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Abstract 
 
 
 
 
 
 
In Germany the upscaling algorithm is currently the standard approach for evaluating 
the PV power produced in a region. This method involves spatially interpolating the 
normalized power of a set of reference PV plants to estimate the power production by 
another set of unknown plants. As little information on the performances of this method 
could be found in the literature, the first goal of this thesis is to conduct an analysis of 
the uncertainty associated to this method. It was found that this method can lead to 
large errors when the set of reference plants has different characteristics or weather 
conditions than the set of unknown plants and when the set of reference plants is small. 
 
Based on these preliminary findings, an alternative method is proposed for calculating 
the aggregate power production of a set of PV plants. A probabilistic approach has been 
chosen by which a power production is calculated at each PV plant from corresponding 
weather data. The probabilistic approach consists of evaluating the power for each 
frequently occurring value of the parameters and estimating the most probable value by 
averaging these power values weighted by their frequency of occurrence. 
 
Most frequent parameter sets (e.g. module azimuth and tilt angle) and their frequency of 
occurrence have been assessed on the basis of a statistical analysis of parameters of 
approx. 35 000 PV plants. It has been found that the plant parameters are statistically 
dependent on the size and location of the PV plants. Accordingly, separate statistical 
values have been assessed for 14 classes of nominal capacity and 95 regions in Germany 
(two-digit zip-code areas). 
 
The performances of the upscaling and probabilistic approaches have been compared on 
the basis of 15 min power measurements from 715 PV plants provided by the German 
distribution system operator LEW Verteilnetz. It was found that the error of the 
probabilistic method is smaller than that of the upscaling method when the number of 
reference plants is sufficiently large (>100 reference plants in the case study considered 
in this chapter). When the number of reference plants is limited (<50 reference plants 
for the considered case study), it was found that the proposed approach provides a 
noticeable gain in accuracy with respect to the upscaling method.  
 
  



  
 

Zusammenfassung 
 
 
 
 
In Deutschland ist aktuell das Hochrechnungsverfahren von Referenzanlagen der 
Standardansatz zur Berechnung der regionalen Einspeisung aus Photovoltaik. Diese 
Methode beinhaltet die räumliche Interpolation der normierten Leistung einer Menge 
von gemessenen Referenzanlagen zur Bestimmung der Leistung einer Menge 
unbekannter Anlagen. Da über die Performanz dieser Vorgehensweise kaum 
Informationen in der Literatur gefunden werden konnte, war das erste Ziel dieser Arbeit 
eine Analyse der Unsicherheit des üblichen Verfahrens. Dabei konnte gezeigt werden, 
dass das Verfahren zu großen Abweichung führen kann, insbesondere wenn die Menge 
der Referenzanlagen untypische Anlagen- oder Wetter-Charakteristika besitzt oder nur 
wenige Referenzanlagen verfügbar sind. 
 
Aufgrund dieser ersten Ergebnisse wird hier eine alternative Verfahrensweise zur 
Bestimmung der aggregierten Leistung eines PV-Anlagenpools vorgeschlagen. Ein 
probabilistischer Ansatz wurde gewählt, der es erlaubt, die Leistung beliebiger PV-
Anlagen aus Wetterdaten zu berechnen. Der probabilistische Ansatz besteht im 
wesentlichen daraus, die Leistungswerte für sämtliche beobachtbare Anlagen-
Parameter zu berechnen und den wahrscheinlichsten Wert zu bestimmen, indem die 
Leistungswerte entsprechend der Häufigkeit ihrer Anlagen-Parameter gewichtet 
gemittelt werden.  
 
Die häufigsten Parametersätze (z.B. Modul-Ausrichtung und -Neigung) und ihre 
Häufigkeitsverteilung wurden aus statistischen Auswertungen von ca. 35000 PV-
Anlagen ermittelt. Dabei konnte gezeigt werden, dass die Parametersätze statistisch 
abhängig sind von Größe und Ort der Anlage. Dementsprechend wurden separate 
Verteilungen für 14 Peakleistungs-Klassen und 95 Regionen in Deutschland 
(zweistellige Postleitzahlengebiete). 
 
Die Performanz des probabilistischen Ansatzes wird anhand von Leistungsmessungen 
15minütiger Auflösung von insgesamt 715 PV-Anlagen, bereitgestellt durch 
den Verteilnetzbetreiber LEW Verteilnetz, mit dem üblichen Hochrechnungsverfahren 
verglichen. Es konnte gezeigt werden, dass die Abweichung der probabilistischen 
Methode geringer ist als durch das Hochrechnungsverfahren, wenn die Zahl der 
Referenzanlagen groß genug ist (>100 Referenzanlagen im gezeigten Fall). Bei einer 
begrenzten Zahl von Referenzanlagen (<50 im gezeigten Fall) liefert das hier 
vorgeschlagene Verfahren eine signifikante Verbesserung in der Genauigkeit verglichen 
mit dem Hochrechnungsverfahren. 
 
  



  
 

List of units and symbols  
 

     Module azimuth angle  [°] 

   Solar azimuth angle  [°] 

     Module tilt angle [°] 

   Solar elevation angle [°] 

δ Declination of the earth [°] 

ε 
Eccentricity coefficient describing the variation of the distance 
sun-earth during the year 

[-] 

   Zenith angle [°] 

     Incidence angle of the beam light on the module plane [°] 

  Latitude [°] 

ω Hour angle [°] 

AC Alternative current  

Alb Ground albedo [-] 

aOpt 
Optical loss coefficient for the direct component of the POA 
irradiation in the Martin and Ruiz model 

[-] 

am Air mass [-] 

Bhor Direct or beam horizontal irradiation [W/m2] 

      Normal beam irradiation  [W/m2] 

Bpoa Beam or direct irradiation incident on a module plane [W/m2] 

CLT Central limit theorem  

CPD Cumulative density distribution  

DC Direct current  

Dhor Diffuse horizontal irradiation [W/m2] 

Dpoa Diffuse irradiation incident on a module plane [W/m2] 

EOT Equation of time [min] 

Geff 
Effective irradiation (part of the plane of array irradiation 
contributing to the photovoltaic effect) 

[W/m2] 

GET Extraterrestrial irradiation [W/m2] 

Ghor Global horizontal irradiation [W/m2] 

Gpoa 
Plane of array global irradiation or global irradiation incident on a 
module plane 

[W/m2] 

    Solar constant (1367 W/m2) [W/m2] 

IDW Inverse distance weighting  

Imp 
Current corresponding to the maximum power point of the IV 
curve of a PV module 

[A] 

Isc Short circuit current of a PV module [A] 

J Julian day [-] 



  
 

     
Coefficient describing the loss of capacity of PV modules with time 
(module ageing) 

[%/a] 

KT Ross coefficient  [%/(W/m2)] 

kW Kilowatt  

kWp Kilowatt peak (production of a PV module under STC conditions)  

LUT Look up table  

MAE Mean average error  

MPP Maximal power point  

NWP Numerical weather prediction  

p Coefficient of the IDW spatial interpolation method [-] 

PDD Probability density distribution  

Pmp 
Power corresponding to the maximum power point of the IV 
curve of a PV module 

[kW] 

Pnom Nominal or peak power of a PV plant  [kWp] 

POA Plane of array  

    
   Total photovoltaic power produced in a region [kW] 

PV Photovoltaic  

RMSE Root mean square error  

Rpoa Reflected irradiation incident on a module plane  [W/m2] 

ST Standard time  

STC Standard test conditions  

t Time  

Tair Air temperature [°C] 

tinst Time of installation of a PV plant  

TSO Transmission system operator  

TST  True solar time  

UT Universal time  

Voc Open circuit voltage of a PV module [V] 

Vmp 
Voltage corresponding to the maximum power point of the IV 
curve of a PV module 

[V] 

w Weights  [-] 

x Geographic location of a PV plant  
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1 Introduction 

1.1 Role of forecast for the integration of the PV energy in the German power 
system 

 
As a result of the German renewable energy act (Erneuerbare-Energien-Gesetz EEG) and 
the subsequent cost reduction of photovoltaic modules, Germany has witnessed a rapid 
development of its photovoltaic (PV) capacity over the last years. In mid-2015, 1.48 
million PV plants with a total installed capacity of 36.66 GWp were connected to the 
German grid [Amprion EEG] [50Hertz EEG] [TenneT EEG] [TransnetBW EEG]. A 
comparison of the installed capacity with an energy demand varying between 35 and 75 
GW [Load ENTSO-E] and a minute reserve power of -5.5 and +7 GW [BNA Monitoring] 
shows that an accurate consideration of the PV power generation is crucial for the 
secure and economical operation of the power system. 
 
The large amounts of solar energy produced by the photovoltaic plants are integrated 
into the German electricity supply system in three main steps. Firstly, the balance of the 
power generation with the energy demand is planned for the next day. This planning 
phase includes the day-ahead spot energy trading and the network congestion 
management and is realized on the basis of day-ahead forecasts of the energy demand 
and generation in a 15 min time resolution. The expected PV power generation for the 
next day is considered in this first step using day-ahead forecast systems. A short-term 
correction of the day-ahead forecasts is then possible through energy trading on the 
intra-day energy market, though it generates additional costs. As the forecast error 
generally decreases with the forecast time horizon, short-term PV power forecast 
systems can be used to mitigate the day-ahead forecast error. In this case the difference 
between the day-ahead and intra-day forecasts is traded on the intra-day energy market. 
Finally, the remaining imbalances between the scheduled generation and the actual 
demand and generation are adjusted by implementing reserve power to keep the grid 
frequency at 50 Hz ± 0.2 Hz [Heuck Dettman 2005]. It has been observed several times 
in the last years that a high PV forecast error results in large reserve power 
requirements [ZFK 2013] [Saint-Drenan et al 2011]. 
 
PV power forecasts thus play a central role in the integration of solar energy into the 
power system. Considering the order of magnitude of the installed capacity, it is clear 
that very good forecast systems are required and that any improvement of the forecast 
accuracy contributes to the better integration of solar energy in the power system. 

1.2 Regional PV power forecast 
 
The expected power production of the roughly 1.5 million PV plants (as of mid-2015) 
must be estimated every 15 min till the next day(s). Since the large majority of the 
installed PV plants are neither measured nor sufficiently documented for a simulation, 
an explicit consideration of each single PV plant is impossible. As an alternative, the 
aggregated production of the numerous PV plants can, in most cases, be estimated by  
scaling the forecasted production of a selected number of reference PV plants to the 
total production of all plants installed in a region [Lorenz Heinemann 2012] 
[Schierenbeck et al. 2010]. Forecasting the power generated by a pool of partially known 
plants is thus very different from forecasting power from a single plant with available 
historical measurements, as the consideration of unknown plants requires special 
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treatment and generates additional uncertainties. In order to clearly distinguish this 
application (forecasting the power generation of a set of plants) from other PV forecast 
applications (i.e. single-plant forecasting), it is referred to as the “regional PV power 
forecast” in this work. 
 
In this work the adjective regional is used when the power generation of a set of plants 
has to be estimated when no or little information is available on these plants. It is clear 
that different issues can be expected depending on the number of plants and the size of 
the region considered. The term regional is however used independently from the sets 
of plants and the regions considered in this thesis. The effects of the number of plants 
and size of the region on the performances of the approaches considered in this thesis 
are discussed later in this work. 

1.3 Focus of this thesis 
 
According to the studies available in the literature (i.e. [Lorenz Heinemann 2012]), 
regional PV power forecast systems can be formally split into two parts, the correction 
of meteorological forecast parameters impacting the PV power generation and the 
calculation of the power generated by the set of partially undescribed PV plants on the 
basis of the corrected forecasts. This formal distinction may of course be limited in cases 
where both issues are treated together (e.g., the use of an artificial neural network) but 
it nevertheless provides a helpful framework for the present discussion. 
 
While several publications and activities can be found on the correction of 
meteorological forecasts (see for example [Lorenz et al. 2009] [Müller Remund 2010] 
[Pelland et al. 2011], or [BMU EWELINE]), the calculation of the regional PV power 
generation on the basis of meteorological data has thus far remained little investigated 
[Lorenz Heinemann 2012] [Schierenbeck et al. 2010]. This situation is not surprising as 
the influence of the meteorological forecast uncertainty on the PV power forecast is 
greater than the error made in calculating the power generation. Nevertheless, several 
issues relating to the calculation of the regional PV power generation have yet to be 
addressed and represent important problems for German operators as they result in a 
non-negligible uncertainty in the estimate of the total PV power generation [Bergmann-
Dick 2013]. To fill this gap, this thesis focuses on the “assessment of the regional PV 
power generation with meteorological data”.  

1.4 Previous works 

1.4.1 Upscaling method: a standard approach to regional PV power forecast 
 
The upscaling method, which is based on a spatial interpolation of power forecast values 
(or measurements for the estimate of the current power generation) from a set of 
reference PV plants, is currently the standard method for assessing the regional PV 
power generation. This situation results among other factors from the recommendation 
made by the federal network agency (Bundesnetzagentur) in 2011 to encourage German 
energy suppliers to implement this method. Indeed, at this time it was common to use 
constant PV-generation profiles for scheduling and balancing energy supply, which 
conducted to a critical situation in autumn 2010 [Saint-Drenan et al 2011] [Thomaschki 
2011] [Hoffmann 2011]. This method is implemented in previous studies dealing with 
the estimation of the regional PV power generation [Lorenz Heinemann 2012] 
[Schierenbeck et al. 2010]. 
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1.4.2 Uncertainties of the upscaling method 
 
It can be expected that the upscaling method used with a large and representative set of 
reference PV plants yields good results. In practice, however, the number of reference 
plants is often limited because only a few companies have access to a large number of PV 
plant measurements, (mainly monitoring service providers), and confidentiality clauses 
included in the contracts binding PV plants owners to these companies hinder the use of 
the data by third parties. A given uncertainty may thus stem from the implementation of 
the upscaling method with a limited number of reference photovoltaic plants. The first 
potential source of error is due to the only partial acquisition of the irradiation field 
resulting from the limited set of reference plants; the meteorological information cannot 
be assessed for the entire region with a limited set of plants and an error can be 
expected for locations far from the reference plants. The second source of uncertainty 
relates to the configuration of the PV plants i.e. the module orientation and power curve 
of the PV plant). In cases where the configuration of unknown plants differs from the 
configurations of the reference plants, an error will result in the upscaling method for 
these plants.  
 
In addition to the forecast error of the numerical weather prediction (NWP) model 
output, two potential sources of error in the calculation of the regional power 
production from meteorological data can affect the performance of a regional PV power 
forecast system. These sources of uncertainty are illustrated in Figure 1-1, Figure 1-2, 
and Figure 1-4 by comparing measurements from a set of PV plants with satellite-
derived irradiation fields. Satellite information is used instead of meteorological 
forecasts in these examples because the focus of this work is on the calculation of 
regional PV power production with meteorological data and the above-mentioned 
effects are more clearly revealed with satellite data. 
 
In Figures 1-1 and 1-2, power measurements of a set of PV plants are compared spatially 
with irradiation fields derived from satellite pictures for the instants 15/05/2012 12:00 
UT and 28/05/2012 12:00 UT. Power measurements are normalized by the nominal 
capacity of the PV plant so that all values can be compared independently of the plant 
size. Each power measurement is displayed by a coloured square on a map at the 
location of the corresponding plant (left image in Figures 1-1 and 1-2). The colour of 
each square corresponds to the normalized power generation of a plant: a blue square 
means that a plant is producing 0 to 10% of its nominal capacity and a red square 
represents a production between 70 and 80%. The measurements have been provided 
for this work by the German distribution system operator LEW Verteilnetz.  
 
On the right-side image of Figures 1-1 and 1-2, irradiation maps provided by the service 
HelioClim-3 [Gschwind et al 2006] are given for the instants 15/05/2012 12:00 UT and 
28/05/2012 12:00 UT. The spatial extension of the irradiation map is the same as that 
used for the spatial representation of the normalized power so that the two maps can be 
directly compared. In these maps low irradiation values are displayed in blue  
(0-200 W/m2) and high irradiation values in red (800-1000 W/m2). With solar 
irradiation being by far the most influential parameter  on the PV power generation, 
high values of normalized power generation on the left maps should correspond to high 
values of irradiation on the right maps and vice versa. 
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Figure 1-1: Comparison of spatially dispersed PV measurements (left picture) with the corresponding 
irradiation field (right picture) for the instant 15/05/2012 12:00 UT. The power measurements are 
represented by coloured squares placed at the location of the PV plants and the colour represents the 
normalized power generation; the location of the PV plants are shown by the black squares in the right 
image 

 
In the first example (Figure 1-1, 15/05/2012 12:00 UT), good agreement between 
power measurements and satellite-derived irradiation field can be observed. Areas with 
small irradiations values in the North (blue areas in the right-side map of Figure 1-1) 
correspond to low values of the normalized power generation (blue squares in the left-
side map of Figure 1-1) and regions with a high irradiation in the South (red areas in the 
right-side map of Figure 1-1) match with the high values of the normalized power (red 
squares in the left map of Figure 1-1). The general tendencies of the irradiation field are 
thus well represented by the plant measurements. More subtle patterns present in the 
irradiation field and surrounded by the black ellipses in the figure, however, are not 
recognizable in the measurements due to the limited spatial concentration of the PV 
plants.  
 
In the second example, the irradiation field and normalized PV power generation values 
are compared for the instant 28/05/2013 12:00 UT (Figure 1-2). As in the first example, 
values of the normalized PV power (left map) for each plant location match well with the 
satellite-derived irradiation (right map). This example however differs from the first one 
by the presence of smaller spatial structures. The smaller patterns observable in the 
irradiation field (right map) are much more difficult to recognize with the point data 
available from the set of plants (left map), despite power values matching irradiation 
intensities well for every individual plant. This second example shows that the 
irradiation field contains spatial structures with a length scale that cannot be assessed 
with a limited set of points (PV plants). It can thus be expected that the performance of 
the upscaling method will be limited in regions with a low density of reference PV 
plants. 
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Figure 1-2: Comparison of spatially dispersed PV measurements (left picture) with the corresponding 
irradiation field (right picture) for the instant 28/05/2012 12:00 UT The power measurements are 
represented by coloured squares placed at the location of the PV plants and the colour represents the 
normalized power generation; the location of the PV plants are shown by the black squares in the right 
image 

 
The second potential source of uncertainty for the upscaling method stems from how 
representative the set of reference PV plants is. Indeed, the characteristics of a PV plant -
and particularly of the module orientation- have a major influence on its power 
generation. Two PV plants experiencing equivalent meteorological conditions can have a 
very different daily power generation profile if their characteristics are different.  
 
