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Simulating distributed PV electricity generation on a municipal level 

Sara Ericson, Lisa Molin 

Abstract  

The deployment of distributed photovoltaic (PV) is accelerating worldwide. Understanding when 
and where PV systems will generate electricity is valuable as it affects the power balance in the 
grids. One way of obtaining this information is simulating the PV power production of systems 
detected in Remotely Sensed Data (RSD). The use of aerial imagery and machine learning 
models has proven effective for identifying solar energy facilities. In a Swedish research project, 
a Convolutional Neural Network (CNN) could identify 95% of all PV systems within a 
municipality. Furthermore, using Light Detection and Ranging (LiDAR) data, the orientation and 
area of detected PV systems can be estimated. Combining this information, with local weather 
and irradiance data, the historic PV power generation can be simulated. 

The purpose of this study is to adapt and validate a model for simulating historic decentralized 
PV electricity generation, based on an optimization tool developed by Becquerel Sweden, and 
further develop the model to simulate aggregated electricity generation on a municipality level 
where the individual orientation of each PV system is taken into account. The model has a 
temporal resolution of 1 hour and a spatial resolution of 2.5×2.5 km.  
A regression analysis demonstrated that the simulated generation corresponds well to the 
measured generation of 7 reference systems, with coefficients of determination ranging from 
0.69�±0.84. However, the model tends to overestimate the production compared to the measured 
values, with a higher total simulated production and positive mean bias errors. The correlation of 
the measured and generated PV power was similar, when simulating using orientations provided 
by the reference facility owners and LiDAR approximated orientations. 

Generic module parameters and an average DC/AC ratio were derived in this study, enabling 
simulation on a municipal level. Due to available RSD, Knivsta Municipality was the object for 
this study. The aggregated PV electricity generation was simulated for 2022, using both an 
estimation of optimal conditions and an estimation of real conditions. This was compared to the 
assumption that all installed AC capacity in the municipality is fed to the grid. The results show 
that during the highest production hour, the electricity generation resulting from estimated 
optimal conditions, exceeds the total installed AC capacity, while the simulation using 
approximated real conditions never reach the total installed AC capacity. However, the average 
hourly production for both scenarios, never exceeds 45% of the total installed AC capacity. 
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Populärvetenskaplig sammanfattning  
Utbyggnaden av solceller ökar kraftigt i Sverige och internationellt. En följd av 
solcellsutbyggnaden är ökad småskalig och distribuerad elproduktion. Eftersom ökningen av 
distribuerade solceller påverkar kraftbalansen i elnätet, är det viktigt att förstå när och var 
dessa system kommer att generera elektricitet. Ett sätt att uppskatta elproduktionen är att 
försöka simulera denna med beräkningsmodeller.  

Viktig information för en sådan beräkningsmodell är den geografiska platsen, orienteringen 
och tekniska parametrar hos ett solcellssystem. Tyvärr är denna information ofta inte 
tillgänglig för de flesta distribuerade solcellssystem. Det har dock visats att cirka 95% av alla 
solcellssystem i en kommun kan lokaliseras med hjälp av flygbilder över Sverige och 
maskininlärnings modeller, så kallade Convolutional Neural Networks (CNN), för 
objektdetektering. Dessutom kan orienteringen (lutningen och riktningen) för de identifierade 
solcellssystemen approximeras med hjälp av laser-data, genom LiDAR-teknik.  

Syftet med denna studie är att utvärdera en metod för att uppskatta distribuerad 
solelproduktion och att vidareutveckla metoden för att simulera den totala solelproduktionen 
på kommunnivå. Ett första steg i studien var att validera en beräkningsmodell för simulering 
av historisk solelproduktion. Detta gjordes med hjälp av 7 solcellssystem med känd 
produktion mellan åren 2018�í2022 som referens. Beräkningsmodellen har en tidsupplösning 
på 1 timme och en geografisk upplösning på 2,5×2,5 km. Utvärderingen genomfördes i två 
steg, där den simulerade elproduktionen jämfördes mot uppmätt produktion hos systemen på 
timbasis. I en första utvärdering testades modellen med känd orientering och teknisk 
information hos nämnda referenssystem. Detta för att bedöma modellens förmåga att 
efterlikna uppmätt produktion. Sedan testades modellen med uppskattad orienteringen, med 
hjälp av LiDAR-teknik, för att bedöma hur nära den uppmätta produktionen är det simulerade 
resultatet, när orienteringen uppskattas med denna teknik.  

Resultatet av valideringen visade på att den simulerade elproduktionen stämmer väl överens 
med referensanläggningarnas uppmätta elproduktion. När solelproduktionen simulerades med 
kända vinklar, kända tekniska systemparametrar och känd orientering uppvisas 
determinitionskoefficienter på 0,70�±0,84 för de olika referenssystemen. Ett liknande resultat 
erhölls, med determinitionskoefficienter mellan 0,69�í0,83, när simuleringen utfördes med 
samma parametrar, men med orienteringar uppskattade med LiDAR-teknik. Det 
genomsnittliga värdet hos samtliga statistiska korrelationsmått förbättrades något för 
simuleringen med uppskattade orienteringar. 

En analys av hur det uppskattade felet hos modellen förändrades över tid visade tendenser att 
överskatta produktionen under vintern, samt under sen eftermiddag och kväll. Alla 
referensanläggningar fick ett högre uppskattat värde än den faktiska uppmätta produktionen. 
Därför lyftes två förslag på vidare forskning: att inkludera snö respektive 
skuggförlustmodeller, då oupptäckta förluster från snö och skuggeffekter skulle kunna 
förklara varför modellen överskattar produktionen.   
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För studien uppskattades typiska modulparametrar och ett DC/AC-förhållande. 
Uppskattningarna användes för att beräkna elproduktionen för alla distribuerade 
solcellssystem i Knivsta kommun för två olika scenarion. Det första scenariot använder 
individuella, LiDAR-approximerade orienteringar och approximerade generiska tekniska 
parametrarna skapade i detta arbete, för att återspegla de verkliga förhållandena för 
solcellssystemen. Det andra scenariot simuleras under antagandet att all genererad 
enkelriktad el matas in i elnätet och att alla system har samma orientering, en orientering med 
riktning rakt åt söder och en lutning på 45°. De två scenarierna som simulerar elproduktionen 
från solceller på en aggregerad nivå jämförs, för att visa på när solcellssystemen kommer att 
generera solel beroende på de olika antagandena. Till sist jämförs de två senariorna med 
antagandet att den totala installerade AC kapaciteten för alla anläggningar kan matas ut till 
elnätet samtidigt. Det är ett antagande lokala nätägare använder vid dimensionering av elnätet 
för att ta höjd för att elnätet är tillräckligt dimensionerad. En jämförelse av antagandet med de 
olika scenarierna kan därför ge en bild av hur antagandet förhåller sig till en optimal och 
verklig solelproduktion för en kommun.  

Jämförelsen av de två scenarierna resulterade i en högre total solkraftsgeneration för scenariot 
som approximerade optimala förhållanden. När den aggregerade solelproduktionen var som 
högst för simuleringen som använde approximerade verkliga förhållanden, fanns fortfarande 
en kapacitet på 415 kW, jämfört med antagandet att all installerad AC kapacitet kan matas ut 
på elnätet. Kommunsimuleringen med förhållanden nära optimala förhållanden överskred 
dock den totala installerade AC kapaciteten för kommunen, vid dess högsta 
produktionstimme. Båda kommunsimuleringarnas genomsnittliga timproduktion överskrev 
aldrig 45% av den installerade AC kapaciteten. Således, resulterar antagandet att all 
installerad AC effekt matas ut till elnätet, i en betydligt högre genomsnittlig timproduktion än 
de två simulerade scenariona.  

 

 



 

2 

 

Acknowledgements 
This master thesis project has been carried out at Uppsala University in collaboration with 
Becquerel Sweden AB, a Knivsta based company specializing in research regarding the PV 
market, industry, and policies, both in Sweden and internationally. This project was part of 
the Solar Electricity Research Center Sweden (SOLVE). 

First, we would like to extend our sincere gratitude to our supervisor Johan Lindahl, for his 
patience and guidance during this project. We appreciate your clear vision of this project and 
your experience both in mentoring and within the field. Also, a great thank you to our 
temporary colleagues at the Knivsta office. Thank you for the daily afternoon tea with 
interesting discussions and making this experience special. 

Second, we want to thank our subject reviewer, Joakim Munkhammar, for the support along 
the way. A special thank you for responding quickly to our concerns and for being accessible 
throughout the process.   

We also want to give our thanks to CheckWatt, for providing us with reference data and 
enabling the validation in this thesis.  

Lastly, we want to thank our family and friends for putting up with us at the end of this 
project. 

Best regards, 
Lisa and Sara 



 

3 

 

Abbreviations and definitions 
AC  Alternating Current 

CNN  Convolutional Neural Network 

DC  Direct Current 

DSO  Distribution System Operator 

LiDAR Light Detection And Ranging 

MAE  Mean Absolute Error 

MBE   Mean Bias Error  

N   Number of observations  

NOCT  Nominal Operating Cell Temperature 

�2�à�Ô�ë�á�º�¼ The installed AC capacity 

�2�à�Ô�ë�á�½�¼. The installed DC capacity 

PV  Photovoltaics 

R2  The coefficient of determination 

RMSE  Mean Squared Error of Residuals 

RSD  Remotely Sensed Data 

SES  Solar Energy Systems 

SSR   Sum of Squared Residuals 

ST   Solar Thermal 

STC  Standard Test Conditions 

�8�à�ã  The nominal voltage 

�8�â�Ö   Open circuit voltage   

���ß�É�Ï�á�Ì�Í�¼�� The efficiency 

�ä�Ï�â�Ö   The temperature coefficient of the open circuit current 
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Azimuth In this report defined as 0° when facing north, 90° when facing east, 180° when 
facing south and 270° when facing west.  
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1. Introduction 

Installations of solar photovoltaic (PV) power has increased significantly during the last 
decade [1]. At the end of 2021, the global installed PV capacity had elevated by 22% to the 
prior year [2]. According to the International Energy Agency, annual installations will 
continue to break records in the coming years [3]. A large share of the global PV market, 
47%, is made up of distributed systems [4]. This is an attribute to the technological simplicity 
and scalability of PV systems, which enables a large range of actors to install PV systems. In 
Sweden, distributed PV installations dominate the market and is estimated to account for 
92%, or 1 453.3 MW out of the total capacity of 1 587.2 MW by the end of 2021 [5]. Half of 
the grid-connected PV capacity is on residential buildings, and a third on commercial 
buildings [5].  

A consequence of small-scale private-owned systems is the difficulty to predict and estimate 
the power generated from solar PV, compared to traditional energy sources. A significant 
share of the PV generation is self-consumed, and only electricity fed to the grid is measured 
by the distribution system operators (DSOs) [6]. Also, data such as the exact coordinate's, 
inverter type and orientation are often missing or insufficiently reported for PV installations 
[6]. This means that the characteristics of the installed PV capacity in Sweden and the total 
PV electricity generation is unknown [7].  

Furthermore, uncertainties about individual system characteristics creates difficulties in 
estimating the power generation from solar PV [7], resulting in insecurities or problems for 
the DSOs when balancing and dimensioning the power grid [6,8]. Hence, a common strategy 
of the Swedish DSOs in their grid planning is to overestimate the PV electricity generation by 
dimensioning the grid for the situation that all PV system can produce their maximum 
alternating current (AC) power capacity at the same time, and that all this power is fed into 
the grid, i.e., nothing is self-consumed.  

One approach for estimating PV electricity production is utilizing computational models and 
local weather and irradiance data to simulate the expected production. In a research project 
managed by Becquerel Sweden AB, a tool was developed for optimizing the orientation of 
solar panels, based on both local weather conditions [9]. The tool uses a calculation model 
[10] that simulates historical PV power generation based on geographical location, and 
weather and irradiance data from the Swedish Meteorological Institute (SMHI). This 
calculation model will be referred to as Draupner.  

To address the problem that the characteristics of the installed PV systems in Sweden is 
unknown, another research project conducted by Becquerel Sweden AB and Uppsala 
University developed a method for determining the geographical position of solar power 
systems and accurately estimating their area and orientation [11]. The method utilizes a 
machine learning model, more specifically a convolutional neural network (CNN), and aerial 
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imagery to detect the location of PV and solar thermal (ST) panels [11]. To estimate the area 
of the detected systems, with the coordinates and area segmentation as a basis, another 
method that uses LiDAR (Light Detection and Ranging) data was applied to calculate the 
identified PV systems tilt and azimuth [6,12]. This three-step methodology, including (1) the 
identification of PV systems by the CNN architecture, (2) current manual area segmentation 
of PV panels and (3) orientation assessments based on LiDAR data, will be referred to as 
Alfrödull.  

First, this study employs a two-step validation process to assess the performance of the 
Draupner calculation model against the measured production data of seven PV systems. The 
first step validates the PV electricity generation derived from the Draupner model using 
known inputs. The second validation step evaluates the Draupner model with approximated 
orientations and location obtained the Alfrödull  framework. Hence, this step evaluates the 
method of using LiDAR data for calculating the orientation of PV systems. Effectively, both 
validation steps evaluate Draupner's ability to simulate historical PV power generation, as 
well as the quality of the orientation approximations achieved using LiDAR data in the 
Alfrödull method. 

Secondly, this study utilizes Draupner and Alfrödull to simulate historical PV power 
generation for the municipality of Knivsta. One input needed for the Draupner model is 
technical parameters of the PV systems. Therefore, a set of generic module parameters, based 
on the year of installations and a DC/AC ratio, is derived in this study to enable simulation of 
the production from all PV systems (with unknown technical parameters) identified through 
remote sensing on a municipal level. As a last step, the aggregated PV power simulation is 
compared to the assumption that all systems produce their maximum (AC) power capacity at 
the same time and that this power is fed into the grid. 

1.1 Purpose and research questions 

The purpose of this study is to adapt and validate a model for simulating historic distributed 
PV electricity generation, based on a current model developed by Becquerel Sweden, and 
further develop the model to simulate aggregated electricity generation on a municipal level. 
The aim can be summarized in the following research questions: 

1) How well does the simulated PV power generation, using the orientations provided by 
the reference facility owners, correspond to the measured power generation?  

2) How well does the simulated PV power generation, using approximated orientations, 
correspond to the measured power generation? 

3) �+�R�Z���G�R�H�V���W�K�H���P�R�G�H�O�¶�V���S�U�R�[�L�P�L�W�\���R�I���H�V�W�L�P�D�W�H�G���W�R���P�H�D�V�X�U�H�G���S�R�Z�H�U���J�H�Q�H�U�D�W�L�R�Q���Y�D�U�\ 
over time? 

4) Comparing optimal conditions and approximated real conditions, how does the 
aggregated PV power generation differ over time in a municipality?  

5) How does the above-mentioned scenarios compare to the assumption that all installed 
AC capacity is fed to the grid? 
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1.2 Limitations and delimitations  

The calculation model Draupner has a temporal resolution of 1 hour and a spatial resolution 
of 2.5×2.5 km, due to available weather and irradiance data from the models STRÅNG and 
MESAN [13,14]. There are also limitations in the accuracy of the previously mentioned data. 
The accuracy has not been evaluated and published in the last years. However, during 
1999�í2009 the global radiation had an hourly normalized relative Mean Bias Error (MBE), 
Mean Absolute Error (MAE) and Mean Squared Error of Residuals (RMSE) of -0.2%, 2.1% 
and 30% respectively. For the same years, the direct normal radiation had error values MBE, 
MAE and RMSE of -0.4%, 3.5% and 57% respectively [15].  

