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Abstract 

In Sweden, there is a strong and growing interest in solar power. In recent years, photovoltaic 

(PV) system installations have increased dramatically and a large part are distributed grid 

connected PV systems i.e. rooftop installations. Currently the electricity export rate is 

significantly lower than the import rate which has made the amount of self-consumed PV 

electricity a critical factor when assessing the system profitability. Self-consumption (SC) is 

calculated using hourly or sub-hourly timesteps and is highly dependent on the solar patterns 

of the location of interest, the PV system configuration and the building load. As this varies for 

all potential installations it is difficult to make estimations without having historical data of 

both load and local irradiance, which is often hard to acquire or not available. A method to 

predict SC using commonly available information at the planning phase is therefore preferred. 

There is a scarcity of documented SC data and only a few reports treating the subject of 

mapping or predicting SC. Therefore, this thesis is investigating the possibility of utilizing 

machine learning to create models able to predict the SC using the inputs: Annual load, annual 

PV production, tilt angle and azimuth angle of the modules, and the latitude. With the 

programming language Python, seven models are created using regression techniques, using 

real load data and simulated PV data from the south of Sweden, and evaluated using coefficient 

of determination (R2) and mean absolute error (MAE). The techniques are Linear Regression, 

Polynomial regression, Ridge Regression, Lasso regression, K-Nearest Neighbors (kNN), 

Random Forest, Multi-Layer Perceptron (MLP), as well as the only other SC prediction model 

found in the literature. A parametric analysis of the models is conducted, removing one variable 

at a time to assess the model’s dependence on each variable. 

The results are promising, with five out of eight models achieving an R2 value above 0.9 and 

can be considered good for predicting SC. The best performing model, Random Forest, has an 

R2 of 0.985 and a MAE of 0.0148. The parametric analysis also shows that while more input 

data is helpful, using only annual load and PV production is sufficient to make good 

predictions. This can only be stated for model performance for the southern region of Sweden, 

however, and are not applicable to areas outside the latitudes or country tested. 

Keywords: Self-Consumption, photovoltaics, machine learning, solar energy, Random Forest, 

K-nearest neighbor, multi-layer perceptron, lasso regression, ridge regression, linear 

regression, prediction 

  



Sammanfattning 

I Sverige finns ett starkt och växande intresse för solenergi. De senaste åren har antalet 

solcellsanläggningar ökat dramatiskt och en stor del är distribuerade nätanslutna 

solcellssystem, dvs takinstallationer. För närvarande är elexportpriset betydligt lägre än 

importpriset, vilket har gjort mängden egenanvänd solel till en kritisk faktor vid 

bedömningen av systemets lönsamhet. Egenanvändning (EA) beräknas med tidssteg upp till 

en timmes längd och är i hög grad beroende av solstrålningsmönstret för platsen av intresse, 

PV-systemkonfigurationen och byggnadens energibehov. Eftersom detta varierar för alla 

potentiella installationer är det svårt att göra uppskattningar utan att ha historiska data om 

både energibehov och lokal solstrålning, vilket ofta inte är tillgängligt. En metod för att 

förutsäga EA med allmän tillgänglig information är därför att föredra.  

Det finns en brist på dokumenterad EA-data och endast ett fåtal rapporter som behandlar 

kartläggning och prediktion av EA. I denna uppsats undersöks möjligheten att använda 

maskininlärning för att skapa modeller som kan förutsäga EA. De variabler som ingår är årlig 

energiförbrukning, årlig solcellsproduktion, lutningsvinkel och azimutvinkel för modulerna 

och latitud. Med programmeringsspråket Python skapas sju modeller med hjälp av olika 

regressionstekniker, där energiförbruknings- och simulerad solelproduktionsdata från södra 

Sverige används. Modellerna utvärderas med hjälp av determinationskoefficienten (R2) och 

mean absolute error (MAE). Teknikerna som används är linjär regression, 

polynomregression, Ridge regression, Lasso regression, K-nearest neighbor regression, 

Random Forest regression, Multi-Layer Perceptron regression. En additionell linjär 

regressions-modell skapas även med samma metodik som används i en tidigare publicerad 

rapport. En parametrisk analys av modellerna genomförs, där en variabel exkluderas åt 

gången för att bedöma modellens beroende av varje enskild variabel. 

Resultaten är mycket lovande, där fem av de åtta undersökta modeller uppnår ett R2-värde 

över 0,9. Den bästa modellen, Random Forest, har ett R2 på 0,985 och ett MAE på 0,0148. 

Den parametriska analysen visar också att även om ingångsdata är till hjälp, är det tillräckligt 

att använda årlig energiförbrukning och årlig solcellsproduktion för att göra bra förutsägelser. 

Det måste dock påpekas att modellprestandan endast är tillförlitlig för södra Sverige, från var 

beräkningsdata är hämtad, och inte tillämplig för områden utanför de valda latituderna eller 

land. 

Nyckelord: Egenanvändning, photovoltaics, maskininlärning, solenergi, Random Forest, K-

nearest neighbors, multi-layer perceptron, lasso regression, ridge regression, linjär regression, 

data-förutsägelse 
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1. Introduction 
To limit climate change and its effects, it is important that the energy sector undergo an 

extensive transformation and a transition into a clean energy economy is vital to decrease the 

level of CO2-emissions (Vernick, 2020). Together with the rising interest for renewable energy 

and the declining prices of solar panels, the installation of PV has increased dramatically 

worldwide in recent years. The rays of the sun contain more than 15’000 times the total energy 

need of the global population, which is why solar energy has such a great potential to be an 

essential part of the global energy sector (Egan, 2019). In Sweden, the number of PV 

installations has increased rapidly, Figure 1 illustrates the total installed capacity throughout 

the last 10 years. Between 2018 and 2019 the Swedish market for PV saw a growth of 59% 

with a capacity of 288 MW installed 2019 compared with 182 MW in 2018. Grid-connected 

PV systems stand for the majority of these installations, where around 275 MW of the capacity 

was distributed PV systems, mainly for self-consumption (SC). This was also a large increase 

of installations compared to the year before and indicates a growing interest for PV installations 

on commercial and residential buildings. 

 

Figure 1. Sweden, total PV capacity (Lindahl, et al., 2020) 

The Swedish government has set a goal for 2040 to have an electricity generation based 100% 

on renewable energy (Swedish Energy Agency, 2020a). The Swedish Energy Agency 

anticipates that 5-10% of the electricity generation will be supplied by solar power by then 

(Swedish Enegy Agency, 2020b). Today however, solar power stands for only around 0,1% of 

the total Swedish electricity production (Swedish Energy Agency, 2018). A large part of the 

PV system installations in Sweden are on villa rooftops and in 2016 there existed about 10’000 

rooftop PV systems of about 5 kW size. However, to reach the goal for the renewable energy 

fraction, the villa installations would have to increase to around 800’000 system installations 

until 2040 (Kovacs, n.d.).  

The first wave of installations were largely based on environmental sentiment but today the 

economic aspect has a greater importance for adapters of PV systems and the motivation is 

more based on profitability and pay-back time (Palm, 2018). Thanks to the growing global PV 

market, the prices for PV panels have dropped significantly, with around 6-7% each year since 

1998 (Luthander, et al., 2015). But ever since the governmental financial support for solar PV 
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investments were suspended in July 2020, PV installers faces a greater uncertainty regarding 

the profitability and the expected return on the investment.  

The profitability of a PV system is not only dependent on PV generation but also the SC. The 

reason is that the exported PV generated electricity is sold for a much lower price compared to 

the price of electricity from the grid (The Swedish Consumer Energy Markets Bureau, 2020), 

meaning that optimizing the SC could lead to a greater profit. This understates the importance 

of SC for a better knowledge of the PV system profitability (McKenna, et al., 2018).  

An accurate method to estimate SC is therefore crucial for future installations. Machine 

learning (ML) is a branch of artificial intelligence which is proven very useful for making 

analytic models able to make predictions based on limited data. ML is today used in many 

different applications like speech recognition, image recognition, self-driving cars, traffic 

prediction and email spam filtering. It is also applied in many solar power related projects, for 

system optimization, weather predictions, system power generation and so on. Therefore, this 

thesis will investigate the usage of ML to create models able to predict SC for future PV 

installations. 

2. Problem statement 
The prices for PV technology are steadily decreasing and subsidies for PV installation have 

become less important for a profitable PV project. However, at the end of the PV systems 

lifetime it should not just reach of point of break-even but should also be able to be considered 

a good investment and generate value, since there is a large up-front cost. In Sweden the 

electricity market has an electricity export rate which is lower than the import rate. This makes 

SC an important factor when investigating the profitability of a PV installation. An accurate 

method to estimate SC is therefore crucial for future investments and which should also be 

applicable to any building. 

The most accurate method of estimating SC would be to use the historical data of insolation 

and building load, with hourly time steps (or less), at the specific location of interest and 

calculate SC directly. However, this can be hard to acquire and requires considerable time and 

effort. This project is focused on creating a model that can estimate SC for any villa PV 

installation in southern Sweden without using data of hourly or sub-hourly time steps. 

Therefore, a more general function is required for the SC calculation. There is a scarcity of 

statistical data on SC and few studies treating the subject of SC prediction and consequently it 

is difficult to determine what a suitable model for Sweden might be. 

3. Objective 
The objective of this thesis is to create a model that can estimate SC for the planning phase of 

a PV system installation. The goal is to predict the SC using annual totals for building load and 

PV generation inputs, as well as location and building specifications. Ultimately the model will 

be a part of a tool which offers the optimal PV system size for any given building and calculates 

the profitability. 
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4. Background 
Calculating SC requires data of both PV system generation and building load. Most commonly 

the data is based on an hourly resolution. A more precise description would be to in a sub-

hourly time step, but this is more difficult to acquire (Cao & Sirén, 2014). SC is calculated by 

comparing the values for PV generation and load for each time step. Figure 2 demonstrates 

how the PV power production (PPV), building load (PLoad) and self-consumption (ESC) could 

look for one day. During hours of both PV production and building energy demand, SC occurs, 

which is seen as the grey area in the figure. For a grid connected villa, the rest of the energy 

production is exported to the grid.  

