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Abstract 

The building sector is responsible for excessive amounts of energy consumption and energy 

related emissions. The need to implement sustainable technology is crucial, such as heat 

pumps. However, faults within the system puts a strain on energy consumption. Studies have 

revealed that digital monitoring has the possibility to enhance energy-efficiency. Specifically, 

Machine Learning techniques has proven to be successful in the field of system optimization 

and fault detection which can help reduce energy consumption and additional costs. The aim 

of this thesis is to investigate how data analysis and Machine Learning techniques can be used 

to make performance predictions of heat pump systems.  

 

This thesis focuses on developing regression models for heat pump performance predictions 

using data from real-time field measurements from two ground-source heat pumps connected 

to a large facility. The predicted performance metrics are the Coefficient of Performance 

(COP) and Carnot efficiency. The research methodology includes a literature review, data 

pre-processing, feature selection and model development. The data was pre-processed to 

remove unsatisfactory information, and relevant input features were identified during feature 

selection. Regression models were developed ranging from simple linear to non-linear 

regression with up to four input features and third-degree polynomial. The models were 

evaluated using three different model evaluation metrics.  

 

The results of this thesis revealed that the best performing models for predicting COP were 

non-linear, including three to four input features with a third-degree polynomial. These 

models were able to achieve over 90% accuracy. However, models predicting Carnot 

efficiency showed deviations for one of the heat pumps. These results revealed the importance 

of the feature selection process when developing regression models. The significant features 

to consider were revealed to be the discharge refrigerant (the temperature of the refrigerant at 

compressor outlet) and the compressor voltage signal. The data analysis process and 

regression models revealed assumed measurement error or faults in one of the heat pump 

systems.  

 

In conclusion, this study emphasizes the effectiveness of Machine Learning techniques for 

heat pump performance predictions, specifically highlighting the role of feature selection.  

 

Keywords: Heat pumps, Regression models, Data analysis, Machine learning, Coefficient of 

Performance, Carnot efficiency  
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Sammanfattning 

Byggsektorn står för en betydande del av energiförbrukning och energirelaterade utsläpp. Det 

är viktigt att implementera mer hållbar teknik, såsom värmepumpar. Däremot kan fel som 

uppstår i systemen öka energiförbrukningen. Studier har visat att digital övervakning kan 

förbättra energieffektiviteten. Specifikt har maskininlärningstekniker visat sig vara 

framgångsrika inom systemoptimering och felsökning, vilket kan bidra till minskad 

energiförbrukning och kostnader. Syftet med denna avhandling är att undersöka hur 

dataanalys och maskininlärningstekniker kan användas för att estimera prestandan av 

värmepumpssystem.   

 

Denna avhandling fokuserar på att utveckla regressionsmodeller för att estimera prestanda av 

värmepumpar med hjälp av data från realtidsmätningar från två värmepumpar anslutna till en 

stor fastighet. De prestandamått som har förutsagts är verkningsgraden (COP) och Carnot 

effektiviteten. Forskningsmetodiken inkluderar en litteraturstudie, förbehandling av data, 

urval av indata och utveckling av modellerna. Förbehandlingen av data gjordes för att ta bort 

otillfredsställande information och relevanta indatavariabler identifierades under 

urvalsprocessen. Regressionsmodeller utvecklades och sträckte sig från enkel linjär till icke-

linjär regression med upp till fyra indatavariabler och tredjegradspolynom. Modellerna 

utvärderades därefter med hjälp av tre olika evalueringsmått.  

 

Resultaten av denna avhandling visade att de bästa modellerna för att förutsäga COP var icke-

linjära, med tre till fyra indatafunktioner och tredjegradspolynom. Dessa modeller kunde 

uppnå över 90% noggrannhet. Däremot visade modeller som förutsade Carnot-effektiviteten 

avvikelser för en av värmepumparna. Dessa resultat avslöjade vikten av urvalsprocessen för 

indatavariabler vid utveckling av regressionsmodeller. De signifikanta variablerna att beakta 

visade sig vara temperaturen på kylmedlet vid kompressorutloppet och kompressorns 

spänningssignal. Dataanalysprocessen och regressionsmodellerna avslöjade även antagna 

mätfel eller fel i ett av värmepumpsystemen.  

 

Avslutningsvis betonar denna studie effektiviteten av maskininlärningstekniker för att 

estimera prestanda av värmepumpar, med särskild vikt på urvalsprocessen för indatavariabler.  

 

Nyckelord: Värmepumpar, Regressionsmodeller, Dataanalys, Maskininlärning, 

Verkningsgrad, Carnot effektivitet 
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1. Introduction  

1.1 Background 

According to the International Energy Agency (IEA) (2023) the building sector is accountable 

for 30% of global energy consumption and 26% of global energy-related emissions. As stated 

by the IEA (2022) the heating of buildings is responsible for 10% of global energy related 

emissions and as of today, a common source for heating of buildings is fossil fuels. The 

implementation of sustainable heating technology is therefore crucial to reach the European 

Union mission for Net Zero Emissions by 2050. Additionally, examining the energy 

distribution of a building reveals that HVAC systems account for approximately 40% of the 

total energy consumption according to Zhou et al. (2023). 

 

Heat pumps are considered a more sustainable and energy-efficient heating technology which 

can reduce the use of fossil fuels. They extract heat from the surroundings and increase its 

temperature through the thermodynamic cycle in the heat pump. The increased heat can be 

used to heat up the air inside a building or distribute hot water (IEA, 2022).  

 

Despite the benefits of heat pumps, any presence of faults in HVAC systems in general causes 

significant loss of energy. Accounting for approximately 15-30% of the overall energy use in 

buildings. This may arise from insufficient maintenance and monitoring, decreased 

functionality of the system components or inaccurate installation (Singh et al., 2022). In a 

study conducted by Aguilera et al. (2022) the most common problems recognized in large-

scale heat pumps included clogging and contamination affecting heat exchangers, along with 

leakage of the refrigerant. Additionally, the components most affected by these faults were 

heat exchangers, evaporators, and compressors.  

 

According to the IEA (2024) digital monitoring and operation of HVAC systems has the 

possibility to reduce overall costs and increase energy efficiency. The use of sensor 

technologies in the building sector facilitates a large amount of data collection. With thorough 

data analysis, valuable information can be retrieved and used to make performance 

predictions of HVAC systems.  

 

The use of Machine Learning techniques has gained significant attention and are widely used  

for performance predictions. Machine Learning algorithms can retrieve valuable information 

from a dataset by 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 consumption (Zhou et al., 2023). 

1.2 Aim and Research Questions 

The scope of this thesis is to investigate how to use data analysis and data-driven models for 

heat pump performance estimation. The aim is to develop and suggest models capable of 

accurately assessing heat pump performance and at the same time delve into which variables 

in a heat pump are significant to consider in order to make reliable predictions.  

 

The primary objective for this thesis and with exploring data-driven models for heat pump 

performance estimations is to investigate how they can be developed and further used to 

estimate energy demand and as a fault diagnosis tool to achieve optimal system operation. 

This, in turn, would lead to improved energy efficiency, reduced operational costs, and 

enhance overall sustainability.  
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The research questions to be investigated are therefore, 

1. How can data analysis, together with statistical and machine learning techniques, be 

used to predict the performance of heat pumps? 

2. How reliable are the suggested models for estimating heat pump performance 

considering the input features? Which are the significant variables to consider? 

1.3 Delimitations  

This thesis is limited to develop data-driven regression models for heat pump performance 

estimation. This implies investigating both linear and non-linear regression models. The heat 

pump performance in question is limited to investigate heat pump COP as well as Carnot 

efficiency. This entails that the developed models will be trained, tested, and validated with 

data that has been collected from real-time operation measurement and further been processed 

to mimic an ideal state of operation when delivering heat.  

1.4 Methodology 

The research methodology carried out for this thesis consists of a literature review, data pre-

processing, feature selection and model development.  

 

The literature review was conducted to gather information regarding the operational process 

of heat pumps, their thermodynamic properties, and performance metrics. This was done to 

conduct a valuable investigation on how to estimate heat pump performance through data 

analysis using statistical and machine learning techniques. The literature review also covered 

key aspects of data analysis and machine learning to gain a broader understanding on the 

topic. This enabled identification of the best methods to choose for this research. The 

literature review concluded with an investigation on previous research made in the field of 

Machine Learning applications for HVAC systems and COP estimations for heat pumps. This 

provided a broader perspective over the progress that has been made so far in this field.  

 

The data used for this research has been collected from a real-time field measurement from 

two operating Ground-Source Heat Pumps (GSHP) connected to a large facility. The 

measurements were made during the timeframe from February to December 2023. Analysing 

data from more than one heat pump enables for comparison and validation of the model 

development process. An additional feature, the outdoor temperature, was also added to the 

dataset. The data for this feature was conducted from measurements provided by Swedish 

Meteorological and Hydrological Institution (SMHI). The raw collected data have further 

undergone pre-processing using the boxplot method to remove unsatisfactory data points. 

This was done to strengthen the reliability of the data, and to be able to mimic ideal values for 

heat pump operation. Subsequently, calculations of performance 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 before feature selection to enable comparison between the 

variables in the dataset. The feature selection process involved identification of essential input 

features for the model development. A correlation analysis was made to determine 

relationships between the variables in the dataset. This included both Pearsonôs correlation 

coefficient for linear relationships, and Spearmanôs rank coefficient for non-linear 

relationships. Additionally, a Variance Influence Factor (VIF) was conducted to detect and 

address multicollinearity among features.  
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The model development process involved developing regression models, both linear and non-

linear with several different input features. Models ranged between one input to four input 

features, and non-linear models were developed up to a third-degree polynomial. Models with 

both COP and Carnot efficiency as the output were tested as well. The input features were 

chosen based on the VIF analysis, how easily attainable they are, and the strength of their 

correlation with the calculated performance metrics. The developed models were then 

evaluated based on three model evaluation metrics. These were the Mean Absolute Error 

(MAE), Mean Absolute Percentage Error (MAPE), and Coefficient of Determination (Ὑ ). 

