54
eva_pressure2 1146,48
eva_temperature2_ 1332,38
eva_ T out2 43,93
signal 2 15,98
T outdoor 9,18
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Table50 VIF for 4 selectednputfeatures, HP2

Variable name VIF
cond_T_ watout 2 514
eva_ T wat in2 1,64
signal_2 1,46
T_outdoor 5,46

Table51 VIF for 3 selected input features, HP2

Variable name VIF
eva_T wat in2 1,57
signal_2 1,41
T_outdoor 1,57

5.2.3 Model development

The same models tested with the data from HP1, have also been tested with tleendata fr
HP2 The total amount of data in th#P2 dataset wag522 after the data cleaning process,
where 75% of the dateas divided into the training dataset and the remaining 25% was used
to test the model8oth linear and notinear models have been tested, as well as multiple
linear and multivariate polynomiatodels.The models are titled according to the explanation
provided in Chapter 5.1.3he results from the model performance metrics MAE, MAPE and
'Y are provided in table§hedistribution between the actual output value and the predicted
output value are illustrated in figuresth an ideal reference line

5.2.3.1Models with one input feature

To compare HP1 and HP2, the same models have beenusstgthe data from HP2 as

from HP1. This entails that the same input features have been applied for the models for HP2.
Table[52], [53] & [54] display the results for the models tested Wiith _ dowtr ¢heigpst
featureand ACOP_20. as the output

Table52SLR1F,l nput : AT_out do o HR2 Modetepaluation A" COP _ 20

SLR-1F, HP2, Model evaluation

Mean Absolute Error (MAE)-] 0,1
Mean Absolute Percentage Error (MAPE 23,09%
Coefficient of determinatiorq 64,12%
Table53NLR-1F-2P,I nput : AT _ _out do o HR2 Modekepaluation A COP _20

NLR-1F-2P, HP2,Model evaluation

Mean Absolute Error (MAE)-] 0,1
Mean Absolute Percentage Error (MAPE 23,5%
Coefficient of determinatiord 65,5%
Table54NLR-1F-3P,l nput : AT out do o HR2 Modekepaludation A COP _20

NLR-1F-3P, HP2,Model evaluation

Mean Absolute Error (MAE)-] 0,09
Mean Absolute Percentage Error (MAPE 20,97%
Coefficient ofdetermination 4 68,3%
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Figure[36] showcase theesults of thenodelsdisplayed in scatter plots distributing the ration
between the actual values and the predicted model values.
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Figure 36 Models with input feature "T_outdoor" and output feature "COP_2"

Similarto the results found for HP1, there is a high correlation between CCOdisehdrge

refrigerant( i ¢ o n d _ t Tharefore 2rndels testedth this variable as the input feature

were also employed.able [%], [56] & [57] show the results from the model evaluatiovith

thei nput feature, Acond_t emp_ Fhore[XA]nlldstratestte out p ut
distribution of the models.

Table55 SLR1F, Input: "cond_temp_2", Output: "COP_2" HP2, Model evaluation

SLR-1F, HP2, Model evaluation
Mean Absolute Error (MAE)-] 0,065
Mean Absolute Percentage Error (MAPE 15,06%
Coefficient of determinatiord 83,77%
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Table56 NLR-1F-2P, Input: "cond_temp_2", Output: "COP_2" HP2, Model evaluation

NLR-1F-2P, HP2,Model evaluation
Mean Absolute Error (MAE)-]
Mean Absolute Percentage Error (MAPE
Coefficient of determinatiorq

0,065
15,19%
83,97%

Table57 NLR-1F-3P, Input: "cond_temp_2", Output: "COP_2" HP2, Model evaluation

NLR-1F-3P, HP2,Model evaluation
Mean Absolute Error (MAE)-]
Mean Absolute Percentage Error (MAPE
Coefficient of determinatiord

0,094
20,97%
68,31%
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Input feature: "cond_temp_1"
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Figure 37 Models with input feature "cond_temp_2" and output feature "COP_2"

The results of the modelstested t h fodr oua s t he i nput feature
ACarnot efficiency B5Bp[5%&[&0]. The scaitér plot didributiomisT a b | e
shown in Figure [8].
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Table58 SLR1 F , Il nput: AT _outdoor @0 CGANopalavaluatorar not _ef fi ciency _

SLR-1F Model evaluation
Mean Absolute Error (MAE)-] 0,13
Mean AbsolutéPercentage Error (MAPE) 22,3%%
Coefficient of determinatiorq 6,7%

Table59NLR1F-2 P, I nput: AT_outdooro Output:ocarnot_efficiency_20

NLR -1F-2P Model evaluation
Mean Absolute Error (MAE)-] 0,13
Mean Absolute Percentage Error (MAPE 23%
Coefficient of determinatiord 7,4%

Table60NLR-1F-3 P, I nput: AT _outdoor o OQOutput:ocarnot _efficiency_ 20

NLR -1F-3P Model evaluation
Mean Absolute Error (MAE)-] 0,13
Mean Absolute Percentage Error (MAPE 22, 7%
Coefficient of determinatiord 6,4%
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Figure 38 Models with input feature "T_outdoor" and output feature 'f@arefficiency 2"
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