 

Figure 2. PV production, Load and Self-consumption over one day 

Both PV generation and building load are fluctuating throughout the year and the magnitude 

of each are dependent on various factors like the location, PV system configuration and load 

patterns. Due to the variation, it is difficult to estimate the annual SC for a planned PV 

installation. Approximation could be made with historical load data and PV simulations, 

however load data in an hourly or sub-hourly format is seldom recorded. Therefore, making 

these types of estimations for every potential PV installation is not practical nor feasible, which 

emphasizes the need for a simplified method to approximate SC. A model using only annual 

values to estimate the SC would therefore greatly aid in the planning of new installations, by 

being able to measure SC and then the system profitability more accurately. 

4.1. Machine learning methods for solar predictions 
The increase of PV generated electricity supplied to the grid has driven a strong interest in the 

development of predictive models to help in the planning of PV installations. Creating so called 

“black-box” models, using machine learning (ML) has become more frequently used in the 

sustainable and renewable energy sector for estimations. Unlike “white-box” models that 

assumes that detailed data is available about deployment and the location, “black-box” models 

are instead trained with historical data to make estimations based on the training data. 

Moreover, to gather all detailed information at a larger scale intended for small-scale 

deployment it is impractical or infeasible (Chen & Irwin, 2017). 

Recent studies have shown that ML techniques have proved to perform well under varying and 

rapid environmental conditions (Kumar Das, et al., 2018) and today “black-box” models are 

used in many different applications within the solar power sector. It is most commonly used 

for solar forecasting and there are many different ML algorithms able to create models that can 
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learn how to turn weather metrics into solar output, using for example regression models, 

support vector machines and neural networks (Chen & Irwin, 2017).  

There are also other applications for ML, which can be used to perform PV production 

estimations, where models are trained using data from separately metered systems to make 

general predictions with a few inputs (Yang, et al., 2014) (Stainsby, et al., 2020) (Iyengar, et 

al., 2017).  

System optimization is another area where ML is very useful. In a report by Schopfer et al. 

(2018), the authors created a predictive model for calculating the optimal configuration of a 

PV-battery system, using an ML algorithm, in this case a regression model. Using data from 

separate households the model is able to make predictions about the profitability of the system 

installation. 

ML in form of an AI (artificial intelligence) is a more recurring concept used in this area as 

well. Models based on AI-techniques, with reasonable accuracy, are today used for sizing PV 

systems, predicting PV generation and solar insolation (Yona, et al., 2008; Mellit, et al., 2009).  

4.2. Previous work 
There are various analytical models created to aid in PV related projects, but there is a scarcity 

of studies treating SC estimation of PV generated electricity. There is no easily accessible SC 

data of existing PV plants in Sweden (Stridh, 2020) which might be the reason for the lack of 

studies. Nonetheless, there are some projects that approach the problem of performing SC 

estimations. In recent years an increasing interest of SC has been observed. A growing PV 

market has led to lower PV system costs and decreasing levelized cost of electricity (LCOE), 

while at the same time subsidies are reduced and electricity prices are increasing (Beck et al., 

2017). With fewer subsidies, optimizing the SC is becoming more important for the system 

profitability. Improving SC to investigate the potential increase of system profitability is a 

recurring subject. A paper by Beck et al. (2017) investigates how the implementation of heat 

pump systems could increase the SC of buildings equipped with PV systems. Another approach 

to increase SC was done in paper by Merei et al. (2015) where optimization of the SC for a 

commercial building is performed to investigate the effect on electricity savings. In the same 

paper, the implementation of battery storage together with PV is also investigated in an attempt 

to increase the SC. The importance of SC for increased profitability is also recognized in the 

paper by Luthander et al. (2015), where they examined the potential increase with PV systems 

generating energy to multiple single-family buildings. 

Many studies acknowledge the benefits of an increased SC, but to calculate it requires data of 

both PV generation and building load at the place of interest and this is not always available or 

hard to acquire. In a study by Stridh (2020), they attempt to fill the gaps in SC information by 

collecting data from a large number of PV plants. SC data is collected from both surveys and 

a database to map the SC of existing PV plants to improve the availability of SC statistics. A 

template was also created in excel to calculate SC, which however requires the hourly 

electricity consumption and the expected PV generation over a year.  

In the paper written by McKenna et al. (2018), they approach the same problem as in this thesis, 

which is to predict SC using ML. The ML model is trained with data from 302 households with 

installed PV systems, all located in the UK. A simple regression model is trained with similar 

inputs as in this project but also using a fraction of electricity use during the daytime, which is 
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multiplied with the annual load. The purpose of the model is to calculate the SC for an average 

household in the UK (McKenna, et al., 2018).  

There exist different techniques that can be used to create models able to predict PV generation, 

insolation, etc, which potentially could be reused to create models for SC prediction. Although, 

even with available models there are still some challenges. Firstly, the data obtained for training 

should preferably be time series data measured over a long period. It is also difficult to know 

if the historical data used for training is a good representation of the PV installations in the 

present and future. Furthermore, to create a predictive model requires knowledge in how to 

train the model properly, which can be a challenging task (Stainsby, et al., 2020).  

5. Methodology 
Various ML algorithms are today commonly used to build models capable of making accurate 

predictions based on limited data. These models are of different complexity but are all built 

using the same principles, which is being trained with a dataset, to be able to learn the pattern 

of the data and predict outside the available information.  

As there are no definite answers to what model is best for a certain situation, seven different 

models were chosen to be able to compare different approaches and determine which is best 

for this specific problem. The models used are K-Nearest Neighbors Regression, Support 

vector Regression, Random Forest Regression, Linear Regression, Polynomial Regression, 

Lasso Regression, Ridge Regression and MLP (Multi-layer Perceptron) Regression. 

Additionally, the linear regression model presented by McKenna et al. (2018) will be recreated 

here using data from Sweden.  

During the training phase, the models needed a large amount of data to be able to later make 

accurate estimations of SC. SC is calculated for the training dataset at an hourly time step using 

measured load data from a diverse range of villas and simulated PV production of different 

system configurations. The final complete dataset consisted of a large quantity of datapoints 

where each point is made up of five inputs and one output. The output is annual SC, and the 

inputs are tilt of the roof, azimuth angle of the roof, annual PV generation, annual load of the 

building and latitude.  

Through a collaboration with Karlstads Energi, anonymous load data was provided. These were 

hourly measurements from 108 different villas in Karlstad. The data was measured over five 

years and with varying annual loads, covering a large range of load intensities and different 

energy consumption patterns. Before implementation, the data was analysed to identify 

potential outliers or missing data. The building loads containing errors were either removed or 

patched with estimations depending on the extent of missing data or magnitude of outlier. 

During the training of the models, the different years are separated and used as separate villas, 

resulting in 540 different load profiles to represent a larger number of different villas. 

Hourly PV generation data was simulated using the PV modelling software SAM, System 

Advisor Model. To perform the simulations, weather data was obtained using PV GIS, a well-

known and recognized database providing meteorological data. The weather data is not yearly 

specific but in a TMY (typical meteorological year) format which incorporates the months of 

recent years that best represents the general conditions of the location. The weather data was 

collected from five different latitudes in Sweden to include different irradiation profiles, as 
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caused by the geological location. Locations with the same annual Global Horizontal Irradiance 

(GHI) were chosen to make sure that the model only incorporates the effect on solar insolation 

caused by latitude not by different insolation intensities. 

In SAM, the simulations were performed separately for every latitude and a combination of 

different tilt angles and azimuth angles.  The result was a dataset of hourly PV generation data 

for many different PV system orientations and irradiation patterns. 

With hourly data of both PV generation and load, hourly values for SC were determined for 

every different PV system setup and at the different latitudes. Furthermore, for every building 

load profile, 10 different sizes of each PV system are tested, of which the size is adapted to the 

annual load of the building, using PV systems with an annual production from 10% to 100% 

of the annual load, to cover the impact on SC as a results of different PV system sizes. SC was 

calculated using Python, comparing every hourly value for PV generation and load. Finally, a 

large dataset was formed consisting of over one million observations, where each observation 

is a unique combination of values for the different input and output variables. 

The complete dataset was then applied to the training of the ML models. During the training 

phase, the performance of the models was measured using a cross-validation method. A 

selection of each model hyperparameters were modified to determine the optimal performance. 

An analysis of the impact of each variable was done by variable selection, which was performed 

by removing the variables one at a time and observe the results until the best performance was 

found. The performance is primarily determined by two indicators, the coefficient of 

determination (R2) and Mean Absolute Error (MAE), which indicate how well the models are 

fitted to the training data and what the average prediction error is. The result for R2 ranges 

between 0 and 1 where 1 is representing a perfect fit of the model. A score of 0.9 is commonly 

used as threshold for model validation. MAE has the same unit as the output, SC, and logically 

the lowest error possible is sought after. Thus, the best models are defined with an R2 above 

0.9 and a low value for MAE. The best performing models were then gathered and compared 

to determine the optimal performer used for SC prediction. 

6. Model description 
This is a descriptive section that explains in detail what is done during the creation and 

evaluation of the ML models. Firstly, the data preparations steps are described, i.e., the process 

of gaining and creating the full dataset with which the different ML models will be trained 

with. Next sub-section is about the model preparation steps, where it is explained how the 

models are evaluated, what different tools are used during the training and optimization 

processes. Lastly, the different ML models are described and for each model the optimal 

modifications of selected hyper-parameters. Apart from the PV generation being simulated 

using the software SAM, all calculations will be performed using the programming language 

Python. 

6.1. Data preparation 
The following section describes the methods of data acquisition and what pre-processing steps 

are necessary to perform before applying the data to the model training.  
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6.1.1. Weather data 
There are several publicly available and reliable sources that offer meteorological data. In this 

project, PVGIS will provide with the data to be used when generating the PV electricity 

generation profiles.  