 

The tool that was used for this thesis is Python, which is an open-source programming 

language typically applied for data analysis and machine learning tasks. Python is known for 

being user-friendly and comprehending a wide variety of modules and libraries. It is therefore 

preferred among non-professional data scientists for conducting data visualizations, statistical 

analyses and developing machine learning algorithms (Coursera, 2024). The following 

libraries that were used to carry out this study are Pandas, NumPy, Matplotlib, Seaborn, 

CoolProp, Plotly and Scikit Learn. These libraries are developed for data analysis and 

building machine learning algorithms, except from the CoolProp library. CoolProp is an open-

source library that comprehends thermodynamic properties which facilitates determination of 

properties among various gases and liquids (CoolProp, 2023). This library was specifically 

used for the thermodynamic calculations conducted for the heat pump performance 

evaluations.  
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2. Heat pumps 

2.1 Introduction to Ground -Source Heat Pump technology  

 
Figure 1 GSHP system (Niessink, 2019) 

Due to the excessive amount of energy-related emissions connected to the building sector 

there is a need to mitigate the use of non-renewable energy sources. In the context of space 

heating and cooling, heat pumps are considered a more sustainable alternative since they 

extract heat from renewable sources such as geothermal, air or water sources. The extracted 

heat energy from the source gets increased or decreased by the operating system within the 

heat pump which is then distributed into the building (Singh et al., 2019).  

 

Apart from differences in energy sources, there are also differences in operation between heat 

pumps. A heat pump may either contain an on/off or inverter-controlled compressor. On/off 

heat pumps launch when the temperature falls below the setpoint, operating at maximum 

power until the desired temperature is reached. Inverter-controlled heat pumps contain a 

variable speed compressor which facilitates adaptive system operation based on temperature 

demand. This entails that the operation is driven by demand which enables the compressor to 

run at decreased speeds to maintain the temperature setpoint. The compressor will only run at 

elevated speeds when necessary. In comparison to the less expensive on/off heat pump 

system, the inverter-controlled heat pump offers a more energy efficient operational system 

(AIROSD, 2023). 

 

The data used for this study is collected from Ground-Source Heat Pumps (GSHP). Therefore, 

the following section briefly provides an overview of the technology and its components.  

 

Closed-loop ground-source heat pumps extract their energy from heat stored within the 

ground through heat exchangers. These are displayed as piping loops in the ground buried 

either horizontally or vertically (Singh et al., 2019). According to Sveriges Geologiska 

Undersökning (SGU) (2023) horizontal loops are typically installed at a depth of 

approximately 1m in the ground. These systems retrieve their heat energy from solar radiation 

stored in the surface of the ground. On the other hand, vertical heat exchangers are typically 

installed at a depth of around 100-300m based on geological circumstances and heating 

demand. The pipes installed in the ground contain a circulating heat carrier fluid called brine, 
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which typically consists of a mixture of water and antifreeze or salt. This works as a heat 

exchanger due to the thermal conductivity of the brine. It has the ability to absorb the heat that 

is present in the ground and further carry it to the heat pump system (Regli, 2024). Figure [1] 

provides an overview of the operational process.  

 

This is an effective heat extracting system since during the winter months, the ground 

temperature is warmer than the air temperature. On the contrary, the ground temperature is 

cooled than the air temperature during the summer months (Singh et al., 2019). The 

temperature within the ground also varies with depth. Weather conditions has a significant 

impact on the ground temperature above a depth of 1m (Kalogirou & Florides, 2004). 

According to the Swedish Meteorological and Hydrological Institute (SMHI) (2023) 

temperature variations within the ground becomes less affected by the air temperature as 

depth increases. This also implies a decrease in ground temperature variations. At a depth of 

approximately 6-7m, the temperature reaches its highest peak during the colder months and 

remains almost constant due to minimal temperature variations.  

 

The operational thermodynamic process within a heat pump, and its components, is described 

in the following chapter.  

2.2 Vapour compression cycle  

There are four main components in a heat pump. The evaporator, condenser, compressor and 

expansion valve displayed in Figure [2].   

 

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

The operational process is based on a vapor compression cycle to facilitate heat exchange. 

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 between a lower and a higher 

pressure. The cycle runs with a working fluid called a refrigerant, which vaporizes and 

condenses through the components of the cycle. This enables heat transfer from a lower 

temperature source to a higher temperature delivery zone (Granryd et al., 2009). The 

thermodynamic properties of a refrigerant can be displayed in a pressure-enthalpy (p-h) 

diagram, shown in Figure [3].  
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Figure 3 Enthalpy-Pressure Diagram (Naicker, 2015) 

In the evaporator, the space is kept cold to ensure that the refrigerant remains at a low 

temperature. This is called the refrigerated space. The extracted heat from the renewable 

source enters the evaporator where it gets absorbed by the refrigerant. This causes the 

refrigerant to start boiling and eventually vaporize due to the temperature difference. For this 

to work, the evaporating temperature of the refrigerant must be below the temperature within 

the evaporator. This process forms a low-pressure vapour which enters the compressor. In the 

compressor, an electric motor work input increases the temperature and pressure of the vapor 

which then enters the condenser. The process in the evaporator takes place at constant 

pressure. Since the formed vapor still absorbs heat from the refrigerated space during this 

process, it becomes slightly superheated before entering the compressor. This results in a 

slight variation between the inlet and outlet enthalpy. The enthalpy difference accounts for the 

amount of heat that the refrigerant has absorbed from the refrigerated space, which is called 

the refrigerating effect. This can be expressed with Equation [1]. Equation [2] display the 

refrigerating capacity (Granryd et al., 2009). 

 

ή Ὤȟ Ὤȟ  
[1]  

ὗ Ὤȟ Ὤȟ  
[2]  

Where, 

ή = Refrigerating effect 

ὗ  = Cooling capacity  

 = mass flow rate 

Ὤȟ  = Evaporator outlet enthalpy 

Ὤȟ  = Evaporator inlet enthalpy 

 

Within the compressor, there is an electric work input enabling the vapor to increase in both 

temperature and pressure. This also causes differences between the enthalpy of the refrigerant 

at compressor inlet and outlet. The enthalpy of the refrigerant increases as it passes through 

the compressor, resulting in an elevated refrigerant enthalpy at the compressor outlet. This 

process is characterized by Equation [3] and can be explained as the required work input for 

the compressor. Equation [4] on the other hand, displays the electrical work input needed to 

operate the compressor (Granryd et al., 2009). 
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‐ Ὤ ȟ Ὤ ȟ  
[3]  

Ὁ ά Ὤ ȟ Ὤ ȟ  
[4]  

Where, 

‐ = Required compressor work input 

Ὁ = Required power for compressor work input  

Ὤ ȟ  = Compressor outlet enthalpy 

Ὤ ȟ  = Compressor inlet enthalpy 

 

As the refrigerant leaves the compressor, it subsequently enters the condenser. Within this 

component, condensation takes place which is enabled by the presence of a cooling medium. 

This process occurs due to the elevated vapor pressure of the refrigerant which allows it to 

return to its liquid state. The refrigerant must possess significantly higher condensing 

temperature than the cooling medium to enable this process. The amount of heat that is 

released from this process is explained in Equation [5]. While Equation [6] display the 

calculation process to determine the heating capacity (Granryd et al., 2009). 

 

ή Ὤ ȟ Ὤȟ  
[5]  

ὗ ά Ὤ ȟ Ὤȟ  
[6]  

Where, 

ή = Heating effect  

ὗ = Heating capacity 

Ὤȟ  = Condenser outlet enthalpy 

 

The condensed liquid enters the expansion valve before it re-starts the cycle. The purpose of 

the expansion valve is to complete the cycle and maintain the pressure differences, together 

with the compressor. Here, there is a throttling process taking place. This is a thermodynamic 

process which quickly reduces the pressure of the refrigerant, and at the same time causes the 

temperature to drop without any heat exchange. The expansion valve completes the cycle as 

the refrigerant once again enters the evaporator at a lower temperature and pressure (Granryd 

et al., 2009). Figure [4] illustrates the configuration of a vapor compression cycle.  

 

 
Figure 4 Vapor compression cycle configuration (Granryd et al., 2009) 



 

 

19 

2.3 Coefficient of Performance (COP) 

There are various ways to determine how effective a heat pump system is. The Coefficient of 

Performance (COP) of a heat pump is a performance metric which discloses how effectively a 

heat pump delivers heat in comparison to the required electrical work input at a certain 

moment (Mousdell, 2024). More specifically, the COP of a heat pump is a measurement of 

how effectively the heat pump delivers rejected heat from the elevated temperature in the 

condenser in comparison to the work input in the compressor. The calculation of heat pump 

COP is shown in Equation [7] (Granryd et al., 2009). 

 

ὅὕὖ
ὗ

Ὁ
 

[7]  

Where, 

ὗ = Heating capacity 

Ὁ = Required power for compressor work input  

 

There is also a performance metric that gives an overall view on the performance of a heat 

pump over the course of a full heating season called the Seasonal Coefficient 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 count (Mousdell, 2024). SCOP is estimated by dividing the heating capacity 

for the full heating season by the required work input (Fournier, 2024).   

 

The COP is used as a key performance indicator for heat pump systems and it is strongly 

dependent on the operating conditions (Fahlén et al., 2014). The inlet and outlet temperatures 

of the heat source significantly impact the COP of a heat pump. These temperatures may vary 

throughout the year for ambient heat sources (Pieper et al., 2021). According to Pollard and 

Berg (2019) the performance of a heat pump is influenced by outdoor environmental 

conditions. The COP of a heat pump varies with changes of temperature as it decreases at 

lower temperatures. The COP of a vapor compression cycle is highly dependent on the 

evaporating temperature as well as the condensing temperature. For the cycle to operate at 

highest efficiency, it is significant to keep the evaporating temperature as high as possible, 

while the condensing temperature should be kept as low as possible. Maintaining this ensures 

a highly efficient heat transfer as well as a high COP value of the heat pump (Granryd et al., 

2009).  