The Swedish municipalities scanned with Alfrödull are Uppvidinge, Falun, Knivsta and 
Gotland. Therefore, the identified PV systems by Alfrödull are limited to these four 
municipalities. These specific municipalities were selected as they represent typical Swedish 
municipalities [9]. 

The solar energy facilities analyzed are limited to the period 2018�±2022, as SMHI started to 
provide the above-mentioned weather data with that resolution in 2018. The LiDAR data is 
not available for Gotland and therefore the second validation step could not be conducted for 
the reference facility in Gotland Municipality . The LiDAR data was scanned on March 1, 
2018 [16]. This laser data was used to assess the orientation of the roof facets for properties 
where PV systems are installed [9]. Therefore, buildings constructed after that date are not 
identified, and any potential PV systems and their orientation remain undetected. 

Furthermore, when finding PV systems from aerial images there are limitations in detectable 
systems. Undetectable systems include vertical PV systems, building integrated PV systems, 
smaller PV systems, frameless modules with a dark background or full roof-setup [11]. Also, 
shaded systems are harder to detect and can sometime be missed [11]. However, for the 
municipality used in this study, a cross-check with the local DSO, complemented the 
database over remote sensing identified PV systems with the few that was not correctly 
detected.  

2. Background 

In order to simulate the hourly power generation from a PV system with the Draupner model, 
various inputs are required. These include the technical parameters of a PV system, its 
geographical location, orientation, and the local irradiance and weather data. The upcoming 
section introduces how these essential inputs are derived, as well as the basics of photovoltaic 
generation and solar irradiance. Additionally, the optimization tool from which the Draupner 
model stems from, is explained. 
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2.1 Identifying solar energy systems in aerial imagery using 
machine learning   

In the following section, methods of finding the geographical location of solar energy 
systems (SES), using machine learning and aerial imagery, are presented.  

2.1.1 Utilizing  remotely sensed data and deep learning models  

Remotely sensed data (RSD), such as satellite imagery and aerial photography, serves as a 
valuable resource for gathering information about energy systems [17]. New opportunities of 
managing RSD are enabled by recent developments in machine learning, making the 
previously time-consuming extraction of data automated [17]. A literature study of papers 
examining machine learning and RSD shows its value in assessing, analyzing and managing 
data collection for energy systems [17].   

RSD of high resolution can be used to identify solar PV installations, by leveraging object 
detection techniques to identify the location and size of objects with a bounding box [17]. A 
common method for processing RSD using machine learning is to use deep learning technics, 
such as a Convolutional Neural Network (CNN) [17,18]. A CNN is a class of artificial neural 
networks models which specializes in processing grid-like data, making them ideal for 
detecting and classifying objects within digital images. A CNN model can be trained for 
object detection and classification on a set of images and is then able to accurately recognize 
similar objects within other images [19]. 

2.1.2 Identifying PV systems  in areal imagery  and approximating the area  

In a Swedish study, Becquerel Sweden AB and Uppsala University developed a semi-
automated method called Alfrödull, for detecting the exact geographical location of solar 
energy systems (SES), classifying what type of system, and estimating the system area and 
orientation. In order to locate PV systems, Alfrödull incorporates a CNN algorithm sourced 
from the publicly available DeepSolar framework [20], which uses a classification branch 
that identifies PV systems in aerial images.  

As a first step, a slightly modified version of the DeepSolar CNN model, was trained on 
datasets of images from Germany, as well as images from Swedish orthophotos1 derived from 
the Swedish Land Survey [11]. The CNN model was again train and tested by scanning 
orthophotos, and comparing results to ground truths, of three Swedish municipalities; 
Uppvidinge, Knivsta and Falun [11]. Each municipality was process individually, and the 
orthophotos were captured in different years; 2020 in Uppvidinge, 2020 in Falun, and both 
2019 and 2021 in Knivsta.  

 
1 Orthophotos are aerial images from planes that have been geometrically corrected to scale [21]. 
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An accurate ground truth was created using the inventory of the local distribution system 
operators, a database of all PV systems in Sweden that have received a capital subsidy and 
onsite inspections.  

The identified PV systems were assigned coordinates, expressed in the SWEREF99 
coordinate system, on detection by the CNN algorithm. Using the software QGIS, the 
identified systems can be visualized and edited in the orthophotos [9]. With QGIS, a two-
dimensional area, referred to as a polygon, was then manually added, covering the PV 
modules. An example of an identified PV system in an orthophoto, with the added polygon 
area segments, is shown in Figure 1. Furthermore, the identified systems were manually 
assigned the correct technology: solar thermal (ST) or PV. 

  

Figure 1. Examples of one building with PV systems in orthophotos from [9] visualized in 
QGIS (used with permission). (a) Orthophotos of a building with a visible PV system. (b) The 
same building with added polygon layers, yellow semi-transparent polygon for building and 

polygon with blue edges for identified PV arrays. (c) The same building 2 years later, 
showing an added set of PV-modules. 

In the last scan of Knivsta Municipality, 95% of the detectable PV systems were identified 
using a version of the CNN model with Pytorch. This excludes vertically mounted and 
integrated systems that are labeled as undetectable [9]. Furthermore, the study concludes that 
continued processing of orthophotos of municipalities, using the developed CNN model, can 
reveal new installations, new additions, dismantled systems and previously undetected 
systems [11]. An example of a detected new addition is in Figure 1c. 

Furthermore, the same study showed that the generated coordinates from the CNN model can 
�E�H���F�R�P�S�D�U�H�G���Z�L�W�K���W�K�H���6�Z�H�G�L�V�K���/�D�Q�G���6�X�U�Y�H�\�¶�V���P�D�S�����7�K�L�V���D�O�O�R�Z�V���I�X�U�W�K�H�U���L�Q�I�R�U�P�D�W�L�R�Q���R�Q��
property type and purpose, for example residential, industrial, or public building. In this way, 
comparing the identified position of SESs with the �6�Z�H�G�L�V�K���/�D�Q�G���6�X�U�Y�H�\�¶�V���P�D�S generates 
detailed statistics of market segments in Sweden [9]. 

Apart from the modified and further developed CNN model, a method for approximating the 
orientation of identified SES systems, using LiDAR data (Light Detection and Ranging), was 

C B A 
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developed and added to the Alfrödull framework [9]. This technique is further described in 
section 2.2.1. 

2.2 Estimating the orientation of PV systems 

The orientation of a PV system is crucial in order to calculate the incoming irradiation. The 
orientation is described with the tilt and the azimuth of a PV module (a titled plane) in 
Figure 2. 

 

Figure 2. Orientation (tilt and azimuth) of a tilted plane.  

The tilt is 0° to 180° compared to the horizontal plane [22]. The azimuth is in this report 
defined as 0° when directly facing north, 90° when facing east, 180° when facing south and 
270° when facing west.  

Currently, the Swedish DSOs do not collect information about the orientation of PV systems 
in neither the pre-notification nor the final registration when a PV system is commissioned. 
Due to the lack of this information, a common strategy of the Swedish DSOs in their grid 
planning is to assume that all PV system can produce their maximum alternating current (AC) 
power capacity at the same time and that all this power is fed into the grid, with no self-
consumption taking place.  

However, the real distribution of PV systems orientations has a wide spread, see Figure 3 and 
4, as they are installed with the same orientation as the roof facet [23],which according to 
[24] are not optimally oriented. Further, the actual distribution of the orientation of PV 
systems has until now been unknown in most countries in the world, including Sweden [25]. 
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Figure 3. The tilt of all PV systems in Knivsta Municipality, identified by the CNN algorithm, 
divided in market segments, and where the orientation has been calculated by the LiDAR 

methodology presented in [12]. The area represents the area of the polygons after 
recalculations by the LiDAR data. 

 

 

Figure 4. The azimuth of all PV systems in Knivsta, identified by the CNN algorithm, divided 
in market segments (used with permission), and where the orientation has been calculated by 
the LiDAR methodology presented in [12]. The area represents the area of the polygons after 

recalculations by the LiDAR data. 
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One obstacle when modeling the PV power generation is the unknown orientation. Previous 
studies show that there is a need for methods to better estimate the orientation of PV systems, 
to accurately model the PV power generation from residential buildings [25]. 

Different ways of approximating the orientation of PV systems have been proposed in the 
literature. Some examples are using a flat orientation, randomized orientations or a 
distribution fitted to the probability distribution of the PV output, however the most common 
method so far has been to assume optimal rooftop conditions [25]. Another method, 
developed in a Swedish study, tries to better estimate real conditions and assumes that the 
rooftops with the best orientation are used first, and that the suitability decrease 
proportionally for increasing penetration levels of PV [25].  

2.2.1 Finding th e orientation of PV systems using Light Detection and 
Ranging (LiDAR) method  

Instead of assuming the orientation, one way for assessing the orientation that has been 
developed by Uppsala university is to calculate the real conditions using LiDAR data [6,12]. 
LiDAR data is provided by the Swedish Land Survey and was created in May 2018 [16]. It 
consists of laser pulses which gives spatial 3D-information about surfaces based on how the 
pulses are reflected [6,9]. The available LiDAR data of high resolution can be used to 
manually find highly accurate approximations of the orientation from aerial images [23]. 
According to [6], it can even estimate the orientation better than using reported data, since 
reported data often have high uncertainties. Moreover, the orientation of the PV systems is 
calculated using linear regression using the robustfit-function in Matlab [9]. 

Furthermore, LiDAR data can also be implemented to improve the estimated panel area of 
PV systems. Since the area in aerial imagery is seen from above, it is not equivalent with the 
actual area of the PV panels. Therefore, a methodology was developed in the Alfrödull 
research project from the approach in [12]. By combining the orientation derived from 
LiDAR data, with the area from above, a better panel area is estimated [9]. The method using 
LiDAR data, can currently estimate a representative azimuth for more than 90% of the SES 
and a representative tilt for more than 75% of the SES [9]. How the area and orientation of 
the PV systems is determined is described in [9,11]. 

2.3 The conversion of sunlight to electricity 

In the following section, the basics of photovoltaic generation and solar irradiance is 
explained. Estimating the solar irradiance is a vital factor for calculating the PV electricity 
generation. 

2.3.1 Photovoltaics  

The photovoltaic effect is the generation of electricity from solar radiation, this 
transformation takes place in a solar cell [26]. The solar cells are used in a solar panel, also 
called a module, to generate a direct current (DC) from the sunlight. In a PV system, a 
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module or several modules are connected. An example of a PV module and system can be 
seen in Figure 5.  

Figure 5. Schematic drawing of a PV system and its components. The washing machine is an 
example of an AC load in a household. 

Since households and most applications use an alternating current (AC), an inverter is used to 
convert DC to AC. A meter is placed after the inverter to measure the produced electricity in 
AC and the consumption of AC loads in the households, excess electricity is then fed into the 
local electrical power grid. 

To compare the efficiency of a modules ability to produce electricity from solar irradiance, 
the efficiency of the module is measured during standard test conditions (STC), an industry 
standard at a cell temperature of 25�•�����L�U�U�D�G�L�D�Q�F�H���R�I�����������:���• �6 and air mass 1.5. Their rated 
efficiency at STC is also called the nameplate capacity, or the installed DC capacity. 

2.3.2 Irradiation  

A central part of photovoltaic is the irradiance from the sun. Two important factors are the 
components of the solar irradiance and the angle of incidence on a tilted plane. These 
concepts are visualized in Figure 6.  
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Figure 6. Irradiance (a) The global tilted irradiance and its three components: beam 
irradiance, diffuse irradiance and reflected irradiance. (b) solar elevation �Ù��and the angle of 

incidence���à��on a tilted plane with tilt �Ú�ä 

The global tiled irradiance (irradiance on a tilted plane), Gg,t , determines the irradiance 
hitting the solar panel and is calculated from three different components: beam irradiance, 
diffuse irradiance and reflected irradiance [22], see Figure 6 (a). Important for determining 
the irradiance on the solar panel is the solar elevation and the resulting angle of incidence. In 
Figure 6 (b), a tilted plane is drawn, along with the solar elevation and angle of incidence. 

2.4 An optimization tool for PV power generation 

A web-based, optimization tool for PV electricity generation, based on the exact location of 
PV systems, has been developed by Becquerel Sweden AB and Mälardalen Högskola. The 
tool uses the coordinates of a PV system as an input and pairs it with irradiance and weather 
data from the Swedish Meteorological and Hydrological Institute (SMHI), to find local 
irradiance and weather conditions. Based on this, it calculates the power generation every 
hour within a given timespan from 2018 to 2021. Comparing it to the day before spot prices 
on Nord Pool, the tilt and azimuth can be optimized based on either maximal electricity 
generation or maximal yield. This optimization can be done for individual years within the 
timespan, or over the whole period [27,28]. 

The tool consists of a modified version of a gridded optimization model for photovoltaic 
applications, developed by Campana et al [10]. The modified model calculates the average 
hourly power output from a PV system, per kW installed DC capacity. 

First, the model calculates the DC power generated from the modules of a PV system per 
square meter, �2�½�¼���à �. , as 
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(1) 

where  �ß�É�Ï�á�Ì�Í�¼ is the efficiency of the PV module at standard test conditions (STC), �� is the 
temperature coefficient of the output power (%/°C), �6�Ô is the ambient temperature (°C), �6�Ì�Í�¼ 
is the temperature during standard test conditions (25°C), �R is the wind speed (m/s), NOCT is 
the nominal operating cell temperature (°C) and Gg,t is the global tilted irradiance (W/m2) 
[10]. The temperature coefficient of the change in efficiency, ��, is approximated as 

�ä
N�ß�É�Ï�á�Ì�Í�¼
E�ä�Ï�â�Ö��
H���8�à�ã, (2) 

where �ä�Ï�â�Ö is the temperature coefficient of the open circuit voltage in V/°C. The 
temperature coefficient describes how much the efficiency of the module changes with 
temperature, not to be confused with the temperature coefficient of the power. 

The model uses spatial and temporal data generated from the two models STRÅNG and 
MESAN2. The STRÅNG model produces horizontal irradiance data hourly for all Nordic 
countries with a resolution of 2.5×2.5 km [10]. The MESAN model generates meteorological 
data describing the weather with parameters such as �6�Ô is the ambient temperature (°C), 
�R wind speed (m/s), wind and cloud cover, in a grid format [10].  

To calculate the global tilted irradiance Gg,t, a transposition model and absorption model is 
used. The transposition model uses the global and diffuse irradiance from STRÅNG data and 
outputs the beam tilted irradiance (W/m2), diffuse tilted irradiance (W/m2) and ground 
reflected irradiance (W/m2), on a tilted plane. The model used in the study, Perez1990, is 
developed for Nordic countries and is available in the PV_LIB [30]. The absorption model 
uses the irradiance output from the transposition model, the slope of the plane, the solar 
elevation and the angle of incidence, to calculate the global tilted irradiance Gg,t [10].   

The hourly power output �2�½�¼���à �. ��is converted to hourly output �2�½�¼���Þ�Ð�×�Ö per installed kW DC 

capacity by 

�2�½�¼���Þ�Ð�µ�´

L��

�2�à �.