PVGIS, is an acronym for PhotoVoltaic Geographical Information System, and is a tool 

developed by the European Commission Joint Research Centre, which is the knowledge and 

science service of the European Commission. The purpose of the joint research centre is to 

provide with independent scientific counsel to support European Union policies. PVGIS 

provides with weather data primarily to aid advancement in solar energy research projects and 

to help distribute knowledge. It offers downloadable data of typical weather and historical time 

series (EU Science Hub, 2021).  

When extracting historical weather data, it is preferable to exclude years with extreme weather 

conditions. The weather data should not just represent a single year as the weather can highly 

fluctuate from year to year. An approach to this problem is to use TMY data which stands for 

typical meteorological year. The TMY method is widely recognized for the selection of typical 

years of data (Lok, et al., 1996). A typical meteorological year, TMY, is intended to represent 

a typical yearly weather for a selected location. This is formed by patching together months 

from different years within a longer time period of around 10 years, where every month is 

selected based on how well it represents a typical month (Joint Research Centre, 2021).  

The TMY files gathered from PVGIS contain a large amount of information and many 

parameters, including hourly data of global horizontal irradiance (GHI), direct normal 

irradiance (DNI) and diffuse horizontal irradiance (DHI) (EU Science Hub, 2019). Depending 

on the latitudes, the solar radiation patterns are different and to train the models for various 

locations, weather data is gathered from five different latitudes in Sweden. Locations with the 

same total annual GHI are chosen to only incorporate the different radiation patterns in the 

weather data and not different solar intensities.  

Latitudes in the southern part of Sweden are selected due to 88% of Sweden’s population living 

there and is where most of future PV installations can be expected (Palm, 2018). It is also 

because of the more extreme weather in the north and to create a general model applicable for 

all of Sweden it is important to exclude the unique weather conditions of the north. The 

latitudes range from around 55 to 62 degrees, with a step of equal size. There is an insolation 

difference of around 1.2% which is assumed to be of insignificant impact for the final results. 

The latitudes together with annual insolation per square meter are shown in Table 1. 

Table 1. Chosen locations and the insolation data 

Location 1 2 3 4 5 

Latitude 55.636 56.975 58.612 60.104 61.683 

Annual GHI 

[kWh] 

949 938 939 941 942 

 

6.1.2. PV simulation 
The simulated PV generation data, used for training of the ML models, is created using the 

software SAM, System Advisor Model. SAM is a free modelling tool for techno-economic 

assessments, capable of modelling numerous different renewable energy systems. It is 
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developed by the National Renewable Energy Laboratory, NREL, and is today broadly used to 

assist in decision-making in different areas of the renewable energy industry. 

There are a great number of different factors to take into consideration when modelling a grid-

connected PV system, of which some can be difficult to obtain. PVWatts is a performance 

model within SAM which is a somewhat simplified approach to PV simulation with fewer 

required system specifications. Parameters required to specify are weather data, inverter 

efficiency, system losses, module type, array type and module orientation (NREL, u.d.). These 

inputs are presented in Table 2 and shows the choice of existing parameters within the software 

and the custom inputs. 

Table 2. SAM inputs 

Module type Array type Inverter efficiency System losses 

“Premium module” “Fixed roof mount” 98% 12% 

 

In PVWatts there are three available module types, with the difference being the efficiency. 

Other module characteristics are assumed by the software. In reality there exists a huge variety 

of different modules today with varying efficiencies. In recent years, technical advancement in 

the area has led to big improvements of the efficiency, with state-of-the-art modules having 

efficiencies of around 23% (Lindahl, et al., 2020). Today commercial solar modules usually 

have efficiencies between 16-22% (Kovacs, 2019). However, it is not important to specify the 

efficiency before performing the simulations as the ML models will be trained with energy data 

in Wh. The PV generation input is an accumulated value of the annual energy production and 

therefore it does not matter which module is chosen in the simulation software. 

The type of array is describing the design of the PV system set-up, and whether the modules 

are fixed or able to rotate to track the sun. This study will be primarily intended for PV panels 

on the roofs of villas where tracking is rare which is why “fixed roof mount” is chosen as array 

type. This type assumes a limited flow of air at the back of the modules and no self-shading 

caused by the other modules ( National Renewable Energy Laboratory, 2020). 

To define the PV system performance, PVWatts has a simplified approach where all losses can 

be included in one general “user-defined loss”. This is however excluding inverter loss, because 

of its dependency on the inverter load. The inverter is performing best during full capacity and 

performs worse during times of low load. Today inverters for residential applications can have 

maximum efficiencies up to 98%. State of the art inverters can reach even higher efficiencies, 

and with continuous technical advancement it is assumed that an inverter with an efficiency of 

98% can be a good representation of inverters in new PV systems (Lalonde, 2011) (Fraunhofer 

Institute for Solar Energy Systems, 2020).  

The overall performance of a PV system is often evaluated by verifying the performance ratio 

(PR). It is a measure of how much of the PV systems potential actually is used. PR is a ratio of 

the generated AC electricity delivered to the grid and the electricity generated continuously 

under standard test conditions (STC) without any losses. The equation for PR is presented in 

Equation 1 where 𝐸𝑒𝑥𝑝𝑜𝑟𝑡𝑒𝑑 is the actual exported electricity and 𝐸𝑎𝑛𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑒𝑑 is the anticipated 

amount of electricity from the system operated under STC. PR is also an indication of the extent 

of total losses in a system, including all losses like shading, soiling, mismatch, wiring, etc (van 

Sark, et al., 2012). 
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𝑃𝑅 =
𝐸𝑒𝑥𝑝𝑜𝑟𝑡𝑒𝑑

𝐸𝑎𝑛𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑒𝑑
    (1) 

PR is dependent on the measured output of an installed system and it is therefore greatly 

varying in different system installations. There are many papers written about this subject, in 

which they investigate the performance ratio of a number of different PV systems.  

In a paper published by Van Sark et al. (2012), the development of PR is reviewed, they observe 

PR reaching efficiencies of over 80% today and with a few even reaching 90% (van Sark, et 

al., 2012). In another study of German PV systems it was found that the median of PR was of 

84%. (Reich, et al., 2012). While a study in Sweden measured the PR of two PV systems and 

observed PR of 81 and 88% (Bhatti, 2016). Another paper studied PV systems in the UK and 

Ireland and observed ratios that were always greater than 85% (Dhimish, 2020). 

From the different reports varying results about the PR, it can be understood that it is difficult 

to make an exact predictions of PR without the PV generation data. Though it seems what they 

all have in common is that a PR between 80% and 90% can be expected of modern PV systems 

installed today. As the Swedish paper is only based on studies of two PV systems it might not 

be a reliable description of a typical systems performance in Sweden. With PR also being 

strongly dependent on the climate (Benjaminsen, 2018) it could be wrong to deduct that the 

same performance would be expected in Sweden as in Germany or the UK.  However, with 

solar conditions being similar in the south of Sweden and the north of Germany (Šúri, et al., 

2007), it can be assumed that the performance would be almost the same. This is why it is 

assumed that 85% is a good estimation of PR in Sweden and a chosen target for the SAM 

modelling system performance.  

As previously mentioned, SAM does not have an input specifically for PR, so to achieve a 

certain PR both “user-defined losses” and inverter losses have to be considered. With inverter 

loss being dependent on the load, it is not possible to attain this precisely. To find out the effect 

of the inverter efficiency on the total energy production, multiple SAM simulations were 

performed with different values for the total system loss. This was performed for the purpose 

of finding the value with which ends up with a total system efficiency of 85%. To ensure that 

the PR is not dependent on latitude and module orientation (tilt and azimuth angle), these inputs 

were also modified to examine if the changes affected the total system loss. The system 

efficiency was measured by comparing the yearly DC production, without any losses, and the 

yearly AC production with losses applied. The results showed that there was minimal change 

in the system efficiency with a changing tilt angle, azimuth angle or location. A system loss of 

12% always resulted in a system efficiency of approximately 85% which is why 12% was 

chosen for the combined system losses.  

When all system parameters were defined, simulations were performed to generate the PV 

generation data. For the training of the ML models, it is necessary to have a large amount of 

training data, covering a large part of different PV energy production patterns and many 

different orientations of potential installations. Therefore, different tilt and azimuth angle 

combinations were simulated, with the azimuth ranging from 0-360 degrees and tilt from 0-90 

degrees. Step sizes of 50° for azimuth and 22.5° for tilt are chosen, resulting in 40 different PV 

generation profiles, for each location, when combining every different tilt and azimuth angle. 

Figure 3 shows the difference of annual yield (kWh/kWp) with the different orientations. 
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Figure 3. Annual yield as represented by different PV system orientation 

The different latitudes effect on the power production is illustrated in Figure 4, which 

demonstrates the distribution of the hourly generation of each month at the different latitudes, 

for the same PV system. The y-axis is showing the PV generation in W and the x-axis the 

months. The monthly PV yield for the same systems with a 22.5° tilt and 150° azimuth is shown 

in Figure 5.  

 

Figure 4. A boxplot demonstrating the distribution of the power generation for each month for every latitude examined 
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Figure 5. Monthly PV yield for the same PV system orientation at the different latitudes 

6.1.3. Load data description and pre-processing 
Load data is provided by Karlstads Energi. The data is anonymous and represents hourly load 

profiles for 108 villas in Karlstad. The data is from the years 2015 to 2019. Figure 6 shows the 

annual electricity consumption of each villa in the data set, for 2019, represented as dots. 

 

Figure 6. Yearly electricity demand for each villa 

The buildings from which the data is gathered has a varying annual consumption between 1500 

kWh to around 37’500 kWh. This corresponds well with national statistics on villas where the 

annual consumption generally varies between 5000 and 25’000 kWh per year. (Swedish Energy 

Agency, 2016). The variation in the load data is also good for the purpose of creating a model 
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that can make accurate estimations for a variety of villas with different load patterns and total 

loads.  

The load for each building has a distinct distribution over the year. Because of the northern 

climate a large part of the yearly consumption occurs during the colder months. This is 

visualized in Figure 7 where the monthly energy consumption for five of the villas are 

presented.  