 

The Carnot cycle gives the theoretical maximum COP of a heat pump. As it shares similarities 

with the vapor compression cycle, it is significant to make comparisons between the two. 

When the heat pump is working at its highest efficiency, the COP corresponds to around 80% 

of the theoretical maximum value (Granryd et al., 2009). The Carnot cycle COP is given by 

the difference between two constant temperatures, one higher temperature and one lower 

temperature. A smaller difference between them gives a higher Carnot COP value. (Rees, 

2016) The higher temperature corresponds to the condenser temperature, and the lower 

temperature corresponds to the evaporating temperature (Granryd et al., 2009). Equation [8] 

displays the calculation of Carnot COP (Rees, 2016). 

 

ὅὕὖὧὥὶὲέὸ
Ὕ

Ὕ Ὕ 
 

[8]  
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Ὕ = Higher temperature in the condenser 

Ὕ = Lower temperature in the evaporator 

 

The Carnot efficiency of the refrigerant, –, displays the ratio between the COP of a heat 

pump and the Carnot COP shown in Equation [9] (Granryd et al., 2009). 

 

–
ὅὕὖ

ὅὕὖ
 

[9]  

This relationship discloses how the heat pump performs in comparison to the ideal theoretical 

maximum COP value. This is an important metric to consider when evaluating the 

performance of a heat pump. It reveals how effective the heat pump is during operation in 

comparison to how effective the heat pump theoretically can be (Granryd et al., 2009). 

 

In terms of COP estimations, various methods have been tested. In an article provided by 

Pieper et al. (2021), some of these have been mentioned. Some of them include a linear 

correlation method with few independent variables across different types of refrigerants. Both 

complex and more simple mathematical models have been tested. The complex models 

focused on inlet and outlet temperature of the heat sink, while the simpler models considered 

only the outdoor temperature. However, both approaches considered polynomial terms to 

address non-linear trends. Lastly, it is mentioned that empirical data have been used to 

determine correlations between variables related to heat pump performance, yielding reliable 

results.  
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3. Heat Pump modelling 

3.1 Introduction to Machine Learning applications for HVAC systems 

Machine Learning (ML)  techniques have been used for several years for HVAC system 

optimization and have more recently been making great progress. ML applications are mainly 

used for indoor environmental quality control and energy management. The most commonly 

used ML applications for energy management involves making comparisons between indoor 

and outdoor environmental quality. These applications enable energy consumption predictions 

for optimal system operation to potentially reduce operational costs and increase energy 

efficiency. More recently, ML applications have been used to monitor HVAC systems for 

fault detection (Zhou et al., 2023). 

 

Depending on the objective with ML applications as well as the type of data that is available, 

there are several different methods to use (Zhou et al., 2023). Data is typically classified as 

either labelled 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 algorithms. On the contrary, unlabelled data lacks classification making them more 

complex to interpret (Awan, 2023). According to Zhou et al. (2023) there are four different 

categories to ML, these are supervised learning, unsupervised learning, semi-supervised 

learning and reinforcement learning.  

 

Supervised learning uses labelled input and corresponding output features to train algorithms 

for prediction and pattern recognition between the features in the dataset. Regression and 

Artificial Neural Networks (ANN) are examples of supervised learning methods. 

Unsupervised learning involves finding relevant hidden information within the internal 

structure of the dataset. This method is used when unlabelled data is available, allowing the 

ML algorithm to find trends without the guidance of labelled features. This type of ML 

application is mainly used before supervised learning, as a part of data pre-processing. Semi-

supervised learning is a combination of supervised and unsupervised learning where both 

labelled and unlabelled data is available. This involves training the model with labelled data, 

and using the algorithm to find trends within the unlabelled dataset (Zhou et al., 2023). 

Reinforcement learning, on the other hand, differ significantly from the previously mentioned 

learning algorithms. This method involves a learning agent interacting with actions in its 

learning environment. Based on its responses to the actions, the agent either gets rewarded or 

subjected to consequences. This iterative process enables the model to learn and improve its 

decision-making through trial and error. The aim with reinforcement learning is to create an 

algorithm which is able to enhance the total sum of rewarded decisions made by the learning 

agent (Bhatt, 2018). 

 

According to Zhou et al. (2023) supervised and reinforcement learning are the preferable and 

most implemented learning algorithms in the context of ML application for HVAC system 

optimization. The reason for this is that the use of labelled data is typically a necessity.  
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3.1.1 Heat Pump modelling approaches for COP estimations 

In the context of modelling approaches for heat pump performance estimations, Underwood 

(2016) has provided four methods for Ground-Source Heat Pump (GSHP) Coefficient of 

Performance (COP) estimations. These are balanced energy, steady state, fitted models and 

dynamic state approaches.  

 

The balanced energy approach represents the simplest form of performance estimation. With 

this method, the COP is estimated based on the ratio between the heating capacity and the 

required work input. The COP value is considered constant which provides sufficient results 

to use for estimating seasonal energy use. However, the accuracy is insufficient for 

performance analysis. Steady-state and fitted models are instead more suitable approaches for 

performance optimization. The steady-state method proposes a mathematical model of each 

component in the vapour compression cycle to determine the COP. The fitted modelling 

approach proposes a multiple regression analysis between the dependent variable, COP, and 

independent variables such as significant fluid temperatures. Finally, the dynamic-state 

modelling approach is presented. Like the steady-state approach, a mathematical model of 

each component in the vapor compression cycle is proposed. However, a larger amount of 

more detailed variables is used which enables prediction of the heat pumpôs dynamic 

performance. This method is suitable for determining heat pump performance over time, 

which is appropriate for control system design or fault detection.  

 

In a study conducted by Puttige et al. (2021) regression and Artificial Neural Network (ANN) 

models are compared for the purpose of performance predictions of heat pumps. The aim with 

this research was to compare the performance of the models based on how well they 

performed with data from field measurements and data provided by the manufacturer. This 

study emphasises the importance of choosing the complexity of the model based on the 

availability of the data. Because according to this article, models perform with different 

accuracies when exposed to new data. ANN models contain an internal structure of layers 

consisting of neurons. The training process allows the neurons to reveal information from the 

input features which enables the model to find patters and make predictions (Singh, 2024). 

Regression models are used to predict a target output feature by either one or several inputs. 

They predict the output by determining a best-fit line between the features. Regression 

modelling is valuable in the sense of estimating relationships between variables and how they 

affect one another (Kurama, 2023).  

 

The inputs used to produce the models in the research provided by Puttige et al. (2021) were 

evaporator inlet temperature and condenser outlet temperature. The results of comparing the 

two modelling approaches revealed 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 perform with the highest accuracy when only 

manufacturer data is available.  

 

This article also provides an overview of comparisons between different models that have 

been tested in previous research. The findings revealed that regression models are preferable 

due to their simplicity and easy-to-use approach. They produce models with high accuracy 

when high quality data from heat pump operation is available. Simple linear models have 

proven to produce good models. However, the best performing regression models have 

multiple input features. Models with two or three inputs, as well as a second-degree 

polynomial have proven to be the best performing regression models. It is also revealed that 

regression models outperform complex models when only data provided by the manufacturer 
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is available. The simplicity of linear models reduces risks of comprehending typical issues 

that may occur during model development. The conclusion is that with a restricted amount 

and quality of data, simplicity is preferred.  

 

According to Chen et al. (2023) there have been various amounts of ML algorithms tested for 

the purpose of estimating the COP of a heat pump. The article mentions that most of the 

current models in the research field are developed with a large amount of input features. 

Many of which are challenging to measure during heat pump operation. The input features 

that are typically used are the temperature of the fluids in the system. Chen et al. (2023) 

explains that these variables are challenging to measure and poses risk of leakage due to 

sensor deployment. It is also mentioned in the article that monitoring systems for GSHP 

systems in operation may not be sufficient. Problems such as insufficient amount of 

measuring devices and issues with existing sensors occur. This may disrupt the quality of the 

measurements, which causes a difficulty to obtain all significant variables needed to estimate 

the COP. Instead, more easily attained variables such as outside and inside air quality are of 

interest to incorporate in COP estimation modelling. Indoor thermal conditions can be 

obtained from thermometers and outdoor conditions are easily attained from real-time web 

applications.  

 

The research documented in the article by Chen et al. (2023) focuses on testing models using 

more easily acquired input features. A more complex hybrid ANN model was tested using 

hourly power consumption as well as both outdoor and indoor measurements of the air quality 

and humidity levels. The results attained from the model showed high accuracy. Among the 

input features used to test the model, it was revealed that outdoor air temperature had the most 

significant impact of the COP.  

 

This thesis is limited to investigate regression models for heat 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 

Data pre-processing, or data cleaning, is a method used to transform unsatisfactory raw data 

into useful and readable information. This method consists of filtering and removing 

inadequate data which is a necessary first step within model development to strengthen the 

reliability of the model (Duggal, 2023). The initial step of this process is typically to detect 

data points that significantly deviate from the rest of the dataset, which are called outliers. 

This deviation in the dataset can potentially be dependent on the data collection process and 

be caused by measurement errors. There are several methods to use for outlier detection, 

where one of them is the use of Boxplot visualization (Warudkar, 2020), which is the method 

used for this study.  

 

A boxplot is a statistical method used to display a visual representation of the distribution of a 

dataset. The distribution is based on a minimum and maximum limit, the first quartile (ή) 

representing the 25th percentile of the dataset, the median, and the third quartile (ή) 

representing the 75th percentile (Galarnyk, 2023). Figure [5] displays the boxplot distribution.  
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Figure 5 Boxplot distribution (Galarnyk, 2023) 

The box illustrated in Figure [5] represents the interquartile range (IQR). This represents the 

distance between the first and the third quartile and the calculation is displayed in Equation 

[10] (Galarnyk, 2023). 

 

ὍὗὙή ή 
[10]  

The vertical line in the middle of the box represents the median of the dataset. The horizontal 

lines extending from the box illustrates the range of the upper and lower limits. Equation [11] 

displays the calculation of the lower limit and Equation [12] showcase the calculation of the 

upper limit (Galarnyk, 2023). 