�ß�É�Ï�á�Ì�Í�¼
�ä (3) 

In a PV system, the generated direct current (DC) from the PV modules is converted to 
alternating current (AC) by the inverter. The ratio between the nameplate capacity of the 
modules in the system and the maximum capacity of the inverter is the system�¶s DC/AC-

 
2 STRÅNG data used here are from the Swedish Meteorological and Hydrological Institute (SMHI), and were 
produced with support from the Swedish Radiation Protection Authority and the Swedish Environmental 
Agency [29]. Similarly, the weather data MESAN is provided by the SMHI [13]. 
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ratio. If the installed capacity of the inverter is lower than the installed capacity of the 
�P�R�G�X�O�H�V�����W�K�H���L�Q�Y�H�U�W�H�U���Z�L�O�O���O�L�P�L�W���W�K�H���J�H�Q�H�U�D�W�H�G���'�&���S�D�Q�H�O�V�����E�\���³�F�O�L�S�S�L�Q�J�´���W�K�H���S�U�R�G�X�F�W�L�R�Q���D�W���L�W�V��
installed maximum capacity, which is usually referred to as curtailment [31]. The inverter 
was simulated with the Steca Grid 300 efficiency curve [10]. 

Lastly, to handle potential curtailment, the model uses the following function (4) to output the 
hourly generated PV power per installed kW DC capacity �2�º�¼���Þ�Ð�µ�´

, after the inverter, 

�2�º�¼���Þ�Ð�µ�´

L �I�E�J
l�2�º�¼���Þ�Ð�µ�´

�á
�s�r�r�r

�&�%���#�%��

p�ä (4) 

The reason why the AC capacity is often dimensioned lower than the DC capacity is that the 
modules only produce at maximum capacity for a few hours each year. The DC/AC ratio is 
thus mostly an economic balance between higher inverter costs to match the modules' 
capacity compared to the value of the energy spilled when the inverters curtail the DC power 
[28]. 

Spectral losses and losses due to snow, soiling and shadows are neglected in the model [10].  

3. Methodology 

In this section, the framework for this study is presented, followed by the methodology for 
calculating the historic PV electricity generation from individual decentralized PV systems.  

First, the methodology involves description of two validation steps, which evaluate the 
Draupner calculation model and the orientation approximations in the Alfrödull framework. 
Next, the methodology for calculating the aggregated PV power generation for a municipality 
is outlined. The two scenarios used in the municipality simulations are described and 
motivated. Subsequently, a sensitivity analysis is presented, followed by utilized software and 
libraries. 

3.1 The framework for this study  

Three main components were used in this study: Alfrödull, Draupner and technical 
parameters. The purpose of the three components is summarized as follows: Alfrödull 
identifies PV systems and assign them coordinates, area, and orientation (tilt and azimuth); 
the technical parameters provide necessary information about the components (inverter and 
modules) and Draupner simulates the historic PV power generation based on irradiance and 
weather data from STRÅNG and MESAN. The steps for simulating the electricity generation 
for a PV system were as follows: 

1) Identifying the geographical location (coordinates) of PV systems from aerial 
imagery, using a CNN algorithm and manually creating polygons for the identified 
systems in QGIS.  
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2) Estimating the orientation (tilt and azimuth) with LiDAR data for the polygons. 
3) Approximating the area of the polygons using manually created polygons in step 1 

and orientation in step 2 (can in the future be automatically generated by a 
segmentation U-net model [32]).  

4) Ascribe approximated technical parameters: the temperature coefficient for the open 
circuit voltage �ä�Ï�â�Ö�á the open circuit voltage �8�â�Ö , the nominal voltage �8�à�ã, the 

efficiency ���ß�É�Ï�á�Ì�Í�¼��and the installed AC capacity�á�2�à�Ô�ë�á�º�¼, and DC capacity �2�à�Ô�ë�á�½�¼ to 
the PV systems. 

5) Using local irradiance and weather data from STRÅNG and MESAN. 
6) Applying the inputs in step 1�í5 to calculate the PV generation using Draupner. 

 
This principle is displayed in a schematic representation in Figure 7. 

 

Figure 7. A schematic overview of the individual models and data used to calculate the power 
generation for a PV system identified by Alfrödull.  

In Figure 7, the information about the PV system is in blue, information about components of 
the system is in green. These inputs together with and weather and irradiance data in grey are 
the inputs needed for the Draupner model to simulate the total PV generation. Figure 7 
provides the overall framework used in the study. For the specific validation steps and 
municipality simulation in Knivsta, modified versions of this principle were used, these will 
be explained in section 3.2 and 3.3. 

The parameter �8�â�Ö is used to convert  �ä�Ï�â�Ö since the temperature coefficient of the open 
circuit voltage has the unit V/°C in the Draupner calculation model. This value can be found 
in a module product sheet in %/°C, and therefore needs to be converted according to  
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�ä�Ï�â�Ö
L �ä�Ï�â�Ö�¨ 
H �8�â�Ö�á (5)  

where���ä�Ï�â�Ö is the temperature coefficient of the open circuit voltage in V/°C, �ä�Ï�â�Ö�¨  is the 
temperature coefficient of the open circuit voltage in %/°C, and �8�â�Ö is the open circuit voltage 
of the module in V.   

The weather and irradiance data were available from 2017-12-31 and downloaded until 2022-
12-31. This is due to the availability of consistent data for Sweden. 

3.1.1 Adapting the Draupner calculation model for simulating the total PV 
electricity generation  of PV systems  

To use Draupner as described in Figure 7, the model needed to be modified. The calculation 
model underlying the online optimization tool was accessed using Python software [28].  

Technical parameters about the PV system was added as inputs to the model; the temperature 
coefficient for the open circuit voltage �ä�Ï�â�Ö�á the nominal voltage �8�à�ã, the efficiency 

���ß�É�Ï�á�Ì�Í�¼��and the installed AC capacity���á�2�à�Ô�ë�á�º�¼, and DC capacity �2�à�Ô�ë�á�½�¼. Information about 
the tilt, azimuth, as well as the latitude and longitude of the PV system, was used as input 
parameters to the Draupner model.  

To generate the total hourly electricity from a PV system �2�º�¼, the hourly PV electricity 
generation per installed kWDC capacity �2�º�¼���Þ�Ð�µ�´

 was multiplied with the installed kWDC 

capacity. Also, since the original �P�R�G�H�O�¶�V hourly output was generated in Wh, and the 
measured data of the reference PV systems is provided in kWh, the simulated output �2�º�¼��was 
divided by 1000, 

�2�º�¼
L��
�É�²�´ ���Ö�È�µ�´ ��
H���É�Ø�Ì�ã�á�µ�´

�5�4�4�4
, (6) 

to be able to compare the values on an hourly basis. The hourly production �2�º�¼ is given in 
UTC time, for the chosen simulation period. 

Some of the reference facilities used in this study has PV systems that consists of multiple 
subsystems. Therefore, to compare the simulated generation with the measured data these 
systems needed special treatment when simulating the hourly PV electricity generation. 

The Draupner calculation model only accounts for a PV system with one orientation, one 
type of PV module, and one inverter when calculating the �2�º�¼. Since the subsystems have 
different orientations and/or different PV modules, the subsystems had to be simulated with 
their orientations and technical module parameters respectively. Then, the resulting hourly 
PV power generation per installed kWDC capacity �2�à�Ô�ë�á�½�¼��of each subsystem was multiplied 
with the corresponding installed DC proportion of that subsystem. Next, the �2�à�Ô�ë�á�½�¼ of each 
subsystem was summed up to get the total �2�à�Ô�ë�á�½�¼��of the total PV system. Then, the 
curtailment effect was added to the total �2�à�Ô�ë�á�½�¼, according to equation (4), generating the 
hourly �2�à�Ô�ë�á���º�¼ of the whole system. Lastly, to get the total hourly electricity generation of a 
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PV system �2�º�¼, equation (6) was used. Through this process, the result could be compared to 
the measured reference data to perform the model validation. 

One of the reference facilities consists of two PV systems with two separate inverters, but the 
hourly measured data included the electricity generated from both systems. This system was 
therefore treated as two separate systems, simulating the hourly power generation �2�º�¼ 
(including curtailment) for both systems. Then, the hourly AC power generation of both parts 
was summed to be able to compare the result with the measured data. 

When simulating on a municipal level, all identified PV panels was considered independent 
systems with one inverter. This simulation methodology is further described in section 3.3. 

3.2 Draupner model validation 

One of the main goals of this study is to validate the PV power generation model Draupner 
for decentralized PV systems. This validation was conducted by comparing the simulated 
hourly production to measured hourly production from 7 PV systems. The validation was 
divided into two steps, where the goal of the second step is to validate the LiDAR method for 
calculating the orientation of PV systems. 

In the first validation step, the result from the Draupner simulation model was compared with 
the measured power generation of the reference PV systems. For this simulation, the 
orientation and all technical data was known (reported by the system owners), i.e.: tilt, 
azimuth, DC capacity, AC capacity and types of modules and inverters in each reference 
system. Technical parameters of modules and inverters were found using corresponding 
product data sheets. This principle is displayed in a schematic representation in Figure 8. 

 

Figure 8. A schematic overview of the individual models and data used to calculate the power 
generation for a PV system for validation step 1.  
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In the second validation step, the LiDAR data identifying the tilt  and azimuth was evaluated. 
The geographical location was identified by the deep learning CNN algorithm in Alfrödull 
[11]. The orientation was assumed to be unidentified, as in a real case, and the results from 
simulating using known tilts and azimuth was compared to simulating using tilts and azimuth 
identified from LiDAR data. In this step the information about the system was obtained in the 
same way as in the first, except for the orientation of the reference systems. The orientations 
were approximated based on LiDAR data of the roof facets, in the Alfrödull framework. 
LiDAR data is laser data from flight scanning conducted 2018 by The Swedish Land Survey 
[16]. This approach is presented in a schematic representation in Figure 9. 

 

Figure 9. A schematic overview of the individual models and data used to calculate the power 
generation for a PV system for validation step 2.  

The evaluation of the model's performance compared to measured reference data was 
conducted by a regression analysis, with the use of scatter plots. Statistical measurements of 
the correlation are described in the following section 3.2.1. 

As a complement to the model validation, descriptive statistics were used to evaluate the 
agreement between the simulated and measured PV power. This evaluation was divided into 
three parts. Firstly, a visualization of the daily variation patterns over the year. Secondly, the 
hourly variations of a day and thirdly, patterns within the studied municipalities.  

3.2.1 Statistical measurements of correlation  

In this study, we have one predictor variable, the measured PV electricity generation and one 
response variable, the calculated PV electricity generation. Therefore, a simple linear 
regression can be used to describe the correlation [33]. In this study, two regression lines 
have been used. The first is a simple linear regression. The second regression line is a perfect 
fit, and it corresponds to the simulated PV power perfectly reflecting the measured PV power, 
i.e., the simulated and measured PV power is the same.  
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The vertical distance between the regression line and a data point is called a residual. A 
residual quantifies the disparity between the predicted and actual values [34]. A positive 
value of the residual is above the regression line and a negative value below. The negative 
and positive values cause difficulties when calculating the sum, to evaluate the overall error. 
To overcome this issue, the sum of squared residuals (SSR) is used as a measurement of the 
collective fault of the residuals, which is defined as 

�5�5�4
L ���Ã �:�U�Ü
F �þ�Ü�;�6
�á
�Ü 
L �����Ã �A�Ü

�6�á
�Ü , (4) 

where �U�Ü is the actual data point, �þ�Ü is the predicted data point, �A�Ü the residual, and n is the 
number of observations [35]. The mean absolute error (MAE) is the sum of absolute errors 
divided by the size of the sample 

�/�#�' 
L
�Ã ���Ø�Ô��

�Ù
�Ô�8�-

�á
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where n is the number of data points, in our case the hourly measurements.  

If the residuals are squared before calculating the average, the negative values are accounted 
for and the size or the average error can be measured by the mean square error (MSE). 
Squaring the residuals, also has the effect of emphasizing larger errors. The MSE used in this 
study is defined as  
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To compensate for squaring the residuals, the square root of the MSE can be taken. This 
results in the mean squared error of residuals (RMSE), which is a measurement of the typical 
spread of the data points around the regression line, which is expressed as [34] 
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The coefficient of determination (R2) is a measurement of the correlation and indicates how 
much of the response variable, in this case the simulated PV generation, is explained by the 
relationship to the measured PV generation. It illustrates how much of the variation in the 
response variable that is explained by the predictor variable, where 1 indicates that all is 
explained and 0 that none is explained by the predictor variable [33]. The equation for 
calculating the coefficient of determination is 
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The mean bias error (MBE) is the average difference between the actual response variable 
and the predictor variable x [36], which is defined as 
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This value can be seen as the average residual when the residual is calculated against the 
perfect fit. The purpose is to evaluate how close the simulated value is to the measured value, 
i.e., the perfect fit. This indicates if the model usually over or underestimates, where negative 
values are below the regression line and positive values are above the regression line [35]. 
Lastly, the number of observations (N) in this study is the number of hourly values during the 
simulated timespan. 

3.3 Simulating the decentralized aggregated PV electricity 
generation on a municipal level 

The aggregated PV power generation was estimated for the municipality of Knivsta. When 
simulating the decentralized PV electricity for a municipality, it was assumed that there is no 
known information about the PV system area or installed DC capacity beforehand. Further, it 
was assumed that there was no available information about the module parameters or 
installed AC capacity, except the year of installation. Therefore, these unknown parameters 
were approximated using the Alfrödull framework and generic module- and inverter 
parameters, as described below.   

First, the location of PV systems was detected by the CNN algorithm in Alfrödull. Then, 
polygon objects were manually created for these systems, using the free software QGIS. An 
initial area from above was generated from the polygon, and then the area was corrected 
using trigonometry and an approximated orientation of the polygon, as described in the 
Alfrödull research project [9,11].  

Information about the orientation was calculated using LiDAR data from 2021. A manual 
adjustment was done for roof facets with low tilts, as PV systems on flat roof facets usually 
are tilted to have a more beneficial angle of incidence. Due to the construction of laser pulses 
however, PV systems on flat rooftops with angled PV systems will be detected as flat (tilt 
0°). Therefore, polygons with a tilt under 5° were manually adjusted to 10° for a more 
realistic tilt assumption. Furthermore, the calculated azimuth from the LIDAR data for the 
polygons with an initial tilt under 5°, was replaced with the assumption that the azimuth of 
the polygons long side phasing south is likely the lower part of the titled PV system or PV 
system rows.  

The resulting data from the Alfrödull framework consists of identified polygons of PV 
systems, with an estimated area, tilt and azimuth. From the coordinates of each polygon, the 
property designation can be assigned, and can therefrom be grouped with the other identified 
polygons within the same property. 

The type of inverters and modules installed in each PV system is not a public available 
information. Since the technical parameters of the hardware are unknown, generic module- 
and inverter parameters were estimated based on the year of installation, which is described 
in section 3.6.3. The DC/AC ratio was calculated using an average ratio appraised in this 
study.  
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Then, the installed DC capacity was approximated from the obtained area and the installation 
year as 

�2�½�¼�á�Ð 
L
���)�C�á�P�®���� �Á�Ç�á�Ä�Å��́�
H���º�Á�Ç

�5�4�4�4
, (10) 

where �2�½�¼�á�Ð��is the installed DC capacity in W, Gg,t is the global tilted irradiance at STC     
(1 000 W/m2), �ß�É�Ï�á�Ì�Í�¼ is the generic module efficiency during STC the same year, �#�É�Ï is the 
area of the PV module. The result was divided by a factor 1 000 to obtain the results in kW, 
resulting in the following simplified equation  

�2�½�¼�á�Þ�Ð 
L���ß�É�Ï�á�Ì�Í�¼
H�#�É�Ï , (11) 

where �2�½�¼ is the installed DC capacity in kW. Generic module parameters are estimated in 
this study based on the year of installation. Data of the year of installation for all PV systems 
in Knivsta was obtained from the DSO of Knivsta, Vattenfall Eldistribution, up until July 
year 2019. The assumption was made that the systems installed after 2019, were all installed 
year 2020. Consequently, module parameters for the PV systems within the municipality 
could be estimated using the generic module parameters which are unique for the year of 
installation combined with the year of installation. The methodology is presented in Figure 
10. 