 

Figure 7. Monthly load of sample villas with different annual energy demands 

In Figure 8 the load of the same villa is shown but through violin-charts. This demonstrates the 

distribution of the load, where the wide areas indicate a more frequent presence of a certain 

load. The load intensities of each month are greatly affected by the outdoor climate because of 

the difference in heating demand. During the colder months it is more frequent with high loads 

as opposed to the summer months where the load intensity is generally low. The summer 

months have a lower heating demand, with the wider part of the chart being almost exclusively 

in the range between 0 and 1 kW. During the colder months, the shape of the violin chart is 

slimmer and longer, indicating there is a more varying heating demand which is a probable 

effect of the varying and colder temperatures during these months.  
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Figure 8. Load distribution per month, horizontal axis showing kWh 

A pre-processing step is necessary to detect any anomalies within the data set. This can be 

outliers, data that can differ significantly from the rest of the dataset, or missing data. From 

observing the data graphically, it was concluded that there were none of the villa electric load 

profiles that had great values which deviated from the rest. 

However, there was some missing data within the dataset, specifically in September 2016, 

April 2015 and November 2016. There are several different approaches on how to fill these 

gaps with data that represent the typical values for this specific time. If there were only a few 

hours missing the gap can be satisfactorily filled by using linear interpolation with the prior 

hours (Fernández, et al., 2015). Although, when there are days, weeks or more of missing data, 

it is important to decide upon a reliable method for filling these gaps. 

The TMY method is commonly used to determine typical meteorological years. Even though 

the TMY method is normally used to create typical weather data, it has been applied in other 

applications as well. In a report by Sommerfeldt and Madani (2015), a similar method is used 

to create a typical price year, which consist of hourly data of electricity pricing based on other 

years. This was then used to improve techno-economic analyses of distributed PV systems.  

Using the same principles, this project will instead use the TMY-method to create typical load 

months. To determine this typical month, Finkelstein-Schafer (FS) statistics are used, which is 

commonly used by many different authors in the construction of TMY data (Ohunakin, et al., 

2013; Said & Kadry, 1994; Pusat, et al., 2015; Kalamees & Kurnitski, 2006; Zang, et al., 2012)  

The year with the month, which contains missing values, is first excluded and all data from the 

same month but other years are used in the creation of a cumulative distribution function 

(CDF), referred to as the long-term CDF. Next step is to create a CDF for each of the complete 

calendar month which are then compared to the long-term. To determine the best month to 

represent the typical month, FS is calculated and the month with the lowest FS is chosen to fill 

the gaps of the year with missing data. FS is presented in Equation 2 where n is the number of 

load data and 𝛿𝑖 is the absolute difference of the different cumulative distribution functions. 

𝐹𝑆 =
1

𝑛
∑ 𝛿𝑖

𝑛

𝑖=1

 (2) 



14 
 

This will be repeated for each of the months with missing data to fill all missing values, filling 

in the gap from the same date and time from the chosen month. 

However, in the reports of the different authors mentioned above, the daily values or calculated 

daily means are used when creating the CDF (Ohunakin, et al., 2013; Said & Kadry, 1994; 

Pusat, et al., 2015; Kalamees & Kurnitski, 2006; Zang, et al., 2012). Intuitively, using the raw 

hourly data should be the better approach, rather than using an average daily value. To examine 

the difference of using hourly versus daily values, the same procedure was performed for 

November with either hourly or daily values and then compared.  

The resulting years containing the month with lowest value of FS can be observed in Figure 9. 

It demonstrates what years were chosen because of the most typical month compared to the 

long-term CDF and then how many villas used a specific year. The orange bars represent the 

chosen years using daily values and the blue bars the hourly values. 

 

Figure 9. The different years chosen using the TMY-method, comparing the results of using either hourly and daily average 
values 

The number of villas is quite evenly distributed among the years, showing no clear indication 

to a single year that contains a month which generally is the best representation of the missing 

month. This indicates that the resulting typical month for each villa is mostly different. This 

randomness shows, from a simple analysis, that using daily or hourly values usually results in 

different years being selected. To understand which one ends up with the most accurate results, 

an additional deeper investigation is required. However, this is outside the scope of this thesis. 

In April 2015 there was a week of missing data and only a few days in September 2016. The 

data for the whole month of November 2016 was missing but given that this is one month of 

data out of 60 for each villa, and a month with particularly low solar PV generation, the impact 

on the final results is likely to be quite low. Therefore, it is assumed that the use of hourly 
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values for creating the CDF is sufficient. The different CDFs are compared on a sublevel of 

daily values and the results should still be valid and will not have a big impact on the final 

results of the report. 

Continuing with the hourly values, the long-term CDF and a CDF for each month of the 

different years are created to be able to calculate FS. The resulting graphs for one villa can be 

seen in Figure 10, with the black line representing the long-term and the other lines are the 

months from the different years. The graphs jagged look is because the load data is given in 

kW and rounded to one decimal, which ends up with many points of data being of the same 

load. 

 

Figure 10. A CDF for the different months and the long term 

This is performed for all villas and for all months with missing values to finally achieve a 

complete energy load file for all villas covering all five years.  

6.1.4. Generating self-consumption data 
Using the hourly building load and PV generation data, the SC can be calculated to complete 

the dataset meant for training of the ML model. For every building there exists five years of 

data and to obtain a larger dataset, every year is separated and used as separate buildings when 

calculating the SC. A simple model was created to calculate this using all the data, utilizing the 

software Python. Python is a free programming language developed by the Python Software 

Foundation (the PSF) (The PSF, n.d.). The computation is done using a simple method of 

comparing the load and PV generation for every timestep, examining to what extent the 

generation is covering the load. If PV generation is smaller or equal to the load, SC for that 

timestep equals the PV generation, otherwise SC equals the load at the particular timestep. 

Annual SC is then the ratio of the summed hourly SC over the summed hourly PV generation. 



16 
 

The model will start by choosing one building and associated load. It continues by going 

through all PV generation data, comparing the load to every different PV generation profile, 

representing every combination of tilt and azimuth angle. However, the created PV generation 

files are based on a 1 kW system and to train the ML model for larger units, the PV generation 

files are multiplied to represent larger systems.  

Each villa load is compared with 10 different PV system sizes with the size being adapted to 

the annual energy consumption of the building where the largest PV system has an annual 

energy generation up to 100% of the annual building load. This is performed for every building 

load profile in the dataset. The whole process previously explained, is performed for all 

different locations. In Table 3 the specific system parameters used during the generation of SC 

data are presented. 

Table 3. PV system parameters used to generate the training dataset 

 Unit Min Max Step 

Annual PV 

generation 

% of annual 

building load 

10 100 10 

Azimuth Degrees 0 360 50 

Tilt Angle Degrees 0 90 22.5 

Latitude Degrees 55.4 61.8 ~1.5 

 

The result is a large dataset, that consists of annual SC values which are associated with a 

specific annual load, annual PV generation, location, tilt and azimuth angle. The resulting 

dataset consists of 1’080’000 observations and in Figure 11 the first five are presented, where 

every row is one observation. This is the dataset employed to train the ML models. 

 

Figure 11. A small sample of the dataset used for ML training 

To evaluate the simulated SC data, a part of the resulting SC in the dataset are compared with 

real values from PV system installations in Sweden. In a paper written by Stridh (2020) data 

from a number of PV systems is collected and the results are shown in a graph displaying SC 

versus solar fraction. Solar fraction (SF) is the annual PV yield divided by annual load, so an 

SF equal to 0% means that there is no electricity generated by the PV system and an SF equal 

to 100% means the PV system is generating as much energy as the buildings annual 

consumption. The equation is presented in Equation 3, where Epv is the annual PV yield and 

Eload is the annual load.  
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𝑆𝑜𝑙𝑎𝑟 𝐹𝑟𝑎𝑐𝑡𝑖𝑜𝑛 =
𝐸𝑃𝑉

𝐸𝑙𝑜𝑎𝑑
    (3) 

Figure 12 shows simulated SC for all 540 annual building load profiles with one PV system 

orientation (tilt 22.5 and azimuth 150) and for different solar fractions, going from 0 to 100%, 

with a step size of 10%. The colours are according to the annual load of the building, as 

presented in Table 4. 

 

 

Table 4. Colours according to annual load 

Colour Annual load [kWh] 

Red >35’000 

Blue 25’000-35’000 

Green 15’000-25’000 

Yellow 5000-15’000 

Black 0-5000 

 

 

Figure 12. Self-Consumption vs Solar Fraction. Each line representing the SC for one of the 540 building load profiles with PV 
systems of different solar fractions, going from 0 to 100%. 

In Figure 13, the average of all simulated SC is compared with the measurements of SC from 

the paper written by Stridh (2020). The measurements are represented as blue dots, where the 

blue line is the trend line of the dots. The orange line is the averaged curve from the curves in 

Figure 12 and the black dotted lines are the highest respectively the lowest curve of the 

simulations. Comparing both lines shows that the simulation average is mostly parallel to the 

real values, but the simulated SC trendline is generally about 10% higher than the real value 

line. However, even though the trendlines are different, the highest and lowest curves from the 

simulations are framing almost all of the Swedish SC measurements, meaning they fall into the 

simulated data range. 
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Figure 13. Simulations vs real values 

The variation of SC is presented in Figure 14, which demonstrates the difference in SC between 

the different years. For a clearer visualisation, the SC of only twelve PV systems with the same 

orientation (with a tilt of 22.5° and an azimuth of 150°) are shown, installed on villas with 

different annual load sizes, ranging from 1’500 to 40’000 kWh. There are some similarities in 

the pattern for most villas, where most of them are seemingly following the average curve. 

 

Figure 14. Change of SC between years 

However, even though the SC of each building almost follows the same pattern, the magnitude 

of change in SC is more varying, as seen in Figure 15. The maximum difference in SC at the 
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different buildings, between the years 2015 and 2019, ranges from around 2 to almost 14 

percentage points.  