ὒέύὩὶ ὰὭάὭὸή ρȟυz ὍὗὙ 
[11]  

ὟὴὴὩὶ ὰὭάὭὸή ρȟυz ὍὗὙ 
[12]  

As portrayed in Figure [5], values above or below the upper and lower limits are considered 

the outliers of the dataset. These are the values that significantly differ from the rest of the 

dataset (Galarnyk, 2023). 

 

A significant step in data pre-processing is to normalize the variables in the dataset, as 

normalization makes values comparable. When the dataset doesnôt follow a normal 

distribution, normalization is used to scale the data in a range from 0 to 1 using a linear 

transformation of the variables. Equation [13] distributes the rescaling of variables (Alam, 

2020). 

 

ὼ
ὼ ὼ

ὼ ὼ
 

[13]  

Where, 

ὼ = Feature in the dataset 

ὼ  = Minimum value of the feature ὼ 
ὼ  = Maximum value of the feature ὼ 
 

Before proceeding with feature selection, the dataset should be divided into train and test sets. 

The train subset is the data used for training the model, which is typically around 75% of the 
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dataset. The remaining 25% will be the test data used to evaluate the model. This is a random 

sampling process, and it is a significant step in model development as it discloses how the 

model performs with new and unseen data. (Galarnyk, 2022). Figure [6] illustrates the process 

of train/test split on a dataset.  

 
Figure 6 Train/Test Split process (Galarnyk 2022) 

3.2.2 Feature selection  

When developing data-driven models, it is important to consider both relevant and 

insignificant input features. This strengthens the accuracy of the model and therefore the use 

of feature selection methods is essential.  

 

Feature selection methods are typically classified into three different groups which are filters, 

wrappers, and embedded methods (Rendall et al., 2019). The filter method uses statistical 

measurement to identify correlation between variables in a dataset (Menon, 2024). This is the 

method used for this study. More specifically, Pearsonôs correlation coefficient and 

Spearmanôs rank coefficient were used to determine correlation between the features.  

 

Pearsonôs correlation coefficient indicates linear relationship between two variables. It is 

measured in a range between -1 to 1, where 1 indicates a perfectly linear and positive 

correlation whereas -1 indicates a full negative linear correlation. Equation [14] represents the 

calculation of Pearson correlation coefficient (Rendall et al., 2019). 

 

”
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[14]  

Where, 

ώ = Ὥ  value of the output feature 

ώ = mean value of the output feature 

ὼȟ =  Ὥ  value of the Ὦ  feature 

ὼӶ = mean value of the Ὦ  feature  

 

In contrast to Pearsonôs correlation coefficient, the Spearman rank coefficient measures non-

linear correlation between variables. Spearmanôs rank coefficient is also ranging between -1 

and 1 to determine the strength of the correlation (Rendall et al., 2019). This coefficient is 

based on the rank of the data. Each data point gets a ranking depending on its value, where the 

largest value in the dataset gets the highest rank (Gupta, 2023). The calculation of the rank 

coefficient is expressed in Equation [15] (Rendall et al., 2019). 
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[15]  

Where, 

ὶ = Ὥ  rank of the output feature 

ὶӶ = mean rank of the output feature 

ὶȟ = Ὥ  rank of the Ὦ  feature 

 

A common issue that may arise when developing regression models is multicollinearity. This 

appears when two or more independent variables in the dataset are strongly correlated. 

Multicollinearity leads to an increased variance of a regression coefficient. This, in turn, may 

affect the result of the model as it reduces the interpretability and reliability of the regression 

coefficients. Identifying features who poses risk of multicollinearity is therefore significant. A 

typical method used to address this issue is analysing the Variance Influence Factor (VIF). 

The VIF method identifies to which degree variables in the dataset may influence each other 

(Bhandari, 2024). The calculation to determine the VIF is displayed in Equation [16] (CFI, 

2024). 
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ρ
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[16]  

Where, 

Ὑ= Coefficient of determination for the Ὥ  feature by regression against all input features 

 

A VIF equal to 1 indicates that there is no presence of multicollinearity for an independent 

variable. The closer Ὑ  is to 0, the less variance between regression coefficients is found 

(CFI, 2024). When the VIF exceeds 5, it implies appearance of high multicollinearity between 

the variables in the dataset (Bhandari, 2024). 

3.2.3 Model development 

Machine Learning (ML)  models consists of algorithms able to make predictions based on 

input and output features. The model should be able to make predictions based on new and 

unseen data, having been previously fitted with the training set of the data. ML algorithms 

differ from each other and are typically classified based on how easily interpretable they are.  

 

Typically, ML models are classified as White Box or Black Box models. White Box models 

are recognized as having easier algorithms. The procedure behind the output predictions is 

easier to comprehend. An example of this type of ML model is a Simple Linear Regression 

(SLR). On the other hand, Black Box models are more complex and harder to make sense of, 

however they tend to perform with higher accuracies. They are more complicated due to the 

difficulty in understanding the algorithm behind the output feature prediction. Therefore, they 

are more suited for complex situations. Boosting models are an example of Black Box ML 

models (Tsang, 2023). White-box models can be described as purely physics-based while 

black-box models are entirely data-driven. Despite the fact that white-box models are easy to 

understand and apply, they are not as easy to develop. In contrast, black-box models are easier 

to develop yet harder to grasp. ML models may also be classified as grey-box which are 



 

 

27 

considered a mixture between white and black-box models. The grey-box models have proven 

to be preferrable as they are able to overcome the lack of interpretation factors which may 

arise from white and black-box models (Arendt et al., 2018).  

  

This thesis is limited to investigate regression models for heat pump performance estimations. 

The following chapters provide an overview of regression models as well as the mathematical 

algorithms behind them. There are various regression models to implement, however the 

models applied for this study are linear and polynomial regression.  

3.2.3.1 Linear regression 

Linear regression models aim to identify a precise linear relationship between independent 

and dependent variables. Simple Linear Regression (SLR) models use a singular input feature, 

the independent variable, in relation to the output feature, the dependent variable. This type of 

model predicts a precise straight line, often referred to as the ñbest-fitò line, to describe the 

relationship between the variables. This prediction involves defining the slope and intercept 

of the line. The slope reveals to which extent the dependent variable changes with each unit of 

the independent variable. The intercept indicates an estimation of the dependent variable 

when the independent variable equals to zero. The mathematical equation to determine the 

best-fit line for a SLR is shown in Equation [17] (Mali, 2024). 

 

ώ ὥ ὥὢ 
[17]  

Where, 

ώ = Dependent variable/Output feature 

ὥ = Intercept 

ὥ = Slope 

ὢ = Independent variable/Input feature 

 

When two or more input features are available, Multiple Linear Regression (MLR) models 

can be used to estimate linear relationships. As shown in Equation [18], the difference 

between SLR and MLR is that each input feature is associated with a corresponding slope 

(Mali, 2024). 

 

ώ ὥ ὥὢ ὥὢ Ễ ὥὢ 
[18]  

3.2.3.2 Polynomial regression 

Non-linear relationships between variables are not compatible with linear regression models. 

This is where Non-Linear Regression (NLR) models, typically described as polynomial 

regression, are required. Figure [7] illustrate the differences between linear and polynomial 

regression models. Polynomial regression models are technically classified as a type of linear 

regression. However, they are capable of accommodating non-linear independent variables by 

using polynomial functions with various degrees. This, in turn, allows the model to find non-

linear relationships between the independent and dependent variables which is shown in 

Equation [19] (Agrawal, 2023). 

 

ώ ὥ ὥὢ ὥὢ Ễ ὥὢ  
[19]  
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When applying two or more input features in a polynomial regression model, it is referred to 

as Multivariate Polynomial Regression (MPR). Equation [20] shows an example of the 

algorithm for a second-degree polynomial regression model with two input features (Sinha, 

2013).  

 

ώ ὥ ὥὢ ὥὢ ὥ ὢ ὥ ὢ ὥ ὢὢ 
[20]  

Developing MPR models involves a high risk of accommodating multicollinearity between 

variables (Sinha, 2013), previously explained in Chapter 3.2.2. Additionally, employing 

higher degrees of polynomial increases the risk of overfitting the model (Agrawal, 2023). 

Overfitting occurs when the model capture patterns and memorize trends within the training 

dataset. As a result, the model becomes too complex and performs inadequately when 

exposed to new, unseen data (Koehrsen, 2018). On the contrary, a lower degree of polynomial 

poses a great risk of underfitting (Agrawal, 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 (Koehrsen, 2018).   

 

 
Figure 7 Simple linear regression vs. Polynomial regression models (Yaman, 2021) 

3.2.3.3 Regression coefficients 

When developing regression models, the aim is to create models that perform with high 

accuracy and a minimum amount of errors. As shown in Equation [21] & [22], ὥ and ὥ 

represent the intercept and the slope, which also may be referred to as the regression 

coefficients. These coefficients are significant for the performance of the regression model. It 

is therefore of interest to find the most accurate values of them to produce models with a 

minimal error. This can be accomplished by implementing Least Squares methods. Equation 

[21] showcase the calculation process to determine the slope, ὥ (Menon, 2018). 
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[21]  

Where,  

ὼ = Value of the Ὥ  input feature 

ὼӶ = Mean value of input features 

ώ = Value of the Ὥ  output 

ώ = Mean output value 
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Equation [22] displays the calculation for the intercept, ὥ (Menon, 2018). 

 

ὥ ώ ὥ ὼӶ 
[22]  

The regression modelling analysis in this study is performed using the Scikit Learn library. 

This library uses the Ordinary Least Squares (OLS) method to determine the regression 

coefficients. The OLS method predicts the coefficients of the best-fit line by reducing the sum 

of squared errors. It calculates the distance between the actual and predicted values, which are 

called residuals. Each calculated residual is then squared and added to a cumulative sum to 

minimize the squared sum of all residuals (Avsar, 2022). The calculation of the Sum of 

Squared Errors (SSE) is shown in Equation [23] (CFI, 2024).  