 

Figure 10. A schematic overview of the individual models and data used to calculate the 
aggregated power generation for PV systems identified by Alfrödull in a municipality and 

using approximated generic module parameters and an average DC/AC ratio.  

The PV power simulation for Knivsta Municipality was generated using two different 
scenarios. The aim of the first simulation of aggregated PV power generation was to calculate 
the electricity generation using an optimal orientation for all PV systems and no curtailment, 
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which intended to mimic the common assumption made by the DSO´s in their grid planning, 
which is that the installed AC capacity of all PV systems can be fed to the grid at the same 
time. This is commonly assumed since the DSOs are legally responsible for dimensioning the 
grid and are obliged to handle the electricity production fed into the grid from connected PV 
systems according to the Swedish law, Ellag [SFS 1997:857]. Therefore, an DC/AC ratio of 1 
is used, meaning no curtailment, is assumed in the first simulation. For the the orientation, a 
tilt of 45º and an azimuth directly facing south, 180º, was used, as this is close to the optimal 
orientation, as shown in [37].  

The aim of the second simulation of aggregated PV power generation is to adopt real 
conditions. Hence, the second simulation used LiDAR data-generated individual orientation 
of all identified PV polygons. In addition, an average DC/AC-ratio was estimated to better 
resemble real conditions, which is described in section 3.6.4. 

The two above mentioned scenarios were compared to the assumption that the total installed 
AC capacity of all PV systems could be fed to the grid at the same time. This is commonly 
assumed since the DSOs are legally responsible for dimensioning the grid, to handle the 
electricity production from all connected PV systems.  

The assessed generic module and inverter parameters were not evaluated against the 
reference data, as the reference systems typically have 1�í2 types of modules and 1 inverter, 
which results in less than 10 module and inverter modules. Therefore, this was not enough 
data for a statistical valid comparison.  

3.4 Sensitivity analysis 

Sensitivity analyses were conducted for the two validation steps and the two simulation 
scenarios on a municipal level.  

Some of the input parameters generated by the Alfrödull framework can to some extent be 
verified by manual inspection in the aerial imagery. Those input parameters are the size of the 
PV polygons (by looking at the area in the aerial image) and the azimuth (by manually 
measure the azimuth of the roofs/houses the systems are installed on). Since there was no 
way to verify the tilt of the PV polygons, the sensitivity of the model was tested when 
varying this angle. 

For the validation steps using the reference systems, the tilt  of the PV modules was altered by 
±20°. There was one system, PVS7-G, with an original communicated tilt of 8°, which would 
have resulted in a negative tilt if decreased with 20°, and in this case the negative adjustment 
was limited at 0°. 

For the simulations on a municipal level, the generic PV module parameters were varied to 
evaluate the impact of these assumptions, as there exist no way of verifying them against real 
data. Consequently, the three parameters  �ä�Ï�â�Ö, �8�à�ã, and���ß�É�Ï�á�Ì�Í�¼ was altered.  
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In both scenarios, the module parameters  �8�à�ã, �ä�Ï�â�Öand���ß�É�Ï�á�Ì�Í�¼ were altered. This was 
compared to the original case, where generic module parameters based on the year of 
installation was used. Consequently, in the original case each polygon representing a set of 
PV modules receive module parameters based on the year of installation. In the sensitivity 
analysis, the extreme cases across all years were tested. Therefore, the highest and lowest 
value for each parameter was tested and assigned to all polygons for the simulated period. 
This process was carried out for both scenarios: the first using individual orientations and the 
second using an azimuth of 180° and a tilt of 45°. 

3.5 Software and libraries 

Python software was utilized for this project, providing several key libraries for different 
tasks. The Pandas and NumPy libraries were employed to clean, pre-process, and present data 
in tabular format. Additionally, these packages facilitated the comparison of simulated and 
measured production data, as well as calculation of results.  

For regression analysis and statistical computations, including descriptive statistics and 
model estimation, the Statsmodels library was employed. To handle time-related operations 
and convert the simulated production data to Swedish time, the pytz library and Python's 
datetime module were utilized.  

To facilitate the conversion of coordinates from grid coordinates to geodetic format, for 
simulation with Draupner, the Sweref99 library was utilized. Lastly, the Matplotlib and 
Seaborn libraries were employed to plot and visualize results. 

3.6 Data 

This section contains the presentation of reference data and information about the reference 
PV systems gathered for this study. Further, the data used for creating generic module 
parameters and the data used to approximate an average DC/AC ratio for the purpose of 
conducting aggregated PV power simulations is presented. 

3.6.1 Reference PV electricity  generation data  

For this study, measured PV power generation was provided by the company CheckWatt AB 
for 7 reference PV systems located in the municipalities that were scanned in the Alfrödull 
research project. CheckWatt is a company providing energy services including measurement, 
operation and IT-systems [37]. A consent from the owners of the reference PV systems were 
given for the use of their data for this study.  

The generation from the reference systems is measured from a meter after the inverter, as 
displayed in Figure 5. Pulses are used to measure the produced power in Wh from the last 
timestamp, with roughly one-minute intervals. Hourly data is then calculated in Wh as a sum 
of the values for every hour.  
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A source of error was identified when analyzing the generation data per minute. Since 
working with minute data is time consuming, this analysis was done using samples. Several 
large negative values occurred in the minute data, while all values should be positive. 
Consequently, these negative values contribute to errors in the hourly measurements. An 
example of a reference system with large negative values in the generation data is given in 
Figure 11.  

 

Figure 11. PV electricity generation every minute for one reference systems year 2020.   

In Figure 11, the size of the errors compared to the most common hourly power generation 
values are visualized. However, the frequency of the data points is hard to perceive. As an 
example, in year 2020 the negative values were 1.2% of all values in number and 1.4% in 
size. Also, since the character of the measurement faults is unknown, related positive 
measurement faults might occur while being harder to detect. Thus, the hourly generation 
values were used as is. 

There was a time difference to account for when using data from different time systems. The 
irradiance and weather data from SMHI and the hourly PV generation from Draupner are in 
UTC time. The reference data was measured in Swedish time, which includes daylight-saving 
time. Standard time in Sweden is UTC +1 hour and daylight-saving time is UTC +2 hours. 
This was accounted for when comparing the simulated values with the reference data. 

To ensure accurate comparisons between the simulated and measured hourly PV generation, 
adjustments were made to account for the time difference. The irradiance and weather data 
obtained from SMHI, as well as the hourly PV generation data from Draupner, are in UTC 
time. On the other hand, the reference data was measured in Swedish time, which considers 
daylight-saving time. In Sweden, standard time is UTC +1 hour, while during daylight-saving 
time, it is UTC +2 hours. This time difference was taken into consideration when comparing 
the simulated values with the reference data. 
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3.6.2 Information about the reference PV -systems  

In addition to the measured generation provided by CheckWatt, the following information 
was gathered directly from the owners for each reference PV system: 

�x The coordinates (WGS84) 
�x Orientation (tilt and azimuth) 
�x Installed DC capacity of the modules (kW) 
�x Installed AC Capacity of the inverter(s) (kW) 
�x Module model name 
�x Inverter model name 
�x If the systems constituted of several parts, the installed DC capacity and orientations 

of the different subsystems was asked for, as well as how the inverters were 
connected.  

�x If the system had been expanded during the years 2018�±2022, the size and time was 
asked for. 

�x Year of installation 
 
The reference systems were mounted on either residential or complementary buildings 
(Garages, barns etc.). The building type, number of subsystems and installed DC- and AC 
capacity are exhibited in Table 1. 

Table 1: Characteristics of the reference systems. 

System 
Installed DC 

capacity  

Installed 
AC 

capacity 

Number of 
subsystems 

Building type 

PVS1-U 10.1 9.2 1 Residence 

PVS2-U 11.4 17 1 Residence 

PVS3-F 17.2 15 1 Residence 

PVS4-F 19.5 16.4 3 Complementary 

PVS5-K 8.1 8.2 2 Complementary 

PVS6-K 20.9 10 4 Complementary 

PVS7-G 14.4 17 1 Complementary 

 

�7�K�H���D�E�E�U�H�Y�L�D�W�L�R�Q�¶�V���3�9�6���íPVS7 stand for PV System 1�±7. U, F, K and G is an abbreviation 
for Uppvidinge, Falun, Knivsta and Gotland municipality, respectively. The PVS7-G system 
was not simulated for in simulation 2 since there are no LiDAR-data over Gotland at the time 
of this study. 
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In certain cases, problems with obtaining the above-described data for the reference systems 
occurred, due to lack of knowledge or uncertainty by the owners. Therefore, various sources 
of information were used to confirm the reference data. The Swedish direct capital subsidy 
program and values reported to the local grid owners were used to verify the by the owners 
reported installed DC and AC capacity. The installed DC capacity could also be verified from 
the size (number of modules) of the system counted in the aerial imagery, together with the 
DC capacity of one module. Aerial imagery could also be used to verify the azimuth. The 
year of installation could be compared to the reported dates in the Swedish direct capital 
subsidy program and in some cases the local grid owners. The reported tilt on the other hand, 
was harder to verify. 

3.6.3 Generic module paramet ers based on the year of installation  

When calculating the power generation from PV modules, technical parameters of the 
modules are needed. In the two validation steps, known parameters from the reference system 
was used. When simulating the electricity generation from PV systems identified by the 
Alfrödull framework, when scanning a municipality, these module parameters need to be 
estimated. In this study, a statistical estimation based on the year of installation was 
performed to generate such estimated module parameters. 

In a previous study, module names and module data sheets for generic modules year 
2014�í2019 were gathered from Swedish installers and retailers [38]. The 132 product data 
sheets gathered in the study [38] was complemented by finding more product data sheets on 
retailers websites, and a database of 200 different modules and data sheets relevant for the 
Swedish market year 2015-2020 was used for this study.  

The PV modules included in the evaluation were limited to monocrystalline and 
polycrystalline silicone PV modules, excluding bifacial modules. There were two HIT-
technology modules relevant for the year 2015 in the database, while there were no HIT 
modules year 2016�í2020. Since they were outside of the standard deviation and significantly 
affected the average generic module parameters for the year 2015, while only occurring in 
2015, they were excluded.  

The following technical parameters were gathered for each module from the data sheets: 
(1) the efficiency, (2) the installed DC capacity, (3) the nominal voltage (4) the open circuit 
voltage and (5) temperature coefficient for the open circuit voltage (see Figure 7), as these 
parameters are needed in equation (1) and (2), respectively to calculate the power. The NOCT 
was assumed to be 45° for all modules, since this value was within the range for  
all the NOCT of the modules of the reference systems. 

3.6.4 Average DC/AC -ratio  

When calculating the power generation from PV systems, the DC/AC-ratio is used to 
determine the inverter curtailment and calculate the resulting AC power. For the simulations 
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for the Municipality of Knivsta, the assumption was made that all PV systems had the same 
DC/AC ratio.  

For deriving an average DC/AC ratio for distributed PV systems, an approximation was 
based on actual PV systems installed on single-family houses complied in a study from 
2020 [39]. The study included data from 8 different companies and 115 PV systems on the 
rooftops of small houses, where the installed AC and DC capacity was gathered [39].   

4. Results 

First, the results from the two validation steps are presented. Next, descriptive statistics is 
used to visualize patterns in the model based on hourly variations, yearly variations, and 
variations within the municipalities.  

Then, the result of compiling generic module parameters and an average DC/AC-ratio is 
presented. These parameters enabled simulating the aggregated PV generation for Knivsta 
Municipality. This was done for two scenarios, and the outcome of these simulations are 
presented next. Then the simulated aggregated PV generation was compared with the 
assumption that all installed AC capacity can be fed to the grid at the same time.   

Lastly, a sensitivity analysis was performed for the first two validation steps and the two 
simulated scenarios for Knivsta Municipality.  

4.1 Validating the Draupner simulation model 

Two validation steps are used to evaluate how close the simulated PV power is to the 
measured PV power. The results are analyzed using a linear regression analysis 
complemented with scatterplots. The distinction between the two validation steps lies in the 
orientation, where the first has orientations provided by the reference system owners and the 
second has approximated tilts using LiDAR data. The orientations for both steps are 
presented in Table 2.  
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Table 2: The tilt and azimuth provided by the reference system owners and the tilt and 
azimuth approximated using LiDAR data. Parts of reference systems with more than one 

orientation (on more than one roof facet) are indicated by a�í d. 

System 
Reference  

tilt [°] 
LiDAR  
tilt  [°]  

Reference 
azimuth [°] 

LiDAR  
azimuth [°]  

PVS1-U 27 26.59 180 186.46 

PVS2-U 22 21.82 220 232.91 

PVS3-F 40 45.02 220 235.05 

PVS4-Fa 38 35.75 220 219.38 

PVS4-Fb 38 35.74 130 129.66 

PVS4-Fc 38 36.08 130 129.66 

PVS4-Fd 38 38.70 220 219.66 

PVS5-Ka 22 20.62 170 168.04 

PVS5-Kb 22 21.57 260 258.04 

PVS6-Ka 25 23.25 80 92.36 

PVS6-Kb 25 26.30 260 272.36 

PVS6-Kc 42 35.39 95 97.72 

PVS6-Kd 42 36.88 275 277.72 

PVS7-G 8 - 223 - 
 
PVS7-G does not have a LiDAR approximated tilt and azimuth since there is no LiDAR data 
available for Gotland. 

4.1.1 Validation step 1: Evaluating the Draupner model using known 
orientation and technical parameters  

The first validation step evaluated the simulated PV power generation of the reference 
systems based on known information about the PV systems from the system owners. To 
assess the magnitude of the error in the simulated values, the total simulated PV electricity 
generation for each reference system was compared to the measured electricity generation. 
The results of this comparison can be found in Table 3. 
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Table 3. The simulated PV power and the measured PV power with the difference between 
the two given in MWh and as a percentage of the measured PV power. 

System 
Simulated 

PV power [MWh]  
Measured 

PV power [MWh] 
Difference 

[MWh]  
Difference 

[%] 

PVS1-U 41.0 39.0 2.0 5.1 

PVS2-U 43.9 40.1 3.8 9.5 

PVS3-F 57.0 46.6 10.4 22.3 

PVS4-F 67.7 65.5 2.2 3.4 

PVS5-K 41.2 31.3 9.9 31.6 

PVS6-K 86.3 64.8 21.5 33.3 

PVS7-G 71.7 71.2 0.5 0.7 

Total  408.8 358.5 50.3 14.0 
 
The magnitude of the error differs between 0.5 MWh and 21.5 MWh, and the percentual 
difference ranges from 0.7�í33.3% of the total measured PV generation. Among the systems 
analyzed, PVS7-G demonstrates the smallest difference between the simulated and measured 
values, amounting to 0.5 MWh, which corresponds to 0.7% of the measured value. On the 
other hand, PVS6-K exhibits the largest difference, with 21.5 MWh, equivalent to 33.2% of 
the measured value. The percentual difference can be utilized to compare different systems 
with each other. For instance, in the case of Knivsta, the systems PVS5-K and PVS6-K 
exhibit nearly identical percentual differences, while their magnitudes differ by a factor of 
two. 