 

Figure 15. The maximum difference of SC over the measured years 

6.2. Model evaluation and tuning 
This section describes the model performance evaluation, some additional data preparation 

steps and model tuning. The Key Performance Indexes (KPI) used to evaluate the model 

performances are mean absolute error (MAE), coefficient of determination (R2), adjusted R2 

and mean biased error (MBE). To reduce possible model bias and variance it is important to 

choose an appropriate method of how the model performance is tested and a method called 

cross-validation is applied for this purpose. Furthermore, some models require the data to be 

pre-processed through scaling before applied to the model training, as explained in the feature 

scaling section 6.2.3. A general model optimizing method is also presented which is applied 

for all ML models and is further described in the feature selection in section 6.2.4. 

6.2.1. Error measurements 
To evaluate the prediction accuracy of each model, different statistical measures can be used. 

A common measure of the average performance of a model is the root-mean-square error, or 

RMSE. RMSE calculates the total average difference between the values of the sample or 

population and the model predictions. The sum of all squared differences is divided by the 

number of observations and the square root of this value is the RMSE. The equation can be 

seen in Equation 4, where n is number of observations, �̂� the predicted value and y the measured 

value. Mean-absolute-error (MAE) is another statistical measure to present a similar metric but 

removes error direction using absolute values of each difference as opposed to using squares 

and square roots. The equation is seen in equation 5, where n is number of observations, �̂� the 

predicted value and y the measured value. 

𝑅𝑀𝑆𝐸 = √∑
(�̂�𝑖 − 𝑦𝑖)2

𝑛

𝑛

𝑖=1

 (4) 
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𝑀𝐴𝐸 =
1

𝑛
∑|�̂�𝑖 − 𝑦𝑖|

𝑛

𝑖=1

  (5) 

Although it can seem like MAE and RMSE would result in very similar results, there are certain 

differences to the results which some claims to make MAE the better choice when evaluating 

the performance of a predictor model. In a journal article by Cort J. Willmott and Kenji 

Matsuura (2005) a comparison was made of the two and it is stated that using RMSE is 

unsuitable and a misinterpreted measure of the average error. Rather than being ambiguous and 

a function of only one characteristic like MAE (describing only average error), RMSE is a 

function of three different characteristics, squared error, average error and the root square and 

thus it does not calculate the average error alone. Therefore, MAE is used as one of the 

statistical measures throughout the thesis. 

The coefficient of determination, R2, is another statistical measure utilized to evaluate how well 

the predictor model fits the data. It is comparing the variance of the dependent variable, 

explained by the independent variables in the predictor model, and the total variance. The 

equation is presented in equation 6, SSRES is the Sum of Square of residuals, SStot is the total 

sum of squares and �̅� is the mean of the observed data. R2 ranges between 0-1 where zero is 

indicating that the model is not able to explain any and one completely explains the variance. 

𝑅2 = 1 −
𝑆𝑆𝑅𝐸𝑆

𝑆𝑆𝑇𝑂𝑇
= 1 −

∑ (𝑦𝑖 − �̂�𝑖)2
𝑖

∑ (𝑦𝑖 − �̅�𝑖)2
𝑖

    (6) 

The third measure is the adjusted R2 which is an addition to the normal R2 measure. Ordinary 

R2 can be unsuitable to use when predictor model is using higher-order polynomials or too 

many predictor variables. Adding more variables always results in an increased R2 and when 

the model becomes too complex, it can become overfitted and start to model random noise in 

the data rather than representing the relationships in the samples. R2 does not represent this 

error which is why adjusted R2 is used to ensure that this type of error does not occur. The 

output is the same as for the ordinary R2, between 0-1. In this way, by comparing R2 and 

adjusted R2, potential overfitting can be detected. If there is a large difference between the two, 

over-fitting occurs (Minitab, 2013) (Chauhan, 2019). The equation for the adjusted R2 is shown 

in Equation 7 where N is the sample size and p is the number of variables. 

𝑅𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑
2 = 1 −

(1 − 𝑅2)(𝑁 − 1)

𝑁 − 𝑝 − 1
   (7) 

The final statistical measure used is mean bias error (MBE) which is used to capture the model 

bias. It is utilized to make an estimation of the prediction bias by calculating the average 

difference between predictions and observations. MBE is presented in Equation 8, where n is 

the number of observations, �̂� is the predicted value for SC and y is the measured value. A 

positive bias is indicating a general overestimation of predictions and vice versa. 

𝑀𝐵𝐸 =
1

𝑛
∑ �̂�𝑖 − 𝑦𝑖

𝑛

𝑖=1

  (8) 

MAE and R2 are the main KPIs used to determine model performance and MBE and adjusted 

R2 are additional indicators used for further analysis of the results. 
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6.2.2. Model evaluation methods 
Before implementing the ML models in real-life situations, it is important to validate the model 

stability. Some assurance is needed to know that the models are able to correctly capture most 

of the patters in the data. During the training phase of the models, the data used for training is 

commonly split into two parts, training and test data. A common division is by using 20-30% 

for performance validation and the rest for training. The training data is used to train the model 

and the test data is then used to validate the model performance by comparing the predictions 

made with the test data to the target output value in the test data set.  

Another approach is to use Cross-Validation (CV). CV is using the same principle as the data 

split mentioned earlier. However, using CV, the dataset is divided into multiple subsets or 

folds, and where one fold at a time is used to validate the model while the rest of the data is 

used for training. The mean of the performance indicators for every fold is then calculated and 

used to describe the average model performance. CV and the data split are both so called 

resampling methods and are both used to estimate the model’s performance when introducing 

new, unknown data from outside of the available dataset. When the process is complete, the 

created models are discarded, and a final model is created using all available data.  

Using CV has some advantages compared to the simple data split method when it comes to 

model bias and variance. All supervised ML models come with some bias and variance. The 

bias error is a result of the simplified assumptions that a model uses for an easier approximation 

of the target function. A model with high bias can result in underfitting, which is when the 

algorithm is incapable of capturing the relevant relations between target outputs and features 

of the data. This happens with more simple ML algorithms with less flexibility, like linear 

regression. Consequently, a high bias model would not be ideal to implement for complex 

problems with many varying features because of the many assumptions made within the model. 

Variance is an indication of how much the target functions predictions changes when using 

different training data. High variance can result in overfitting where small irrelevant variations 

in the data becomes magnified. The function created by a high variance model could then 

reflect random noise existing in the training data (MastersInDataScience, 2021). Thus, 

removing a part of the data for validation might pose a problem of underfitting. This is due to 

the risk of losing important trends and patterns in the training data set when it is reduced, which 

then increases the model error caused by bias. Using the cross-validation method helps to 

remove this uncertainty. 

There are also different approaches to CV. Leave-one-out cross-validation (LOOCV) is a 

method that is very effective in reducing bias. It works by leaving out one single observation 

for testing the model and the rest for training it. This can however be very time consuming with 

a large set of data and while reducing bias, the method also suffers from high variance because 

of the testing with only one observation. K-fold cross-validation is another method that uses 

the same principle but splits the dataset into k equally sized parts or folds. The k is the number 

of folds created and is decided by the user. Using this, the variance is reduced but at the expense 

of introducing a small increase of bias which is why this method is more preferred (QuantStart, 

2021). Figure 16 illustrates how the dataset is split when using a k-fold with 4 folds. 
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Figure 16. Simple K-fold with 4 folds 

Even though it is up to the user to decide upon a k-value, a k equal to 10 has been 

experimentally proven to generally result in an optimal balance between bias, variance (James, 

et al., 2013). Therefore, a k-fold with 10 folds will be used throughout the thesis when 

performing cross-validation. 

When using k-fold CV, the general process is to first shuffle the whole dataset randomly and 

then split it into the chosen number of groups. One part of the groups is then used for testing 

the model and the rest is used as training data to fit the model. The groups are then cycled 

through, changing the test data group for each iteration. The performance result of each 

iteration is attained and lastly these are summarized by averaging the score. This is done to 

evaluate the models with a moderate variance and low bias (Brownlee , 2020). 

CV will also be used when modifying the selected hyper-parameters of each model. It is used 

for each iteration with a new value for the hyper-parameter to ensure the validity of the results. 

Lastly, the CV results are compared and the value for the parameter with the best performance 

is chosen. 

6.2.3. Feature Scaling 
Feature scaling is a crucial pre-processing step of the data, done prior to creating the ML 

models. This is performed to prevent numbers of great magnitude to have a large impact on the 

model just because of the size. In other words, scaling is used to make the features to be of 

equal standing. If, in a dataset, there would be some numbers ranging in tens and some in 

thousands, sometimes the ML algorithm will assume that the larger values have superiority and 

ends up having a larger influence during the training of the model. For example, in the dataset 

created in this thesis, the values for annual load and annual PV yield (in Wh) will be ranging 

in numbers of millions while the tilt angle is varying between 0 and 90. Without scaling, some 

ML models will assume that the larger values have a larger importance when making the 

predictions just because of the size, even if tilt might have a bigger influence on the change of 

SC.  

A common technique used for scaling is standardization, which makes the data unitless by 

transforming it to have a variance of one and a mean of zero. This is illustrated in Figure 17 

where a data set is transformed using standardization and centred around zero. 
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Figure 17. data before and after standardization 

Scaling is particularly important for the ML models using algorithms that calculates the 

distance between data, because of the underlying assumptions about the range of the data (Roy, 

2020). 

Scaling is done by applying standardization to the data and is performed using Python and the 

“Standard Scaling” tool, which is a part of the sci-kit learn library. The data is scaled and 

centred using the datasets mean and standard deviation as shown in Equation 9, where x is 

representing the sample, u the mean and s is standard deviation. The Standard Scaling function 

is first fitted with the training data and then the scaler is used to transform the validation data 

to match the scales of the training data. 