 

ὛὛὉ ώ ώ  

[23]  

Where, 

ὲ = Total number of features in the dataset 

ώ = Actual target value for the Ὥ  feature 

ώ = Predicted target value for the Ὥ  feature 

3.2.3.4 Model evaluation metrics 

Evaluating the performance of data-driven models is essential. This is typically done using a 

selection of statistical performance metrics, such as Mean Absolute Error (MAE), Mean 

Absolute Percentage Error (MAPE) and the Coefficient of Determination (Ὑ .  

 

Mean absolute error (MAE) represents the average absolute errors found in the model. This is 

defined by the difference between the actual and predicted values across the total number of 

observations in the dataset (Agrawal ,2023). Equation [24] represents the calculation for the 

MAE performance metric (Lewinson, 2023). Models producing smaller MAE values are 

desired since a lower value indicates less difference between actual and predicted values.   

 

ὓὃὉ
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[24]  

Where, 

ὲ = Total number of features in the dataset 

ώ = Actual target value for the Ὥ  feature 

ώ = Predicted target value for the Ὥ  feature 

 

Mean absolute percentage error (MAPE) is similar to the MAE metric and the results may be 

interpreted the same. However, the MAPE metric is distributed in percentage. Therefore, 

models producing a lower percentage value of the MAPE metric are considered more 

accurate. Models producing lower values of the MAPE metric reveals that there is a close 

distance between the actual and predicted values in the model (Gilbert, 2023). Equation [25] 

shows the calculation process to determine the MAPE performance metric (Lewinson, 2023). 
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[25]  

According to Montaño et al. (2013) the results of the MAPE metrics can be interpreted as the 

following. Models producing a MAPE value between 10-20% indicates a good model 

performance, where results below 10% are considered a highly accurate model. Resulting in  

MAPE values between 20-50% are considered less accurate models but still reasonable, while 

models exceeding 50% are considered inaccurate.  

 

The Coefficient of determination (Ὑ ) measures how accurately the model can predict the 

output feature, based on the input feature. This performance metric reveals how well the 

variability in the dependent output variable can be explained by the independent input 

variables. The results are typically expressed in percentage and models producing higher Ὑ  

values perform with higher accuracies (Hiregoudar, 2020). Equation [26] showcase the 

calculation process for the coefficient of determination (Lewinson, 2023). 
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4. Heat pump and Data description  

4.1 Heat pump system description  

The heat pump system contains two large-scale inverter-controlled Ground-Source Heat 

Pumps. They are connected to a large facility and produce both heating and cooling. Heat 

Pump 1 (HP1) serves as the primary unit while Heat Pump 2 (HP2) is initiated during 

increased heating demands. Due to confidentiality reasons, specific details regarding the heat 

pumpôs capacity cannot be disclosed. However, it can be revealed that the heat pump has a 

capacity exceeding 400 kW and the Coefficient of Performance exceeds 5.  

4.2 Data description 

4.2.1 Heat pump 1 

Table [1] displays each measured variable from the dataset. These variables are measured and 

collected from sensors connected to the heat pumps.  

 
Table 1 Measured data variables, HP1 

Variable name Description Unit  

cond_T_wat_in_1 Condenser Entering Water 

Temperature 
C̄ 

cond_T_wat_out_1 Condenser Leaving Water 

Temperature 
C̄ 

cond_pressure_1 Condenser Relative Pressure kPa 

cond_temp_1 Discharge Refrigerant ï 

Temperature at compressor 

outlet 

C̄ 

eva_T_wat_in_1 Evaporator Entering Brine 

Temperature 
C̄ 

eva_pressure_1 Evaporator Relative Pressure kPa 

eva_T_out_1 Superheated Temperature  C̄ 

signal_1 Compressor voltage signal 

(0-12 V) 

V 

 

Using the measured data, additional variables were calculated in order to estimate the 

performance metrics of the heat pump. Table [2] presents the calculated variables. 

 
Table 2 Calculated variables, HP1 

Variable name Description Unit  

cond_temperature_1 Condenser temperature  C̄  

eva_temperature_1  Evaporator temperature  C̄  

enthalpy_inlet_compr_1 Enthalpy inlet compressor J/kg 

enthalpy_outlet_compr_1 Enthalpy outlet compressor J/kg 

enthalpy_outlet_cond_1 Enthalpy outlet condenser J/kg 

COP_1 Coefficient of performance - 
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COP_Carnot_1 Carnot cycle coefficient of 

performance 

- 

Carnot_efficiency_1 Carnot efficiency - 

 

Determining the Coefficient of Performance (COP) metric can be carried out by assessing the 

enthalpy in the compressor and condenser, as explained in Chapter 2. Specifically, the 

compressor inlet and outlet enthalpy as well as the condenser outlet enthalpy are required for 

this calculation. These variables were therefore derived from the given measured variables. 

This was accomplished using the CoolProp library to assess thermodynamic properties.  

 

As previously described in Chapter 2, the behaviour of a refrigerant within a vapor 

compression cycle can be explained by a pressure-enthalpy diagram. Therefore, the enthalpy 

values were obtained given the pressure, temperature and specific refrigerant type for the heat 

pump system. The compressor inlet enthalpy was calculated from the evaporator pressure and 

temperature, while the compressor outlet enthalpy was retrieved from the condenser pressure 

and temperature. The condenser outlet enthalpy was calculated given the condenser pressure 

at the state of full refrigerant condensation. The condenser and evaporator temperature were 

derived from their respective pressures. This involved converting the measured pressure for 

each to the corresponding temperatures in degree Celsius. 

 

Following the determination of the enthalpy values, the COP of the heat pump was calculated 

using Equation [34].  

 

ὅὕὖ
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[27]  

Where, 

Ὤ ȟ  = Compressor outlet enthalpy 

Ὤ ȟ  = Compressor inlet enthalpy 

Ὤȟ  = Condenser outlet enthalpy 

 

As mentioned in chapter 2.3, it is of interest to make comparisons between the Carnot cycle 

COP and the momentary COP value of the heat pump. The Carnot COP is given by the 

difference between the condensing and evaporating temperature in the system. The 

calculation of the Carnot COP value of the heat pump is displayed in Equation [35]. 

 

ὅὕὖ
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[28]  

Where, 

Ὕ = Condenser temperature 

Ὕ = Evaporator temperature 

 

In order to make predictions regarding the actual performance of the heat pump compared to 

the theoretical maximum efficiency, the Carnot efficiency value was estimated. Equation [36] 

represents the calculation used to determine the Carnot efficiency.  
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–   

[29]  

4.2.2 Heat pump 2 

Table [3] displays the measured variables collected from Heat Pump 2.  

 
Table 3 Measured data variables, HP2 

Variable name Description Unit  

cond_T_wat_in_2 
Condenser Entering Water 

Temperature 
C̄ 

cond_T_wat_out_2 
Condenser Leaving Water 

Temperature 
C̄ 

cond_pressure_2 Condenser Relative Pressure kPa 

cond_temp_2 

Discharge Refrigerant ï 

Temperature of the 

refrigerant after compressor 
C̄ 

eva_T_wat_in_2 
Evaporator Entering Brine 

Temperature 
C̄ 

eva_pressure_2 Evaporator Relative Pressure kPa 

eva_T_out_2 Superheated Temperature C̄ 

signal_2 
Compressor voltage signal 

(0-12 V) 
V 

 

 

The calculated variables shown in Table [4] have been estimated using the same calculation 

method used for HP1.  

 
Table 4 Calculated variables, HP2 

Variable name Description Unit  

cond_temperature_2 Condenser temperature  C̄  

eva_temperature_2  Evaporator temperature  C̄  

enthalpy_inlet_compr_2 Enthalpy inlet compressor J/kg 

enthalpy_outlet_compr_2 Enthalpy outlet compressor J/kg 

enthalpy_outlet_cond_2 Enthalpy outlet condenser J/kg 

COP_2 Coefficient of performance - 

COP_Carnot_2 
Carnot cycle coefficient of 

performance 
- 

Carnot_efficiency_2 Carnot efficiency - 
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5. Results 

5.1 Heat pump 1  

5.1.1 Data pre-processing 

The first part of the process was to plot the distribution of the raw data and detect potential 

outliers with the boxplot method. The distribution of the raw data boxplots for Heat Pump 1 

(HP1) are displayed in Figure [8]. Appendix [2] shows the distribution in a violin plot.  

 

 
Figure 8 Boxplot raw data distribution HP1 

The result of the data cleaning process, following the trim of the data with the boxplot 

method, is found in Appendix [1] & [ 3].  

 

The next step of the process involved merging the variables to the same timeframe to enable  

further calculations and comparisons. The data collection for each variable has been 

conducted with slight differences in timestamps. Therefore, the timeframe for each measured 

variable was resampled to a 5-minute interval. Within each interval, values were averaged 

over every 5-minute period. However, due to the timeframe variations, resampling and 

merging the data resulted in some missing values. Some variables were occasionally 

measured and collected over a wider timespan than 5 minutes. Consequently, another round 

of data cleaning occurred.   

 

Following the calculation process to determine the performance metrics COP and Carnot 

COP, a scatter plot was made to compare the distribution of them. The scatter plot, found in 
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Appendix [5], revealed abnormal values in both distributions. For example, the scatter plot 

revealed COP values below 1, which entails that the heat pump is not in operation. Therefore, 

a filter was applied to the data to remove values of COP below 1. The resulting scatter plot 

following this process is found in Appendix [6]. 

 

Some inadequate data were still found following this process. The violin plot distribution, 

found in Appendix [4], revealed the lowest temperature found in the condenser was 15̄ C. 

When delivering heat, the temperature in the condenser should be above room temperature. 

The minimum expected value should be around 30̄ C. Therefore, an additional filter was 

applied to the data to remove values of condenser temperature below 30̄ C.  