To illustrate the effect of the plant parameters on the daily profile of the power 
generation, the irradiation incident on different plane orientations is displayed for a 
cloudless day in Figure 1-3 (measurements made in Kassel on 19/08/2012). The colours 
of the different curves correspond to different orientations of the module: the blue line 
corresponds to a module facing southwest with a tilt angle of 45°, the red line to a 
module facing southeast with a tilt angle of 45°, and the grey line to a horizontal module. 
The correspondence between line colours and module orientations is given in the 
legend. 

 
Figure 1-3: Daily profiles of the irradiation incident on different plane orientations – the different line 
colours correspond to different module orientations (measurements made in Kassel on 19/08/2012) 
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The different irradiation profiles given in Figure 1-3 show that noticeable differences 
can be observed between modules with different orientations. For example the 
irradiation received at 08:00 UT by the module oriented towards the south west with an 
inclination of 45° (blue curve) is 600 W/m2 higher than the irradiation received on the 
module oriented towards the north east with an inclination of 45° (red curve). These 
differences directly impact the normalized power generation since irradiation is the 
most influential quantity on the power generation. Instantaneous differences of up to 
60% of the nominal capacity can thus be expected between PV plants with very different 
configurations. 
 

 
Figure 1-4: Comparison of spatially dispersed PV measurements (left picture) with the corresponding 
irradiation field (right picture) for the instant 19/08/2012 12:00 UT – the power measurements are 
represented by coloured squares placed at the location of the PV plants and the colour represents the 
normalized power generation; the location of the PV plants are shown by the black squares in the right 
image 

 
A further illustration of the impact of the PV plant parameters on the power generation 
is given in Figure 1-4. In this example power measurements of the LEW PV plants are 
compared to the irradiation field for a clear-sky situation (19/08/2012 12:00 UT).  
 
With a clear-sky condition being chosen for this example, the irradiation field given in 
the right map of Figure 1-4 is very homogeneous with values between 740 and 760 
W/m2. Meteorological condition at each PV plant is thus very comparable and little 
variation between values of the normalized power from the different plants could be 
expected if the characteristics of the PV plants were similar. Yet, noticeable differences 
can be observed among the power values displayed in the left map of Figure 1-4.  
 
These variations are of two natures. Outliers (light to dark blue squares e.g. at 48.13°N; 
10.45°E or 48.09°N; 10.15°E) most likely stem from plant outages, as even if large 
deviations among plants can be explained by different configurations, a normalized 
power smaller than 0.2 kW/kWp with irradiation values greater than 700 W/m2 is 
implausible under normal operation. Squares coloured yellow to red are in contrast 
plausible and the observed variations of the normalized power generation of between 
0.5 and 0.8 kW/kWp are most likely due to differences in plant characteristics. 
 
In this example, the variation of the normalized power at the different reference plants 
will be spatially interpolated using the upscaling method. The resulting spatial 
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variations are only due to the different characteristics of the reference plants and may 
not match the actual power production of the unknown plants, which would result in 
local errors from the upscaling method.  

1.4.3 Approaches for mitigating the weaknesses of the upscaling method in previous 
works 

 
The above mentioned issues related to the upscaling method are addressed in [Lorenz 
Heinemann 2012]:  
 
“The quality of the upscaling procedure depends on the appropriate definition of a 
representative data set. (...) The representative subset should show a similar response to 
the irradiation condition as the full ensemble. A correct representation of the spatial 
distribution of the nominal power is most important in this respect. In addition, the 
distribution of system orientations has an influence on the ensemble power production and 
the subset should reflect the original orientations. Finally, the mix of module types has to 
be considered, because different module types show different part-load behaviour: for 
example, thin-film technologies generally show a better efficiency for low irradiance 
values. An incorrect representation of module types in the subset can therefore lead to 
systematic deviations”.  
 
The statement of Lorenz and Heinemann contains the two sources of uncertainty of the 
upscaling method previously mentioned. The authors propose an approach to deal with 
these problems: 
 
“In order to determine a suitable set of representative systems, in a first step the basic 
characteristics of the complete set of systems in an area have to be described. Available 
information here depends on the regulatory framework in a country. For example in 
Germany (...) all PV systems receiving feed-in tariff have to be registered with address and 
nominal power. Thus, most essential information on the spatial distribution of the nominal 
power of PV-systems is available (...). However, more detailed information on module type, 
tilt, tracking, and so on, is not recorded. The distribution of these parameters has to be 
estimated from existing databases”. 
 
The recommendations proposed by Lorenz and Heinemann mean that the set of 
reference plants must be selected so that its characteristics meet the characteristics of 
entire group of installed plants. With this approach the representativeness of the set of 
reference plants is guaranteed, but, two major obstacles unfortunately remain when 
considering these recommendations.  
 
The first obstacle to the implementation of the proposed method lies in the selection of a 
subset of reference plants in a larger set of available measured plants. By selecting a set 
of representative plants from a larger set of plants with available measurements, the 
number of plants is reduced to increase the representativeness of the subset of 
reference plants. This implies that a large number of measured plants are available, a 
condition that is difficult to satisfy since, as previously mentioned, it is difficult to have 
access to this information. In practice, the most common situation is that only a limited 
number of PV plant measurements are available, such that the totality of the data is used 
in order to have the best assessment of the spatial distribution of the PV power 
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generation. This pragmatic approach is also motivated by the idea that the larger the 
number of PV plants considered, the more representative the subset. 
 
Assuming that a large number of measured PV plants are available, the second obstacle 
problem regards choosing the criteria for representativeness. In Germany, the only 
information thus far available for all plants is the nominal capacity, time of installation 
and address. Further characteristics, which have an important effect on the production 
profile, such as the module orientation or the module and inverter efficiencies are 
unknown. It is unclear if reference plants selected with only these three criteria show a 
similar response to the irradiation condition, as the full ensemble of unknown PV plants. 
 
The uncertainty of the upscaling method is also briefly addressed in another publication 
from Schierenbeck et al. in [Schierenbeck et al. 2010]. In an investigation on the optimal 
parameter of the spatial interpolation, the authors introduce a correction in the 
upscaling method which is based on the yearly production of the PV plants. 
Unfortunately, details on this correction are not given in the paper. This pragmatic 
approach is interesting but difficult to implement since the yearly production of the PV 
plants is frequently affected by e.g. string failures, and therefore varies from year to year 
because of operational issues. Due to the lack of information on this correction method 
and the problems related to the accurate assessment of the yearly energy production, 
this correction is not considered further in this work. 

1.5 Objectives of this thesis 
 
The present work regards overcoming the two obstacles previously mentioned by 
addressing two main goals: 

 Analysis and quantification of the error of the upscaling method 

 Development of an alternative approach aimed at mitigating the weaknesses of 
the upscaling method 

A description of these objectives is given in the following two subsections, which is 
followed by a discussion on the relevancy of the proposed method. 

1.5.1 Analysis and quantification of the error of the upscaling method 
 
The first goal is to analyse and quantify the error of the upscaling method caused by the 
spatial distribution of the reference PV plants and their characteristics. Indeed, there are 
few studies in the literature, in which the performance of the upscaling method is 
analysed in detail. Though a few figures can be found on the error of this method 
[Schierenbeck et al. 2010] [Lorenz Heinemann 2012], the effect of the size and 
characteristics of the set of reference plants has to date not been investigated. There is 
thus a need to gain more knowledge on the accuracy of the upscaling approach. For this 
purpose, a set of measurements provided by the German distribution system operator 
LEW Verteilnetz is used to analyse the error of the upscaling method. The method 
proposed by Lorenz and Heinemann for the choice of the set of reference plants is not 
implemented due to the problems previously mentioned and the limited number of 
measurements available. This choice is also motivated by the fact that the situation 
frequently occurs by which the maximum number of reference plants is used regardless 
of their characteristics.  
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1.5.2 Introduction of an alternative approach aimed at mitigating the weaknesses of the 
upscaling method 

 
The second goal of this thesis is to investigate whether it is possible to solve or mitigate 
the problems caused by the spatial distribution and representativeness of the PV plants 
despite the limited availability of PV plant measurements. This investigation is based on 
two ideas. As previously mentioned the irradiation field is only assessed by a limited 
number of points (set of reference PV plants) while the whole field is known from 
meteorological sources, e.g. satellite information or forecast from numerical weather 
models. Considering that the irradiation is one of the most important factors influencing 
the PV power generation, it can be expected that considering the entire irradiation field 
instead of a limited number of point values should improve the accuracy of the regional 
PV power assessment. The first idea investigated in this thesis thus consists of using all 
weather information available instead of only that at the locations of the reference PV 
plants. The second idea is an extension of that proposed by Lorenz and Heinemann in 
[Lorenz Heinemann 2012]: “In order to determine a suitable set of representative systems, 
in a first step the basic characteristics of the complete set of systems in an area have to be 
described”. If reliable statistics on the different parameters of a PV plant are available, 
this information could be fully exploited to ensure that the method used for the 
determination of the regional PV power generation describes the behaviour of all PV 
plants. While the use of this information with the upscaling method is difficult given the 
constraints set by the set of reference plants, it is possible to take this information into 
account using a physical PV model. Here, the term “physical model” should be 
understood as a model which describes the physical quantities involved in the 
calculation of the PV power generation and where the different configuration 
parameters of the plant are explicitly considered. Statistics of the PV plant parameters 
can for example be exploited by assuming that they can be generalized to the set of 
plants that are not measured. With this assumption, it becomes possible to simulate all 
plants using statistical information to choose appropriate parameters for the physical 
PV plant model. 
 
The implementation of these two ideas requires a preliminary selection and statistical 
analysis of the most relevant PV plant parameters. The most important configuration 
parameters of a PV plant are identified by conducting a sensitivity analysis of the effect 
of different model parameters on the simulated power generation. These parameters are 
then collected for a large number of PV plants from different sources as a basis for the 
statistical analysis. The goal of the statistical analysis is to identify which parameter sets 
frequently occur and to evaluate their frequency of occurrence. An algorithm based on a 
physical model is finally developed which uses meteorological fields and the results of 
the parameter statistical analysis as inputs for the estimation of the regional PV power 
generation. Succinctly, the approach implemented in this algorithm involves simulating 
the power productions for all sets of parameters identified in the statistical analysis. The 
most probable value of the power production of a PV plant is then estimated by 
summing all power values weighted by the frequency of occurrence of their 
corresponding parameter set. Though a single (deterministic) power value is calculated 
for each plant, the chosen method is very similar in concept to a probabilistic approach. 
It is therefore referred to as probabilistic estimation in this work. 
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1.5.3 Relevancy of the proposed method 
 
Conceptually, the proposed method generalizes statistical information of PV plant 
parameters derived from a large dataset and makes full use of the information contained 
in the meteorological products for evaluating the regional PV power generation. While 
the potential benefits of the improved use of meteorological information is clear, using a 
probabilistic approach to describe the PV plants instead of an explicit set of reference 
plants can be more questionable. An argument often advanced for the use of reference 
plants is that power measurements provide samples of the actual power generation, 
which implicitly contain more information than can be considered in a simulation. 
Indeed, local weather phenomena, local shading, special plant configuration or even 
power generation failure effects are included in the measurements. With such effects 
being difficult to take into consideration in a simulation, the use of reference plants 
provides a better measure of reality than a simulation. 
 
This argument is undeniable as long as the number of reference PV plants is very large, 
but it becomes disputable when only a limited number of reference plants is available. 
Indeed, a set of -for example- several thousand reference PV plants cannot always locally 
describe the actual distribution of the PV plant parameters. As illustrated earlier 
(Figures 1-3 and 1-4), the spatial interpolation of measurements from non-
representative PV plants can lead to local errors. In such cases, it can be argued that 
such errors can be avoided with the probabilistic approach proposed in this work. This 
counter-argument should be applied with caution since its validity may depend on the 
individual case. Indeed, it can be expected that the use of statistical information is 
beneficial in situations where the reference parameters are not representative and the 
statistics perfectly fit the unknown PV plants. The inverse situation with unsuitable 
statistical values and very representative PV plants can also occur, in which case the 
proposed method would underperform as compared to the standard approach.  
 
Both methods thus have their potential advantages and disadvantages and it cannot be 
stated a-priori that one method is better than the other. Nevertheless, the potential 
benefits of the proposed probabilistic approach justify that its applicability and 
performances be investigated in this thesis. To gain insight into the respective 
performances of the two methods, the results of the two procedures are evaluated, 
analysed and compared using power measurements provided by LEW Verteilnetz. Their 
implementation for different applications is then discussed. 
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Table 1-1: Comparison of the strengths and weaknesses of the upscaling and 
probabilistic methods 
 Upscaling method Probabilistic method 
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- Simple implementation 
 

- Implicit consideration of the plant 
characteristics 
 

- Implicit consideration of local effects 
and plant outage 

- Consideration of the meteorological 
information for each plant 
 

- Explicit consideration of the plant’s 
characteristics 

W
e

a
k

n
e

ss
e
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- Numerous power measurements needed 
 

- Potential error when the set of reference 
plants have different characteristics 
(module orientation, power curve) than 
the total set of PV plants 
 

- Partial consideration of the 
meteorological data 

- Complex implementation 
 

- Difficult consideration of local effects 
and plant outages 
 

- Potential error if the used statistics are 
not matching the characteristics of the 
total set of PV plants 

 

1.6 Structure of the thesis 
 
To treat the questions addressed by this thesis, the work is organized as follows: 
 
In chapter 2, the performance of the upscaling method is first analysed. The goals of the 
investigation are both to verify that the above mentioned weaknesses of the standard 
upscaling method indeed result in an error in the estimate of the regional PV power 
production and to quantify the order of magnitude of this error. Based on this 
information, it is discussed whether the development of an alternative method is 
justified or if the performance of the upscaling method is sufficient such that an 
alternative approach is not needed. 
 
Chapter 3 focuses on the simulation of individual PV plants. Indeed, the calculation of 
the PV power generation from meteorological data is the cornerstone of both 
investigated methods. A set of models for simulating the PV power generation on the 
basis of meteorological information is chosen from amongst the different works 
available in the literature. Since the situation frequently occurs where historical data are 
available but simulation parameters are not available, a method for deriving simulation 
parameters from historical measurements is also proposed (a probabilistic estimate).  
 
In chapter 4, an alternative method for estimating the regional PV power generation on 
the basis of meteorological data is proposed. A statistical analysis of the most important 
PV plant configuration parameters is conducted with a database including ca. 35 000 PV 
plants. An algorithm using this statistical information for the calculation of the regional 
PV power generation is presented. 
 
In chapter 5, the performances of the two methods are evaluated and compared using 
measurements of PV plants provided for this work by LEW Verteilnetz. An analysis of 
the sensitivity of the performance of the upscaling method to the number of reference 
PV plants is also conducted gain a better insight into the effect of the set of reference 
plants on the performance of the upscaling method.  
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In chapter 6, the validity of the results found in chapter 5 for any other dataset than the 
one used in this work is discussed. The potential benefits offered by the probabilistic 
approach are then discussed for several applications. 
 
Finally, the results obtained in the different parts of this thesis are summarized in 
chapter 7. An outlook on potential improvements and further developments of the 
probabilistic approach is also given in this concluding chapter. 
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2 Analysis of the performance of the upscaling method 
 

As discussed briefly in introduction, the upscaling algorithm is in Germany currently the 
standard approach for evaluating the PV power produced in a region. Most stakeholders 
in the energy sector use this method for estimating the actual PV power generation 
using measurements from a set of reference plants and forecasting the future PV power 
generation using single-plant forecasts from a set of reference plants. This situation 
results amongst other factors from the recommendation made by the federal network 
agency (Bundesnetzagentur) in 2011 to encourage German energy suppliers to 
implement this method. Indeed, at that time it was common to use constant PV-
generation profiles for scheduling and balancing the energy supply, which lead to a 
critical situation in the Autumn of 2010 [Saint-Drenan et al 2011] [Thomaschki 2011] 
[Hoffmann 2011]. The implementation of the upscaling method by most transmission 
system operators, distribution system operators, energy suppliers and PV forecast 
suppliers thus represents a real progress in comparison to the previous state of the 
industry. Nevertheless, it is unclear how accurate this method is when only a limited 
number of reference plants are available. Indeed, in such situations two issues can 
penalize the accuracy of the upscaling method (cf. introduction): 

- The partial measurements of the irradiation field by a limited number of point 
measurements, and, 

- Eventual differences between the characteristics of the reference and 
uncharacterized PV plants. 

This thesis has been motivated to a large extent by the uncertainty resulting from these 
two problems. With respect to these issues, a quantification of their effects on the 
accuracy of the regional PV power estimate is worthwhile to assessing how critical the 
issue addressed by this work is. This quantification is the main goal of this chapter. For 
this purpose, the performance of the upscaling method has been evaluated using a set of 
measurements provided by the German distribution system operator LEW Verteilnetz. 
This dataset includes 15 min power measurements from 1122 PV plants with a total 
capacity of 511 MWp. A subset of 366 PV plants with a complete and error-free 
measurements time series on the time period 01/07/2013 - 01/08/ 2014 was selected 
for the analysis. The spatial distribution of the selected PV plants is shown in Figure 2-1.  
 
The estimation of the algorithm performance is realized by splitting the set of available 
measurements into a subset of reference data and a subset of test data. The power 
values of the test plants are then estimated with the algorithm using measurements 
included in the reference data subset. The estimated power values are finally compared 
to the measurements of the test plants to evaluate the performance of the upscaling 
method. Only power measurements are thus used in the various investigations 
conducted in this first chapter. The choice of only using measurements in this chapter is 
motivated by the focus of the present section, which is the analysis of errors in the 
estimation of the regional PV power generation by the upscaling method due to sources 
of uncertainty inherent to this method. For this purpose, direct power measurements 
are better suited than PV power evaluated from meteorological data, since the use of the 
later data source would result in additional error terms that are irrelevant for the 
question addressed here (uncertainty in meteorological conditions, error in PV power 
calculation). An analysis of the error of the upscaling method using power values 
estimated from meteorological data is later carried out in chapter 4. 
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Figure 2-1: Spatial distribution of the PV plants used in this chapter (Source: LEW Verteilnetz) 

 
It is clear that the performance of the upscaling method depends on the number of 
reference plants as well as on their spatial arrangement and characteristics. 
Additionally, the number and characteristics of unknown plants can also be expected to 
influence the accuracy of this method. These factors need thus to be considered in the 
quantitative evaluation of the accuracy of the upscaling method, whose consideration 
requires an appropriate evaluation procedure. The present chapter has been structured 
to address these issues. 
 