𝑧 =  
𝑥 − 𝑢

𝑠
  (9) 

The ML algorithms that require scaling are K-Nearest Neighbors (KNN), both Lasso and Ridge 

regression, Linear regression and polynomial regression. It is not essential for Multi-Layer 

Perceptron (MLP) regression, but it significantly reduces the computational time of the model 

training. For the above-mentioned methods, scaling is implemented during the training of the 

models. Decision tree, and its subset Random Forest, regression have no need for scaling of 

the data (scikit-learn, 2020a). 

6.2.4. Variable Selection 
To investigate the impact of the different input variables on the final performance of each ML 

model, a simple variable selection is performed for each model. During the training of the 

models, each variable will be removed one at a time and the model performance observed. 

According to how the performance is affected, the models are optimized by removing the 

necessary variables for best performance. 

6.3. Machine learning models 
In this section the different ML models used in this project are described. The selected hyper-

parameters are also presented and how they are modified for optimal performance. The models 

created are based on different regression techniques. Regression is a supervised ML technique, 
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and the purpose is the estimation of value based on existing data. It is using numerical data, 

with defined inputs and an associated output response. By using the features of the input data 

and the related response, the regression model learns how the input and output are correlated 

and attempts to mimic this to create a model that can make predictions based on data from 

outside the training dataset (Subasi, 2020).  

When fitting the models with the data, there are different options for tuning the models to 

improve performance. Regression models usually have different hyper-parameters which can 

be modified to improve the model for better performance or faster run-time (scikit-learn, 

2020b). 

The accuracy of the models is measured by investigating the MAE and the R2 score. The 

techniques used are K-Nearest Neighbors Regression, Random Forest Regression, Linear 

Regression, Polynomial Regression, Lasso Regression, Ridge Regression and MLP 

Regression. Additionally, one more linear regression model will be created using a 

methodology presented in a paper by McKenna et al. (2018). The different techniques include 

some of the more common and simple regression models, together with more complex models 

like the MLP, which is a type of neural network. Because of the lack of studies where regression 

techniques are employed to predict SC, it is difficult to know what techniques are optimal for 

this purpose. Therefore, using models of different complexity and operating principles will be 

useful to evaluate and find techniques capable of creating a model able to make accurate 

estimations of SC. 

6.3.1. Multiple Linear and Polynomial Regression 
The linear regression model used in this project is imported from Pythons scikit-learn library 

and is an ordinary least square (OLS) linear regression. Using a linear equation, as seen in 

Equation 10, the algorithm first predicts a value for the independent variable. In the equation, 

ℎ(𝑥𝑖) represents the predicted value, 𝛽0 the intercept, 𝛽1 the slope and 𝑥𝑖 the feature value. The 

difference between the observed and predicted value is then calculated and the result is squared. 

By summing all squared differences for all observations, the least square sum is obtained, 

which is also the cost function of the method. The algorithm will then aim to minimize this 

function by modifying the slope and intercept. Equation 11 present the OLS equation where 

𝐽(𝛽0, 𝛽1) represents the cost function and 𝑦𝑖 the observed value. 

ℎ(𝑥𝑖) = 𝛽0 + 𝛽1𝑥𝑖   (10) 

𝐽(𝛽0, 𝛽1) = ∑ 휀𝑖
2

𝑛

𝑖=1

= ∑(𝑦𝑖 − ℎ(𝑥𝑖))
2

𝑛

𝑖=1

  (11) 

Equation 11 is describing an OLS equation with a single independent variable. In this case 

where multiple independent variables are used the equations is expanded to what can be seen 

in Equation 12, where p is the number of independent variables in the dataset. 

𝐽(𝛽0, 𝛽1) = ∑(𝑦𝑖 − ℎ(𝑥𝑖))
2

𝑛

𝑖=1

= ∑ (𝑦𝑖 − (𝛽0 + ∑ 𝛽𝑗𝑥𝑖𝑗

𝑝

𝑗=1

))

2
𝑛

𝑖=1

     (12) 

To add more flexibility to the model, a polynomial regression is implemented, which is based 

on the same algorithm as linear regression but uses a polynomial equation to predict the 
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independent variable. By using multiple variables, these equations will be extended as in the 

linear case. In this thesis, five variables are used and the number of terms in the equations are 

extended for different polynomial degrees as seen in Table 5. 

Table 5. Degree of polynomial and number of variables 

Degree of pol. 1 2 3 4 5 6 

Terms 6 21 56 126 252 462 

An evaluation of each polynomial degree is performed by testing degrees between 2 and 6. In 

Figure 18 the resulting performance of each polynomial degree is shown. The best performance 

is with a 6th degree polynomial which is used for final evaluation of the polynomial regression. 

 

Figure 18. R2 and MAE for the polynomial degree analysis 

6.3.2. Lasso Regression & Ridge Regression 
Another approach to the OLS method is using regularization, or shrinkage, which can 

effectively reduce model variance without a large increase of bias. By implementing 

regularization, a penalty term is added to the cost function. The penalty term is used to limit 

the influence of the independent variables over the output and instead of removing variables, 

the scale of the independent variable coefficients is reduced. Lasso and Ridge Regression are 

two common techniques used for regularization. The penalty consists of a sum of the 

coefficients and the difference between the two techniques is that lasso sums the absolute value 

of the coefficients while ridge sums up the squares (Great Learning, 2020). 

Like previously described, ridge is using the same approach as least square but in addition it 

also adds a shrinkage penalty term to the cost function, which for ridge is the squared value of 

all coefficients, as seen in Equation 13. 

𝐽(𝛽0, 𝛽1) = ∑ (𝑦𝑖 − (𝛽0 + ∑ 𝛽𝑗𝑥𝑖𝑗

𝑝

𝑗=1

))

2
𝑛

𝑖=1

+ 𝛼 ∑ 𝛽𝑗
2

𝑛

𝑗=1

,      𝛼 ≥ 0     (13) 
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Alpha is the shrinkage parameter and modification of this parameter will regularize the 

coefficient estimates. With an alpha that approaches infinity, the coefficient estimates will 

move towards zero, and as alpha approaches zero the coefficient estimates moves towards the 

ordinary least square estimates. Except for the polynomial degree of the function, alpha is the 

only parameter that can be adjusted when fitting the function, making it an important factor 

during the model pre-processing. Before finding the optimal value for alpha, a test of different 

polynomial degrees are performed and evaluated. The number of degrees examined are 

between 1 and 6 and the results show that the model using a polynomial degree of 6 has the 

best performance. Following tuning is done by changing the value for alpha. Values between 

0.01 and 2 are tested with a step size of 0.01. The results are showing a steady decrease in 

performance when alpha is increasing and just to be sure, larger values for alpha are also 

examined, using values of 10 to 60 with step size of 10. The best performance is with a value 

for alpha of 0.01, the smallest tested value. As alpha approaches zero, Ridge regressions 

approach traditional linear/polynomial regressions, and since those regressions are also tested 

here, smaller values than 0.01 are omitted. 

LASSO stands for Least Absolute Shrinkage and Selection Operator and it is based on the same 

principles as ridge but instead of the penalty term being the squared sum of coefficients, the 

sum of the absolute values is used as seen in Equation 14 below. 

𝐽(𝛽0, 𝛽1) = ∑ (𝑦𝑖 − (𝛽0 + ∑ 𝛽𝑗𝑥𝑖𝑗

𝑝

𝑗=1

))

2
𝑛

𝑖=1

+ 𝛼 ∑|𝛽𝑗|

𝑛

𝑗=1

,      𝛼 ≥ 0     (14) 

Like with Ridge, the tuning of Lasso is done by changing the value for alpha. First however, a 

test of polynomial degree is performed and evaluated for degrees from 1 to 6. It was found that 

a polynomial degree of 5 resulted with the best performance. Alpha is tuned by using values 

from 0.01 to 0.1 with a step size of 0.01, as well as 0.5, 1 and 2. This inconsistent step sizing 

was performed because of a very long computational time and alphas bigger than 0.01 were of 

very bad scores. For an extensive test, alphas of 10 to 60, with a step size of 10 was also tested. 

The model with best performance had an alpha 0.01 which was chosen for the final test with 

an equation of a 5th degree polynomial equation. 

6.3.3. K-Nearest Neighbors Regression 
The algorithm behind K-Nearest Neighbor regression finds the closest points of the training 

samples to the new point and predicts the output. An approximation of the output is made by 

considering the distance between all the nearby sample data. Any metric measure can be used 

for the distance, but most common is to use the Euclidian distance. The number of nearby data 

points considered are user-defined and the optimal number of neighbors are different from each 

case (Miller, 2019). 

Finding the optimal number of neighbors for best model performance, is done by testing the 

models for a range of different inputs for number of neighbors. Up to 30 neighbours are tested 

using a step size of 1. An optimal number for the modelling was found to be 26, which is later 

used for the final performance evaluation. 
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6.3.4. Random Forest Regression 
The Random Forest algorithm can be used for classification problems or regression. It is based 

on so called ensemble learning, which is a method of using multiple algorithms of the same or 

different types to create a more powerful model. Random forest is utilizing multiple decision 

trees to form the forest, that the name suggests. 

A decision tree is mainly made up out of two types of elements, branches and nodes. An 

example of a decision tree is presented in Figure 19, together with a scatter graph illustrating 

the division of data tested and predictions made by the algorithm. At every node, the model is 

evaluating a single feature for a data sample to follow a particular path to finally reach a 

prediction at the bottom of the tree. The branches are the connections between the nodes, i.e. 

the paths. 

 

Figure 19. Example of decision tree regression 

Decision trees tend to result in overfitting of the model and by using the Random Forest 

algorithm this problem is mitigated. As earlier described, random forest utilizes multiple 

decision trees, from which the results are aggregated into a single result. Every tree is using a 

random subset of the training data until all data is used. The different trees also uses a random 

subset of features. Only a few features per tree is employed and a default value of two was 

chosen for the Random Forest model.  

With these two types of randomness, overfitting is limited with only minuscular increase of 

model bias (Liberman, 2017). Nevertheless, overfitting is still a risk when using Random 

Forest. Defining the maximum depth of the trees reduces this risk. ‘Max_depth’ is a hyper-

parameter which is defined by the number of nodes at the longest path from the starting node 

to the final node (Liberman, 2017).  