A further approach to assessing the performance of Draupner is examining the fit  by 
regression analysis. The statistical measurements of correlation for all hours during the 
simulated timespan (N) are presented in Table 4. 
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Table 4. Statistical measurements for validation step 1, using known orientation. Red is the 
lowest value, green is the highest value and yellow is the 50th percentile (median) for R2, 
while for the other measurements, green is the highest value, and red is the lowest value. 

System N R2 

RMSE 

[kWh] 

MSE 

[kWh] 

SSR 

[kWh] 

MAE 

[kWh] 

MBE 

[kWh] 

PVS1-U 33 912 0.77 0.90 4.44 30 656 0.44 0.06 

PVS2-U 33 720 0.78 1.02 5.00 34 554 0.47 0.11 

PVS3-F 30 806 0.70 3.41 11.52 105 008 0.84 0.34 

PVS4-F 42 280 0.73 2.31 8.40 97 764 0.71 0.05 

PVS5-K 43 796 0.77 0.52 2.24 22 951 0.35 0.23 

PVS6-K 40 188 0.82 1.73 9.45 69 620 0.78 0.54 

PVS7-G 42 528 0.84 1.21 7.78 51 505 0.51 0.01 

 
The number of observations is between 30 000�±40 000 hourly measurements for the different 
reference systems. The RMSE is a measurement of the typical spread of the data points 
around the regression line and ranges from 0.90�í3.41 kWh. Notably, the system with the 
largest RMSE also has the lowest R2-value. MBE is the average difference between the 
simulated and measured production and indicates if the simulation model over or 
underestimates. Since all the MBE values are positive, the model tends to overestimate the 
production. This is also confirmed by the total generation in Table 3. PVS-3 performs worst, 
whereas PVS5-K performs best, in terms of the statistical measurements including RMSE, 
MSE, SSR, and MAE. These measurements are color-coded in red and green in the heat map 
in Table 4, indicating lower and higher values, respectively. 

The coefficient of determination ranges from 0.704�±0.844. This can be interpreted as 70.4% 
to 84.4% of the variance can be explained by the model. As a reference, an ideal simulation 
model with a perfect fit would have a R2-value of 1. PVS7-G has the highest explanation 
level of variance and PVS3-F the lowest. It is important to note that a high R2-value can be 
deceptive, as the data may contain numerous outliers. PVS6-K has a comparatively high R2-
value, which may initially suggest a strong correlation and give the impression of a good fit. 
However, the error measurements indicates that the Draupner model does not perform very 
well. This was further analyzed using scatter plots.  

Figure 12 and 13 illustrates an example scatter plot for the reference system PVS6-K. Scatter 
plots are used to present the correlation between the measured reference data and the 
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simulated PV electricity generation. The scatter plot includes a fitted regression line 
represented by a continuous line, as well as a dotted line indicating a perfect fit where 
simulated values perfectly align with measured values. In Figure 12, the data points, 
depicting hourly power generation, are color-coded based on the hour of the day. In Figure 
13, the data points are color-coded according to the month of the year.  

Similar scatterplots were generated for all reference facilities PVS1�±PVS7 and can be found 
in Appendices A and B. 

Figure 12. Scatter plot for validation step 1 PVS6-K, using known module- and inverter 
parameters. The data points are divided in time-intervals of the day using color. The fitted 
regression is represented by a continuous line and the dotted line indicates a perfect fit. 
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Figure 13. Scatter plot for validation step 1, for reference system PVS6-K using known 
module- and inverter parameters. The data points are divided into months using color. The 

fitted regression is represented by a continuous line and the dotted line indicates a perfect fit. 

The scatter plots for PVS6-K confirms the findings suggested by the statistical measurements 
in Table 4, that the variance of the simulated production is high. PVS6-K also has a distinct 
upper edge, which is explained by a high DC/AC ratio of more than 2, as the installed AC 
capacity was reported to be 10 kW and the installed DC capacity of 20.9 kW. At mid-day, 
during the months April�±August, the Draupner model tends to overestimate the production 
and reach its maximum capacity. This is visualized by the yellow-colored production hours in 
Figure 12, while Figure 13 illustrates the corresponding, blue-colored data points. 

On the x-axis there are large positive measured values that Draupner estimates to be zero, see 
Figure 12�í13. Interestingly, these high production values occur during night-time and are 
hence pink in Figure 12. Theese are most likely associated with errors within the measured 
production data. Another notable trend is a cluster where the measured PV generation is 6 
kWh. This appears to be primarily blue in Figure 13 and 12, meaning an occurrence 
April �íAugust and 6�í9 am. This cluster also appears in the green, 16�±18 pm, in Figure 12. In 
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this cluster, the Draupner model overestimates the production. The model overestimates in 
general, which is shown by the fitted regression line in the scatter plots and the MBE value in 
Table 4.  

PVS6-K is an example of a system with scatter plots different from the other reference 
systems examined in this study. On the other hand, PVS7-G is used as an example of trends 
observed across the majority of the reference systems. Figure 14 and 15 contains the scatter 
plots for PVS7-G.   

Figure 14. Scatter plot for validation step 1 PVS7-G, using known module- and inverter 
parameters. The data points are divided in time-intervals of the day using color. The fitted 
regression is represented by a continuous line and the dotted line indicates a perfect fit. 
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 Figure 15. Scatter plot for validation step 1, for reference system PVS7-G using known 
module- and inverter parameters. The data points are divided in months using color. The 

fitted regression is represented by a continuous line and the dotted line indicates a perfect fit. 

Multiple simulations of the reference systems display consistent patterns depending on the 
time of day and the month of the year. These patterns are visually presented by scatter plots 
of system PVS7-G in Figures 14 and 15, where distinct clusters can be observed. A graphic 
representation highlighting these patterns is presented in Figure 16.  
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Figure 16: A graphic representation of consistent patterns displayed in the scatter plots of 
multiple reference systems. 

One pattern in the scatter plots is a �³tail� ,́ visualized by a triangle filled with small black 
triangles in Figure 16. In the case of PVS7-G, this tail has an upper limit close to 3 kWh, 
however this upper limit varies for the different systems. Within this cluster, the simulated 
values tend to underestimate the power generation in comparison to the measured generation. 
All hours of the day are represented, with the highest production values concentrated towards 
the right-hand side, corresponding to the midday period, and gradually decreasing towards 
the lowest values on the left, which occur during the night.  

A similar pattern is observed for the months in the tail, with the summer months positioned 
towards the high measured production values on the right, and the winter months situated 
towards the left, as depicted in Figure 16. Since the winter months and night hours are 
associated with lower production, this trend within the pattern is expected. This consistent 
behavior of Draupner, across all months and times, referred to as the tail, could potentially be 
attributed to measurement inaccuracies in the MESAN and STRÅNG data, resulting in lower 
radiation data compared to the actual values.  

In addition, another cluster is identifiable where the data points closely align with the perfect 
fit , indicating a strong correlation between the simulated production values and the measured 
values. However, it is worth noting that the simulation model tends to slightly overestimate 
the production within this cluster. These data points are represented by stars in Figure 16, 
containing all hours of the day from 6 am to 9 pm. Particularly, the majority of measurement 
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points in this cluster appear as blue dots in Figure 14, indicating their occurrence primarily 
between the months of April and August. 

Draupner also seems to overestimate the PV electricity generation during the evening, 7 pm 
to 9 pm (the red dots in Figure 14) and is represented by the cluster of gray squares in Figure 
16. Further, the model seems to overestimate the electricity generation in the late afternoon, 4 
pm to 6 pm (the green dots in Figure 14). One possible source of error that would lead to 
Draupner overestimating the production is shadowing from the surrounding, which is not 
accounted for in the model. The surroundings of the system PVS7-G is illustrated in Figure 
17. In the figure, there are both trees and buildings that could cause shadow effects.  

 

Figure 17. Satellite imagery of PV system PVS7-G and its surroundings (used with 
permission).  

On the other hand, the simulation model appears to consistently underestimate the production 
during nighttime and the early morning hours. This is illustrated by the scatter plot of PVS7-
G in Figure 14, and further supported by the scatter plots of the other reference systems 
provided in Appendix A. This underestimation is visually represented by the cluster of circles 
in Figure 16. 

The gray rectangle along the y-axis in Figure 16 represent values where there is no measured 
production of the reference system. On the y-axis there are some hours where Draupner 
simulates production, while the measured value is zero. During the year, these values occur 
primarily between November to March, see Appendix A. Hence, one explanation could be 
snow cover losses. A recent study approximated snow losses to be 0�í20% of the annual snow 
free PV generation yield in Sweden [40]. The study used a mean value of the estimated tilt  at 
25°, compared to the mean value of the tilt for the reference systems at 31°. Currently, the 
Draupner simulation model does not account for snow losses.  

It is worth noting the presence of data points in blue (the months of April�íAugust) on the y-
axis for two reference systems: for reference system PVS5-K, in Figure 15, several blue 
values can be observed on the y-axis, and for PVS7-G in Figure 13, there are high production 
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values in blue on the y-axis. This might be attributed to snow in April, but it could also be 
explained by other factors requiring further investigation. 

Additionally, there are several production hours on the x-axis, primarily during nighttime, 
where measured production values exist despite the Draupner model estimating zero power 
generation. These occurrences are relatively infrequent and generally of small magnitude, 
with only a few exceptions. As previously noted, PVS6-K, deviates from this trend by 
displaying significant positive measured values on the x-axis. 

4.1.2 Validation  step 2: Evaluating the Draupner model using LiDAR data and 
known technical parameters  

The second validation step evaluates the performance of the Draupner model when the 
module parameters and installed capacity are known, as in the first validation step. However, 
in this evaluation an approximated orientation was used, which is derived from LiDAR data.  

First, the total simulated PV electricity generation for each reference system was compared 
against the corresponding measured electricity generation, as presented in Table 5. 

Table 5: The simulated PV power and the measured PV power with the difference between 
the two given in MWh and as a percentage of the measured PV power.  

System 
Simulated 

PV power [MWh] 
Measured 

PV power [MWh] 
Difference 

[MWh]  
Difference 

[%] 

PVS1-U 40.9 39.0 1.8 4.7 

PVS2-U 42.8 40.1 2.7 6.7 

PVS3-F 53.5 46.6 7.0 15.0 

PVS4-F 70.3 65.5 4.8 7.4 

PVS5-K 41.3 31.3 9.9 31.8 

PVS6-K 86.7 64.8 21.9 33.9 

Total 335.6 287.3 48.2 16.8 
 
The difference between the measured and simulated value ranges from 1.8�í21.9 MWh, and 
the percentual difference ranges from �������í33.9% of the total measured PV generation. To 
provide a reference point, the difference for validation step 1 was 0.5�í21.5 MWh, and the 
percentual difference ranged from 0.7�í33.3%. The total simulated PV power is 335.6 MWh, 
compared to the total simulated PV power for validation step 1 of 337.1 MWh (excluding 
PVS7-G) in Table 4.  

Notably, the percental difference between the measured and simulated production is highest 
for reference facilities PVS5-K and PVS6-K, in both validation steps. These two systems 



 

38 

 

consist of multiple sub-systems, as detailed in Table 1. Contradictory, PVS4-F also has 
several sub-systems but displays a low percentual difference. 

Secondly, the fit for the simulations with LiDAR approximated orientations was examined. 
The statistical measurements of correlation for all hours during the simulated timespan are 
presented in Table 6.  

Table 6. Statistical measurements for validation step 2, using LiDAR-approximated 
orientation. For N and R2: red is the lowest value, green is the highest value and yellow is the 
50th percentile (median). For the other measurements, green is the highest value, and red is 

the lowest value.  

System 

 

N R2 

RMSE 

[kWh] 

MSE  

[kWh] 

SSR  

[kWh] 

MAE  

[kWh] 

MBE 

[kWh] 

PVS1-U 33 912 0.79 0.92 4.39 31 306 0.45 0.05 

PVS2-U 33 720 0.79 0.99 4.75 33 278 0.47 0.08 

PVS3-F 30 806 0.69 3.30 10.59 101 670 0.80 0.23 

PVS4-F 42 280 0.74 2.7 9.06 100 308 0.71 0.11 

PVS5-K 43 796 0.77 0.52 2.24 22 761 0.34 0.23 

PVS6-K 40 188 0.83 1.67 9.59 67 166 0.77 0.55 

 
The R2-value for validation step 2 ranges from 0.688�í0.826. This can be interpreted as 
68.8�í82.6% of the variance can be explained by the relationship between the simulated and 
measured PV generation. For validation step 1 the R2-values were in the interval 0.704�±
0.844. It should be noted that, the highest R2-value for the first validation step was for PVS7-
G, which is excluded in the second step.  

In general, the result of the second validation step, evaluating the Draupner calculation model 
using approximated orientations, is similar to the results of the first validation step. Some 
systems improve and other exhibits weaker correlation values. For example, PVS4-F gets a 
higher R2-value, but all other metrics indicating the fault and spread is higher. On the 
contrary PVS3-F gets a lower R2-value but all other metrics improve. In general, the result 
from the statistical measurements is very similar. An average value was calculated for each 
metric for PVS1�íPVS6, and the results are presented in Table 7.  
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Table 7. Average value of the statistical measurements for reference systems PVS1�í PVS6 in 
validation step 1 and 2. 

 R2 RMSE MSE SSR MAE MBE 

Validation step 1 0.767 1.651 6.841 60 092 0.598 0.220 

Validation step 2 0.767 1.629 6.772 59 415 0.590 0.208 

 
The average R2-�Y�D�O�X�H���I�R�U���3�9�6���í�3�9�6�������U�H�P�D�L�Q�V���F�R�Q�V�L�V�W�H�Q�W���D�F�U�R�V�V���E�R�W�K���Y�D�O�L�G�D�W�L�R�Q���V�W�H�S�V�����Z�L�W�K��
a calculated average of 0.767. The other measurements of the variation are very similar to 
validation step 1. However, validation step 2 performs slightly better, indicated by an overall 
smaller spread between simulated and measured PV production when using the LiDAR 
approximated orientation, but it does not significantly affect the relationship between the 
simulated and measured production. This finding hint that the calculated orientations based 
on the LiDAR data could be better than the orientations disclosed by the owners of the 
systems. 

For the second validation step, scatter plots were generated following the same methodology 
as in the first validation: one scatter plot was divided into hourly intervals and the second into 
monthly intervals. The scatter plots are very similar to those of validation step 1. As a result, 
the scatter plots from the second validation step are not included in the result section. All 
scatter plots for the second validation step are presented in Appendix B for reference.  

4.2 Evaluating the model using descriptive statistics 

This section of the results describes patterns in the error of the model. The model was studied 
based on variations over the year, variations over the day, and variations within the 
municipalities.  

4.2.1 Daily  variation patterns  in the simulated PV electricity generation  

To analyze the performance of the Draupner simulation model over the year, the average 
fault was calculated. An average of the total production was calculated each day (day 1�í365) 
for all simulated years. Then, the error was calculated as the difference between the simulated 
and measured production. The difference is visualized relative to the reference value, 
showing the size of the error compared to the measured PV generation, in Figure 18�í19, for 
the two validation steps. 
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Figure 18. The difference of the average simulated value and the average reference value 
each day for validation step 1. The result can be read as how many times bigger the 

difference is than the reference value.  