 

The scatter plot shown in Appendix [6] reveals  that there is still a noticeable deviation in the 

distribution for Carnot COP. The COP should correspond to approximately around 80% of the 

value obtained for the Carnot cycle, as previously explained in Chapter 2.3. A final filter to 

remove Carnot COP values above 8.5 was therefore applied to the dataset.  

 

The result of the cleaning process of the data for HP1 are illustrated in violin plots in Figure 

[9]. The final distribution of the scatter plot for the COP and Carnot COP distribution are 

displayed in Figure [10] & [11].  
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Figure 9 Violin plot cleaned data distribution HP1 

 
Figure 10 COP and Carnot COP scatter plot HP1 

 
Figure 11 COP scatter plot HP1 

5.1.2 Feature selection  

The feature selection process included a correlation analysis between the measured 

independent variables and the dependent target variables. Additionally, the outdoor 

temperature ñT_outdoorò was added as an input feature. This feature was added as it is 

considered to be easily attainable, as previously discussed in chapter 3.1.1. The outdoor 

temperature data was conducted from measurements provided by the Swedish Meteorological 

and Hydrological Institute (SMHI). The data conducted from SMHI was collected through 

hourly measurements. Therefore, the heat pump variables needed to be transformed once 

again. This time with an hourly average interval, in order for them to be comparable to the 

outdoor temperature measurements. This resulted in loss of data.  

 

The correlation analysis included both Pearsonôs correlation coefficient for linear 

relationships as well as Spearmanôs rank coefficient for non-linear relationships. The results 

for the measured variables attained from HP1 and the target feature COP are displayed below 

in a heatmap. Figure [12] represents the results of Pearsonôs correlation coefficient and Figure 

[13] shows the results of Spearmanôs rank coefficient.  
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Figure 12 Pearson correlation heatmap between measured variables and COP, HP1 

 

 
Figure 13 Spearman correlation heatmap between measured variables and COP, HP1 

Table [5] provides a summary of the results attained from the correlation analysis. Each 

measured variable from HP1 and their correlation with COP are displayed in this table. The 

results reveal strong correlation for all the variables, except for the condenser entering water 
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temperature (ñcond_T_wat_in_1ò). The discharge refrigerant (ñcond_temp_1ò), which is the 

temperature of the refrigerant leaving the compressor, has the strongest correlation 

coefficient. There are only slight deviations between the Pearson and Spearman coefficients, 

which implies that there are both linear and non-linear relationships.  

 
Table 5 Pearson & Spearman Correlation Coefficients in relation to COP, HP1 

Variable name 
Pearson Correlation 

Coefficient 

Spearman Correlation  

Coefficient 

cond_T_wat_in_1 -0,62 -0,58 

cond_T_wat_out_1 -0,81 -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 0,92 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 correlation coefficients between the 

measured variables from HP1 and the other target feature, Carnot efficiency. Figure [15] 

displays the results from the Spearman rank coefficients. 

 

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

Table [6] presents a summary of each measured variable and their correlation with Carnot 

efficiency. 

 
Table 6 Pearson & Spearman Correlation Coefficients in relation to Carnot Efficiency, HP1 

Variable name 

Pearson Correlation 

Coefficient 

Spearman Correlation 

Coefficient 

cond_T_wat_in_1 -0,56 -0,50 

cond_T_wat_out_1 -0,76 -0,77 

cond_pressure_1 -0,78 -0,77 

cond_temperature_1 -0,78 -0,77 

cond_temp_1 -0,89 -0,89 

eva_T_wat_in_1 0,87 0,89 

eva_pressure_1 0,87 0,88 

eva_temperature_1 0,87 0,88 

eva_T_out_1 0,91 0,92 

signal_1 -0,85 -0,86 

T_outdoor 0,78 0,81 

 

The coefficients presented in the table indicates a strong correlation among the variables. The 

superheated temperature in the evaporator (ñeva_T_out_1ò) shows the most significant 

correlation, and the condenser entering water temperature (ñcond_T_wat_in_1ò) seems to 

have the least. Similar to the results observed in Table [5], both linear and non-linear 

correlation appear to be substantial.  
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The feature selection process also included identifying potential multicollinearity between the 

input features. The Variance Influence Factor (VIF), previously explained in chapter 3.2.2, 

was estimated for each input variable. The results are displayed in Table [7].  

Table 7 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_1 141,0 

signal_1 24,91 

T_outdoor 6,5 

 

The results reveal that there is a high presence of multicollinearity between the input features. 

A VIF value should range between 1-5, where 1 implies no multicollinearity and values 

exceeding 5 indicates high multicollinearity among the variables. Therefore, to select the most 

accurate and reliable input features according to this method, each feature with the highest 

VIF value was removed progressively. Since 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 presented in Table [8] & [ 9].  

Table 8 VIF for 4 selected input features, HP1 

Variable name VIF  

cond_T_wat_out_1 4,29 

eva_T_wat_in_1 2,48 

signal_1 2,95 

T_outdoor 5,32 

 
Table 9 VIF for 3 selected input features, HP1 

Variable name VIF  

eva_T_wat_in_1 2,48 

signal_1 2,95 

T_outdoor 2,05 
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5.1.3 Model development 

The tested models include Simple Linear Regression (SLR), Non-Linear Regression (NLR), 

Multiple Linear Regression (MLR) and Multivariate Polynomial Regression (MPR). The 

models have been titled according to the type of model, the number of input features (ñFò), 

and the degree of polynomial (ñPò). The results of the model evaluation are presented in 

tables, distributing the performance metrics Mean Absolute Error (MAE), Mean Absolute 

Percentage Error (MAPE), and Coefficient of Determination (Ὑ ). The distribution between 

actual values and the values predicted by the model are presented in scatter plots. The plots 

include an ñIdeal Reference Lineò, representing where the model predictions would perfectly 

align with the actual values. Both training and testing models are included to provide a 

comprehensive overview of the modelsô ability to predict the output with new and unseen 

data. The remaining amount of data following the cleaning process was 2119, 75% of the data 

was used for training the models and the last 25% was used to test the models.  

5.1.3.1 Models with one input feature 

Table [10], [11] & [12] display the model evaluation results models trained and tested with 

one input feature. The outdoor temperature (ñT_outdoorò), is the input feature used for these 

models. This feature was chosen to be used when developing models since, as previously 

discussed, it is a variable that is typically available and easily accessible. The non-linear 

models were tested up to a third-degree polynomial. Figure [16] illustrates the distribution of 

the models tested with ñT_outdoorò as the input and ñCOP_1ò as the output.  

 
Table 10 SLR-1F, Input: ñT_outdoorò Output: ñCOP_1ò HP1, Model evaluation  

SLR-1F, HP1, Model evaluation 

Mean Absolute Error (MAE) [-] 0,12 

Mean Absolute Percentage Error (MAPE) 30% 

Coefficient of determination ╡  62,5% 

 
Table 11 NLR-1F-2P, Input: ñT_outdoorò Output: ñCOP_1ò  HP1, Model evaluation  

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

Mean Absolute Error (MAE) [-] 0,12 

Mean Absolute Percentage Error (MAPE) 27,76% 

Coefficient of determination ╡  62,9% 

 
Table 12 NLR-1F-3P, Input: ñT_outdoorò Output: ñCOP_1ò  HP1, Model evaluation  

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

Mean Absolute Error (MAE) [-] 0,11 

Mean Absolute Percentage Error (MAPE) 24,37% 

Coefficient of determination ╡  65,2% 
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Figure 16 Models with input feature "T_outdoor" and output feature "COP_1" 

The results from the correlation analysis revealed that the variable discharge refrigerant  

(ñcond_temp_1ò) has the strongest correlation to COP. Therefore, an additional model with 

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

models and Figure [17] showcase the distribution of the models.  

 
Table 13 SLR-1F, Input: "cond_temp_1", Output: "COP_1" HP1, Model evaluation 

SLR-1F, HP1, Model evaluation 

Mean Absolute Error (MAE) [-] 0,08 

Mean Absolute Percentage Error (MAPE) 22,3% 

Coefficient of determination ╡  80,1% 

 
Table 14 NLR-1F-2P, Input: "cond_temp_1", Output: "COP_1" HP1, Model evaluation 

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

Mean Absolute Error (MAE) [-] 0,08 

Mean Absolute Percentage Error (MAPE) 21,2% 

Coefficient of determination ╡  79,5% 
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Table 15 NLR-1F-3P, Input: "cond_temp_1", Output: "COP_1" HP1, Model evaluation 

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

Mean Absolute Error (MAE) [-] 0,08 

Mean Absolute Percentage Error (MAPE) 19,40% 

Coefficient of determination ╡  81,49% 

 

 

 

 
Figure 17 Models with input feature òcond_temp_1ò and output feature ñCOP_1ò 

Models tested with Carnot efficiency as the output was also conducted. The Carnot efficiency 

of a heat pump reveals its operational efficiency in comparison to its theoretical maximum 

efficiency, as previously mentioned in chapter 2.3. The same input features used for the 

previous models with COP as the output, were used for these models as well. Table [16], [17] 

& [18] show the results of the models with ñT_outdoorò as the input feature. The scatter plot 

distributions are found in Figure [18].  