Tuning the Random Forest model was done by modifying the max depth of the tree and the 

number of trees. The model was run with ‘Max_depth’ going from 1 to 30 with a step size of 

1. A maximum depth of 25 resulted in the best performance and evidently used for final 

evaluation. The number of trees examined were between 10 and 130 with a step size of 10. The 



28 
 

maximum number of trees were limited to 130 because of a study proving through 

experimentation, that exceeding this number has no significant changes to the performance of 

the model and due to very long run time, this was used to motivate the limit (Oshiro, et al., 

2012). The number of trees resulting in the best performing model was 130 trees.  

 

6.3.5. MLP (Multi-layer Perceptron) Regression 
A multi-layer perceptron (MLP) is a class of feed forward artificial neural network (ANN), 

consisting of three different layers: hidden layer, input layer and output layer. A feed forward 

ANN is the oldest type of ANN and are of a more simple construction compared to the newly 

emerged neural networks (NN). It is called feed forward because of the way it functions, which 

is to forward all information straight through the network without any loops. Firstly, the input 

layer receives the information, then it goes through the hidden layers and to finally reach the 

output layer. By giving the algorithm a target and a set of features, it is able to make non-linear 

approximations used for both regression and classification. In Figure 20 an example of a simple 

neural network with only one hidden layer and output is shown. 

 

Figure 20. example of a MLP ANN with one hidden layer 

Every layer is made up of a set of neurons. In the input layer, each neuron represents the 

different input features of the model. The number of neurons in the hidden layer is user defined 

and depending on the model, the optimal number is varying. In the hidden layer, each neuron 

is transforming the values of all neurons in the previous layer with linear summation, using 

weights assigned to every neuron value and with an added bias coefficient. This is computed 

through a non-linear activation function which governs whether the specific neuron is activated 

or not and the output signal strength. The last layer is the output layer which receives and 

transforms the data from the adjacent hidden layer into output values.  

The mean squared error is used as the regression loss function and in the training phase this 

function is minimized by modifying the weights and biases. The loss is calculated and then 

starting from the output layer, the value of the weights are updated moving through each layer 

to the input layer, until the loss function is minimized (scikit-learn, 2020c). 
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Next is to define the number of hidden layers, which is also decided by the user and the optimal 

number of layers is varying depending on the project. Due to a very long computational time, 

the number of hidden layers was limited to two layers. There are multiple methods to determine 

the number of neurons in the hidden layers and as to determine the rest of the neural network 

specifics, it is an iterative process of trial and error. However, following some rule of thumb 

the number can be limited to a minimum of 2/3 of the input layer size plus the number of 

neurons in the output layer and a maximum of twice the number of neurons in the input layer 

(Ranjan, 2019). Applying these rules, the amount of neurons tested for each hidden layer was 

between four and ten, testing all possible combinations to find the best performance. Using 

scikit-learn default values for the rest of the hyperparameters, an optimal number of neurons 

was found to be eight in the first hidden layer and six in the second. 

6.3.6. UK model 
In the paper written by McKenna et al. (2018), the level of SC in British households is 

investigated. They create a simple linear regression model, using the data collected from the 

different households in order to calculate the SC of an average UK household. Furthermore, 

they propose that their methodology is applicable for predicting SC in other solar markets as 

well. As this paper is the only one found online creating such a predictor model of SC, the 

performance of such a model will be measured and compared to the other models created. The 

model created using the methodology presented in the paper written by McKenna et al. will 

from here on be referred to as the UK model.  

The UK model is a linear regression model that uses the same principles for learning as the 

linear regression model described in previous chapters, but with different input features. It is 

trained with the generated dataset, using only annual PV yield and annual load with an 

additional modification of the annual load which is multiplied with the average annual fraction 

of the daytime electricity usage. The fraction is determined from daytime electricity usage 

between the times 10:00 and 16:00 and is calculated as demonstrated in Equation 15. 

𝐸(1000−1600) is the daytime energy consumption and 𝐸𝑑𝑎𝑖𝑙𝑦 is the daily total. The average 

annual fraction, 𝑓𝑎𝑛𝑛𝑢𝑎𝑙 𝑎𝑣𝑔, is calculated as shown in Equation 16, by dividing the sum of all 

fractions, into the number of days. 

𝑓𝑎𝑣𝑔 =
𝐸(1000−1600)

𝐸𝑑𝑎𝑖𝑙𝑦
   (15) 

𝑓𝑎𝑛𝑛𝑢𝑎𝑙 𝑎𝑣𝑔 =
∑ 𝑓𝑖

𝑎𝑣𝑔365
𝑖

365
    (16) 

The results of the UK model performance will be presented separately from the others because 

of the different methodology and inputs. 

7. Results 
In this section all model performance results are presented. It is divided into three parts where 

in the first part, the result of the variable selection is shown. Next, the performance of the 

different ML models is summarized and presented. The last section presents the UK model 

performance results. 
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7.1. Variable selection 
To assess the impact of each input feature on the model performance, a sensitivity analysis is 

conducted where the variables are removed, one at a time, to find the optimal selection of input 

features. The result of the analysis is presented in Figure 21 and Figure 22 where the 

performance of each different models is shown by the indicators R2 and MAE. The numbers 

on the x-axis are representing different model setups, which is specified in Error! Reference 

source not found.. The graphs are showing almost the same pattern for the results of all 

models. Worst performance is attained when either annual load or annual PV generation is 

removed, which can be seen Figure 21 with a shared R2 of almost zero and in Figure 22, with a 

high spike in the MAE. Removing one or more of the features tilt, azimuth and latitude had a 

small or almost no effect on the performance. For most models, the performance after removing 

any of the mentioned features was very similar to when none of the variables are removed. It 

even somewhat improved the performance of the random forest and KNN model.  

Table 6. The chosen variables for the different models in the variable parametric analysis 

 Annual 

Load 

Annual 

PV prod. 

Tilt 

Angle 

Azimuth 

Angle 

Latitude 

Model 1 X X X X X 

Model 2  X X X X 

Model 3 X  X X X 

Model 4 X X  X X 

Model 5 X X X  X 

Model 6 X X X X  

Model 7 X X   X 

Model 8 X X  X  

Model 9 X X X   

Model 

10 
X X    

 

 

Figure 21. R2 of each ML model using different sets of input features 
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Figure 22. MAE of each ML model using different sets of input features 

The best selection for each model is presented in Table 7, where the cross shows the selected 

input used for each model. 

Table 7. Selected feature for each model 

Regression 

Model 

Annual 

PV 

prod. 

Annual 

Load 

Tilt 

Angle 

Azimuth 

Angle 

Latitude 

Random 

Forest 
X X   X 

KNN X X    

MLP X X X X X 

Polynomial  X X X X X 

Ridge  X X X X X 

Lasso  X X X X X 

Linear  X X X X X 

 

It is noteworthy that both Random Forest and k-NN, performed better with fewer variables, 

while the other models had all the variables included for best performance. The Random Forest 

model only needs annual PV yield, load and latitude as inputs, but for KNN using only annual 

PV yield and load was sufficient to achieve the best performance. 

7.2. Model performance 
The performance of each model with the optimal selection of inputs was evaluated and the 

results presented in Table 8, with the models ranked from best to worst performance. The score 

for R2 and adjusted R2 are very similar for every model, which indicates that no overfitting due 

to model complexity occurs. The MBE for the models are all very close to zero, indicating that 

there errors are largely symmetrical. 
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Table 8. Model performance results 

Model Removed 

Variable 

MAE R2 Adjusted R2 MBE 

(1) Random 

Forest 

Tilt, azimuth 0.0148 0.985 0.98456 1.0e-04 

(2) KNN Tilt, azimuth, 

latitude 

0.0245 0.956 0.95575 -1.7e-04 

(3) MLP None 0.0380 0.905 0.90463 7.35e-06 

 

(4) Polynomial 

Regression 

None 0.0383 0.907 0.90690 1.33e-05 

(5) Ridge 

Regression 

None 0.0384 0.897 0.89691 -3.73e-07 

(6) Lasso 

Regression 

None 0.0576 0.670 0.66882 1.59e-07 

(7) Linear 

Regression 

None 0.0735 0.641 0.64073 2.12e-07 

 

(8) UK model - 0.0726 0.646 0.64628 -1.02e-08 

 

In Figure 23 the results for the main performance indicators R2 and MAE are shown again for 

better visualisation of the results. 

 

Figure 23. Model performance results 

Random Forest algorithm provides with the best prediction with the least MAE and the highest 

R-squared, with an average error of 1.5 percentage points in SC. This is noteworthy given that 

the annual SC can vary by 40 percentage points for a given building load and PV system size 

(Stridh, 2020). It is common that an R-square score of 0.9 is used as threshold for model 

validation which suggest that five out of seven models can be considered suitable predictors of 

SC. Only the linear and lasso regression models have an r-squared value below 0.89, with 

scores of 0.67 and 0.64 and with an average error of 5.7 and 7.3 % in SC. 

The bias errors of all models are very small and close to zero. The bias error of the best 

performing random forest regression model is shown in the residual distribution in Figure 24, 
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with a mean close to zero (0.000187) and a symmetrical distribution. The narrow distribution 

with a residual standard deviation of 0.0352 is suggesting that the predictions of the model will 

often have a very low error. However, there is a small occurrence of outliers which can results 

in errors up to 15 percentage points. 

 

Figure 24. Random forest error distribution 

In Table 8 the performance of the optimized models are presented, but even though it is the 

best results, Figure 21 and Figure 22 shows that the performance of all models, using the 

optimal selection of variables, is very similar to when only annual PV yield and load is used. 

The model performance of each model, using only these two variables, are shown in Table 9 

where the values in parenthesis are the optimal performance values presented in Table 8. 