After a short introduction of the concept and mathematical formulation of the upscaling 
method (Section 2.1), the local error of the upscaling method is first analysed at each 
single test plants under consideration of the local density of reference plants  
(section 2.2). The quantity analysed in this first step (interpolated power at single 
location) is the intermediary result of the upscaling method before aggregating all local 
estimates of the PV power generation. This first investigation is motivated by the fact 
that the analysis of the sources of errors of the upscaling is easier at this level than when 
considering aggregated power values. In addition, an explicit consideration of the local 
characteristics of the set of reference plants and its effect on the local upscaling error 
are also much easier this way. 
 
Though this first approach is helpful to understand the elementary mechanisms 
responsible for errors in the upscaling method, this analysis is only of limited relevance 
for typical applications of the upscaling method, which is commonly used for large sets 
of plants, not single plants. To bridge the gap between results obtained at single plants 
and the performance expected for a cluster of plants (or a region), the effect of the 
aggregation of power values (measurement and interpolated values) from different 
plants on the error of the upscaling method is analysed in section 2.3. The focus of this 
second part is thus on the evolution of local error values into a global error, that occurs 
in the last calculation step of the upscaling method, where all power values are 
aggregated together. 
 
In the last section (2.4), the influence of the set of reference plant on the performance of 
the upscaling method is finally analysed. 
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2.1 Description of the upscaling method 
 

a) Principle of the upscaling method 
 

The basic principle of the upscaling method is to estimate the power generation of a set 
of un-metered PV plants on the basis of the measurements of a subset of known 
reference plants using spatial interpolation techniques. A description of this method can 
be found in [Schierenbeck et al 2010]. 
 
The first step of the upscaling consists of normalizing PV-measurements by their 
nominal capacity so that all yield values (power generation normalized by the nominal 
capacity) are comparable to each other independent of the respective sizes of the PV 
plants. 
 
The yield of the unknown PV plants is then estimated by spatially interpolating the yield 
of the reference plants to the location of the unknown plants. Interpolated yield values 
are then normalized by the nominal capacity of the unknown PV plants and finally 
aggregated over the considered region to assess the regional PV power generation. 
 
Different interpolation techniques can be used for estimating the unknown yields of 
plants. In this thesis, the inverse distance weighting (IDW) method has been chosen, as it 
is frequently used in such applications. The mathematical formulation of this 
interpolation algorithm is given in equations (2.1.1) and (2.1.2) and is illustrated in 
Figure 2-2. 

 

 
 
                     

 
             (2.1.1) 

 
 

         
        

  

         
   

   

          (2.1.2) 

Figure 2-2: Principle of the IDW spatial interpolation 

 
The inverse distance weighting [Shepard 1968] is a spatial interpolation method based 
on the principle that sample values closer to the prediction location have more influence 
on prediction value than sample values farther apart. A missing value y(x0) at location x0 
is calculated by the sum of the known values y(xi) at locations xi weighted with a 
coefficient w(x0,xi) over all n known values (Equation 1.1). 
 
The weights w(x0,xi) are evaluated with a decreasing function of the geographic distance 
d(x0,xi) between the points x0 and xi (Equation 2.1.2) such that the larger the distance 
between the point xi and x0, the smaller the weight w(x0,xi). The value of p controls the 
region of influence of each of the sampled locations: it specifies the rate of influence of a 
reference plant as distance increases. A small value of p brings about a very fast 
decrease in the weight with distance and thereby a reduction in the region of influence 
of the sampling data. The resulting interpolated field will be a smooth surface with 
strong peaks in the vicinity of the points used for the spatial interpolation. When p is 
equal to zero, the method is equivalent to simply averaging the sampled values. A large 
value of p, on the other hand, results in a slow decrease of the weight with the distance 
and an augmentation of the region of influence of the sampling data. As p grows very 



28 2.1 - Description of the upscaling method 
 

large, the method approximates the Voronoi tessellation procedure [Watson and Philip, 
1985]. 
 
The typical value used for p depends on the application [Kelway 1974] [NOAA 1972] 
[Kaluarachchi et al. 1990] and a common practice is to determine the optimal value of p 
for a considered problem. The purpose of the next section is thus to assess the 
interpolation error for different values of the p in order to determine its optimal value 
for the present application. 
 

b) Evaluation of the optimal value of p for the spatial interpolation 
 

Power measurements provided by the German DSO LEW Verteilnetz have been used for 
evaluating an optimal value for the exponential coefficient of the IDW interpolation. This 
dataset includes 15-min measurements of 366 PV plants from 01/07/2013 to 01/08/ 
2014 previously mentioned. 
 
A preliminary step for the determination of the optimal value for p is to split the set of 
available measurements into a training (reference plants) and a testing set of PV plants. 
The choice of the test plants was simply realized by randomly selecting 15% of the PV 
plants from the available pool of plants (55 plants). In order to avoid a possible influence 
of the choice of the test plants on the results, the random choice was iterated 100 times. 
This random choice is illustrated in Figure 2-3, where chosen test (blue dots) and 
reference plants (red diamonds) are spatially displayed for the first three iterations. 
 

 
Figure 2-3: Illustration of three random choices of 15% of the available yield values (LEW Verteilnetz) for 
the estimation of the interpolation error using different values of p 
 

Once a subset of reference and test plants is chosen, the error of the IDW interpolation 
for a given value of p can be evaluated in three steps: 

1. The yield values at the location of the test plants are first interpolated using the 
yield values from the reference plants. 

2. The difference between the interpolated yield values and the corresponding 
measurements is then evaluated for each test plant.  
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3. As the RMSE is commonly used by TSOs to assess the quality of an upscaling 
system, the interpolation error is quantified with this metric. The RMSE value is 
therefore evaluated for each test plant. The RMSE between the sum of all 
measurement and the sum of all interpolated yield values is also evaluated, in 
order to compare the results for the whole set of test plants with the results 
obtained for individual plants. 

This procedure is conducted for each chosen set of test plant and for each value of p 
between 0 and 4, with a step of 0.01. The results are displayed in Figure 2-4, where the 
RMSE values of the interpolated yield (y-axis) are represented as a function of p (x-axis). 
In the left plot of Figure 2-4, the RMSE evaluated for single plants is represented. In the 
right picture of Figure 2-4, the RMSE of all test plants is displayed. The colour of the 
scatter points represents the local point density. A point ranging in colour from white to 
blue is a scatter point with very few other values in its direct vicinity (value with a low 
frequency of occurrence). By contrast, a red point represents a scatter point that is 
surrounded by many other points in its neighbourhood (value with a high frequency of 
occurrence). 

 
Figure 2-4: Scatter plot of the RMSE of the interpolation (y-axis) for different values of p (x-axis). The 
colour represents the local density of scatter points. 

 
It can be observed that the dispersion of the scatter points is much larger for single 
plants (left plot) than when all test plants are aggregated (right plot). The difference 
between the performances of the algorithm for single plants and aggregated power 
values are further analysed in sections 2.2 and 2.3 and is thus not detailed here. Apart 
from these differences, it can be observed in both figure that the error decreases for 
values of p between 0 and 1.5 and increases for p greater than 2. A minimal RMSE is 
found for both analyses for p equal to 1.7. This optimum as well as the order of 
magnitude of the interpolation error are in good agreement with the results of 
Schierenbeck (Schierenbeck et al 2010), who found an optimum between 1.8 and 2 for 
single PV plants with a RMSE of 0.06-0.07 kW/kWp on the basis of 30 reference PV 
plants and 139 test PV plants. Accordingly, p is equal to 1.7 in the continuation of this 
study. 
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2.2 Analysis of the local error of the upscaling method 
 

a) Approach 
 
The goal of this section is to analyse the error of the upscaling method for estimating the 
power generation of a single PV plant. Using the same dataset as in the previous section, 
the error of the upscaling method is assessed for each test plant by following the steps 
below: 

1. Split of the plants with available measurements into a test and reference set by 
randomly selecting 15 % of the plants as reference plants. 

2. Interpolation of the yield values from the reference plants at the location of the 
test plants using the upscaling method. 

3. Evaluation of the RMSE of the interpolated yield values at each test plant. 

Since the performance of the upscaling method is expected to be dependent on the 
choice of the set of reference plants, the procedure detailed above is iterated 1000 times. 
Finally, 311 000 RMSE values are obtained (1000 runs with 85% of the 366 plants). 
 
Once the numerous RMSE values are evaluated, the next step entails conducting a 
statistical analysis of this data. At this stage, an attempt is made to elaborate an analysis-
procedure that differentiates between the two issues potentially affecting the 
performances of the upscaling method, being: a) the only partial acquisition of the 
irradiation field by a limited number of reference PV plants, and b) the variation of the 
power generation among PV plants due to different PV plant configuration (module 
orientation, power curve…) 
 
The choice of the analysis-procedure is motivated by two considerations: 

 Since meteorological conditions can be expected to be very similar for two 
neighbour locations, the interpolation error with a small distance between a test 
and reference plant should solely stem from the parameter-related issue.  

 As the distance between a test and reference plant increases, the ability of the 
interpolation to describe the meteorological conditions at the test plant 
decreases. In this case, an additional source of error thus affects the performance 
of the upscaling method. 

Based on these considerations, it is reasonable to consider the distance between the test 
and reference plants while analysing the performance of the spatial interpolation. For 
the implementation of this conditional evaluation, it remains to assess what distance is 
the most relevant. Indeed for any test PV plants there is a set of n distance values 
corresponding to the n reference PV plants.  
 
It was chosen to use the distance between a test PV plants and its nearest reference 
plant. Using only the minimal distance between a test and reference plant is certainly 
too simple with respect to the spatial nature of the problem. A consideration of further 
neighbour reference plants would certainly be more appropriate, but it would also 
significantly increase the complexity of this analysis. It was judged that the gain in 
accuracy obtained by considering more than one neighbouring reference plant does not 
justify the involved added cost in complexity.  
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Finally, for each test-plant and run, two pieces of information are evaluated, the RMSE of 
the interpolated power and the distance to the nearest reference PV plant. This is 
illustrated in Figure 2-5 where the results of one of the 1000 conducted runs are 
spatially represented on a map. Reference plants are represented by a red circle and test 
plants by a coloured square. The colours of the squares display the local upscaling error 
at each test plant. A blue square is a test PV plant with an RMSE value of 0.02 kW/kWp 
while a red square represents a test plant where the RMSE of the upscaling method is 
equal to 0.1 kW/kWp. The black lines represent the distance from a given test plant 
(coloured square) to its nearest reference plant (red circle). 

 
Figure 2-5: Spatial representation of the interpolation error in kW/kWp for each PV plant (coloured 
square) for a given set of reference plants (red circles). Black lines represent the shortest distance from a 
test plant (coloured square) to a reference plant (red circles). 

 

b) Results 
 

The results of the 1000 random runs are displayed in the two plots displayed in Figure 
2-6. The same data are displayed in each plot, with a linear scale in left plot and a semi-
log scale in the right one. The two representations are given to allow a better 
visualisation of the fast increase of the RMSE values at small distances. In both plots, 
RMSE values (y-axis) are plotted against the minimal distance to the next reference 
plant (x-axis). The colour of the scatter points represents the local point density (as in 
Figure 2-4).  
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Figure 2-6: Scatter plot of the interpolation error for single plants (RMSE) as a function of the minimum 
distance to the next reference plant (left: linear scale – right: semi-log scale). The colour corresponds to 
the local frequency of occurrence of the scatter points. 

 
As expected, an augmentation of the upscaling error with increasing distance can be 
observed in Figure 2-6. This is particularly remarkable for the minimum values of the 
error for a given distance from a test plant to its nearest reference plant (lower edge of 
the cloud of scatter points): minimum values of the upscaling error are equal to around 
0.02, 0.04, 0.06 and 0.08 kW/kWp at distances equal to 200 m, 1 km, 10 km and 30 km 
respectively. It can additionally be observed that the RMSE can reach rather high values 
(0.12 – 0.15 kW/kWp). Such values occur at almost all distances. 
 
At this stage it can be reasonably expected that the minimum value of the upscaling 
error for a given distance (lower edge of the cloud of scatter points) is reached when the 
configuration of the test plant is well-matched to the configurations of the surrounding 
reference plants (the validity of this hypothesis is tested later in this section). 
Accordingly, it can be hypothesized that the sole effect of the distance between test and 
reference plants (without the additional error term resulting from the issue of plant 
configuration) is reflected by these minimum values. The data displayed in Figure 2-6 
reveal thus that the uncertainty resulting from the partial acquisition of the irradiation 
field by a set of reference plants results in an exponential growth of the RMSE with 
increasing distance between test and reference plants, i.e. that the rate of increase of the 
error is larger at small distance than at larger distance. Additionally, it can be expected 
that a noticeable difference in the configuration between a test plant and its surrounding 
reference plants would be to a certain extent responsible for an RMSE greater than the 
minimum RMSE obtained at the plant distance. It cannot however be excluded that other 
issues are also at play. For example, a test plant can be affected by local conditions 
resulting from a mountain (orographic fog), while reference plants are not.  
 
In order to verify the previous conjectures and further understand the sources of error 
of the upscaling method, a few example plants have been chosen and analysed in more 
detail. As shortly mentioned before, an in-depth analysis and discussion of all issues 
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affecting the upscaling error would be too exhaustive, due to the variety and complexity 
of the issues at play. For clarity and conciseness, focus is put on understanding the 
minimum and maximum RMSE values obtained at three distances (200 m, 2 km and 20 
km). These six plants are displayed in Figure 2-6 with an annotation aimed at facilitating 
the discussion (A1, A2 and A3 for smaller RMSE values and B1, B2 and B3 for higher 
RMSE values). 
 
For each of these plants, a scatter plot of the measured power (y-axis) against the 
interpolated power (x-axis) and a plot of the time series of the measured and 
interpolated power over two days are provided in Figure 2-7 and Figure 2-8. The two 
days used for the comparison of the time series were chosen so that a broken and a 
clear-sky condition occur on two consecutive days (04/06/2014 – 06/06/2014). With 
this choice, meteorological issues (fluctuations caused by clouds on the power 
production) and plant characteristics issues (shape of the power production in a cloud-
free condition) can be observed. 
 
In order to be able to relate the interpolated yield to the yield of the surrounding 
reference plants, the distances between the each test plant analysed and the next five 
reference plants as well as their corresponding interpolation weights are given in Table 
2-1 and Table 2-2. 
 

c) Analysis of examples with a small interpolation error (A1, A2 and A3) 
 
Before examining the differences between interpolated and measured power time 
series, it is interesting to compare the weights given by the upscaling method to the 5 
nearest reference plants to better understand the characteristics of the interpolated 
power. 
 
Table 2-1: Distance to the next five reference power plants and corresponding weights for the test plants of 
examples A1, A2 and A3 

Example A1 Example A2 Example A3 
Distance  

(km) 
Weight  

(-) 
Distance  

(km) 
Weight  

(-) 
Distance  

(km) 
Weight 

(-) 
0,225 0,9801 2,0547 0,8103 20,050 0,0847 
3,736 0,0082 10,609 0,0307 20,995 0,0783 
9,631 0,0016 13,838 0,0195 23,993 0,0624 
9,786 0,0016 24,420 0,0074 24,033 0,0622 

10,283 0,0015 24,420 0,0074 26,373 0,0532 
 
Errors of the three plants having a minimal error at 200 m, 2 km and 20 km are first 
analysed (examples A1, A2 and A3). The previously described data corresponding to 
these three plants are given in Figure 2-7 and Table 2-1.  
 
For the first example (A1), the next reference plant (225 meter away from the test plant) 
has a weight of 0.9801. The interpolated yield is thus almost equal to the yield of the 
nearest reference plant. The situation is quite similar, albeit to a lower extent, for the 
second example (A2), where the nearest reference plant (2 km away) has a weight of 
0.8103. The third example (A3) differs noticeably from the first two: the weights of the 
five next reference plants are much smaller and homogeneous for this plant as 
compared to the previous ones. This means that for the first two examples, the 
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interpolated yield is almost equal to the measured yield from the nearest available 
reference plant, while the interpolated yield for the third example is the average yields 
from several reference plants with relatively even weights. The difference in weight 
distribution observed for these three plants is likely to affect the characteristics of their 
interpolated yield. Indeed, local effects of clouds on the yield of the nearest reference 
plant is to be found in the interpolated yield of the first two plants while they can be 
expected to be smoothed out by the averaging for the third plant as soon as the 
meteorological conditions at the nearest reference plants are different. 
 
In a next step, time series plot of the measured and interpolated yield are compared for 
a clear-sky day (2014/06/07 in right plots from Figure 2-7) to verify that the 
characteristics of the reference and test plants are similar (module orientation, power 
curves…). Indeed, under clear sky conditions, it can be expected that the irradiation and 
temperature are similar at the test and reference plants. A deviation between the 
interpolated and measured yield would instead reveal different characteristics between 
the test plant and its surrounding reference plants.  
 
Interpolated power values (red curve) match well with measurements (blue curve) for 
the three considered plants. This confirms the previous conjecture that the error 
obtained for these examples is relatively little affected by differences in characteristics 
between test and reference plants (minimal difference can still be observed). 
 
Now that it has been verified for these three examples that the upscaling error is not too 
affected by a difference in characteristics between test and reference plants, it can be 
expected that the increase of the RMSE with growing distance stems from differences in 
irradiation and temperature between the test plants and their surrounding reference 
plants. To analyse this effect, the measured and interpolated yield are compared on a 
day marked by the presence of broken clouds (2014/06/06 in right plots from Figure 
2-7). Indeed, broken clouds have a small spatial structure, so that difference in 
irradiation (and thus in yield) between even two neighbouring locations is very likely to 
occur. In such conditions, it is particularly difficult to interpolate the PV-yield and is 
therefore easier to observe the upscaling error resulting from different meteorological 
situations between test and reference plants. As previously mentioned, interpolated 
time series are represented by a red curve and the measured yield by a blue curve. 
 