 
Table 16 SLR-1F, Input: ñT_outdoorò, Output: ñCarnot_efficiency_1ò HP1, Model evaluation 

SLR-1F Model evaluation 

Mean Absolute Error (MAE) [-] 0,11 

Mean Absolute Percentage Error (MAPE) 24,47% 

Coefficient of determination ╡  51% 
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Table 17 NLR-1F-2P, Input: ñT_outdoorò, Output: ñCarnot_efficiency_1ò HP1, Model. evaluation 

NLR-1F-2P Model evaluation 

Mean Absolute Error (MAE) [-] 0,11 

Mean Absolute Percentage Error (MAPE) 24,2% 

Coefficient of determination ╡  51% 

 
Table 18 NLR-1F-3P, Input: ñT_outdoorò, Output: ñCarnot_efficiency_1ò HP1, Model evaluation 

NLR-1F-3P Model evaluation 

Mean Absolute Error (MAE) [-] 0,11 

Mean Absolute Percentage Error (MAPE) 22,91% 

Coefficient of determination ╡  52% 

 

 
 

 
Figure 18 Models with input feature "T_outdoor" and output feature "Carnot_efficiency_1" 

The result of the models with ñcond_temp_1ò as the input feature and ñCarnot_efficiency_1ò 

as the output feature are presented in Table [19], [20] & [21].  
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Table 19 SLR-1F, Input: ñcond_temp_1ò, Output: ñCarnot_efficiency_1ò HP1, Model evaluation 

SLR-1F Model evaluation 

Mean Absolute Error (MAE) [-] 0,077 

Mean Absolute Percentage Error (MAPE) 20,50% 

Coefficient of determination ╡  74,01% 

 
Table 20 NLR-1F-2P,  Input: ñcond_temp_1ò, Output: ñCarnot_efficiency_1ò HP1, Model evaluation 

NLR-1F-2P Model evaluation 

Mean Absolute Error (MAE) [-] 0,077 

Mean Absolute Percentage Error (MAPE) 20,84% 

Coefficient of determination ╡  74,34% 

 
Table 21 NLR-1F-3P, Input: ñcond_temp_1ò, Output: ñCarnot_efficiency_1ò HP1, Model evaluation 

NLR-1F-3P Model evaluation 

Mean Absolute Error (MAE) [-] 0,077 

Mean Absolute Percentage Error (MAPE) 19,64% 

Coefficient of determination ╡  74,75% 

 

 

 

 
Figure 19 Models with input feature "cond_temp_1" and output feature "Carnot_efficiency_1" 
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5.1.3.2 Models with two input features 

The models tested with outdoor temperature as input feature did not perform well on their 

own in comparison to the models tested with the discharge refrigerant. Consequently, multiple 

regression models with the outdoor temperature (ñT_outdoorò) and discharge refrigerant  

(ñcond_temp_1ò) as the input feature were developed. Due to the challenges regarding fluid 

temperature measurements mentioned in chapter 3.1.1, an additional model with ñT_outdoorò 

and the compressor voltage signal (ñsignal_1ò) were also tested. Both multiple linear 

regression and multivariate polynomial regression models were employed.  

 

The results of the models with input features ñT_outdoorò and ñcond_temp_1ò with output 

feature ñCOP_1ò are distributed in Table [22], [23], [24] & [25]. Figure [20] show the scatter 

plot distribution. The non-linear models were tested up to a fourth-degree polynomial. 

However, they yielded poor results in comparison to the models with a third-degree 

polynomial. Therefore, fourth-degree polynomial models were neglected for the rest of the 

models. The scatter plot distribution for the fourth-degree polynomial models is found in 

Appendix [9].  

 
Table 22 MLR-2F, Input: "T_outdoor" & "cond_temp_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 determination ╡  78,5% 

 
Table 23 MPR-2F-2P, Input: "T_outdoor" & "cond_temp_1" Output: "COP_1" HP1, Model evaluation 

MPR-2F-2P Model evaluation 

Mean Absolute Error (MAE) [-] 0,098 

Mean Absolute Percentage Error (MAPE) 22,98% 

Coefficient of determination ╡  73,85% 

 
Table 24 MPR-2F-3P, Input: "T_outdoor" & "cond_temp_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 determination ╡  79,64% 

 
Table 25 MPR-2F-4P, Input: "T_outdoor" & "cond_temp_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 determination ╡  75,73% 
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Figure 20 Models with input feature "T_outdoor" & "cond_temp_1" and output feature "COP_1" 

The results of the models tested with the input features ñT_outdoorò and ñsignal_1ò with the 

output feature ñCOP_1ò are displayed in Table [26], [27] & [28]. The scatter plot distributions 

are shown in Figure [21].  

 
Table 26 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) 16,45% 

Coefficient of determination ╡  84,47% 

 
Table 27 MPR-2F-2P, Input: "T_outdoor" & "signal_1" Output: "COP_1" HP1, Model evaluation 

MPR-2F-2P Model evaluation 

Mean Absolute Error (MAE) [-] 0,066 

Mean Absolute Percentage Error (MAPE) 16,00% 

Coefficient of determination ╡  86,14% 
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Table 28 MPR-2F-3P, Input: "T_outdoor" & "signal_1" Output: "COP_1" HP1, Model evaluation 

MPR-2F-3P Model evaluation 

Mean Absolute Error (MAE) [-] 0,064 

Mean Absolute Percentage Error (MAPE) 16,20% 

Coefficient of determination ╡  87,19% 

 

 

 
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 the output. The 

results of the models with the input features ñT_outdoorò and ñcond_temp_1ò are presented in 

Table [29], [30] & [31]. Figure [22] display the scatter plot distribution.  

 
Table 29 MLR-2F, Input: "T_outdoor" & "cond_t_in_1" Output: "Carnot_efficiency_1" HP1, Model evaluation 

MLR-2F Model evaluation 

Mean Absolute Error (MAE) [-] 0,077 

Mean Absolute Percentage Error (MAPE) 20,80% 

Coefficient of determination ╡  73,38% 
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Table 30 MPR-2F-2P, Input: "T_outdoor" & "cond_t_in_1" Output: "Carnot_efficiency_1" HP1, Model evaluation 

MPR-2F-2P Model evaluation 

Mean Absolute Error (MAE) [-] 0,08 

Mean Absolute Percentage Error (MAPE) 21% 

Coefficient of determination ╡  72,22% 

 
Table 31 MPR-2F-3P, Input: "T_outdoor" & "cond_t_in_1" Output: "Carnot_efficiency_1" HP1, Model evaluation 

MPR-2F-3P Model evaluation 

Mean Absolute Error (MAE) [-] 0,074 

Mean Absolute Percentage Error (MAPE) 18,54% 

Coefficient of determination ╡  75,70% 

 

 

 

 
Figure 22 Models with input features "T_outdoor" & "cond_temp_1" and output feature "Carnot_efficiency_1" 

The performance evaluation of the models tested with input features ñT_outdoorò and 

ñsignal_1ò are shown in Table [32], [33], [34]. The scatter plot distributions are displayed in 

Figure [23].  
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Table 32 MLR-2F, Input: "T_outdoor" & "signal_1" Output: "Carnot_efficiency_1" HP1, Model evaluation 

MLR-2F Model evaluation 

Mean Absolute Error (MAE) [-] 0,076 

Mean Absolute Percentage Error (MAPE) 15,89% 

Coefficient of determination ╡  73,64% 

 
Table 33 MPR-2F-2P, Input: "T_outdoor" & "signal_1" Output: "Carnot_efficiency_1" HP1, Model evaluation 

MPR-2F-2P Model evaluation 

Mean Absolute Error (MAE) [-] 0,072 

Mean Absolute Percentage Error (MAPE) 15,83% 

Coefficient of determination ╡  77,28% 

 
Table 34 MPR-2F-3P, Input: "T_outdoor" & "signal_1" Output: "Carnot_efficiency_1" HP1, Model evaluation 

MPR-2F-3P Model evaluation 

Mean Absolute Error (MAE) [-] 0,073 

Mean Absolute Percentage Error (MAPE) 16,18% 

Coefficient of determination ╡  76,65% 

 

 

 

 
Figure 23 Models with input features "T_outdoor" & "signal_1" and output feature "Carnot_efficiency_1" 
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5.1.3.3 Models with three input features 

The selection of variables for the models with three input features was based on the results of 

the VIF analysis found in section 5.1.2. The chosen input features were therefore the outdoor 

temperature (ñT_outdoorò), evaporator entering brine temperature (ñeva_T_wat_in_1ò) and 

the compressor voltage signal (ñsignal_1ò). The model development process included testing 

models with both COP and Carnot efficiency as output features. Both linear and polynomial 

regression models up to third-degree were analysed.  

 

Table [35], [36] & [37] show the results attained from the model evaluation performed for 

models with three input features, and. the output feature ñCOP_1ò. Figure [24] display the 

scatter plot distribution of the models.  

 
Table 35 MLR-3F, Input: "T_outdoor", "eva_T_wat_in_1" & "signal_1" Output: "COP_1" HP1, Model evaluation 

MLR-3F Model evaluation 

Mean Absolute Error (MAE) [-] 0,055 

Mean Absolute Percentage Error (MAPE) 15,28% 

Coefficient of determination ╡  90,66% 

 
Table 36 MPR-3F-2P, Input: "T_outdoor", "eva_T_wat_in_1" & "signal_1" Output: "COP_1" HP1, Model evaluation 

MPR-3F-2P Model evaluation 

Mean Absolute Error (MAE) [-] 0,054 

Mean Absolute Percentage Error (MAPE) 14,39% 

Coefficient of determination ╡  90,64% 

 
Table 37 MPR-3F-3P, Input: "T_outdoor", "eva_T_wat_in_1" & "signal_1" Output: "COP_1" HP1, Model evaluation 

MPR-3F-3P Model evaluation 

Mean Absolute Error (MAE) [-] 0,048 

Mean Absolute Percentage Error (MAPE) 12,59% 

Coefficient of determination ╡  92,54% 
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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 models with the same three input feature but with the output feature 

ñCarnot_efficiency_1ò are displayed in Table [38], [39] & [ 40]. The scatter plot of the 

predicted and actual values is presented in Figure [25].  

 
Table 38 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) 14,01% 

Coefficient of determination ╡  83,04% 

 
Table 39 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) 13,97% 

Coefficient of determination ╡  83,65% 

 
Table 40 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 determination ╡  85,57% 
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Figure 25 Models with input features "T_outdoor", "eva_T_wat_in_1" & "signal_1" and output feature "COP_1" 

5.1.3.4 Models with four inpu t features 

The same procedure used when choosing input features for models with three inputs was 

applied for models with four inputs. The chosen input features were the outdoor temperature 

(ñT_outdoorò), evaporator entering brine temperature (ñeva_T_wat_in_1ò), compressor 

voltage signal (ñsignal_1ò) and condenser leaving water temperature (ñcond_T_wat_out_1ò).  