Table 9. Model results with only Annual PV yield and load as input features 

Model MAE R2 Adjusted R2 MBE 

Random Forest 0.0160 

(0.0148) 

0.982 

(0.985) 

0.981  

(0.984) 

-1.3e-04     

(1.0e-04) 

KNN 0.0245 

(-) 

0.956 

(-) 

0.955 

(-) 

-1.7e-04 

(-) 

MLP 0.0414 

(0.0380) 

0.891 

(0.907) 

0.890  

(0.904) 

3.9e-04 

(7.3e-06) 

Polynomial 

Regression 

0.0424 

(0.0383) 

0.887 

(0.907) 

0.886 

(0.9069) 

-6.5e-08 

(1.3e-05) 

Ridge Regression 0.0424 

(0.0384) 

0.872 

(0.897) 

0.871  

(0.896) 

1.4e-07 

(-3.7e-07) 

Lasso Regression 0.0594 

(0.0576) 

0.647 

(0.670) 

0.646  

(0.669) 

1.8e-07 

(1.6e-07) 

Linear Regression 0.0744 

(0.0735) 

0.634 

(0.641) 

0.633 

(0.6407) 

5.5e-08 

(2.1e-07) 

 

The results for R2 and adjusted R2 are continuously almost equal suggesting no occurring 

overfitting of the models. MBE is once again very small for all models which indicates no 

model bias. Even though some models require all inputs for best performance, the difference 

in performance is very small when removing the inputs tilt, azimuth and latitude. 
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The last model was created employing the methodology used in the paper written by McKenna 

et al. (2018). The SC is predicted using similar inputs as the other models presented but without 

latitude, tilt and azimuth. However, a term using a modified annual load is added, which is a 

multiplication of the annual load with the annual average daily fraction of electricity use during 

the daytime. 

From the results it can be deducted that there occurs no overfitting and no indication of model 

bias. In the paper by McKenna et al. (2018) an R2 of 0.757 is obtained which indicates a better 

performance compared to the UK model created in this project. However, the UK model, with 

its additional term for fraction of daytime loads, only performed slightly better than the linear 

regression model created in this thesis, which had an R2 of 0.641.  

8. Discussion 
Even though most models performed best with all input features included, removing tilt, 

azimuth and latitude had a miniscule effect on the performance. The minor effect on 

performance when removing latitude might be because of the irradiance patterns being too 

similar at the different locations, but ultimately the results of this study show that latitude is 

not important to include for making good predictions of SC. However, the radiation patterns 

from the northern Sweden are not included in the dataset which, if included, could change the 

relevance of latitude as an input because of the more extreme weather conditions. It should also 

be highlighted that this model is only trained for Swedish conditions and using it for other 

countries would most likely require retraining of the models with new data including different 

latitudes and irradiance patterns. Moreover, the small change in model performance for all 

models when removing tilt, azimuth and latitude, suggests that using only annual PV yield and 

annual load as inputs could be a good trade-off between model simplicity and performance.  

By comparing the trend lines of real and simulated SC data in Figure 13 of model description, 

it can be seen that the simulations generally tend to overestimate the SC compared to the real 

values. This could be important to consider when using these models for future SC predictions. 

However, it is not certain that the real data is a good representation of average Swedish PV 

systems. The trend line is based on 394 data points whereas the simulated SC are calculated 

for around 1 million points. Furthermore, the locations of the real systems are not specified 

thus it could be measurements from the same location without any variation in radiation, like 

what is covered by simulating the PV generation at five different latitudes. Additionally, the 

real data is only measured from one year compared to the simulated data, which is based on 

load profiles over five years and PV generation profiles based on TMY climate data. For better 

comparison, a trendline based on a larger number of systems, from different locations, using a 

variety of different load profiles should be created, while using measurements over a larger 

timespan. Furthermore, in the data preparation section, the change of SC over the years is 

shown in Figure 14, where it is observed that the SC can vary from 2 to 14 % between the 

different villas. The difference of the trendlines is generally 10% in SC, which is within the 

range of yearly SC variations. The real data is as well based on measurements of only one year, 

which could explain the generally lower SC for that specific year. 

Using simulated data to create the dataset meant for model training, might not be optimal as it 

does not fully represent the characteristics of real PV installations in Sweden. The data is sure 

to contain more assumptions, which might not mimic a real-life situation perfectly. However, 
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for the purpose of creating a model capable of predicting SC for any given position in Sweden, 

finding suitable data for multiple locations could be very challenging, while simulations can in 

an effective way create data to cover a larger range of different systems with different 

specifications and orientation, which in turn can potentially be of great value when creating a 

good predictor model. 

While simulations are useful in the way that many different locations, PV system setups and 

PV generation profiles can be covered, without any validation it is hard to tell if the following 

good model performance is a result of using the simulated data for model training. Using data 

from real system installations would create more realistic models but it is not sure if the same 

good model performance would be achieved using data only from real systems.  

SC is the part of the PV generated electricity that is consumed by the building. The building 

load data used is from measurements of buildings located in Karlstad, hence using PV 

simulations based on weather data from the same location and timeframe would intuitively 

result in the most accurate estimations of SC. However, the PV generation profiles are 

simulated using weather data collected from different locations with the data representing the 

typical weather conditions of each site. In the PV simulation section, the annual PV generation 

distribution and the monthly yield between the different latitudes is illustrated in Figure 4 and 

Figure 5. From observing these graphs, it can be seen that there is a clear difference of solar 

intensities at each month between the different latitudes, indicating that there indeed are 

different radiation profiles included in the PV generation simulations. Even though five 

different locations with notably different solar patterns were included, removing the input for 

latitude did not appreciably affect the performance of the models. This validates the robustness 

of the models SC predictions for different locations with varying irradiance patterns without 

specifying the location. Therefore, one can assume that using solar profiles from other 

locations, like Karlstad would also have similarly small impacts on the models. Although, this 

might only be true for profiles within the range of latitudes selected and not for other countries 

or in the far north of Sweden. 

The only paper found using ML to create a regression model able to predict SC, was the one 

by McKenna et al. (2018). The model created in that paper had a better performance in terms 

of R2, compared to the model created in this paper using the same methodology. This is likely 

because the model created by the other authors was trained using a much smaller dataset of 

around 300 PV systems, all located in the same area of the UK, as opposed to the model in this 

study which was trained using over 1 million data points with a more diverse mixture of load 

and PV generation profiles. However, the UK model created in this thesis was slightly better 

than the linear regression model, suggesting that adding a term for fraction of daily electricity 

use could potentially make an improvement to all the models created in this thesis. This does 

however require additional information about the load profiles that can be difficult to acquire 

at an early planning phase, which was the scope of this study. 

9. Conclusion 
The objective of this study was to improve the ability to estimate SC of PV generated electricity 

in households, which will further be used in techno-economic optimizations of PV system 

installations. The results show that the random forest model performs well with an R2 of 0.985 

and MAE of 0.015. It was also a great improvement in model performance, in terms of R2-
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score, compared to the single model found online, which had an R2 of 0.757. Moreover, many 

of the models can be used for satisfactory predictions of SC, where all models except the linear 

regression and Lasso regression, had an R2-score above 0,89 and a low average error between 

1.5 to 4 percentage points of annual SC. But as the model training dataset is only based on 

villas and locations in southern Sweden, the same good performance cannot be expected when 

implementing the models in the far north of Sweden or other countries. 

From the results it can be seen that even though the optimal performance is found with different 

set of inputs features for each model, using only annual PV yield and load as inputs does not 

affect the performance much. This does not only keep good model performance but also 

effectively simplifies the models, with fewer inputs required for an accurate SC prediction, 

which speaks in favour of using the simplified models in future projects. 

Model exportation is possible for all models. The less complex regression techniques can 

provide with an equation for further predictions, while the other models must be saved to a file 

that can later be loaded. The possible model exportation enables them to be somewhat easily 

applied in other projects. This thesis also provides with a methodology that can be applied for 

recreating the prediction models.  

According to the model performances it should be possible to predict SC using a regression 

model. Some models are more accurate than others, but as most of them can be utilized for 

satisfactory SC predictions, the optimal model choice is a question of the level of prediction 

accuracy needed for the specific situation. Thus in conclusion, the model performance results 

indicate that machine learning regression models are a viable choice for creating models to 

predict SC. 

 

10. Future research 
The models developed in this study could be complemented in several ways to construct more 

realistic or better performing models.  

The goal in this project is to create a model capable of being applied to many different locations 

in Sweden. Therefore, the simulated PV and subsequently the SC data is based on weather data 

selected from various locations in Sweden, to prepare the models for different irradiance 

patterns. Load data is gathered from buildings at one location but naturally it would be better 

to use load profiles from the same locations as the selected weather data, to create more realistic 

SC data. An additional investigation could be to retrain the models with a dataset built with 

simulated PV data and load data from the same locations. 

Additionally, further model development can be to include inputs for energy storage 

alternatives. It is common today that a type of energy storage is offered by the PV installers as 

a complement to the panels to counter the intermittency of the energy production and to 

increase the SC of the building. It could therefore be interesting to recreate the study while also 

adding energy storage size as an input to a SC prediction model. 

As the results show, the linear regression model created using the methodology in the paper by 

McKenna et al. (2018), performed slightly better than the linear model created with the current 

methodology. The difference was a modification of the annual load input which was multiplied 
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with the average annual fraction of the electricity usage during daytime. For future studies, the 

ML models of this thesis could be recreated with this modification to potentially improve the 

overall performance. 

A delimitation in this study is that PV generation is generated for a limited area, i.e. in the range 

of latitudes chosen. Recreating the study in other locations using the same methodology would 

be preferable to further solidify the performance of the models, including a larger range of 

different latitudes and locations with different solar patterns.  

The models created in this study are all based on the same dataset which is, apart from the 

annual building load, only made up of data from simulations. An additional investigation could 

be performed recreating the models, using data measured from real villa PV installations at 

multiple locations in Sweden. Acquiring real PV generation, SC and load data to build a new 

dataset to train potentially more realistic models. 

Lastly for more reliability, the models should be field-tested and evaluated for real cases, 

comparing the model predictions with real values, and validating the SC data based on 

simulations with real measurements from PV installations in Sweden. 
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