In example A1, the measured and interpolated power values are in very good 
agreement. The fast fluctuations of the measured and interpolated yield are identical in 
time and amplitude. Minor differences attributable to very local effects can however be 
observed, which explain the RMSE value of 0.02 kW/kWp. It can in any case be stated 
that for this first example, no noticeable difference in meteorological condition exists 
between the test plant and its nearest reference plant. 
 
In example A2, the minimal distance to the next reference plant is 10 times greater than 
in the first example, but still relatively small (2 km). In contrast to the first example, it 
can no longer be expected that the meteorological conditions assessed by the reference 
plant are representative of those prevailing at the test plant, though being quite similar. 
Indeed, time-series displayed in Figure 2-7 reveal that the fluctuations present at the 
reference plant also affect the test plant, with a small difference in amplitude and/or 
time shift. This difference results in increased noise in the scatter plot and in a larger 
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interpolation error than in the first example (RMSE=0.045 kW/kWp for A2 in 
comparison to 0.02 kW/kWp for A1).  
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Figure 2-7: Comparison of measurements with interpolated data for the examples A1, A2 and A3 – left: 
scatter plot of the measured yield (y-axis) as a function of the interpolated yield (x-axis); right: time series 
plot of the measured (blue curve) and interpolated yield (red curve) over two days (05/06/2014 – 
06/06/2014) 

 
These first two examples suggest a possible explanation for the exponential shape of the 
RMSE with the distance observed in Figure 2-6. Indeed, the fast increase of the 
interpolation error with the distance at low separation may be attributed to fast 
fluctuations resulting from local clouds, which become out of phase at two neighbouring 
locations, even if the distance between them is small. 
 
In example A3, the minimal distance between the test and reference plants is no longer 
small (20 km). As previously mentioned, the interpolated power is no more 
predominantly influenced by one plant, as before, but rather by several plants located 
relatively far from the test plant (20 to 30 km).  
 



36 2.2 - Analysis of the local error of the upscaling method 
 

As discussed before, the upscaling method weights several reference plants with factors 
of similar magnitude in this example. This results in an interpolated power that is much 
smoother than that observed in the two previous examples (lower right plot in Figure 
2-6). In this example, the relatively high value of the upscaling error is principally due to 
the fact that the fast fluctuations present in the measurements of the test plant are 
absent in the interpolated power, which is a result of the above-mentioned smoothing. 
 

d) Analysis of examples with a high interpolation error (B1, B2 and B3) 
 
The weights in examples B1 and B2 (Table 2-1) are very similar to those found in 
examples A1 and A2. In example B1 and B2, the next reference plants (298 m and 2,049 
km away from the test plant respectively) have weights of 0.9644 and 0.8254 
respectively. The interpolated yield is thus almost equal to the yield of the nearest 
reference plant for these two plants. In example B3, the upscaling method weights two 
reference plants with coefficients of 0.2549 and 0.1527, while further plants are 
weighted with coefficients of similar magnitude approximately equal to 0.06.  
 
A possible reason for the high values of the error for the examples B1, B2 and B3 are 
now discussed on the basis of the information provided in Figure 2-8 and Table 2-1.  
 
Table 2-2: Distance to the next five reference power plants and corresponding weights for the test plants of 
examples B1, B2 and B3 

Example B1 Example B2 Example B3 
Distance  

(km) 
Weight  

(-) 
Distance  

(km) 
Weight  

(-) 
Distance  

(km) 
Weight 

(-) 
0,298 0,9644 2,049 0,8254 20,020 0,2549 
3,557 0,0142 12,864 0,0226 27,068 0,1527 
6,405 0,0052 13,853 0,0199 44,019 0,0668 
7,350 0,0041 14,553 0,0183 44,193 0,0663 
9,293 0,0028 14,975 0,0174 48,265 0,0571 

 
In examples B1 and B2, the interpolated yield is almost equal to the measured yield from 
the nearest available reference plant, while for the third example the interpolated yield 
is the averaged yield from several reference plants with relatively uniform weights, with 
the exception of two plants that are more strongly weighted. As previously discussed, 
these weights influence the characteristics of the interpolated yield values.  
 
To begin with the analysis of the data displayed in Figure 2-8, it can be observed that 
some of the observations made for examples A1, A2 and A3 are also valid for the 
examples considered here: 

 In examples B1 and B2, interpolated yields are almost equal to the yield of the 
nearest reference plant; the fluctuations observed in the measurements are very 
similar to the ones present in the measured yields. 

 The interpolated yield in example B3 is an average of yield measurements from 
plants at a distance of 20 to 50 km from the test plant. The interpolated yield is 
much smoother than the measured yield. 
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 The yield fluctuation produced by local clouds shows that the meteorological 
situation is very similar between the test and its nearest reference plant for 
example B1. 

 For example B2, the meteorological situation between the test and its nearest 
reference plant are also similar but the distance between them results in a time 
shift that contributes to a certain extent to greater RMSE value than that from 
example B1. 

 In example B3, the interpolated yield is much smoother than in the two previous 
examples. Fluctuations present in the measurements but missing in the 
interpolated yield contribute to some extent to a greater RMSE than in examples 
B1 and B2. 

These characteristics are however of minor importance in comparison to an obvious 
difference in the module orientation (and eventually in the power curve) between the 
test plants and their surrounding reference plants.  
 
This difference can first be observed in the time series plot (right pictures in Figure 2-8), 
where an increase (or decrease) in the measured yield occurs earlier (example B3) or 
later (examples B1 and B2) than for the interpolated yield.  This result is typical when 
there is a difference in module azimuth angle between two plants. Additionally, 
differences in the daily maximum between measured and interpolated yield suggests 
that the tilt angle or the power curves of the PV plants are different. These differences 
are also obvious in the left pictures from Figure 2-8, where scatter points are not aligned 
along the identity line and instead form an ellipse. 
 
The three examples displayed in Figure 2-8 show that differences in characteristics 
between the test and its surrounding reference plants are responsible for the large value 
of the RMSE. A visual inspection of other test plants with large RMSE confirmed that this 
issue explains larger interpolation errors. 
 

e) Conclusion 
 
To conclude this investigation, it can be stated that the analysis of the six examples 
considered in this section confirms that two issues degrade the local performance of the 
upscaling method. Firstly, differences in meteorological data between test and reference 
plants result in an exponential growth of the RMSE. The high increase of the error for 
small distances between test and reference plants is presumed to result from yield 
fluctuations produced by local clouds. It was found that the differences in characteristics 
(e.g. module orientation, power curve) between test and reference plants were 
systematically responsible for large errors. This second issue can results in values of the 
RMSE greater than 0.15 kW/kWp for all distances between test and reference plants.  
 
A visual inspection of PV plants with intermediate RMSE values (greater than the 
minimum and smaller than the maximum values analysed in the six examples) also 
revealed the effects previously described though at different degrees. It can thus be 
stated that the local error of the upscaling method results to a large extent from the 
distance to the nearest reference plant(s) and from the difference in configuration 
between the considered test plant and its neighbouring reference plant(s).  
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It can be concluded that the importance of the two issues (difference in meteorological 
conditions between test and reference plants and different characteristics between test 
and reference plants) on the accuracy of the upscaling method, which motivated this 
thesis, is confirmed for individual PV plants. It remains now to assess, whether this 
result for the local error of the upscaling method is still valid when the power 
generation of a cluster of PV plants is estimated. This question is addressed in the 
following section. 
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Figure 2-8: Comparison of measurements with interpolated data for the examples B1, B2 and B3 – left: 
scatter plot of the measured yield (y-axis) as a function of the interpolated yield (x-axis); right: time series 
plot of the measured (blue curve) and interpolated yield (red curve) over two days (05/06/2014 – 
06/06/2014) 
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2.3 Analysis of the effect of plant aggregation on the upscaling error 
 

a) Approach 
 

In the previous section, the error of the spatial interpolation was analysed locally 
(interpolated power at single test plants). This approach was chosen to facilitate the 
understanding of the mechanisms impacting the interpolation error. However, the 
interpolation error for a single plant is very different to that found for a cluster of PV 
plants. Schierenbeck reported that the average RMSE for single plants ranges between 6 
and 7% while the interpolation error for a cluster of 140 plants is around 0.9-1.1% 
[Schierenbeck et al 2010]. A very different order of magnitude for the error is thus found 
when considering a single plant as compared to the aggregated power of a set of PV 
plants. As a result, though they give insight into the processes responsible for the 
interpolation error, the results obtained in the previous analysis are of limited relevance 
for the assessment of the PV power generated in a region.  
 
In order to understand the mechanism leading to the decrease of the interpolation error 
by the clustering of PV plants, one run has been chosen among the 1000 random runs 
realized in the previous section (the difference between the run being the set of 
reference PV plants).  
 
Since only one run is analysed in this section, it was decided to choose a run with a 
performance close to the average performance of the 1000 runs. For this purpose, the 
RMSE values between the aggregated measured yield values and the aggregated 
interpolated yield values were calculated for each run. A run was thereby chosen with 
the closest RMSE value to the average of that from the 1000 runs. This procedure is 
illustrated in Figure 2-9 (left figure). Blue bars represent the probability density 
distribution of RMSE values from all runs and the RMSE of the chosen run is illustrated 
by the dotted red line. The chosen run has a RMSE of 0.0745 kW/kWp while it can be 
observed that the majority of all random runs have a RMSE between 0.073 kW/kWp and 
0.077kW/kWp. The spatial distributions of the test and reference plants for the chosen 
run are also represented in Figure 2-9 (right picture), where the blue dots are the test 
PV plants and the red diamonds are the reference PV plants. 

 
Figure 2-9: Illustration of the choice of the run used for the investigation of the effect of plants clustering 
on the error of the spatial interpolation – on the left picture, the blue bars represent the probability 
density distribution of the RMSE of all 1000 random runs and the red dotted line the RMSE of the chosen 
run – in the right picture the locations of all PV plants and the reference PV plants are given by a blue dot 
and a red diamond respectively 
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The effect of PV plant aggregation on the spatial error is then evaluated for a cluster of n 
test plants by following the four steps: 

 Power measurements of the n test plants are summed to evaluate the total PV 
power generation of the considered cluster 

 Interpolated yield values of the n test PV plants are evaluated with the upscaling 
method, normalized by their nominal capacity and summed. 

 The difference between the aggregated measurements and their estimates from 
the upscaling method is evaluated at each time step 

 The RMSE of the upscaling method is finally calculated for the n test plants with 
the time series of the error evaluated above 

This procedure is conducted for sets including 1 to 311 PV plants (total number of test 
plants) in order to assess the effect of the number of aggregated plants on the upscaling 
error. As it can be expected that the results of this experiment depends on the choice of 
the aggregated plants, for each aggregation size, the set of test plants has been randomly 
chosen 1000 times. The results are then normalized to the total installed capacity of the 
set of PV plants so that the different results can be compared independently from the 
total capacity of group considered. 
 
The assessment described above was conducted for two configurations. In a first step, 
all test PV plants were assumed to have the same installed capacity. In the second step, 
the actual capacities of the test plant were considered. The motivation for the choice of 
these two configurations is described later in this section. 
 

b) Results 
 
The results of the calculations are illustrated in Figure 2-10. In both plots, RMSE values 
obtained with the upscaling method (y-axis) are represented as a function of the 
number of plants aggregated together (x-axis). The colour of the scatter point represents 
the local density of the points: a white-to-blue point occurs rarely, while a red point is 
very frequent. In the left plot, the results obtained when the nominal capacity of all 
plants is assumed to be identical are represented. Error values evaluated with 
consideration of the actual nominal capacity of the test PV plants are displayed in the 
right picture. 
 
The two plots displayed in Figure 2-10 confirm the statement of Schierenbeck et al that 
the RMSE of the spatial interpolation decreases as the number of aggregated PV plants 
increases. A fast reduction can be observed as the number of aggregated PV plants 
increases from 1 to 50 and the gain in accuracy is much smaller for any further increase 
of the number of aggregated PV plants.  
 
The dispersion of the scatter points is very different for the two experiments. For a given 
cluster size, the dispersion of the RMSE values is much larger when the actual nominal 
capacities of PV plants is considered (right plot) than when all nominal capacities are 
assumed to be equal (left plot). The decrease of the RMSE values with the number of 
aggregants under the assumption of an equal capacity for all plants is analysed in the 
following section, after which the impact of the actual nominal capacity on the decrease 
of the RMSE is investigated and discussed. 
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Figure 2-10: Scatter plot of the spatial interpolation error (y-axis) for N aggregated power measurements 
(N is on the x-axis) – The colour of the scatter points represents the local density of the points. Left 
picture: all plants are assumed to have the same capacity. Right picture: consideration of the actual 
capacity of the test plants 

 
c) Analysis of the RMSE reduction assuming equal plant capacities 

 
In the calculation presented in this section, samples of varying size have been randomly 
selected from a population. The total population is the interpolation error values for the 
311 test plants and the samples are the subset of test plants used for analysing the effect 
of the aggregation on the interpolation error. The quantity considered is the RMSE of the 
mean errors of the random samples. With this formulation, it clearly follows that the 
central limit theorem applies under the condition that the samples are independent. 
Accordingly, the RMSE of a subset of N test plants can be expressed as 
 

      
 

  
  

  
    

 
   

     
  
    , 

(2.3.1) 

 
Where N is the number of samples, Nt is the number of time steps and       and       
are the standard deviation and the mean error of the original population at time t, 
respectively.  
 
In order to verify whether the central limit theorem can explain the results displayed in 
the left graphic of Figure 2-11, RMSE values obtained from the different aggregations 
(grey dots) are compared to the expected decrease of the RMSE with the number of 
aggregates according to Eq. 2.3.1 (black curve) in Figure 2-11. The good agreement 
between the scatter points and the black line shows that the decrease of the RMSE 
observed in Figure 2-10 and 2-11 can be explained by the central limit theorem. This 
process results from the independence of individual error terms with different 
magnitudes and opposite signs that may cancel. This error balancing of two terms with 
opposite sign may for example occur in the two following cases: 

 Two plants with both over- and underestimated yields experience a 
heterogeneous weather situation. This can happen when one plant is under clear-
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sky conditions, while its reference plants are shaded by clouds, and vice versa for 
the second plant.  

 

 Two plants have local upscaling errors of opposite sign due to particular plant 
configurations. For example, the power of a PV plant can be underestimated in 
the afternoon because it is more oriented to the west than its surrounding 
reference plants, while the output of another plant is overestimated because it is 
more oriented to the east than its reference plants.  

 

 
Figure 2-11: Comparison of the aggregated spatial interpolation error (RMSE) obtained by assuming all 
installed capacities equal (grey dots) with the theoretical dependency of the RMSE on the number of 
aggregates as derived from the central limit theorem (black curve)  
 

d) Analysis of the RMSE reduction considering the actual plant capacities 
 
The noticeable difference between results obtained by assuming that all plants have the 
same size and when the actual nominal capacity is considered remains to be explained. 
The only difference between these two calculations is the weight given to yield values 
from individual plants. In the first case all weights are assumed equal and in the second 
case the weights are proportional to the nominal capacity. Larger error values obtained 
in the second calculation can thus be explained by above-average weights given to large 
plants with high local upscaling error and below-average weights given to small plants 
with small local upscaling error. 
 
The difference between the results from the two experiments is very interesting as it 
gives insight regarding issues to be considered in the choice of the set of reference 
plants needed to limit the upscaling error. Indeed, a pragmatic way to limit the upscaling 
error is to choose the set of reference plants so that the error at large plants is minimal 
(due to the above-average influence of these plants on the total upscaling error). This 
can be achieved by prioritizing large plants in the set of reference plants. If this is not 
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possible, attention could be paid to having reference plants in the direct neighbourhood 
of large plants (optimally with similar characteristics). It should however be cared for 
that the resulting set of reference plants remains representative of the numerous small 
plants. That said, such considerations are only possible when many measured plants are 
available, which is rarely the case. 
 

e) Conclusion 
 
The aggregation of power values of the 311 considered test PV plants results in 
upscaling errors (RMSE) of 0.0165 kW/kWp (under consideration of the actual nominal 
capacity from single plants). The performances of the upscaling method obtained with 
the 55 reference plants considered in this section are thus very satisfying. It must now 
however be investigated how this results is affected by the choice of another set of 
reference PV plants, or by the use of a set of reference plants of different size. For this 
purpose, the effect of the set of reference PV plants on the upscaling error is evaluated in 
the next section. 
 

2.4 Influence of the number of reference plants on the upscaling error 
 
One last issue remains to be addressed to complete the analysis of the upscaling error: 
the influence of the number of reference plants on the upscaling error. Indeed, on the 
basis of the previous analysis, it can be expected that not only the number of reference 
plants, but also their spatial distribution and characteristics impact the upscaling error. 
 
In order to analyse the effect of the set of reference plants on the total upscaling error, 
the same procedure as that used in previous sections is implemented. The available 
plants are first randomly split into a set of reference plants and a set of test plants. The 
total power of the set of test plants is then evaluated with the upscaling method on the 
basis of the power measurements from the reference plants. The skill of the upscaling 
method is finally assessed with the set of test plants by calculating the RMSE between 
aggregated measurements and the results of the upscaling method. 
 
To assess the effect of the size of the set of reference plants on the performance of the 
upscaling method, the calculation is conducted using sets of reference plants including 
one to 100 plants (one third of the available set). Since a particular choice of the set of 
reference PV plants may affect the performance of the upscaling method, the procedure 
is iterated 1000 times for each considered number of reference plants.  
 
The results are displayed in Figure 2-11, where calculated RMSE values (y-axis) are 
plotted as a function of the number of reference plants used for the upscaling (x-axis). In 
order to better visualize the dispersion of the points, the local density of the scatter 
points are represented by the colour of the points. A white to blue point corresponds to 
a value occurring rarely while a red point represents a value occurring frequently.  
 
As previously mentioned, the sets of test and reference plants are distinct, such that 
reference plants are excluded from the data used for the evaluation of the RMSE. 
Therefore, as the number of reference plants increases, the number of test plants used 
for the evaluation of the upscaling RMSE decreases (the number of test plants used for 
the assessment of the RMSE is displayed on the upper x-axis of Figure 2-11). The 
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variation of the number of test plants resulting from the chosen evaluation procedure 
requires discussion, as it must be taken into consideration for the interpretation of the 
results displayed in Figure 2-11. 
 