 

Table [41], [42] & [43] display the model evaluation results for models tested with four input 

features and the output feature ñCOP_1ò. The scatter plots of the model performance are 

shown in Figure [26].  

 
Table 41 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) [-] 0,044 

Mean Absolute Percentage Error (MAPE) 10,70% 

Coefficient of determination ╡  92,94% 
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Table 42 MPR-4F-2P, Input: "T_outdoor", "eva_T_wat_in_1", "signal_1" & "cond_T_wat_out_1" Output: "COP_1" HP1, 

Model evaluation 

MPR-4F-2P Model evaluation 

Mean Absolute Error (MAE) [-] 0,041 

Mean Absolute Percentage Error (MAPE) 12,83% 

Coefficient of determination ╡  94,68% 

 
Table 43 MPR-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) 11,77% 

Coefficient of determination ╡  95,22% 

 

 
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 input features and the output feature 

ñCarnot_efficiency_1ò are shown in Table [44], [45] & [46]. Figure [27]  represents the 

scatter plot distribution of each model.  
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Table 44 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) [-] 0,053 

Mean Absolute Percentage Error (MAPE) 12,14% 

Coefficient of determination ╡  86,62% 

 
Table 45 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) [-] 0,046 

Mean Absolute Percentage Error (MAPE) 11,45% 

Coefficient of determination ╡  90,65% 

 
Table 46 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) [-] 0,047 

Mean Absolute Percentage Error (MAPE) 10,51% 

Coefficient of determination ╡  90,07% 
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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 process for HP1, outliers were detected and removed using the boxplot method. 

Figure [28] displays the raw data boxplot distributions of the measured variables attained 

from HP2.  

 

 

 
Figure 28 Boxplot raw data distribution HP2 

The results of the outlier elimination from the dataset are displayed as boxplots in Appendix 

[7] and as violin plots in Appendix [8].  

 

The same method used for HP1 was applied to resample the timeframe of each measured 

variable for HP2 to facilitate comparability. This resulted in missing values due to differences 

in timestamps between the variables. Another cleaning process of the data was thereby 

automatically applied. The results of this instance are displayed in Figure[29]. 

 

 

 



 

 

58 

 

 

 
Figure 29 Violin plot cleaned data distribution HP2 

Contrary to the filtering process of the data for HP1, the values of the variables from HP2 

were now reasonable and not in need of further cleaning. Therefore, the calculation process 

for estimating the COP and the Carnot COP was conducted and the results were displayed in a 

scatter plot shown in Figure [30] and [31].  

 

 
Figure 30 COP and Carnot COP scatter plot HP2 
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Figure 31 COP scatter plot HP2 

5.2.2 Feature selection 

The correlation analysis for HP1 was also applied for HP2, and the outdoor temperature 

feature was added as well. Figure [32] illustrate the Pearson correlation coefficients and 

Figure [33] distribute the Spearman correlation coefficients. Table [47] provides an overview 

of how each measured variable are correlated to COP.  

 

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

Table 47 Pearson & Spearman Correlation Coefficients in relation to COP, HP2 

Variable name 
Pearson Correlation 

Coefficient 

Spearman Correlation 

Coefficient 

cond_T_wat_in_2 -0,63 -0,60 

cond_T_wat_out_2 -0,81 -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 the correlation analysis for HP1, linear and non-linear relationships 

are found between the measured variables and the COP for HP2. The strongest correlation 

coefficient found is the temperature of the refrigerant leaving the compressor 

(ñcond_temp_2ò). Overall, while the correlation coefficients are relatively strong, they are not 

as strong as the relationships found for HP1. A notable deviation is found in the results for the 

compressor voltage signal (ñsignal_2ò), where the correlation coefficient is significantly 

weaker in comparison to what is observed in HP1.  
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Figure [34] showcase the result of the correlation analysis for each measured variable for HP2 

and Carnot efficiency. 

 

 
 

Figure 34 Pearson correlation heatmap between measured variables and Carnot efficiency, HP2 

 
 

Figure 35 Spearman correlation heatmap between measured variables and Carnot efficiency, HP2 
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Table [48] summarizes how each measured variable for HP2 are correlated to Carnot 

Efficiency.  

 
Table 48 Pearson & Spearman Correlation Coefficients in relation to Carnot Efficiency HP2 

Variable name 
Pearson Correlation 

Coefficient 

Spearman Correlation 

Coefficient 

cond_T_wat_in_2 -0,56 -0,54 

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 HP1. The correlation 

relationship between the measured variables and Carnot efficiency appears relatively weak, 

apart from the temperature of the refrigerant leaving the compressor (ñcond_temp_2ò). 

Remarkably, there is almost a negligible relationship between the compressor voltage signal 

(ñsignal_2ò) and Carnot efficiency.  

 

The VIF method used to detect multicollinearity between features in the dataset was applied 

for HP2 as well. Table [49] display the results of the VIF analysis. Table [50] show the 

selected features for models with four input features and Table [51] include the selected 

features for models with three input features. 

 
Table 49 VIF, HP2 features 

Variable name VIF  

cond_T_wat_in_2 87,62 

cond_T_wat_out_2 69,73 

cond_pressure_2 748,24 

cond_temperature_2 844,12 

cond_temp_2 48,70 

eva_T_wat_in_2 45,54 

eva_pressure_2 1146,48 

eva_temperature_2 1332,38 

eva_T_out_2 43,93 

signal_2 15,98 

T_outdoor 9,18 
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Table 50 VIF for 4  selected input features, HP2 

Variable name VIF  

cond_T_wat_out_2 5,14 

eva_T_wat_in_2 1,64 

signal_2 1,46 

T_outdoor 5,46 

 
Table 51 VIF for 3 selected input features, HP2 

Variable name VIF  

eva_T_wat_in_2 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 the data from 

HP2. The total amount of data in the HP2 dataset was 2522 after the data cleaning process, 

where 75% of the data was divided into the training dataset and the remaining 25% was used 

to test the models. Both linear and non-linear models have been tested, as well as multiple 

linear and multivariate polynomial models. The models are titled according to the explanation 

provided in Chapter 5.1.3. The results from the model performance metrics MAE, MAPE and 

Ὑ  are provided in tables. The distribution between the actual output value and the predicted 

output value are illustrated in figures with an ideal reference line.  

5.2.3.1 Models with one input feature 

To compare HP1 and HP2, the same models have been tested using the 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 with ñT_outdoorò as the input 

feature and ñCOP_2ò as the output.  

 
Table 52 SLR-1F, Input: ñT_outdoorò Output: ñCOP_2ò HP2, Model evaluation 

SLR-1F, HP2, Model evaluation 

Mean Absolute Error (MAE) [-] 0,1 

Mean Absolute Percentage Error (MAPE) 23,09% 

Coefficient of determination ╡  64,12% 

 
Table 53 NLR-1F-2P, Input: ñT_outdoorò Output: ñCOP_2ò HP2, Model evaluation 

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

Mean Absolute Error (MAE) [-] 0,1 

Mean Absolute Percentage Error (MAPE) 23,5% 

Coefficient of determination ╡  65,5% 

 
Table 54 NLR-1F-3P, Input: ñT_outdoorò Output: ñCOP_2ò HP2, Model evaluation 

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

Mean Absolute Error (MAE) [-] 0,09 

Mean Absolute Percentage Error (MAPE) 20,97% 

Coefficient of determination ╡  68,3% 
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Figure [36] showcase the results of the models displayed in scatter plots distributing the ration 

between the actual values and the predicted model values.  

 

 
Figure 36 Models with input feature "T_outdoor" and output feature "COP_2" 

Similar to the results found for HP1, there is a high correlation between COP and discharge 

refrigerant (ñcond_temp_2ò). Therefore, models tested with this variable as the input feature 

were also employed. Table [55], [56] & [57] show the results from the model evaluations with 

the input feature, ñcond_temp_2ò and the output feature ñCOP_2ò. Figure [37] illustrates the 

distribution of the models.  

 
Table 55 SLR-1F, 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 determination ╡  83,77% 
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Table 56 NLR-1F-2P, Input: "cond_temp_2", Output: "COP_2" HP2, Model evaluation 

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

Mean Absolute Error (MAE) [-] 0,065 

Mean Absolute Percentage Error (MAPE) 15,19% 

Coefficient of determination ╡  83,97% 

 
Table 57 NLR-1F-3P, Input: "cond_temp_2", Output: "COP_2" HP2, Model evaluation 

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

Mean Absolute Error (MAE) [-] 0,094 

Mean Absolute Percentage Error (MAPE) 20,97% 

Coefficient of determination ╡  68,31% 

 

 

 
Figure 37 Models with input feature "cond_temp_2" and output feature "COP_2" 

The results of the models tested with ñT_outdoorò as the input feature and 

ñCarnot_efficiency_2ò are displayed in Table [58], [59] & [60]. The scatter plot distribution is 

shown in Figure [38].  
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Table 58 SLR-1F, Input: ñT_outdoorò Output:òcarnot_efficiency_2ò HP2, Model evaluation 

SLR-1F Model evaluation 

Mean Absolute Error (MAE) [-] 0,13 

Mean Absolute Percentage Error (MAPE) 22,34% 

Coefficient of determination ╡  6,7% 

 
Table 59 NLR-1F-2P, Input: ñT_outdoorò Output:òcarnot_efficiency_2ò HP2, Model evaluation 

NLR-1F-2P Model evaluation 

Mean Absolute Error (MAE) [-] 0,13 

Mean Absolute Percentage Error (MAPE) 23% 

Coefficient of determination ╡  7,4% 

 
Table 60 NLR-1F-3P, Input: ñT_outdoorò Output:òcarnot_efficiency_2ò HP2, Model evaluation 

NLR-1F-3P Model evaluation 

Mean Absolute Error (MAE) [-] 0,13 

Mean Absolute Percentage Error (MAPE) 22,77% 

Coefficient of determination ╡  6,4% 

 

 
Figure 38 Models with input feature "T_outdoor" and output feature "Carnot_efficiency_2" 














