 

Figure 19. The difference of the average simulated value and the average reference value 
each day divided for validation step 2. The result can be read as how many times bigger the 

difference is than the reference value. 
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The relative difference is largest in the beginning and end of the year, roughly the 50 first 
days and the 50 last days. Note that the total PV generation is lowest during these days in 
November�íFebruary and therefore, the absolute difference is also at its lowest. However, the 
results show that the model�¶s percentual error is significantly higher during these winter 
months.  

Further, the average coefficient of determination was calculated each month for the first 
validation step and is presented in Table 8. 

Table 8. Average coefficient of determination for each month, all years, validation step 1. 
Red is the lowest value, green is the highest value and yellow is the 50th percentile (median). 

�� �6 PVS1-U PVS2-U PVS3-F PVS4-F PVS5-K PVS6-K PVS7-G 

January 0.54 0.40 0.51 0.38 0.35 0.42 0.34 

February 0.61 0.49 0.59 0.63 0.51 0.67 0.53 

March 0.87 0.87 0.75 0.72 0.62 0.85 0.76 

April  0.86 0.86 0.78 0.78 0.82 0.85 0.89 

May 0.76 0.76 0.73 0.73 0.81 0.78 0.82 

June 0.79 0.80 0.74 0.75 0.85 0.77 0.85 

July 0.74 0.72 0.72 0.70 0.66 0.79 0.82 

August 0.78 0.76 0.70 0.74 0.57 0.66 0.83 

September 0.78 0.78 0.73 0.75 0.83 0.80 0.79 

October 0.75 0.75 0.67 0.66 0.77 0.82 0.71 

November 0.43 0.41 0.52 0.51 0.67 0.70 0.55 

December 0.34 0.25 0.29 0.22 0.28 0.36 0.30 

 
The �� �6, values, in Table 8 are significantly lower for the winter months, November to 
February, for all reference systems. This is the same months with a higher percentual error of 
the estimated PV generation, in Figure 18�í19. 

4.2.2 Hourly variation patterns  in the simulated PV electrici ty generation  

The hourly variation patterns were similar for validation steps 1 and 2. The average estimated 
and measured production were calculated for the 24 hours of the day, using all hourly data. 
Then the simulated PV generation was subtracted by the measured PV generation to get the 
resulting difference. To illustrate these patterns of the estimation error, the hourly variations 
for validation step 1 are presented in Figure 20 and 21. 
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Figure 20. The average hourly difference of the simulated PV generation in validation step 1, 
subtracted by the measured reference value of each system, in kWh. 

In Figure 20, it is apparent that the largest difference between the simulated PV generation, 
compared to the measured generation, occurs during the daytime. To visualize the average 
hourly difference between the measured and estimated PV generation, the error is expressed 
as a percentual value of the measured generation in Figure 21. 

 

Figure 21. The average difference (of the simulated PV generation, subtracted by the 
recorded reference value of each system) as a percentage of the recorded generation, for 
validation step 1. 
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When taking the percentual difference into account, the error is instead largest in the morning 
and in the evening. There is a peak in the percentual difference around 8�í9 pm, see Figure 
21. Since this peak occurs at 8�í9 pm in the evening, it could possibly be related to shadows 
when the sun sets. Shadow effects from the surrounding are as previously mentioned, 
currently not included in the model. To conclude the above patterns, the largest absolute 
difference between the measured and calculated generation occurs in the daytime, while the 
percentual difference is highest in the evening.  

It is also worth mentioning that the negative values before 6 am and after 10 pm, means that 
the measured generation is larger than the calculated generation. One possible explanation 
could be that this is caused by the Draupner model underestimating the power generation. It 
can also be caused by error measurements of the generation in the reference values. The 
meter uses pulse measurements and only registers the size, not the direction of the pulses. 
Therefore, at night, when the PV system draws small amounts of power, this results in small 
positive values and a false generation. Note that the consumption, or possible generation, 
during these hours is small and therefore the percentual difference in Figure 21 gets a higher 
value compared to the absolute difference in Figure 20. 

4.2.3 Patterns within the municipalities  for  the simulated PV electricity 
generation  

The total difference of the calculated and measured generation each day was compared 
between the studied municipalities. An average of the total PV generation was taken for each 
day of the year, and is plotted in Figure 22. This was limited to the years with available data 
during the period of study.    
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Figure 22. The average difference of the total generation for each day of the year for the 
simulated and reference hourly generation data [kWh]. The generation data is from 

simulation 1, using known parameters and orientation for the reference systems in (a) 
Uppvidinge, (b) Falun, (c) Knivsta. 

The plots show the average error in the estimated and measured production every day of the 
year. For all three municipalities, Uppvidinge, Falun and Knivsta, the variations over the year 
follow a similar pattern within each municipality. Especially for Uppvidinge, in Figure 22a 
and Falun, in Figure 22b, there is a correlation of when and how much the model 
overestimates or underestimates based on location.  

The common factor for the municipalities is the location. Although, the reference systems in 
the same municipality were not so closely located that they had the same irradiance nor 
weather data. Nonetheless, they have a similar distance to the nearest weather stations. Note, 
that the plots do not show the production but the fault in the estimated production compared 
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to the measured production. This indicates that the pattern of the fault is influenced by the 
weather and irradiance data.  

4.3 Module and inverter parameters 

Simulating the aggregated decentralized production of PV systems, for a municipality or 
larger region, requires methods for estimating information about the modules and inverters. 
In this study, two methods have been used. One method was a statistical evaluation to create 
generic module parameters based on the year of installation and the other method was 
calculating an average DC/AC-ratio. The results of these two exercises are described in this 
section and were used when calculating the total PV power generation for the Municipality of 
Knivsta. 

4.3.1 Generic m odule parameters based on year of installation  

Product data sheets for 200 different PV modules were gathered to estimate standard module 
parameters based on the year of installation. The parameters that were approximated were the 
efficiency, the nominal power, the nominal voltage, the open circuit voltage and the 
temperature coefficient for the open circuit voltage. The average is calculated as the average 
value per module, independent of installed capacity and size, and is presented in Table 8. 

Table 8. Average module parameters: module efficiency ��, nominal voltage �8�à�ã, and 

temperature coefficient of the open circuit voltage �8�â�Ö and nominal power. The number of 
modules each year and the number of manufacturers.  

Year 2015 2016 2017 2018 2019 2020 

�����>���@ 16.3 17.0 17.8 18.3 18.9 20.5 
�8�à�ã [V]  32.2 31.8 32.7 33.3 35.5 38.2 

�8�â�Ö [V]  39.5 38.9 40.3 40.4 43.0 45.5 

 �ä�Ï�â�Ö [mV/ °C] -123 -122 -124 -117 -127 -124 

Nominal power [W] 265 281 298 309 329 416 

Number of modules 39 24 24 44 30 39 
Number of manufacturers 14 15 17 12 9 10 

 

There is a pattern of increase for the nominal power, open circuit voltage and efficiency. All 
years do not follow the pattern, 2016 the three mentioned parameters decrease. This year only 
contained 24 modules and the precision of the average value is lower. A box diagram for 
each parameter is presented in Figure 23.  
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Figure 23. Boxplot of the average temperature coefficient, efficiency, and nominal voltage, 
for collected standard modules years 2015 to 2021. 

The average temperature coefficient for the open circuit voltage for the collected standard 
modules shows different developments for the years 2015 to 2021. For some years the 
temperature coefficient increases, while for others it decreases with varying magnitude.  

4.3.2 DC/AC-ratio  

The only parameter regarding the inverter used in the Draupner simulation model is the 
DC/AC ratio. When calculating the aggregated power generation for a municipality, the 
assumption was made that all PV systems had the same DC/AC ratio. Using data from 8 
different companies and 115 distributed residential PV systems on detached houses from a 
previous study [39], the average installed DC/AC-ratio was concluded to be 1.08.  
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4.4 Aggregated PV electricity generation on a municipal level 

In the final two simulations, the aggregated PV power generation from all PV systems in the 
municipality of Knivsta was simulated for two different scenarios for the year of 2022. One 
simulation was done with individual orientations of the PV polygons from the LiDAR 
approximation. The DC/AC ratio was set to 1.08 in this scenario, according to the calculated 
average in this study. The other simulation was done with the assumption that all PV system 
polygons had an orientation close to optimal (45° tilt and directly facing south) and a DC/AC 
ratio of 1, meaning no curtailment. The daily sum of the PV electricity generation for both 
simulations, and the difference between them, are shown in Figure 24.   

 

 Figure 24: The daily sum of the simulated PV electricity generation each day of 2022 for 
Knivsta Municipality and the difference between the generation. 

The total PV electricity generation for the simulation with individual orientations and an 
DC/AC ratio of 1.08, is 4 601 MWh. Simulating with a fixed orientation and a DC/AC-ratio 
of 1 gives a total electricity generation of 5 200 MWh. As displayed in the figure, the 
difference in generation is relatively smaller between May�±August, while much larger during 
February�íApril and September�íNovember. Note that the aggregated electricity generation is 
smaller in the winter months and the difference between both scenarios consequently will 
have a higher percentual value. 

Figure 25 shows the monthly aggregated PV electricity production mean for both 
simulations. From May to mid-July, the average production is higher for the simulation with 
individual orientations. This is explained by that the mean and median tilt  of the individual 
orientations of the PV modules being close to 22°3. Having a lower tilt  than 45° is beneficial 

 
3 The tilt  mean and median was weghted by the area of the modules. 
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for PV generation during months with a higher solar elevation. The remaining months of the 
year, the average PV production is higher for the simulation with all 45° tilt, facing south. 

Similarly, when the solar elevation is lower, the individual orientations of the PV systems 
become less optimal. Notably, the largest disparity between the simulations is observed in 
February to April and September to November, when the solar elevation is relatively lower, 
see Figure 24 and 25. The difference in December to January is comparatively smaller, which 
might be explained by the overall PV generation during this period being lower. 

Figure 25. The average simulated PV electricity generation for each month in 2022. 

The purpose of simulating the two scenarios is comparing the PV electricity generation 
resulting from an orientation close to the optimal and no curtailment, with an approximation 
of real conditions developed in this project. Since information about power generation is 
important when dimensioning the grid, a relevant point of study is the day when the highest 
hourly power generation occurs. The day with the highest hourly generation, for each 
simulation respectively, is plotted in Figure 26. The total installed AC capacity was estimated 
to be 4.14 MW for the municipality of Knivsta, using the approximated DC/AC ratio of 1.08.  
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Figure 26. The simulated PV electricity generation curve for the day with the highest 
generation hour 2022. The black line is the estimated aggregated AC capacity for Knivsta 

Municipality. The first graph shows peak hour with close to optimal orientation and no 
curtailment on 12 pm, April 5th and the graph below shows peak hour with individual 

orientations on 1 pm, May 18th.  

The simulation with the orientation close to optimal reached its PV generation peak of 4.35 
MWh at 12 pm, April 5th, while the simulation using individual orientations generated 3.33 
MWh the same hour. The maximum hourly generation of the scenario with individual 
orientations was 3.72 MWh at 1 pm, May 18th. In Figure 26, it appears that the hour when 
the highest PV generation occurs, for both simulations, the simulation with the optimal 
orientation is higher. At 1 pm, May 18th, this scenario generated 4.16 MWh.  

In Figure 26 it is visible that the simulation with close to optimal orientation exceeds the 
approximated AC capacity of Knivsta Municipality, by 217 kWh, during peak production 
hours, which is represented by the black line in the figure. This is of course due to that the 
AC capacity was estimated with a DC/AC ratio of 1.08, while the simulations for the 
orientation close to optimal (45° tilt and directly facing south) was conducted with an DC/AC 
ratio of 1.00. The aggregated PV generation from simulation with approximations of real 
conditions never reaches the approximated total capacity. For this scenario, at the peak 
production hour (of 3.72 MWh), there is a remaining AC capacity of 415 kWh.  

Another relevant point of study for understanding the characteristics of the PV generation is 
plotting the average production curve. The average simulated PV generation for the hours of 
the day was plotted for the simulated year in Figure 27. During morning and evening periods, 
the simulated PV electricity generation is higher for the scenario using individual orientations 
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and a DC/AC-ratio of 1.08. Accordingly, there are intersections at roughly 8 am and 17 pm in 
Figure 27.  

 

Figure 27. The hourly average PV electricity generation curve simulated for 2022. The black 
line is the approximated aggregated AC capacity of 4.14 MWh for Knivsta Municipality. 

Maximum mean production is at 12 pm for both simulation scenarios, with a maximum of 
1.57 MWh for individual oriented systems, and a maximum of 1.87 MWh with all close to 
optimal orientation. As displayed in the figure, neither of the average production curves 
draws near the approximated aggregated AC capacity for Knivsta Municipality. This is 
because the average is with respect to all seasons, including winter months with low PV 
production. 

4.5 Sensitivity analysis 

To test the robustness of the Draupner model a sensitivity analysis was performed for the two 
validation steps and the two simulations on a municipal level.  
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The installed DC capacity, the size of the system and the azimuth reported by the reference 
system owners could to some extent be verified by manually crosschecking these parameters 
in the arial imagery, by counting the number of PV panels and by measuring the azimuth of 
the buildings/roof facets in QGIS. Since this was not possible for the tilt, this parameter was 
altered to study the effect on the results. For the two validation steps, the tilt of the PV 
modules was altered by ±20°. 

On a municipal level, the three generic PV module parameters �ä�Ï�â�Ö, �8�à�ã, and���ß�É�Ï�á�Ì�Í�¼ was 

altered. The largest and smallest value for each parameter was tested for both scenarios. 

4.5.1 Sensitivity analysis: using known orientation and technical parameters  

Table 9 displays the simulated PV power resulting from varying the tilt of the reference 
systems PVS1�íPVS7 by ±20°, for the first validation step. An exception was made for 
system PVS7-G, since the system has an original reference tilt of 8°, and decreasing the tilt 
by 20° resulted in a negative tilt, therefore the tilt was set to 0°. Table 9 compares the 
simulated power obtained with the adjusted tilt to the simulation using the original known tilt.  
The difference between the altered cases and the original, is also given as a percentage of the 
original case.  

Table 9. The resulting simulated PV power when altering the reference systems tilt by ±20°, 
compared to the simulated power using the original known tilt , for validation step 1. For 

PVS7-G the tilt was set to 0° instead of being decreased by 20°, due to an original reference 
tilt of 8°. The difference between the two simulation cases is given as a percentage of the 

original case. 

System 
PV power 

Original tilt  
[MWh]  

PV power  
Tilt +20° 
[MWh]  

Difference  
Tilt +20° [%] 

PV power  
Tilt -20° 
 [MWh]  

Difference  
Tilt  

-20° [%] 

PVS1-U 41.0 38.4 -6.3 41.8 2.0 

PVS2-U 43.9 41.1 -6.4 44.3 0.9 

PVS3-F 57.0 57.0 0.0 56.5 -0.9 

PVS4-F 67.7 66.9 -1.2 66.5 -1.8 

PVS5-K 41.2 38.5 -6.6 41.1 -0.2 

PVS6-K 86.3 86.6 0.4 80.5 -6.7 

PVS7-G 71.7 68.1 -5.0 78.3 9.2 

Total 408.8 396.6 -3.0 409.0 0.1 
 
When increasing the tilt by 20°, the total simulated PV electricity generation of the reference 
systems is lower than the original case, by 12.2 MWh. When reducing the tilt by 20°, the total 
simulated electricity generation remains similar to the original simulation, with a small 
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increase of 0.2 MWh. The difference for both cases ranges from -6.7�í9.2% while the total 
difference ranges from -�������í������������ 

The highest impact of varying the tilt occurred for PVS7-G, with a difference of -5�����í9.2% 
compared to the simulation using the original tilt.  Note that, this reference system was also 
the system with the lowest original tilt , 8°. The effect of varying the tilt for PVS3-F was 
remarkably low compared to the other reference systems. Increasing the tilt by 20° had no 
apparent effect on the total electricity generation and decreasing the tilt by 20° resulted in a 
percental difference of -0.9%. 