In a strict sense, RMSE values obtained with sets of reference plants of different sizes 
should not be compared since, as shown in section 2.3, the number of aggregated plants 
influences the upscaling error. Despite this problem, this evaluation procedure was 
considered as the most appropriate, considering the limited number of plants available 
for this analysis. Indeed, an alternative approach would have for example consisted of 
merging tests and reference plants, so that all RMSE values would result from a common 
database. This would then have caused a decrease in the RMSE with an increasing 
number of reference plants, which would be an artefact resulting from the rising 
number of known reference plants (reference plants have a zero upscaling error).  
 
It can be observed in the results displayed in Figure 2-10 that the decrease of the RMSE 
is relatively small when more than 200 plants are aggregated. We can thus assume that 
as long as the number of test plants is large enough, variations of the RMSE resulting 
from different numbers of test plants are small with respect to the effect of the size of 
the set of reference plants. This is why it was decided not to conduct the analysis for 
more than 100 reference plants (the number of test plants ranges from 266 to 366). 
According to this assumption, RMSE values obtained from sets of reference plants with 
difference sizes will be compared regardless of this issue for the remainder of this 
analysis. 
 

 
Figure 2-11: Upscaling error (RMSE on the y-axis) as a function of the size of the number of reference 
plants used for the upscaling (x-axis). The number of reference plants is displayed on the lower abscissa 
and the number of test plants on the upper abscissa. The colour of the each point represents the local 
density of scatter points. 
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As expected, the error decreases steadily with the number of reference plants used for 
the upscaling. This decrease is very strong for up to 20 reference plants, before 
diminishing. A saturation in the reduction of the RMSE with the number of reference 
plants occurs when more than 70 reference PV plants are used. With more than 70 
reference PV plants, RMSE values range from 0.009 to 0.022 kW/kWp and most 
observed RMSE values lies in the interval 0.01 – 0.015 kW/kWp (red scatter points). This 
variation is due to the particular choices of the reference plants (characteristics and 
spatial distribution of the reference plants). The characteristics of the set of plants that 
results in this dispersion are not further analysed in this thesis. 
 
The error obtained in section 2.3 (RMSE=0.0157 kW/kWp with 55 reference plants) is 
represented by a blue diamond in Figure 2-11. It can be observed that the example 
treated in the previous section lies in the range of most frequent values (red scatter 
points). In addition, with 55 plants used in section 2.3, the results are relatively closed to 
the average error value from the saturation area (RMSE values with more than 70 
reference plants). The case considered previously is thus representative for most of the 
results obtained in the present section. It is also interesting to note that RMSE values 
range from 0.010 to 0.025 kW/kWp with a different set of 55 reference plants. Another 
choice of the set of 55 reference plants may have thus significantly changed the results 
from the previous section. Using more plants would have only slightly changed the order 
of magnitude of the results, but a smaller set of reference plants may have drastically 
changed the results. 
 
Finally, this analysis shows that the error of the upscaling method can be rather large 
when the number of reference plants is too small (in our case less than 20). With the 
used data, no significant change occurs when more than 70 reference PV plants are used. 
Nevertheless, it can be observed that even when a large number of reference plants are 
used, the RMSE can take values between 0.010 and 0.025 kW/kWp depending on the 
choice of the reference plants.  

2.5 Conclusion 
 
Before concluding this chapter, the scope of the various analyses conducted in sections 
1.2 to 1.4 should be summarized. The objectives pursued in the different investigations 
of this chapter are to verify that the two identified weaknesses of the upscaling method 
discussed in the introduction are indeed the primary sources of estimation error and to 
make a first quantitative assessment of the performance of the upscaling method for the 
considered test case. The most important question that needs however be answered in 
this chapter regards whether there is a need for an alternative method for estimating 
regional PV power production. This need can only be justified by subpar performances 
of the upscaling method due to problems that could be better addressed in an 
alternative calculation procedure. 

The analysis of the local upscaling error conducted in section 2.2 confirmed the 
considerations in the introduction of this thesis. Indeed, it could be clearly shown from 
the analysed data that the local upscaling error results to a large extent from differences 
in meteorological conditions and plant characteristics between test and reference 
plants. In addition, the combined effect of these differences was found to results in RMSE 
values between 0.02 and 0.14 kW/kWp. The effect of the weaknesses of the upscaling 
method on the local error was thus not only clearly demonstrated but it could be shown 
that the resulting error can be very large, at least locally. 
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Though the analysis of the local upscaling error conducted in section 2.2 is useful to 
understand the sources of uncertainty of the upscaling method, it is only of limited 
relevance for typical applications of the upscaling method, which is not commonly used 
for single plants, but rather for large set of plants. The effect of the aggregation of power 
values from different plants on the upscaling error has thus been investigated in section 
2.3. Here, it could be shown that the impact of the weaknesses of the upscaling method 
on its performance is significantly smaller for cluster of plants than for single plants. 
Indeed, a strong reduction of the upscaling RMSE occurs with the aggregation of power 
values from different plants, which results from the balancing out of local errors. While 
local upscaling error values range from 0.02 to 0.14 kW/kWp, the total upscaling error 
obtained by aggregating power values from all test plants considered in section 2.3  
(366 PV plants) is equal to 0.0165 kW/kWp.  

With the sets of test and reference plants considered in section 2.3, the performance of 
the upscaling method is very satisfying and, it would not in this particular case be 
worthwhile to propose an alternative method. Indeed, problems that would be 
addressed in an alternative method vanish naturally during the aggregation of power 
data. To verify whether the positive results obtained in section 2.3 are only valid for the 
particular set of reference plants used in the analysis, or whether they are independent 
of the set of reference plants, the influence of the set of reference plants on the 
performances of the upscaling method was investigated in section 2.4. 

The analysis conducted in section 2.4 shows that the upscaling error is very large when 
less than 10 plants are used for the upscaling (0.02 – 0.12 kW/kWp). RMSE values 
decrease fast with increasing number of reference plants up to 20 reference plants and 
the gain of accuracy becomes smaller when more than 70 reference plants are used. It 
could also be shown that for a(n) (even large) given number of reference plants, a 
relatively important variation in the obtained RMSE values exists. For example, with 100 
reference plants (266 test plants) the RMSE value ranges from 0.01 to 0.025 kW/kWp. 
This dispersion can be explained by the spatial dispersion and characteristics of the 
reference plants differing from that of the set of test plants.  

The analysis conducted in section 2.4 thus weakens the conclusions made in section 2.3. 
Indeed, though the upscaling method can yield outstanding performances with a 
favourable set of reference plants, lower performances can also be expected when the 
set of reference plants is too small or when it is not representative for the test plants. 
The first problem may be overcome by collecting more data, though this information is 
in practice not easily accessible. The second problem (lack of representativeness of the 
set of reference plant) is by contrast more difficult to handle since there is no way to 
guarantee the representativeness of a set of reference plants (characteristics of the 
numerous unmeasured plants are unknown). 

The results presented in this section are based on the power measurements of 366 PV 
plants provided by LEW Verteilnetz and it cannot be excluded that different results may 
be obtained with a different dataset. The question arises therefore whether the results 
presented in this chapter can be generalized for Germany. Given the lack of data to 
address this question, it is assumed that a quantitative variation may be expected when 
using a different dataset but that the qualitative trend described in this chapter be 
similar with another set of measurements. 

Based on the results of section 2.3 and assuming that the validity of the results can be 
generalized for Germany, the development of an alternative method for the estimation 
of the regional PV power generation is justified. As already mentioned in introduction, 
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the alternative approach proposed in this thesis is designed to make full use of the 
available meteorological data and to address explicitly the problem of the plant 
characteristics (the approach is described in chapter 4). In this way, it is hoped that the 
proposed method outperforms the upscaling method in particular in situations for 
which the uncertainty of the standard approach is high.  
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3 Estimation of single plant power production from meteorological data 

3.1 Photovoltaic plant model selection 
 
In both methods considered in this work, the regional PV power generation is calculated 
from meteorological data. A power conversion model is thus necessary for 
implementing the two algorithms. The goal of this chapter is to choose a set of model for 
converting meteorological data to PV power, which fulfils the conditions set by the two 
methods. 
 
The calculation of the AC power of a PV plant from a given set of meteorological 
variables represents the core part of a PV forecast system, whose performances directly 
affect the error of the whole system. The overall aim of maximizing the forecast accuracy 
would thus lead -in a first time- to prefer the most accurate models existing in the 
literature. The problem is that the implementation of these models requires detailed 
information on a PV plant while only a few information (location, nominal power, 
module orientation) and/or historical measurements are typically available.  
 
The choice of the set of equations for the simulation of the PV power production among 
the different models available in the literature has thus to compromise between 
minimizing the amount of information on the PV plant needed by the model and 
maximizing the model accuracy. In order to limit the number of model parameters, a 
number of simplifying assumptions are made before choosing the set of models for the 
simulation of the photovoltaic output power.  
 
The first simplification consists in neglecting the effect of local environmental factors on 
the power production of a PV plant. Indeed, their consideration would require 
information on a PV plant that is too specific and difficult to obtain. As a result, the effect 
of e.g. local shading on the incoming irradiation and the variation of the module soiling 
with time are ignored for the calculation of the PV power generation. 
 
The second simplifying assumption is to approximate the complex effect resulting from 
the interconnection of heterogeneous PV modules together (mismatch effect) to a 
constant derating factor. Indeed, an explicit consideration of the mismatch effect 
requires accurate information on the characteristics of each single PV module as well as 
their interconnection [Bagas et al 2011], which information is rarely available. With this 
second approximation, the output of a PV array can be estimated by scaling the output of 
a single PV module at its maximum power point to the total installed capacity of the 
plant.  
 
The third and last simplifying assumption is to neglect the influence of the voltage on the 
efficiency of the PV inverter. The reason for this simplification is that the configuration 
of the PV array (number of modules in series and parallel) is required for the calculation 
of the input voltage of the inverter, which information is seldom available.  
 
Models for the different parts of a PV plant have been chosen among those available in 
the literature under consideration of the three simplifying assumptions. For example, 
with the chosen approach it is pointless to use a one- or two-diode model for simulating 
the electrical characteristics of a PV module. Indeed, these models give a 
parameterization the I-V curve of the module and the maximum power is not explicitly 
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given but needs to be derived from the I-V curve. With the chosen approach, only the 
maximum power point is needed, so that these models provides useless information and 
requires additional computation in comparison to simpler models giving directly the 
maximum-power as a function of the irradiation and temperature. The selected models 
and the resulting computation steps for the determination of the PV output power from 
meteorological data are presented in the following. 
 
Plane of array (POA) irradiation 
 
A preliminary to the calculation of the PV power from meteorological data is the 
determination of the sun position for a given location and time. The set of equations 
required for this calculation can easily be found in the literature and is therefore not 
detailed here [Iqbal 1983], [Quaschning 2009]. A short description of the set of 
equations for the calculation of the sun elevation and azimuth angle is given in  
Appendix 1.  
 
The meteorological input data for the calculation of the power production of a PV plant 
are the solar irradiation and the air temperature. Depending on the source of data, the 
direct and diffuse irradiation (most NWP models) or only the global irradiation received 
on a horizontal surface, hereafter shortened to global horizontal irradiation, (some NWP 
models, satellite products) is available. In the latter case, the global horizontal 
irradiation needs to be decomposed in its direct and diffuse components. For this 
decomposition, the model proposed by Skartveit et al [Skartveit et al 1998] has been 
chosen (a summary of the model is given in Appendix 2), which choice has been 
motivated by the results of several benchmarks [Lanini 2010] [Ineichen 2008] [Cucumo 
et al 2000]. 
 
According to the first simplifying assumption, the exhaustive calculation of the effect of 
local shading on the irradiation received by the PV modules [Quaschning 1996] is not 
performed and the plane of array (POA) irradiation can be directly estimated from the 
two components of the horizontal irradiation and sun position (Appendix 3). The direct 
and reflected irradiation incoming on the module are evaluated by geometrical 
calculation under consideration of the sun position and module orientation. For the 
determination of the reflected irradiation the ground albedo is needed. The 
determination of the diffuse irradiation received by the module is more complex and 
requires the use of a transposition model. The Perez model [Perez et al 1990] was 
chosen because it was found to have the highest performance between the models 
discussed in [Moradi 2008] [Ineichen 2011]. A short description of the Perez model can 
be found in Appendix 3. 
 
The calculation steps for the determination of the POA irradiation from the global 
horizontal irradiation are sketched in Figure 3-1. The inputs are the time, the 
coordinates of the considered location, global horizontal irradiation, ground albedo and 
the module orientation angles. In the first block, the sun position is evaluated, which is 
necessary for the following calculation steps. The global horizontal irradiation is 
decomposed in its diffuse and direct components in the second block. This step is not 
necessary when the direct and diffuse irradiations are available from e.g. NWP model or 
measurements. In the last block the direct, diffuse and reflected irradiation incident on 
the module array are evaluated. The calculation of the irradiation incoming on the 
module requires four pieces of information on the plant: the coordinates of the PV plant, 



3 - Estimation of single plant power production from meteorological data 51 
 
 

ground albedo and the two orientation angles of the module (azimuth angle and tilt 
angle). 
 

 
Figure 3-1: Flow chart illustrating the computation steps for the calculation of the irradiation received by a tilted 
module from the global horizontal irradiation 

 
Soiling and optical losses 
 
The POA irradiation is impacted by two losses before reaching the active material of the 
photovoltaic cells.  
 
First, the accumulation of dirt on solar panels reduces the amount of sunlight used by 
the solar cells (soiling losses). It is often a problem in areas where it is not raining for 
months in a row or where small particles like smog or pollen are often present in the air. 
The effect of soiling losses is commonly considered by a derating factor applied to the 
incoming irradiation, which typically takes values between 0.95 and 1 [Cano 2011]. It is 
applied to the three components of the POA irradiation. The soiling loss coefficient can 
have strong time variation depending on air quality and rainfall frequency but is 
assumed constant with time for simplicity. 
 
The second loss process reducing the POA irradiation before reaching the active PV 
material is caused by the encapsulation material of the PV module. As light passes from 
the air to the glazing material, it is diffracted and a part of the incoming light is reflected 
according to the Snell law. In the path taken by light through the glazing material, an 
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absorption process occurs which further reduces the irradiation. The transition from the 
glazing to the active material generates a further reflection, so that multiple reflection 
and absorption processes occurs within the glazing material. A detailed description of 
processes responsible for the angular losses occurring in glazing material can be found 
in [Duffie Beckmann 1991]. 
 
The formulation of Martin and Ruiz for calculating the angular losses [Martin Ruiz 2001] 
has been chosen among the models existing in the literature [Souka and Safwat 1966] 
[ASHRAE 1977] [King et al 1997] [Duffie Beckmann 1991] as it offers the best 
compromise between simplicity and physical motivation. Indeed, Martin and Ruiz 
propose an analytical model based on theoretical and experimental results, which only 
requires two parameters (the angular loss coefficient and a fitting coefficient for the 
diffuse and reflected irradiation) for the determination of the angular losses of the 
direct, diffuse and reflected irradiations. 
 
In order to make a clear distinction between the irradiation incident on the module 
(POA irradiation) and the irradiation effectively contributing to the photovoltaic effect 
after consideration of the soiling and angular losses, the later is referred to as “effective 
irradiation” in this work similar to the nomenclature used by King et al in [King et al 
2004]. The influence of the variations of the solar spectrum with time on the power 
production of PV cells is not considered in this work so that the output of the PV power 
modules can directly be evaluated with the effective irradiation and the module 
temperature. Before that, the module temperature needs to be calculated. 
 
Module temperature  
 
The module temperature is equal to the ambient air temperature as long as no heating 
or cooling process occurs. A PV module gets warmer than ambient air as solar 
irradiation heats the module, this heating being counteracted by the cooling process 
resulting from local wind. The local wind is difficult to assess since it is influenced by 
local obstacles. According to the first simplifying assumption, the influence of wind on 
the module temperature is neglected so that only the dependence of the module 
temperature on air temperature and POA irradiation remains to be considered. To 
parameterize these dependencies, the expression proposed by Ross [Ross 1976] is used. 
This choice is motivated by the fact that this model is commonly used [D’Orazio et al 
2013] [Skoplaki et al 2008] [Quaschning 2009]. In this model, the difference between 
the module and air temperature is proportional to the POA irradiation. The 
proportionality factor depends on the mounting type: it ranges from 0.02 °C.m²/W for a 
PV module mounted on an open-rack system (cooling occurs through the open mounting 
structure) to 0.045 °C.m²/W for a building-integrated PV module (cooling is limited by 
the direct montage on a roof). 
 
Output DC power of the PV modules 
 
Now that models for the calculation of the POA irradiation and the module temperature 
have been chosen, the next step is to select a model for the calculation of the DC power 
produced by the PV arrays. As previously mentioned, the module voltage and current 
are not needed: only the power corresponding to the maximum power point (MPP 
power) of the module I-V curve is required for the computation of the PV output power. 
Among the numerous models giving the MPP power as a function of the irradiation and 
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module temperature available in the literature, the model proposed by King et al [King 
et al 1997] has been chosen despite its complexity (in total 38 model parameters) 
because of its good performances [PVPS-Task2 2008] as well as the existence of a 
database with the parameters of several hundreds of PV modules [Blair et al 2014]. 
 
The King et al model is an integrated model that also contains a polynomial formulation 
of the angular loss. This part of the model is not used since the simple analytical 
expression proposed by Martin and Ruiz was previously preferred to the 6-parameter 
polynomial expression used by King et al. This choice may appear surprising but it is 
motivated by the intended use of the model, for which a limited number of parameters 
for the optical losses is important (sensitivity analysis in section 3.2, parameter 
estimation algorithm in section 3.4). 
 
A simple expression of the temperature dependency of the module efficiency is 
important as well for the following implementations of the model (section 3.2 and 3.3). 
It was thus necessary to simplify the complex dependency between the power and the 
temperature in the King et al model to a simpler expression. An approach used by many 
models is to evaluate first the power for a reference temperature (usually the standard 
test condition STC temperature) and then to take the effect of the temperature on the 
power into consideration [Friesen 2007]. This method is also used here so that the King 
et al model is only used to estimate the module output power for a reference 
temperature of 25 °C as a function of the POA irradiation. The correction for the effect of 
the temperature is assumed proportional to the difference between the actual and 
reference temperatures. The proportionality coefficient (module temperature 
coefficient) accounts for the sensitivity of the module efficiency to the module 
temperature. This coefficient is a standard product specification available for most PV 
modules. It is provided by the manufacturers in the datasheets and varies between  
0.1 and 0.4%/°C. 
 
Due to the complexity of the King et al model, two important simplifications needed to 
be made to make the next steps possible (sections 3.2 and 3.4). After these two 
simplifications, 13 parameters (out of originally 38 parameters) are still needed to 
evaluate the MPP power from the POA irradiation and module temperature. With a 
simpler model, these modifications would not have been necessary and the number of 
parameters would be much smaller, so that the relevance of the choice of this model 
may be questionable.  
 
Despite the adjustments needed and the numerous parameters required by the model, 
the King model still has a great advantage over other ones, which is the existence of a 
database with model parameter for several hundred of modules. Therefore, 12 of the 13 
parameters can be determined from this database as soon as the module model 
reference is known (the 13th parameter is the module temperature coefficient, which is 
intentionally considered separately). As a result, thanks to this database, it can be 
considered that the model does not require 13 but only 2 pieces of information on a 
module to be implemented (module model reference and temperature coefficient). 
 
The output of the King model is the power produced by a single module. The power 
produced by all modules constituting a PV plant can be evaluated by summing the 
power of individual modules under consideration of the effect of mismatching. The 
mismatch match effect being considered by a constant derating factor (second 
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simplifying assumption), the power produced by all modules is simply obtained by 
multiplying the output of a single module by the mismatch factor and by scaling the 
power simulated for a single module to the total peak capacity. 
 
The peak power of a PV module decreases with time due to various degradation 
processes. As a result the actual peak power of a PV plant differs from the initial peak 
power and needs thus to be estimated. The effect of degradation on the peak power is 
usually modelled by a linear decrease of the capacity with time [Jordan Kurz 2013] 
[Kiefer et al 2010]. The actual peak capacity can thus be evaluated by reducing the initial 
peak capacity by a derating factor which is equal to the product of a constant factor 
(ageing rate) by the age of the plant (difference between the current time and the time 
of installation).  
 
DC cable losses 
 
The next step of the simulation is the evaluation of the ohmic losses occurring in the DC 
cables between the PV array and the inverter. To assess this loss the ohmic law is used 
with the assumption that the DC voltage is constant. This assumption is needed to 
implement the ohm law, as only power values are considered in this simulation. The 
analysis of DC power measurements from several PV plants shows that this assumption 
is valid as the variations of the DC voltage are very small (when power fluctuations 
occur, large fluctuation of the current can be observed while voltage remains almost 
constant). It results from this assumption that the DC power losses are proportional to 
the quadratic DC power, the proportionality factor being equal to the product of the 
voltage (assumed constant) with the cable-resistance of the DC cables. The DC power 
loss is subtracted from the power delivered by the PV array, which gives the power 
incoming on the DC side of the PV inverter. 
 
Efficiency of the PV inverter 
 
Since the influence of the voltage on the efficiency of the inverter is neglected, an 
inverter model giving an AC power as a function of the DC power is needed. The Schmid-
Sauer model [Schmidt Sauer 1996] has been chosen since it fulfils this requirement and 
is commonly used in PV simulations [Schumacher 2001] [Eicker 2012]. The Schmid-
Sauer model has three parameters accounting for the self-consumption, voltage loss and 
ohmic losses occurring in the inverter. A great advantage of this model is that these 
three parameters can be derived from three points of the power curve that can be found 
in manufacturer datasheet. It can thus be considered that this model does not need three 
but one single parameter (inverter model reference).  
 
For the implementation of the Schmid-Sauer model, the input DC power has to be 
normalized to the rated power of the inverter. The results of the Schmid-Sauer model 
being power values normalized by the inverter rated power, they still need to be 
multiplied by the inverter rated power. It is common in PV plant simulations to consider 
peak power and sizing ratio instead of peak power and inverter rated capacity. The 
sizing ratio is the ratio of the total peak power to the inverter rated power. The two 
approaches are equivalent. 
  



3 - Estimation of single plant power production from meteorological data 55 
 
 

 
AC cable losses 
 
AC cable losses occurring between the inverter and the grid are calculated in a similar 
way as the DC losses. This calculation requires an additional parameter quantifying the 
relationship between the AC power losses and the quadratic value of the inverter output 
power (proportionality coefficient). The power fed by a PV plant in the grid is finally 
obtained by subtracting the AC power losses from the AC power delivered by the PV 
inverter. 
 
Table 3-1: Calculation steps of the PV model and parameters necessary for a simulation 

Quantity calculated Parameters needed Sources 

Solar irradiation incident on the 
module plane  

. Time 
- Coordinates  
- Ground albedo 
- Module azimuth angle 
- Module tilt angle 

[Quaschning 2009] 
[Skartveit et al 1998] 

[Perez et al 1990] 

Soiling losses - Soiling loss factor [Cano 2011] 

Optical losses 
- Optical angular loss coefficient 
- Diffuse and direct optical loss coefficient 

[Martin Ruiz 2001] 

Module temperature - Ross coefficient [Ross 1981] 

Module output power 
- Module model reference  
- Temperature coefficient 

[King et al 2004] 

Module ageing 
- Annual degradation rate 
- Time of installation 

[Jordan Kurz 2013] 

Mismatch losses 
- Mismatch loss factor 
- Total peak capacity 

[Bagas et al 2011] 

DC cable loss - DC loss factor (-) 

PV inverter efficiency 
- Inverter model reference 
- Sizing ratio 

[Schmidt Sauer 1996] 

AC cable loss - DC loss factor (-). 

 
The different calculation steps and the parameters necessary to implement of the PV 
model described in this section are summarized in Table 3-1. A total of 19 parameters 
are necessary by the model. Information easily available on any plant is underscore in 
the last column of Table 1 (coordinates, total peak power, time of installation). After 
deduction of these three available data, 15 parameters needs to be determined for a 
plant to simulate its power production. 
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3.2 Parameter sensitivity analysis of the PV plant model 
 
Despite the simplifying assumptions made for the choice of the PV model, the model still 
requires 19 parameters, among which 15 parameters are not assessable from the 
information typically available on a PV plant. 
 
Although a lot of attention has been paid to keep the PV model as simple as possible, 
with 19 parameters it is still too complex for the intended application treated in this 
work. Further simplifications are therefore necessary to reduce the number of 
parameters (these simplifications are presented in section 3.3).  
 
In order to avoid that the intended simplification deteriorates the model accuracy, only 
parts of the model having a small influence on the output power should be simplified. 
Therefore, the relative importance of the different parameters needs to be known to be 
able to decide where a simplification can be made without affecting too much the 
performance of the model. 
 
For this purpose a sensitivity analysis has been carried out to assess how sensitive the 
model output is to changes in the value of the 15 unknown parameters. In addition, the 
effect of the uncertainty in meteorological data on the model output is also evaluated in 
the sensitivity analysis. Indeed, it is interesting to put the influence of a model 
parameter on the simulated PV power in relation to the effect of the uncertainty in input 
meteorological data on the model output when it has to be decided to simplify a part of 
the model or not.  
 

a. Method 
 
The Morris screening method (also called elementary effect method) [Morris 1991] was 
chosen for the simulation analysis because it is a global method with a simple but 
effective approach requiring limited computations. A detailed description of the Morris 
method can be found in [Ekström 2006] and [Zhan Song 2013].  
 
An elementary effect is defined as follows. Consider a model f with n different input xi, 
i=1,2…n. The input parameter space is discretised and the possible input parameter 
values are restricted to be inside a regular n-dimensional p-level grid, where p is the 
number of levels (or values) taken by a parameter. For a given value X=(x1, x2…xn), the 
elementary effect di(X) of the ith input parameter xi is defined as a finite-difference 
derivative approximation: 
 
                                                                             (3.2.1) 
 
Where xi and (xi+Δ) ∈ {0, 1/(p-1), 2/(p-1)…1} and i an integer between 1 and n.  
X=(x1, x2…xn) is a random sample in the parameter space so that the modified parameter 
set (x1, x2…xi-1, xi+Δ, xi+1…xn) is still within the parameter space. The elementary effects 
of the ith parameter di can be interpreted as an approximation of the partial derivative of 
the function f with respects to the ith parameter. 
 
In practice, the implementation of the Morris method requires the determination of a 
variation interval for each parameter. Then, values of xi of 0, 0.5 and 1 correspond 
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respectively to the lower limit, middle and upper limit of the variation interval of the ith 
parameter. The influence of xi is then evaluated by computing several elementary effects 
at randomly selected values of X and Δ. 
 
Time, global horizontal irradiation and temperature are input parameters to the model, 
whose values cannot be chosen randomly and independently since they are related to 
another: for example, a random parameter set with a global irradiation of 1000 W/m2, a 
temperature of -10 °C and a solar elevation of 5° would not be a very meaningful 
parameter set.  
 
To overcome this problem, the time and the meteorological parameters of the model 
were not chosen randomly. Instead, the PV plant AC power is simulated with a 
parameter-set X using one year of meteorological measurements (15-min air 
temperature and global horizontal irradiation measurement from Kassel) so that a time-
series of elementary effects is evaluated for each random parameter set X from the 
meteorological dataset.  
 
The uncertainty in solar irradiation and air temperature is included in the parameter-set 
X under the form of an error term perturbing the input meteorological measurements. 
 

b. Choice of the variation intervals 
 
The first step in the implementation of the Morris method is the determination of a 
variation interval for each considered parameter. The parameters considered for the 
sensitivity analysis and their variation intervals are summarized in Table 3-2. 
 
Table 3-2: Variation intervals used in the sensitivity analysis  

Parameter Range Parameter Range 

Uncertainty in the global 
horizontal irradiation 

(Multiplication coefficient) 
0.9  –  1.1 AC cable loss 0 – 1 % 

Uncertainty in the air 
temperature  

(Additive coefficient) 
-5  –  5 °C 

PV module electrical 
characteristics @ 25 °C 

Database with 520 
modules 

Ground albedo 5  –  55% 
Effect of the 

temperature on the 
module efficiency 

0.1 – 0.5 %/°C 

Module orientation -45°  -  45° Module Mismatch 0 -2 % 

Module tilt angle 10°  -  50° Module peak power 97 - 103 % 

Soiling losses 0 – 3 % DC cable loss 0 – 1 % 

Optical angular loss 
coefficient 

0.15  -  0.20 Sizing factor 80 – 110 % 

Diffuse and direct optical loss 
coefficient 

-0.08  -  -0.06 Inverter 
Database with 331 

inverters 

Ross coefficient 0.02 – 0.05   
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Since measurements are used for the air temperature and the global horizontal 
irradiation, their sensitivity is assessed using a perturbation term. A constant ranging 
between -5 and +5 °C is added to temperature measurements to assess its influence on 
the model output. A multiplicative factor comprised between 0.9 and 1.1 is preferred to 
an additive perturbation for the solar irradiation in order to avoid negative values in the 
morning and evening. 
 
The variation range of the ground albedo is limited by two extreme values 
corresponding to the albedo of forest and clean cement [Quaschning 2009]. 
 
The variation interval of the module orientation was chosen so that it encompasses most 
usual values: modules oriented from SE to SW and tilt angle varying from 10 to 50°. 
 
The minimal and maximal values of 0 and 3% were taken from [Cano 2011] for defining 
the variation interval of the soiling losses. 
 
For the two parameters of the module angular loss model, the different values fitted on 
experimental results mentioned in [Martin Ruiz 2001] were considered to evaluate the 
variation intervals. 
 
The lower and upper limits of the interval used for the Ross parameter are 
corresponding to the two types of montage leading to the minimal and maximal 
influence of the irradiation on the module temperature (open-rack system and to a 
building integrated modules).  
 
The maximal values of the AC and DC cable losses are based on the technical 
requirements in the planning of PV plants issued by the German regulation [DGS 2007]. 
 
The different factors influencing the peak capacity of the PV plants are summed up into a 
single parameter for the sensitivity analysis. These effects include the deviation of the 
actual peak power from the nameplate capacity (+/- 3%), and the module ageing (-0.3…-
0.8%/a [Thevenard et al 2010]). For the ageing, a new and a 10-year-old PV plant were 
considered, so that a variation range of 90-103 % of the nameplate capacity was found 
for the peak capacity. 
 
In [Bagas et al 2011] the influence of the mismatch losses on the annual PV energy 
production has been assessed for three locations using simulations and climatologic 
data. The energy losses due to module mismatch for a German location (Pocking) were 
evaluated to 0.5%. In order to encompass more situations than the one simulated by 
Bagas et al, a variation range of 0…1% is assumed for this parameter. 
 
It is difficult to consider separately the parameters of the PV module and inverter 
because a physical coherence links these parameters together. An alternative variation 
method was thus implemented for these two parameters. First, databases with model 
coefficients were used as a basis for the variation analysis of these parameters (331 
inverters [Photon DB] and 520 PV modules [Blair et al 2014]). Instead, of varying 
independently each parameters of the PV module and inverter models, the complete 
parameter set contained in the database was used in the simulation, so that the 
coherence of the parameter set is preserved. In other words, the variation is not made 
on single parameters but on the module/inverter model references.  
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In order to conciliate this approach with the Morris method, the power curves (or 
optical loss curves) corresponding to the different parameter set of the databases are 
ranked. The parameters set corresponding to xi values of 0, 0.5 and 1 are then the lower, 
the median and the higher power curve respectively. The selection of the power curves 
for different values of xi for the PV inverter is illustrated in Figure 3-2. 

 
Figure 3-2: Choice of the PV inverter power curve for different values of xi  

 
c. Implementation of the Morris method 

 

For implementing the Morris screening method to the PV model, the variation interval of 
each parameter was first discretized in 11 regularly spaced intermediary values (p=11).  
 
To assess the elementary effects obtained for a perturbation ∆ (included between 0 and 
10) on the ith model parameter, a parameter set X is first randomly chosen. Two 
simulations of the output power can then be made with the PV model: one with the 
reference parameter set X and one with the perturbed parameter set X+Δ. Two time 
series of simulated power are then obtained. A total number of 35 040 elementary 
effects can then be calculated from these two time series using equation (3.2.1). 
 
An illustration of the calculation of elementary effects can be found in Figure 3-3 for a 
perturbation Δ=4 applied to the module azimuth angle. The blue and red lines 
correspond to the simulated power values for the reference and perturbed set of 
parameters respectively and black bars represent the resulting elementary effects. As 
previously mentioned, the values of the parameter set reference case are chosen 
randomly and the set of parameters used for the two simulations is the same at the 
exception of the azimuth angle. The azimuth angles used for the simulation 
corresponding to the reference and perturbed cases are respectively -35 and 15°. 
 
The elementary effects are evaluated by dividing the absolute value of the difference 
between the two simulated power values by the value used for the perturbation (here 
0.4). For each set of random parameter (X) and each value of the perturbation (Δ) 
affecting a parameter xi, 35040 values are obtained for the elementary effect (15-min 
values over a year).  
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This procedure is iterated 1000 times for each parameter xi and each value of the 
perturbation Δ to avoid that a particular parameter set (X) affect the results of the 
sensitivity analysis.  

 
Figure 3-3: Illustration of the evaluation of the elementary effects (lower plot) from two simulated PV 
power time series (upper plot) 

 
d. Results 

 

The results of the sensitivity analysis are displayed in Figure 3-4 where the parameters 
are sorted according to the average value of the elementary effects. The blue area 
represents the probability density distribution of the absolute value of all elementary 
effects obtained during the sensitivity analysis. Red dots represent the average absolute 
value of the elementary effects for each parameter. 
 
It can be observed in Figure 3-4 that the sensitivity of the model output to the model 
parameters is very different between the parameters.  
 
The most sensitive parameters are in order of importance the azimuth angle, the peak 
power and the module tilt angle. The effect of these three parameters on the model 
output has the same order of magnitude as the uncertainty on the global horizontal 
irradiation. The probability density distribution shows that large elementary effects 
(>0.1) occur for this group of parameters, which means that very large instantaneous 
values of the sensitivity occur.  
 
Based on these results, it can be expected that a deviation of the used parameters from 
the actual parameters results in a large simulation error for the tilt and azimuth angles 
as well as for the peak power. The performance of the PV model depends thus heavily on 
the accuracy of these parameters. A model simplification affecting these three 
parameters has thus to be excluded and, rather, a great attention should be paid in the 
estimation of these parameters. 



3 - Estimation of single plant power production from meteorological data 61 
 
 

 

 
Figure 3-4: Results of the Morris sensitivity analysis. The probability density distribution of the 
elementary effects (in absolute value) corresponds to the light blue area and the average effect to the red 
dots. 

 
The module and inverter power curves, the angular losses coefficient, the module 
temperature coefficient and the Ross parameter are in order of importance the next 
most important parameters. Their order of magnitude is noticeably smaller than the 
sensitivity values obtained for the three most sensitive parameters. The probability 
density distribution (light blue areas in Figure 3-4) shows that large effects (>0.1) are 
not so common for this group of parameters than for the 3 most influent parameters. 
The PV model is thus less sensitive to these 5 parameters but still their effect on the 
model output can be expected not to be negligible. Indeed, their effect on the model 
output is larger than the influence of an error on the air temperature on the simulated 
PV power production. Though the PV model is noticeably less sensitive to these 
parameters than it is to the first three parameters, the simulation accuracy may be 
worsen by a misevaluation or model simplification affecting these parameters. As for the 
previous group of parameters, attention has to be paid for these parameters and a 
model-simplification on these parameters should not be made to preserve the model 
accuracy. 
 
The PV model is far less sensible to the remaining 7 parameters than it is for the 8 
previously mentioned parameters. A simplification of the model on this last group of 
parameters should therefore be much less penalizing for the accuracy of the simplified 
model.  
 
Regarding the input meteorological data, the results of the sensitivity analysis show that 
an error on the global horizontal irradiation has a very large effect on the model output. 
The simulation accuracy of the PV model is thus to a large extent conditioned by the 
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quality of the irradiation data. A great attention should therefore be paid in the accuracy 
of this input meteorological data. On the contrary, the effect of the perturbation on the 
air temperature has a very limited effect on the PV model output. This perturbation is 
ranked at the 10th place and its average effect is eight times smaller than the effect of the 
global irradiation. In contrast to the irradiation, a given uncertainty on the input air 
temperature can thus be tolerated for a simulation of the PV power generation. 