4.5.2 Sensitivity analysis: using LiDAR data and technical parameters  

The result from varying the tilt of the reference systems PVS1�íPVS6 by ±20° for the second 
validation step, with LiDAR approximated azimuth, is presented in Table 10. 

Table 10. The resulting simulated PV power when altering the tilt by ±20 °, compared to the 
simulated power using the original LiDAR tilt , for validation step 2. The difference between 

the two ±20° cases is given as a percentage of the original case. 

System 
PV power 

Original tilt  
[MWh]  

PV power  
tilt +20° [MWh] 

Difference  
tilt +20° [%] 

PV power  
Tilt  -20° 
 [MWh]  

Difference  
Tilt  

-20° [%] 

PVS1-U 40.9 41.7 2.0 38.3 -6.4 

PVS2-U 41.3 42.9 3.9 40.9 -1.0 

PVS3-F 53.5 51.7 -3.4 55.5 3.7 

PVS4-F 70.3 69.2 -1.6 68.8 -2.1 

PVS5-K 41.3 41.4 0.2 38.2 -7.5 

PVS6-K 86.7 82.5 -4.8 86.3 -0.5 

Total 334.0 329.4 -1.4 328 -1.8 
 

When altering the LiDAR approximated tilt  by ±20°, the total simulated PV electricity 
generation of the reference systems decreases. In contrast, the total PV electricity generation 
in validation step 1, increased when altering the tilt  by -20°.  However, this increase was 
small, with 0,1% compared to the original tilt. Also, the extreme case when altering the tilt by 
-20° in the first step, the reference facility in Gotland with a tilt  of 8° and an increase of 
9.2%, was not included in the second validation step.  

The total observed differences in the sensitivity analysis of validation step 2 were -1.4% and -
1.8% for increasing and decreasing the tilt, respectively, in comparison to the original tilt 
angle. The extreme cases for the sensitivity analysis in validation step 2 are PVS1-U, with the 
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highest interval of change at 8.4% (2�í6.4%); and PVS4-F with the smallest interval of 
change at 0.5% (-�������í-1.6%), when altering the tilt with ±20°. 

4.5.3 Sensitivity  analysis: simulating on a municipal level  

In the sensitivity analysis of the aggregated PV power simulation, three generic PV module 
parameters was altered: �8�à�ã, �ä�Ï�â�Ö��and���ß�É�Ï�á�Ì�Í�¼�ä��The lowest and highest value for each 
parameter across all years was tested. This was done using the same two scenarios as 
previously for the PV power simulation of Knivsta Municipality. Each polygon representing 
a set of PV modules was assigned the minimum or maximum value across all years. These 
results were compared to the original simulation, where all polygons receive a value based on 
the year of installation and corresponding generic module parameters.  

The results obtained by varying  �8�à�ã��are displayed in Table 11. The aggregated simulated PV 
electricity generation achieved with the extreme values closely resembles the simulation 
using the generic module estimation based on installation year. For simulations with 
individual orientations, the difference using the minimum and maximum values of �8�à�ã, 

compared to simulation using generic �8�à�ã, is ±11 MWh. For the scenario with all south and 
45° tilt oriented PV modules, the difference between simulating using the extreme values of 
�8�à�ã, in contrast to using the generic estimations, is ±12 MWh. Expressed differently, the 
sensitivity analysis shows a range of 23MWh and 24 MWh, respectively, when comparing 
the two extreme values. These differences are less than 0.5% of the original simulations of 
the total aggregated PV generation, for both scenarios.  

Table 11. The total aggregated simulated PV electricity generation when simulating using the 
smallest �8�à�ã and largest �8�à�ã in the generic module estimation for both scenarios. The 

original case using generic modules based on the year of installation are included for 
comparison (where the  �8�à�ã ranges from the minimum and maximum values).  

 

 

 

 

 

 

 

The results from varying  �ä�Ï�â�Ö��are displayed in Table 12.  As for the case when varying the 
�8�à�ã, the aggregated simulated PV electricity generation does not change drastically. The 

 �8�à�ã [V]  
Individual 

orientations 
[MWh]  

All south 45°  
[MWh]  

Minimum 29.80 4 612 5 212 

Maximum 45.18 4 590 5 188 

Difference 15.38 23 24 

Generic �8�à�ã  29.80�±45.18 4 601  5 200 
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effect on the results with individual orientations vary with +19 MWh and -18 MWh for the 
minimum and maximum �ä�Ï�â�Övalues respectively, compared to the original simulations. 
Similarly, the change compared to the original simulation for the scenario using a tilt of 45° 
was +20 MWh and -19MWh for the minimum and maximum values respectively. The 
difference between the minimum and maximum values are 37 and 39 MWh for the two 
scenarios, this is less than 1% compared to the original simulations.  

Table 12. The total aggregated simulated PV electricity generation when simulating using the 
smallest �ä�Ï�â�Ö and largest �ä�Ï�â�Ö in the generic module estimation for both scenarios. The 
original case using generic modules based on the year of installation are included for 

comparison (where the �ä�Ï�â�Ö ranges from the minimum and maximum values). 

 

 

 

 

 

  
 

The result from the sensitivity analysis when varying the efficiency �� is presented in Table 
13. The highest module efficiency was from a module year 2019, with 21.7% and the lowest 
efficiency was from 2015, 14.3%. Using these extreme values of efficiency yields distinctly 
different outcomes, compared to employing generic module parameters, when simulating 
both scenarios on a municipal level.  

 
�ä�Ï�â�Ö  

[mV/ °C] 
Individual orientations 

[MWh]  
All south 45°  

[MWh]  

Minimum -0.156 4 620 5 220 

Maximum -0.083 4 583 5 181 

Difference 0.073 37 39 

Generic 
�ä�Ï�â�Ö 

-0.156�±-0.083 4 601  5 200 
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Table 13. The total aggregated simulated PV electricity generation when simulating using the 
smallest �� and largest �� in the generic module estimation for both scenarios. The original 
case using generic modules based on the year of installation are included for comparison 

(where the �� ranges from the minimum and maximum values). 

 

 

 

 

 

 

 

When simulating the scenario with individual orientations, utilizing the lowest module 
efficiency of 14.3% results in a decrease in the total aggregated PV electricity generation of 
1 168 MWh, compared to when all generic module parameters are used. Conversely, 
employing the highest efficiency of 21.7% results in a total aggregated electricity generation 
that is 620 MWh higher than the scenario using generic module parameters. 

In the case of simulating using all same module orientation (45° tilt and facing south) and the 
maximum efficiency of 21.7%, the resulting aggregated electricity generation is 696 MWh 
higher than when all generic parameters are employed. Conversely, utilizing the minimum 
efficiency of 14.3% leads to a decrease in aggregated electricity generation of 1 325 MWh. 

The magnitude of the difference in the simulated PV generation resulting from the extreme 
values are 1788 MWh for the first scenario and 2 021 MWh for the second scenario. This 
range of the results variation is equivalent to 39% of the original simulation, for both 
scenarios. Consequently, varying the parameters �ä�Ï�â�Ö and �8�à�ã had a marginal effect on the 

aggregated PV electricity generation, compared to varying the efficiency���ß�É�Ï�á�Ì�Í�¼.   

 

 

 �����>���@ 
Individual orientations 

[MWh]  
All south 45° 

[MWh]  

Minimum 14.3 3 433 3 875 

Maximum 21.7 5 221 5 896 

Difference 7.4 1 788 2 021 

Generic ���� 14.3�±21.7 4 601 5 200 
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5. Discussion 

First in this section, the validation of the method is discussed. Next, the evaluation of the 
method is discussed, including the descriptive statistics of hourly and yearly variation 
patterns. Subsequently, a comparison is made between the two scenarios employed in the 
municipality simulations. These scenarios are further contrasted against the assumption that 
all installed AC capacity is directly fed into the grid. Finally, this section concludes by 
examining the practical implications of the findings and suggesting potential avenues for 
future research. 

5.1 Validation and evaluation  

In this section, the results from the validation and evaluation of the Draupner simulation 
model are discussed.  

5.1.1 A useful tool for estimating the PV electricity generation    

There is a notable variation of the results between the different reference systems, where 
some systems display a significantly higher correlation between the simulated and measured 
PV electricity generation than others. This is also reflected in the metrics in the regression 
analysis, suggesting that the Draupner model has varying performance. As an example, the 
coefficient of determination ranges from 0.70�±0.84 in the first validation using known 
orientations, provided by the reference system owners.   

The regression analysis for both validation steps showed similar results when estimating the 
variance between the simulated and measured hourly PV power. However, simulating with 
orientations approximated from LiDAR data performs slightly better, compared to known 
orientations. This might be because the LiDAR approximation is more accurate than the 
orientation provided by the reference system owners. According to [6], LiDAR data can 
estimate the orientation better than reported data, since reported data often have high 
uncertainties.  

A sensitivity analysis was conducted to examine the impact of varying the tilt angle on the 
simulated power. In the first validation step, when the tilt was altered by ±20° compared to 
the original tilt angle, the total difference in simulated power ranged from -���������í���������� The 
observed differences in validation step 2 were -1.4% and -1.8% for increasing and decreasing 
the original tilt angle. The results of the validation steps and the sensitivity analysis imply 
that the Draupner calculation model, implementing the orientation estimates from the 
Alfrödull framework, is useful for estimating the hourly PV electricity generation.  
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5.1.2 Hourly variatio ns and overestimat ions in the afternoon  

The scatter plots showed cluster tendencies, which were schematically illustrated in Figure 
16. There is one cluster on the right-hand side of the two regression lines, referred to as a tail 
in the results, where the model underestimates the hourly generation, compared to the 
measured generation. This cluster has an upper limit, commonly close to 2�í3 kWh and all 
hours of the day are represented in the hourly measurements, as well as all  months of the 
year. One possible explanation for this could be measurement inaccuracies in the MESAN 
and STRÅNG data. 

There is also a cluster during the nighttime and early morning, where the simulation model 
appears to consistently underestimate the production. Otherwise, the visualized clusters tend 
to overestimate the PV electricity generation. That the model overestimates the PV power 
generation can be seen in Table 3 and Table 5, where the simulated and measured production 
for the two validation steps were presented. This is further shown by the MBE values, since 
they are all positive, meaning the model tends to overestimate.  

Analyzing the hourly variations for the day, it becomes apparent that the Draupner model 
overestimates the power generation in the late afternoon. There are three clusters 
overestimating the measured production (the grey squares, black triangles, and black dots in 
Figure 16). One possible factor contributing to this disparity could be the difference between 
the assumed cell temperature and the actual cell temperature. The simulation model utilizes 
air temperature data from MESAN and STRÅNG as inputs, while the cell temperature is 
likely to be higher in the afternoon and evening due to heat accumulation within the modules 
and the surrounding roof throughout the day. Hence, the simulation model overestimates the 
PV power generation as the temperature coefficient used in the calculation is based on a 
lower-than-actual cell temperature. Similarly, the reverse scenario is also relevant for the 
morning discrepancy, where the measured production exceeds the simulated production. 

Another possible explanation for the model overestimating PV power generation in the 
afternoon could be the presence of unaccounted shadowing effects from the surroundings. 
These shadows may affect the actual solar radiation received by the panels, causing the 
model to erroneously assume that the panels are exposed to sunlight for a longer duration 
than they are. As a result, the model may overestimate the PV power generation for that 
period. 

5.1.3 Yearly variations show the highest difference in the s ummer months and 
the highest percentual difference during the winter months  

The highest magnitude of error occurs during the months April �íOctober, in accordance with 
when the highest PV generation occurs. Therefore, improving the accuracy of the estimated 
PV production during this time-period would lead to a better alignment between the 
simulated and measured values. One possible explanation for the variations during this time 
span is, as previously mentioned, that the Draupner model does not account for shadowing 
effects from the environment. Shade has a significant effect on the performance of solar 
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energy systems and a study [41] showed that the global maximum power point for 
monocrystalline and polycrystalline modules were 35% and 33% lower than the expected, 
due to shading.  

The calculated �� �6-value was lowest for the months November�íFebruary for all reference 
systems. Also, a monthly analysis shows the greatest percentual difference between the 
simulated and PV power, during the winter months: the difference between the simulated and 
measured PV power as a percentage of the measured power, showed the highest percentual 
difference the days representing November�íFebruary. 

Noteworthy is that Draupner overestimates the production during the winter months. This is 
verified by the green area representing months November�íMarch displayed in the scatter 
plots of the reference systems, in Appendices A and B. Explanations for losses during winter 
could be explained by snow losses that are not accounted for in the model. As [40] shows, 
snow losses can be as high as 20 % of the total, snow free, annual PV generation. In addition, 
losses from shadowing effect are present during the winter months. 

When and how much the model overestimates or underestimates was plotted based on 
location. The average error in the estimated and measured production every day of the year 
for the three Municipalities Uppvidinge, Falun and Knivsta showed similar patterns of the 
variations within the same municipality. The common factor between the municipalities is 
their weather and irradiance data, indicating that the pattern of the fault is influenced by the 
STRÅNG and MESAN data. 

5.2 Comparing the aggregated PV electricity generation on a 
municipal level 

Below, the results from the aggregated PV simulations using different assumptions are 
discussed.  

5.2.1 Comparing the PV electricity generation for the two scenarios  

The scenario that assumes all south and 45° tilt  oriented PV systems generates a higher 
aggregated PV production than the scenario of individual oriented systems of Knivsta 
Municipality. However, May to mid-July the average production is higher for the simulation 
with individual orientations, compared to simulating using all south and 45° tilt -oriented 
systems. Given that the median and mean value of the LiDAR approximated tilt for the 
identified PV systems in Knivsta is approximately 22°, this characteristic can prove 
beneficial for PV generation during months with higher solar elevations, as a lower tilt angle 
leads to higher PV production compared to having a higher angle of 45° under this condition. 

However, when regarding the hour of the highest generation, the scenario using individual 
orientations never precedes the scenario using a 45° tilt  and all south orientation. The day 
when the scenario with individual tilts has its highest PV generation, the scenario using an 
orientation close to the optimal still generates more.  
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5.2.2 Comp aring the simulated PV power using two scenarios to t he installed 
AC capacity  

The purpose of the two different scenarios on a municipal level were to simulate one scenario 
close to optimal conditions and one approximating real condition. This was put into relation 
to the assumption that all AC capacity could be fed to the grid. Comparing the highest hourly 
generation values with the installed AC capacity, the scenario aiming to reflect real 
conditions never reach the installed AC capacity, while the simulation using close to optimal 
orientations surpass it with 0.22 MWh, which is of course due to that the AC capacity was 
estimated with a DC/AC ratio of 1.08, while the simulations for the orientation close to 
optimal (45° tilt and directly facing south) was conducted with an DC/AC ratio of 1.00. The 
difference between the assumption that all AC capacity is fed to the grid and the highest 
hourly PV electricity generated using approximated real conditions was 415 kWh (in which 
both calculation uses the DC/AC ratio of 1.08.) Further, the DSOs assume that there is no 
self-consumption in their grid planning. The self-consumption is not included in the Draupner 
calculation model or this thesis. Hence, including self-consumption could further increase the 
remaining capacity. 