3.3 Simplification of the PV plant model 
 
The aim of this section is to simplify the PV model so that the set of needed parameters 
be either assessable with the limited amount of information typically available for a PV 
plant or derivable from historical measurements (section 3.4). 
 
The sensitivity analysis showed that out of the 15 unknown parameters of the PV model, 
the model output is noticeably sensitive to 8 parameters and particularly sensitive to 3 
parameters: the module azimuth angle, the peak capacity and the module tilt angle. The 
PV model shows little sensitivity to 7 parameters. 
 
Based on these results, it appears reasonable to keep the three important parameters 
(module azimuth and tilt angle and nominal capacity) in the simplified model and to 
assign a constant value to the set of parameters, for which small model sensitivity was 
found.  
 
With this approach, the number of parameters needed by the simplified model would be 
reduced to 8, which would already noticeably facilitate the use of the PV model. 
However, the resulting model would still be difficult to implement in the targeted 
applications. On the one hand, choosing statistically representative values of 8 
parameters for the approach proposed in this work would be very exhaustive. On the 
other hand, learning the 8 parameters from historical measurements would be too time-
consuming. 
 
Therefore, a more pragmatic model simplification was chosen that further reduces the 
number of model parameters necessary. Based on the results of the sensitivity analysis 
the first three model parameters retained are the module azimuth and tilt angle and the 
angular loss coefficient. The parameter describing the optical losses of the diffuse and 
reflected irradiation is fixed to a standard value proposed by Martin and Ruiz since the 
model is less sensitive to this parameter. Similarly a constant ground albedo of 20% is 
chosen. At this stage, it is possible to estimate the effective irradiation by ignoring -in a 
first time- soiling and mismatch losses. 
 
A general consideration of the set of equations of the model shows that a unique value of 
the produced power corresponds to each value of the effective irradiation and air 
temperature. This relationship is parameterized with the 10 remaining parameters of 
the model. The large number of parameters needed to describe this dependency is 
explained by the fact that each part of a PV plant is explicitly modelled. For the present 
work, modelling individually each component of the plant is not necessary since only 
their total resulting effect needs to be known. Accordingly, a look-up-table giving the 
output power for a given value of the effective irradiation and air temperature is 
preferred to a separate simulation of the different components of the plant with 10 
parameters. 
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An advantage of the look-up-table is that parameters, which are difficult to assess are 
implicitly considered (effective capacity, soiling loss, mismatch losses...). In addition 
eventual modelling weaknesses are avoided since it is not necessary to choose a 
mathematical model describing a relationship between input and output data. This 
simplification may thus not necessary lead to a reduction of the model accuracy. 
 
At a first sight it may appear more difficult to use a look-up-table than a set of 
parameters. For the present work, the choice of a look-up-table turned out to have many 
advantages (see section 3.4 and chapter 4). The use of the LUT simplified the simulation 
to such an extent that it is considered in the following as a single parameter though it 
contains many values.  
 
As a result, with the chosen simplification a PV plant can be simulated using only four 
parameters: 

- A module azimuth angle 

- A module tilt angle 

- An angular losses coefficient 

- A look-up-table giving the PV power as a function of the effective irradiation and air 

temperature 

A method to derive the reduced set of parameters from historical measurements is 
presented in section 3.4 and the simulation accuracy reached with the simplified model 
is assessed using exemplary PV plants in section 3.5. 
 
A flow chart illustrating the simplified PV model is given in Figure 3-5. The input 
meteorological data are the global horizontal irradiation and the air temperature 
(upper row) and the PV plants parameters are the module orientation angles, the 
angular losses parameter and the LUT. 
 
With the simplified model the output power of a PV plant can be calculated from 
meteorological data with the three following steps: 
 

1. The irradiation incident on the module’s plane is first calculated with the module 
tilt and azimuth angle as well as a constant ground albedo value of 20%.  

 
2. The effective irradiation is then assessed by evaluating the optical losses with 

the Martin-Ruiz model with the angular losses coefficient (a standard value is 
used for the optical losses of the direct and diffuse irradiation).  

 
3. The output PV power is then directly found from the look-up-table for the 

effective irradiation and air temperature.  
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Figure 3-5: Flow chart of the simplified PV plant model 
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3.4 Determination of the simulation parameters of a PV plant 
 

a) Principle 
 
As previously mentioned, meta-information available on a PV plant usually only includes 
the total peak capacity, the year of installation and the location, which is insufficient to 
simulate its power production from meteorological data. When historical measurements 
are available, a visual inspection of the time series easily reveals if for example the PV 
modules are rather oriented to the east or the west. A lot of information on the 
characteristics of a PV plant is thus implicitly contained in the measurement time-series. 
This information may be valuable for a simulation if it could be quantitatively estimated 
(a visual control only gives a qualitative information).  
 
Based on this idea, a method has been developed to derive the set of parameters 
required by the simplified model from historical measurements, so that a calculation of 
the power generation from meteorological data is possible. 
 
Apart from its configuration (parameters of the PV model), the power production of a PV 
plant depends on the solar irradiation and air temperature. The first step in the 
determination of the simulation parameters of a PV plant consists thus in collecting the 
meteorological data for each time a measurement is available. Two situations can occur 
at this preliminary step. In the optimal situation, irradiation and temperature are 
measured in parallel to the AC power production at a PV plant, so that the necessary 
meteorological information is directly available. A more frequent situation is that only 
the power generation is measured, so that another source of meteorological data has to 
be used. In the second case, it is possible to extract irradiation and temperature from 
satellite products and/or NWP analysis for the desired location and time period. 
 
Once meteorological data is available for each value of the power measurement, it 
remains to identify with which set of parameters the PV power simulated from 
meteorological data best fits the measurements. This is a common optimization 
problem, which can be solved by choosing a cost function quantifying the simulation 
error and searching the global minimum of this cost function in the space formed by the 
parameters. 
 
At first sight, it may appear natural to choose a common measure of the simulation error 
such as the RMSE or MAE as cost function. In practice, the implementation of this 
approach is difficult due to the existence of a look-up table in the parameter set. Indeed, 
though this LUT was considered above as a single parameter, each value contained by 
the LUT needs to be estimated in the optimization so that the parameter space is too 
large for the optimization. Another approach (or problem formulation) is thus necessary 
to solve the issues caused by the look-up-table. 
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The use of a look-up table in the simplified model has been motivated by the fact that, 
with the assumed simplifications, a single value of the output PV power corresponds to 
any pair of air temperature and effective irradiation. This characteristic of the simplified 
PV model can also be exploited to evaluate the optimal module orientation angles and 
optical loss coefficient. Indeed, these three parameters can be expected to have the 
following effects: 

 If the module orientation angles and the optical loss coefficient are optimally 
chosen, little dispersion should be observed among measurements 
corresponding to similar values of the simulated effective irradiation and 
temperature. 

 In contrast, a sub-optimal set of parameters should result in a higher dispersion 
among measurements corresponding to similar values of the simulated effective 
irradiation and temperature. 

Based on these considerations, it should be possible to search the three parameters 
(module tilt and azimuth angles and angular loss coefficient) by minimizing the 
dispersion of the measurements for any values of the effective irradiation and 
temperature. The advantage of this approach would be that the shape of the power 
curve (quantified by the LUT) is not needed for the optimization, which only focuses in 
maximizing the density of points on this unknown power curve. As a result, the 
parameter space would be reduced to the three dimensions formed by the module tilt 
and azimuth angles and the angular loss coefficient. To implement this idea, a cost 
function needs to be chosen that quantifies the dispersion of the measurements for any 
values of the effective irradiation and air temperature.  
 
For a given set Xparam of the three model parameters (module azimuth angle, module tilt 
angle and angular loss coefficient), the effective irradiation can be calculated from the 
global horizontal irradiation. Three time series are thus available as input data for the 
cost function:  
- The power measurements,  
- The air temperature available from the measurement dataset or extracted from 

meteorological products (i.e. NWP analysis data), and,  
- The effective irradiations calculated fom the global horizontal irradiation under 

consideration of the sun position and the assumed set of parameters Xparam. 
 
The dispersion of the data is first evaluated by calculating the joint probability 
distribution of the three considered variables. For this purpose the number of 
occurrences of the set of three values within different bins is counted. Bin widths of  
0.01 kW/kWp, 20 W/m2 and 2 °C have respectively been used for the power, irradiation 
and air temperature. The joint probability distribution contains the distribution of the 
dataset in the whole space covered by the data. Since only the frequency of occurrence 
of power values in the vicinity of the (unknown) power curve is needed, it remains 
extract this information from the joint probability distribution.  
 
When the set of parameters is optimal, it can reasonably be expected that the frequency 
of measurements is higher at power bins corresponding to the power curve than 
anywhere else. In this case, the required information can be thus assessed for all values 
of temperature and irradiation by selecting the maximal value of the frequency over all 
bins of the power measurements. A final summation over all temperature and 
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irradiation bins should give approximately the percentage of measurements lying in the 
vicinity of the unknown power curve. 
 
When the set of parameters is sub-optimal, the above-described assessment becomes 
meaningless since it can no longer be expected that the power bin with the maximal 
frequency corresponds to the power curve. However, the previous calculation should 
lead to a smaller value with sub-optimal parameters than when optimal parameters are 
used. In that sense, this approach can still be used to evaluate the performances of a set 
of coefficient. 
 
The cost function used for the estimation of the module azimuth angle, the module tilt 
angle and the angular loss coefficient is thus: 
 
 

                   
 

                                             

   

 (3.4.1) 

 
Where: 
 
 Xparam is the set of considered parameters (module azimuth angle, 

module tilt angle and optical loss coefficient) 

 PWmeas, Ghor, Tair are respectively power measurements, the global horizontal 
irradiation and air temperature data 

                   is the effective irradiation calculated from Ghor with the 
parameter set Xparam 

 PWi, Gj, Tk are respectively the ith, jth and kth bins of the power, irradiation 
and air temperature 

 p(X=Xi,Y=Yj,Z=Zk) is the probability that X, Y and Y are equal to Xi, Yj and Zk (joint 
probability distribution) 
 

               is the cost function for the set of parameters Xparam 

 
The first three parameters can be evaluated by finding the set of parameters Xparam 
maximizing the cost function: 
 

      
                          (3.4.2) 

 
This optimization is made in a three dimensional space, so that the estimation of the first 
three parameters is relatively fast.  
 
As described later, the chosen cost function works very well with local measurements. 
The implementation of the cost function with satellite-derived irradiation appeared to 
be more problematic due to a higher noise in irradiation values. To cope with this noise, 
the joint probability density distribution was convolved with a Gaussian kernel function. 
This modification improved noticeably the performances and robustness of the method. 
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Once the three parameters maximising the cost function are found, the next step of the 
algorithm consists in evaluating the look-up table corresponding to the power curve of 
the PV plant from the simulated effective irradiation, air temperature and power 
measurements. This evaluation is made in two steps.  
 
First, for any value of the effective irradiation and air temperature, the most frequent 
value of the power measurement is evaluated. The most frequent value is preferred to 
for example the average value because it was judged more stable given the problems 
potentially affecting the measurements (string outage, measurement errors…). 
 
At this stage, only values of the effective irradiation and air temperature covered by the 
measurement dataset can be evaluated in the look-up-table. This would not be a 
problem if the measurement dataset were large enough so that all possible values of the 
air temperature and effective irradiation are covered. But it cannot be excluded that a 
simulation needs a value form the look-up-table that could not be assessed with the 
available measurements. An estimation of the undefined values in the look-up-table is 
thus necessary. 
 
For this purpose, a linear dependency between the output power and the air 
temperature for each value of the effective irradiation is assumed. With this assumption, 
at each value of the effective irradiation, the two coefficients describing the linear 
dependency between output AC power and air temperature are estimated with the 
available data and the undetermined values of the look-up-table are filled by 
extrapolating the data with this linear relationship. 
 
The chosen cost function turned out to have further advantages than solely overcoming 
the problems caused by the LUT: with this approach the algorithm is not sensible to 
measurement problems such as string failure. Indeed, the algorithm focuses on region of 
high point densities and is little sensitive to outliers. This would not have been the case 
if other cost function such as for example the root mean square error had been used. 
 
Two examples of application of the algorithm are given in the following of this section 
and Appendix 7. The simulation accuracy obtained with the simplified model and the 
simulation parameters derived from measurements are also provided in section 3.5. 
 
The algorithm presented in this section is implemented prior to the simulation of PV 
plant with meteorological data for the investigation presented in chapter 5. It has also 
been used at the occasion of several research projects at Fraunhofer IWES, so that a 
database could be built with the estimated parameters of the different plants analysed. 
This database is used as a basis to the statistical analysis presented in chapter 4.  
 
The parameter assessment algorithm described in this section is German patent pending 
[Saint-Drenan Bofinger 2014].  
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b) Application example 
 
In order to illustrate its operation and evaluate its performances, the parameter 
estimation algorithm has been implemented for two different PV plants (Table 3-3). The 
dataset available for the two plants include 5-min measurements of the output DC 
power, global horizontal and POA irradiation and air and module temperature over 
several years. The Technical University of Bern (BFH) provided this data for the present 
work [BFH PV-test]. 
 
Table 3-3: Description of the characteristics of the EBL Liestal PV plant and results of the parameter 
estimation 

 
Stade de Suisse 

Wankdorf (DA1) 
EBL Liestal 

Latitude 46°57’51’’ 47°29’16’’ 

Longitude 7°27’55’’ 7°46’59’’ 

Year of  
installation 

2005 1992 

Azimuth and tilt angle 
provided by BFH 

-63° E / 20.5° 0° S / 30° 

Capacity 127.575kWp 18.510 kWp 

Module 
Kyocera KC-167GH-2 

(729 Modules) 
Kyocera LA361H51  

(363 modules) 

Inverter Sputnik SolarMax125 Sputnik SolarMax20 

Period used for the  
parameter estimation 

01.01.2008 – 31.12.2008 01.01.2009 – 31.12.2009 

Module orientation estimated from local 
meteorological measurements 

-68° E / 22° -3° E / 30° 

Optical loss coefficient from local 
meteorological measurements 

0.14 0.25 

Module orientation estimated from 
remote meteorological data 

-68° E / 22° -1° E / 30° 

Optical loss coefficient estimated from 
remote meteorological data 

0.06 0.08 

 
For both plants the algorithm has first been run with local meteorological 
measurements and then using remote-data. Remote data include irradiation calculated 
from satellite images with the helioclim-3v4 method [Espinar et al 2012] and air 
temperature taken from Cosmo-DE analysis [Schulz Schättler 2010]. Data from a single 
year has been used for the parameter estimation of the two plants. 
 
Module orientations and optical loss coefficients found with the algorithm are given in 
Table 3-3 and scatter plots of the normalized measured power (y-axis) as a function of 
the effective irradiation (x-axis) are displayed in Figure 3-6. In this figure the power 
values were corrected for their dependency on the air temperature to facilitate the 
visualisation of the data. For this purpose, the linear dependency assessed during the 
construction of the look-up-table (see previous section) has been used to evaluate AC 
power values corresponding to an air temperature of 25 °C. The colour of the points 
represents the local density of the scatter points: a light blue to blue point is occurring 
rarely while a red point is very frequent. The power curves corresponding to an air 
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temperature of 25 °C evaluated by the parameter estimation algorithm are displayed in 
each scatter plot by a red curve. 
 

  

  
Figure 3-6: Scatter plots of the normalized measured power (y-axis) as a function of the effective 
irradiation (x-axis) and the estimated power curve (red line). The colours of the scatter points represent 
the local density of points 

 
At first sight, more noise can be observed between power measurements and simulated 
effective irradiation in scatter plots corresponding to parameter estimation realized 
with remote data (two lower plots in Figure 3-6) than those where onsite measurements 
have been used (two upper plots in Figure 3-6). The uncertainty of remote 
meteorological data is obviously responsible for the larger dispersion of the scatter 
points in the two lower plots from Figure 3-6. 
 
A horizontal line can be observed in the two scatter plots corresponding to the 
Wankdorf DA1 PV plant (right plots in Figure 3-6), which results from a time period 
where values delivered by the data logger were constant (intentionally not excluded 
from the dataset). This shows that the algorithm seems to be insensitive to 
measurements error since the estimated parameters appear to be very plausible despite 
these errors (the two scatter plots are very sharp). 
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Red lines in Figure 3-6 represent the power curve evaluated by the algorithm for an air 
temperature of 25 °C. It can be observed that the power curves obtained with local or 
remote meteorological data are very similar. Unfortunately, these power curves cannot 
be validated since the actual power curve of the plant is not known. Similarly, a 
validation of the estimated optical loss coefficient is not possible. In contrast, the module 
orientation of the two plants has been provided by the plant operators so that a 
validation of these two parameters is possible. 
 
First, there is a good agreement between module orientations found with onsite 
meteorological measurements and remote data. For the Liestal plant the module 
orientation found with local and remote data are respectively (-3°E; 30°) and (-1°E; 30°), 
while the same module orientation has been found with the two datasets for the 
Wankdorf PV plant (-68°E; 22°).  
 
The module tilt angle found Liestal corresponds exactly to that provided by the plant 
operator (30°). In contrast, a light east orientation (-3°E and -1°E) has been detected by 
the algorithm while a south orientation is indicated in the plant description. A common 
practice to verify a module orientation consists in using Google Earth, which has proven 
to provide reliable information on the plant. An aerial picture of the plant taken from 
Google Earth (Figure 3-7) revealed that the plant is indeed slightly oriented to the east, 
so that the results of the algorithm are plausible. 
 

     
Figure 3-7: Aerial picture of the Liestal (left) and Wankdorf Stade de Suisse (right) PV plants  
(Source: Google earth) 

 
In Figure 3-7 (left picture) it can also be observed that a part of the Liestal PV plant is 
shaded in the morning. The production deficit resulting from the shading may explain 
the higher dispersion of the scatter points in the two right plots from Figure 3-6 for 
effective irradiation comprised between 0 and 600 W/m2.  
 