If comparing the average hourly production of all hours year 2022 for the two scenarios, the 
average hourly difference compared to the installed AC capacity is 2.57 MWh for individual 
orientations, and 2.27 MWh in average using the same orientation close to the optimal. The 
average hourly production over the year never exceeds 38% of the installed AC capacity 
when simulating using individual orientations. Correspondingly, it never exceeds 45% of 
installed AC capacity, using orientations close to the optimal and an optimal DC/AC ratio. 

In this thesis project, generic module parameters were approximated based on the year of 
installation, using 200 PV module product data sheets. A sensitivity analysis was conducted 
to test the effect on the aggregated PV electricity generation when varying these parameters. 
Varying the���ß�É�Ï�á�Ì�Í�¼��of the modules had a significant effect, whereas varying the parameters 
�ä�Ï�â�Ö and �8�à�ã had a marginal effect on the aggregated PV electricity generation. Hence, the 
sensitivity analysis emphasized that, for accurate results, the most crucial parameter among 
the approximated module parameters is the correct estimation of module efficiency. 

5.3 Practical implications 

In this thesis study, an optimization model was adapted and assessed to simulate the hourly 
PV electricity generation for reference systems. Subsequently, this model was utilized to 
estimate the overall PV generation within the municipality of Knivsta. Practical implications 
of this study include the statistical value of estimating the currently unknown electricity 
generation from PV systems in Sweden. Additionally, the estimated generation can be 
segmented by market segments, thereby enhancing the statistical foundation within the 
surveyed municipality. 
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Further, estimating the electricity generation at an aggregated level is of value for the DSOs 
when dimensioning the electricity grid. Two scenarios using the approximated real conditions 
and optimal conditions indicated how much electricity is generated and could be generated. 
Comparing this to the assumption that all installed AC capacity is fed to the grid shows that 
the scenario using approximations of real conditions never reaches the assumption of all AC 
capacity being fed to the grid. Hence, an estimation of the actual production and when it 
occurs could help the DSOs when planning the grid by determining the available capacity for 
future connections, as there is a remaining capacity of 415 kW as compared to the assumption 
that all AC power can be fed into the grid at the same time, during during the most critical 
hour. It could also help in visualizing the significant over dimensioning of the grid during the 
average hour, thereby highlighting the potential for optimization in terms of grid 
infrastructure. 

The Draupner calculation model could be a useful tool for approximating the aggregated 
power generation of distributed PV systems across large geographic areas, using remotely 
sensed data (RSD). This can be paired with the Alfrödull framework for PV panel detection, 
and area and orientation estimates of the systems. Machine learning models, particularly 
Convolutional Neural Networks (CNN), have demonstrated success in detecting PV systems 
within municipalities through aerial imagery.  

However, to create an automated model for approximating the aggregated power generation 
of distributed PV systems across large geographic areas, it is necessary to develop an 
automated method for estimating the area of identified systems. This is under development by 
Uppsala University [32] adopting a segmentation CNN model using a U-net architecture. 
Additionally, LiDAR data proves to be a promising RSD source for approximating the 
orientation of these decentralized systems. 

5.4 Further studies 

The integration of aerial imagery, LiDAR data, and deep learning techniques presents a 
promising opportunity to develop an automated method for accurately calculating the 
aggregated PV power generation within a municipality. One key aspect of achieving 
automation lies in the area approximation. By being less reliant on manual intervention, the 
method can become more efficient and scalable. Therefore, a suggestion is to automate the 
current manual process of creating polygons for identified PV systems. 

To enhance model accuracy, more extensive statistics of required technical parameters of the 
PV systems are needed. Hence, a suggestion for further studies is to process more PV module 
product data for generic modules, to improve the generic module approximations. The 
sensitivity analysis has highlighted the significance of accurately approximating the module 
efficiency, since varying this parameter significantly influenced the results. Further, the 
DC/AC ratio is the input that controls the generated AC electricity. It is currently based on 
115 PV private distributed residential systems and a more extensive database/study including 
the DC and AC capacity of more systems and from other market segments would be 
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beneficial. Additionally, it is relevant to compare the performance of the current inverter 
model implemented in the Draupner calculation model, simulated with the Steca Grid 300 
efficiency curve [10], with other alternatives. 

Furthermore, two potential sources of errors were discussed: model estimation faults due to 
undetected shading and snow losses. Therefore, it is recommended to incorporate models that 
account for these losses in the Draupner calculation model. 

Lastly, it was highlighted that the assumed cell temperature in the model is equal to the 
ambient temperature of the airmass surrounding the module. This is a potential source of 
error which could be one explanation for the �P�R�G�H�O�V�¶ tendencies to overestimate the PV 
generation in the afternoon and early evening, as well as underestimating it during the early 
morning. As a result, the modeled cell temperature could be improved by implementing 
approximations based on studied relationships between the cell temperature and ambient 
temperature.  

6. Conclusions 

In this study, a model was adapted for simulating historic decentralized PV electricity 
generation, based on an optimization tool developed by Becquerel Sweden. This model is 
called Draupner. In a first step, Draupner was validated against hourly production data from 
seven PV systems. In a second step, the model was further developed to simulate the 
aggregated electricity generation on a municipality level.  

The simulated PV power generation using orientations provided by the reference facility 
owners, corresponds well to the measured PV generation, with coefficients of determination 
ranging from 0.70�±0.84. While the RMSE, describing the typical spread of the data points 
around the regression line, ranges from 0.90�í3.41 kWh. The MBE was positive for all 
reference facilities, and the approximated electricity generation higher than the measured, 
confirming that the model is overestimating the total production.  
 
Similarly, the PV power generation simulated using approximated orientations, correspond 
slightly better to the measured PV generation, with coefficients of determination ranging 
from 0.69�±0.83. Other measurements of the correlation show similar results as using 
orientations provided by the facility owners, though the LiDAR approximated orientation 
slightly improves these metrics. However, the approximation does not significantly affect the 
relationship between the simulated and measured PV power. 

The �P�R�G�H�O�¶�V proximity of estimated to measured power generation vary over both the day 
and over the year. Descriptive statistics displayed the �P�R�G�H�O�¶�V tendency to overestimates to a 
higher percentual degree during the winter months, which was confirmed with scatter plots. 
However, the highest absolute error occurred the remaining months due to higher production 
values. During the day, the model tends to overestimate the PV generation in the late 
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afternoon and early evening, with a clear peak around 8�í9 pm. Contrary, the model 
underestimates the production in the early morning and during the night. In general, however, 
the model overestimates which is confirmed by positive MBE values for all reference 
facilities. Lastly, when comparing three municipalities where PVS1�í6 are located, there 
seems to be a pattern of the estimation errors within the municipalities.  

Assuming optimal conditions (45° tilt, 180° azimuth, and no curtailment) for Knivsta 
Municipality generated the highest aggregated PV power of 5 200 MWh, year 2022. 
Assuming real conditions generated an aggregated PV power of 4 601 MWh. These 
conditions were estimated using LiDAR data to determine the individual orientation of 
panels, and an average DC/AC ratio derived from 108 PV systems. Comparing the two 
scenarios, resulted in a higher aggregated PV power generation for the scenario 
approximating optimal conditions, all hours. The monthly average is also higher, except for 
May to mid-July when the scenario using individual orientations and an estimated average 
DC/AC-ratio has a higher monthly PV generation.  

The two abovementioned assumptions have a significantly lower average production 
compared to the assumption that the total installed AC capacity is fed to the grid. The average 
hourly production over the year for simulating using estimated real and optimal conditions, 
never exceeds 38% and 45% of the total installed AC capacity. This aggregated AC capacity 
for Knivsta Municipality was calculated to 4.14 MW, based on an average DC/AC ratio of 
1.08 and the approximated DC capacity of the municipality. The scenario aiming to represent 
real conditions never reaches the approximated AC capacity, with a difference of 415 kW. 
Concludingly, the two scenarios on a municipal level had a significantly lower average 
production compared to the assumption that the total installed AC capacity is fed to the grid 
and the scenario aiming to represent real conditions never reaches the approximated AC 
capacity. 
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Appendix A 

Scatter plots illustrating the correlation between measured and simulated PV electricity 
�J�H�Q�H�U�D�W�L�R�Q���I�R�U���W�K�H���V�L�[���U�H�I�H�U�H�Q�F�H���V�\�V�W�H�P�V���3�9�6���í�3�9�6�����D�U�H���S�U�H�V�H�Q�W�H�G���L�Q���)�L�J�X�U�H����8�í41. These 
scatter plots are generated based on individual orientations approximated with LiDAR data, 
known installed DC and AC capacity, and technical parameters. 

In one of the scatter plots, the hourly power generation data points are color-coded to 
represent five distinct time intervals throughout the day. In the other plot, the data points are 
classified based on the month in which they occur. The months are divided into three time 
�L�Q�W�H�U�Y�D�O�V�����$�S�U�L�O�í�$�X�J�X�V�W���U�H�S�U�H�V�H�Q�W�H�G���L�Q���E�O�X�H�����6�H�S�W�H�P�E�H�U�í�2�F�W�R�E�H�U���U�H�S�U�H�V�H�Q�W�H�G���L�Q���R�U�D�Q�J�H�����D�Q�G��
�1�R�Y�H�P�E�H�U�í�0�D�U�F�K���U�H�S�U�H�V�H�Q�W�H�G���L�Q���J�U�H�H�Q�� 

A continuous line represents the fitted regression, indicating the trend between measured and 
simulated PV electricity generation. Furthermore, a dotted line is included to represent a 
perfect fit, highlighting the ideal correlation between the measured and simulated data points 
as a reference. 
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Figure 28. Scatter plot for PVS1-U. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 29. Scatter plot for PVS1-U. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 30. Scatter plot for PVS2-U. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 31. Scatter plot for PVS2-U. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 32. Scatter plot for PVS3-F. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 33. Scatter plot for PVS3-F. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 34. Scatter plot for PVS4-F. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 35. Scatter plot for PVS4-F. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 36. Scatter plot for PVS5-K. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 37. Scatter plot for PVS5-K. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 38. Scatter plot for PVS6-K. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 39. Scatter plot for PVS6-K. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 40. Scatter plot for PVS7-G. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 41. Scatter plot for PVS7-G. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Appendix B 

Scatter plots illustrating the correlation between measured and simulated PV electricity 
generation for the six re�I�H�U�H�Q�F�H���V�\�V�W�H�P�V���3�9�6���í�3�9�6�����D�U�H���S�U�H�V�H�Q�W�H�G���L�Q���)�L�J�X�U�H��42�í53. These 
scatter plots are generated based on individual orientations approximated with LiDAR data, 
known installed DC and AC capacity, and technical parameters. 

In one of the scatter plots, the hourly power generation data points are color-coded to 
represent five distinct time intervals throughout the day. In the other plot, the data points are 
classified based on the month in which they occur. The months are divided into three time 
intervals: �$�S�U�L�O�í�$�X�J�X�V�W���U�H�S�U�H�V�H�Q�W�H�G���L�Q���E�O�X�H�����6�H�S�W�H�P�E�H�U�í�2�F�W�R�E�H�U���U�H�S�U�H�V�H�Q�W�H�G���L�Q���R�U�D�Q�J�H�����D�Q�G��
�1�R�Y�H�P�E�H�U�í�0�D�U�F�K���U�H�S�U�H�V�H�Q�W�H�G���L�Q���J�U�H�H�Q�� 

A continuous line represents the fitted regression, indicating the trend between measured and 
simulated PV electricity generation. Furthermore, a dotted line is included to represent a 
perfect fit, highlighting the ideal correlation between the measured and simulated data points 
as a reference. 
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Figure 42. Scatter plot for PVS1-U. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 43. Scatter plot for PVS1-U. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit.  
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Figure 44. Scatter plot for PVS2-U. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 45. Scatter plot for PVS2-U. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 46. Scatter plot for PVS3-F. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 47. Scatter plot for PVS3-F. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 48. Scatter plot for PVS4-F. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 49. Scatter plot for PVS4-F. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 50. Scatter plot for PVS5-K. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 51. Scatter plot for PVS5-K. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Figure 52. Scatter plot for PVS6-K. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 

 

Figure 53. Scatter plot for PVS6-K. The fitted regression is represented by a continuous line 
and the dotted line indicates a perfect fit. 
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Appendix C 

Table 14�í17 presents the statistical measures of correlation resulted from the sensitivity 
analysis conducted for the two validations, when varying the tilt  by ±20°.  

Table 14: Measures of correlation when altering the tilt  by +20° for validation step 1. 

System N R2 
RMSE 
[kWh] 

MSE 
[kWh] 

SSR 
[kWh] 

MAE 
[kWh] 

MBE 
[kWh] 

PVS1-U 33 912 0.74 1.28 4.9 43 398 0.51 0.08 

PVS2-U 33 720 0.7 1.69 5.55 56 944 0.6 0.12 

PVS3-F 30 806 0.64 4.32 11.9 133 105 0.88 0.32 

PVS4-F 42 280 0.65 2.91 8.26 123 084 0.82 0.02 

PVS5-K 43 796 0.69 0.7 2.27 30 842 0.41 0.22 

PVS6-K 40 188 0.75 2.07 8.13 83 142 0.79 0.39 

PVS7-G 42 527 0.74 2.58 9.83 109 719 0.79 0.17 

 
Table 15: Measures of correlation when altering the tilt  by -20° for validation step 2. 

System N R2 
RMSE 
[kWh] 

MSE  
[kWh] 

SSR  
[kWh] 

MAE 
[kWh] 

MBE 
[kWh] 

PVS1-U 33 912 0.74 1.28 4.90 43 398 0.51 0.08 

PVS2-U 33 720 0.70 1.69 5.55 56 944 0.60 0.12 

PVS3-F 30 806 0.64 4.32 11.90 133 105 0.88 0.32 

PVS4-F 42 280 0.65 2.91 8.26 123 084 0.82 0.02 

PVS5-K 43 796 0.69 0.70 2.27 30 842 0.41 0.22 

PVS6-K 40 188 0.75 2.07 8.13 83 142 0.79 0.39 

PVS7-G 42527 0.74 2.58 9.83 109 719 0.79 0.7 
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Table 16: Measures of correlation when altering the tilt by +20° for validation step 2. 

System N R2 
RMSE 
[kWh] 

MSE 
[kWh] 

SSR 
[kWh] 

MAE 
[kWh] 

MBE 
[kWh] 

PVS1-U 33912 0.73 1.31 4.85 44566 0.52 0.08 

PVS2-U 33720 0.68 1.67 5.20 56416 0.62 0.08 

PVS3-F 30806 0.60 4.13 10.39 127141 0.91 0.17 

PVS4-F 42280 0.66 3.03 8.94 128190 0.81 0.09 

PVS5-K 43796 0.69 0.70 2.29 30749 0.41 0.23 

PVS6-K 40188 0.77 2.00 8.55 80456 0.79 0.44 

 

Table 17: Measures of correlation when altering the tilt by -20° for validation step 2. 

System N R2 
RMSE 
[kWh] 

MSE 
[kWh] 

SSR 
[kWh] 

MAE 
[kWh] 

MBE 
[kWh] 

PVS1-U 33912 0.83 0.56 3.29 18987 0.41 -0.02 

PVS2-U 33720 0.82 0.67 3.76 22715 0.44 0.02 

PVS3-F 30806 0.76 2.37 9.77 73054 0.73 0.29 

PVS4-F 42280 0.80 1.58 8.01 66917 0.60 0.08 

PVS5-K 43796 0.79 0.40 1.91 17303 0.30 0.16 

PVS6-K 40188 0.84 1.63 10.16 65575 0.75 0.54 

 