For the Wankdorf PV plant, a larger discrepancy is found between module orientations 
given by the plant operator (-63°E; 20.5°) and the ones found with the algorithm (-38°E; 
22°). The difference in tilt angle is relatively small (overestimation of +1.5°) but the 
greater difference of 5° between the azimuth angles is not negligible. A control of the 
module orientation on Google Earth confirmed that the azimuth angle provided by the 
plant operator (-63°W) is correct. The module orientation estimated by the algorithm 
seems thus to deviate from its actual value for this plant. 
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Numerous intermediary measurements available from the Wankdorf PV plant (POA 
irradiation, air and module temperature, DC and AC power) allowed a control of the 
different steps of the PV power calculation in order to understand the reason for this 
difference. An analysis of these intermediary results revealed that this difference 
azimuth angle is resulting from the assumption made for modelling the module 
temperature. Indeed the Ross model was chosen in chapter 3, in which the difference 
between module and air temperature is assumed proportional to the POA irradiation. 
This implies that a single module temperature correspond to each value pair (POA 
irradiation and air temperature). The analysis of the intermediary measurements 
revealed that characteristics of the module temperature do not fully meet this 
simplifying assumption. 
 
To highlight the characteristics of the module temperature, the difference between 
measured module and air temperature (y-axis) is displayed as a function of the 
measured POA irradiation (x-axis) in Figure 3-8. Since a dependence of the scatter 
points with the time of the day was identified during the data analysis, scatter points 
have been coloured according to the solar azimuth angle. 
 

 
Figure 3-8: Dependence of the difference between the module and air temperature (y-axis), the POA 
irradiation (x-axis) and the solar azimuth angle (colour of the scatter points) for the Wankdorf PV plant 

 
It can be observed in Figure 3-8 that for a given POA irradiation the difference between 
the module and air temperature is smaller in the morning than in the afternoon. For 
example, for a POA irradiation of 400 W/m2 a temperature difference of 10 °C is 
observed at a solar azimuth of 120° while it increases to 20 °C as the solar azimuth is 
240°. Under the same external conditions (air temperature and POA irradiation), a 
difference depending on the solar azimuth reaching up to 10 °C can thus be observed, 
which is inconsistent with the simplifying assumption made. 
 
The observed dependency of the module temperature on the solar azimuth (or the time 
of the day) can easily be explained by the fact that the PV modules are directly 
integrated on the roof of the Wankdorf stadium. The air behind the module is heated by 
the incoming irradiation in the course of the day, which heats the backside of the PV 
module so that the module temperature exhibits a dynamic behaviour influenced by the 
thermal inertia of the building. As the consideration of the thermal inertia of the module 
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was not foreseen in the chosen model, the algorithm has balanced the resulting 
modelling error by overestimating the module azimuth angle. 
 
As previously mentioned, an explicit consideration of effects such as the one illustrated 
in Figure 3-8 has been intentionally omitted in the simplified PV model (it would have 
required too detailed information on a PV plant). It is thus clear that a modelling error 
occurs for plants like Wankdorf where the validity of the simplifying assumption is 
limited.  
 
Given that the proposed algorithm estimates model parameters by maximizing the 
probability that a simulation matches the measurements, it is not surprising that a set of 
parameters different from the actual ones is found at Wankdorf. In a way, it can be 
considered that the difference between the estimated and actual parameters 
compensates the weaknesses of the simplified PV model for this plant. 
 
As previously mentioned, a validation of the angular loss coefficient and power curve 
look-up table is not possible as these parameters are not available from the plant 
description. Yet, as shown in the two examples, the estimated parameters are not the 
actual plant parameters but those describing the best the plant output power with the 
simplified model. From this perspective, a comparison between estimated and actual 
parameters is less relevant as the evaluation of the simulation accuracy reached with the 
estimated set of parameters. Accordingly, a validation of the estimated parameter set is 
realized in section 3.5, where simulation accuracies obtained with the different sets of 
estimated parameters are assessed and analysed. 
 

c) Validity and limits of the algorithm 
 

The two examples described in this section shows that the outputs of the parameter 
estimation algorithm are plausible whether with on-site or remote meteorological data. 
The proposed algorithm can thus be very helpful to evaluate model parameter from 
historical measurements. However it was found that the validity of the algorithm can be 
limited in some situations. 
 
It often happens that a power production time series correspond to the aggregated 
production of modules with different orientations. In such cases, the algorithm is 
working poorly since it is based on the assumption that only a single orientation exists 
in a PV plant. 
 
The algorithm cannot assess variations of the module soiling produces since it is 
assumed that the characteristics of the PV plant are constant on the period where the 
parameters are assessed. These can lead to a bias in the simulation. 
 
Last, a minimal amount of measurements is needed so that the algorithm works 
properly. It was observed that with less than 6 months of measurements the 
performances of the algorithm are limited. 
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3.5 Simulation accuracy of the simplified PV plant model 
 

The two PV plants introduced in the previous section were used to evaluate the 
simulation accuracy of the simplified PV model. For this purpose, the power generation 
of the two plants have first been simulated with the simplified model using 
meteorological data and sets of parameters estimated with the algorithm introduced in 
the previous section and then compared to the corresponding measurements. 
 
A simulation with local meteorological measurements being sufficient to evaluate the 
performances of the simplified PV model, no simulation using remote meteorological 
data is presented in this section.  
 
The parameter set used for Wankdorf and Liestal have been estimated with the 
parameter estimation algorithm on the basis of local meteorological measurements. A 
different period than the one used for the parameter estimation has been chosen for the 
estimation of the performances of the PV model. It was also controlled that no string 
failure or measurement problems are occurring in the test dataset. The data affected by 
local shading at Liestal were also excluded from the dataset. Last, only data from March 
to November were used to avoid situations where snow is affecting the PV power 
generation. With these precautions the simulation error should solely reflect the ability 
of the simplified model and estimated simulation parameters to evaluate the PV power 
generation from meteorological data.  
 
An illustration of the time series used for the estimation of the performances of the 
simplified PV model is given in Figure 3-9. The data displayed in this figure are the 
measured and simulated PV power generation at Wankdorf DA1 from 08/04/2008 to 
09/04/2008. The measured and simulated power values are represented by a blue and 
red line respectively. The resulting simulation error is also represented with a green 
curve. It can be observed in this example that the simulation well matches the 
measurements: the daily profile of the simulated power fits perfectly the diurnal 
variation of measurements. In this short time period the error is ranging from  
approx. -0.05 to 0.05 kW/kWp, larger errors corresponding to high fluctuation of the 
power. 

 
Figure 3-9: Measured (blue line with points) and simulated (red dotted line) PV power at Wankdorf DA1 
(08/04/2008-09/04/2008)  
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A statistical analysis of the simulation error time series has then been realized to 
quantify the performances of the simplified model for the two plants. The characteristics 
of the test dataset and various metrics of the simulation errors (RMSE, MAE, Bias...) are 
summarized in Table 3-4.  
 

Table 3-4: Statistical analysis of the simulation error for Wankdorf DA1 and Liestal 
 Wankdorf DA1 Liestal 

Description of the  
test dataset 

Test period 01.03.2009 – 01.12.2009 01.03.2010 – 01.12.2010 

Number of hours used  
for the assessment 

3243.00 hours 
(12 972 values) 

2795,5hours 
(11182 values) 

Cumulated global  
horizontal irradiation 

1093.56 kWh/m
2
 1022,19 kWh/m

2
 

Cumulated irradiation  
incident on the module 

1120.51 kWh/m
2
 1157.23 kWh/m

2
 

Specific energy  859.78 kWh/kWp 701.28 kWh/kWp 

Performance ratio 76.73 % 60.60 % 

Simulation error  

Root mean square error 0.0188  kW/kWp 0.0235 kW/kWp 

Mean average error 0.0120 kW/kWp 0.0177 kW/kWp 

Bias 0.0023 kW/kWp -0.0054 kW/kWp 

Standard deviation 0.0186 kW/kWp 0.0228 kW/kWp 

Correlation coefficient 0.9967 0.9942 
 

The statistical analysis of the simulation error shows that a RMSE and MAE of  
0.0211±0.0024 kW/kWp and 0.0148±0.0028 kW/kWp respectively are obtained with 
the simplified PV model and estimated parameters for the two plants. All metrics of the 
simulation error are noticeably greater at Liestal than at Wankdorf: the values of the 
RMSE and MAE found at Liestal are respectively 25% and 50% greater than those 
obtained for the Wankdorf DA1 PV plant. 
 
To understand the reasons of this difference in error between the two plants, the 
probability density distributions of the simulation error are displayed in Figure 3-10. 
While error values are symmetrically distributed at Wankdorf (bias equal to  
0.0023 kW/kWp), it can be observed that the error distribution is not symmetrical for 
Liestal: a large number of simulation errors comprised between  
-0.05 and -0.02 kW/kWp can be observed, which results in a negative bias two times 
greater than the one obtained at Wankdorf (-0.0054 kW/kWp).  

 
Figure 3-10: Probability density distribution of the simulation error for the two PV plants (blue curve: 
Liestal; red curve: Wankdorf DA1) 
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A visual inspection of the data available for the Liestal plant showed that the local 
shading previously identified is responsible for the high frequency of error values 
comprised between -0.05 and -0.02 kW/kWp. That the effect of shading can be observed 
despite the data have been filtered out is due on the one hand to fact that all shaded 
values could not be excluded from the test data set and on the other hand that the fit of 
the power curve of the parameter estimation algorithm was disturbed by the presence 
of power measurements affected by the shading.  
 
The effect of the power measurements affected by the shading on the simulated power 
value can also be observed on the scatter plot displayed in Figure 3-11. In this figure, the 
power measurements (y-axis) are plotted against simulated power values (x-axis) for 
the Wankdorf DA1 in the left plot and Liestal on the right plot. Simulation values 
responsible for the negative bias can be observed in the right scatter between 0 and  
0,3 kW/kWp. These relatively low values of the normalized power suggest that this error 
occurs at low solar elevation, where the shading is highly likely to affect the PV power 
generation. 

 
 

Figure 3-11: scatter plot of the power measurements (y-axis) as a function of the simulated power (x-
axis); Wankdorf data are represented by the blue scatter points on the left plot and Liestal data by the red 
scatter points on the right plot. 
 

Finally, this evaluation shows that in favourable conditions (Wankdorf) the simulation 
error can be very satisfying with RMSE and MAE values of 0.019 and 0.012 kW/kWp 
respectively. The performance of the proposed approach can be limited by local effects 
(shading at Liestal), in which case the RMSE and MAE can increases to 25 and 50 % 
respectively (0.0235 and 0.0177 kW/kWp).  
 
Considering the simplifications made and the advantages of the proposed approach, the 
performance of the chosen PV model evaluated in this section are judged very satisfying 
and sufficient for the targeted application of this work. The proposed simplified model is 
used in chapter 5 to implement the upscaling method with meteorological data as input. 
In this first application, the power generation of a set of reference PV plant is simulated 
from meteorological data with the simplified model using parameters estimated from 
historical measurements. The simplified model is also implemented in chapter 4, where 
results of a statistical analysis are used for choosing appropriate values for the 4 model 
parameters. 
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Using information on the simulation error of the used model could be used to assess a 
measure of uncertainty of the regional power by propagating the error to the final 
calculation. Though this information would be interesting for this work, it was decided 
not to follow this idea for two main reasons. Firstly, in this chapter the error is only 
assessed with two plants, whose value is quite different due to local characteristics. This 
information is therefore too limited to evaluate an error value that is representative for 
all German plants. Secondly, additional sources of uncertainties would then have equally 
to be considered (e.g. effect of the uncertainty in the parameters of the probabilistic 
model), which evaluation is not trivial and would be exhaustive.  
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4 Probabilistic estimate of the regional PV power production from the 
statistical characteristics of PV plants 

 

It was found in chapter 2 that the upscaling method yields outstanding results when the 
set of reference plants is large enough, but that situations remain where the results are 
suboptimal due to a limited spatial distribution of the reference plants or to differences 
in characteristics between reference and unmetered plants.  
 
In this chapter, an alternative method for estimating the regional PV power production 
is proposed to avoid the problems posed by the set of reference plants in the standard 
upscaling approach. This method differs from the traditional upscaling approach on two 
main aspects (see Table 4-1). 
 
The first important feature of the proposed approach is to evaluate the power 
generation at all locations where a PV plant is installed in the considered region using 
the corresponding meteorological data. Indeed, meteorological data being available 
area-wide from numerical weather model or satellite data, there is no need for a spatial 
interpolation. By doing so, it is hoped that the proposed method represents an 
improvement with respect to the traditional upscaling method, whose performance is 
penalized by differences in meteorological conditions between reference and un-
metered plants. 
 
The area-wide calculation of the PV power production is performed using the model 
introduced in chapter 3. For this purpose, it is necessary to choose a set of PV plant 
parameters for each plant, which is difficult since the characteristics of the un-metered 
plants are a-priori unknown. The approach used to handle this problem is the second 
key feature of the proposed approach. All sets of parameters frequently occurring and 
their probabilities of occurrence are evaluated in the statistical analysis of a database 
with parameters from several thousand of PV plants (section 4.2). Based on this 
information, PV power generation is evaluated for all identified sets of parameters. The 
most probable value of the power generation is then assessed for each plant by a 
probability weighted average of PV power values calculated for each possible parameter 
set.  
 
This probabilistic approach requires significantly more computation than the standard 
upscaling approach but it is expected to yield better results, provided that the used 
statistics is describing well the set of un-metered PV plants. It is clear that the quality of 
the statistical information used in the proposed approach is a critical issue for the 
accuracy of the final results. It is thus very important to pay a lot of attention that the 
statistical information is representative for the set of un-metered plants. Though it is 
impossible to guarantee that the used statistical information perfectly depicts the set of 
unknown plants, some measures can be taken to try to have the best guess of the 
statistical characteristics of the un-metered plants, namely: 

 Collecting information for as many plants as possible 

 Identification of predictors for improving the estimation of characteristics of the 
unmetered plants by the statistical analysis 
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The first measure consists in collecting information for as many plants as possible, so 
that sample plants used in the statistical analysis are as representative as possible for 
the set of unknown plants. Efforts made for gathering information on PV plants are 
described in section 4.1. 
 
The second measure consists in trying identifying relationships between the statistical 
characteristics of the PV plants and known potential predictors. For example, different 
statistical characteristics may be obtained for small plants and large plants (nominal 
capacity of un-metered plants is known). Such properties can be exploited to improve 
the statistical information used in the proposed approach by e.g. using different 
statistics depending on the size of the PV plant. The statistical analysis presented in 
section 4.2 is thus not only aimed at deriving statistical information from a set of data 
but also at identifying und understanding relationships between the statistical 
properties of the data and information known for all plants (location, nominal 
capacity...). 
 
Finally, a procedure for estimating the regional PV power production on the basis of the 
results of the statistical analysis is presented in section 4.3. The proposed method is 
compared to the traditional upscaling method in chapter 5. 
 
Table 4-1: Comparison of the upscaling method with the probabilistic approach with respect of 
meteorological information and characteristics of the PV plants 

 Upscaling method Probabilistic approach 

Meteorological 
information 

Meteorological information is 
indirectly considered through the yield 
of the reference plants. Only 
information at reference plants is used. 

Irradiation and temperature are 
explicitly considered for each plant 

Characteristics of 
the PV-plants 

Only characteristics of the reference 
plants are implicitly considered 
through the yield of the reference 
plants. 

The characteristics of all plants are 
assessed by a statistical analysis 
on available information on PV 
plants.  

 

4.1 Database of PV plant parameters 
 

The parameter estimation algorithm presented in section 3.4 has been implemented for 
the characterization of PV plants in several research projects at Fraunhofer IWES over 
the last years. Outputs of the algorithm have been gathered in a database so that 
information required for the implementation of the PV model introduced in chapter 3 is 
available for approx. 7000 PV plants. 
 
To improve the representativeness of the dataset, an additional set of ca. 28 000 PV 
plants with zip code, nominal capacity and module orientation was manually collected 
from different web sites [Sonnenertrag] [PV-log] [SFV] and added to the database. With 
this additional source of information, the extended database represents with 35 000 PV 
plants ca. 2.4% of the total number of PV plants installed in Germany (1.48 millions on 
01/08/2015). As previously mentioned, information on the power curve of the PV 
plants is only available for 20% of the plants registered in the database. 
 
The distributions of the two sets of PV plants included in the resulting database with 
respect to their nominal capacity are displayed in Figure 4-1 (orange and red bars 
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respectively) and compared to the distribution of all PV plants installed in Germany 
(light blue bars). The representativeness of the PV plants included in the IWES database 
with respect to the nominal capacity is important because the characteristic of the PV 
power generation has been found to be different for small and large PV plants. [Lorenz 
et al 2010] 
 
The distribution of plants with information on module orientation, location and nominal 
capacity (red bars) is quite similar to that of all German PV plants (light blue bars) with 
however an underrepresentation of PV plants with a nominal capacity smaller than  
5 kWp. Larger differences can be observed between the distribution of plants with 
information on the power curve (orange bars) and that of all German PV plant (light 
blue bars): an overrepresentation of plants greater than 50 kWp and an 
underrepresentation of plants smaller than 20 kWp can be observed in Figure 4-1. This 
difference is resulting from the fact that large plants are more often measured than 
smaller plants (parameters are evaluated from historical power measurements). 
 

 
Figure 4-1: Probability distribution of the number of PV plants with respect to the nominal capacity- light 
blue bars: all German PV plants, red bars: all PV plants included in the IWES database, orange bars: PV 
plants included in the IWES database with power curve,  
 

Another important issue related to the representativeness of the database is the spatial 
distribution of the PV plants. Indeed, it can be expected that the statistics of the 
parameters differ from one region to another. It is thus important to have enough 
information on the PV plants characteristics anywhere in Germany. 
 
To assess this issue, the distribution of all German PV plants per two-digit zip code areas 
is displayed in Figure 4-2 (upper left map). The number of PV plants installed in a zip 
code area ranges from 110 to almost 55 000. In the upper right map of Figure 4-2, the 
spatial distribution of the PV plants included in the IWES database is displayed for each 
two-digit zip code areas. For this map, the complete set of PV plants registered in the 
database has been used (35 000 plants).  
 

The spatial distribution of plants included in the database (upper right map) is very 
similar to that of all German PV plants (upper left map). It has been evaluated that the 
database includes between 1.25 and 4% of the total PV plants installed in a zip code area 



82 4.1 - Database of PV plant parameters 
 

(lower map). In most zip code area this share is comprised between 2 and 2.5%. All 
regions from Germany are thus well represented in the database. 
 

     
 

 
Figure 4-2: Upper left map: map of the total number of all PV plant installed per two-digit zip code area, Upper 
right: map of the number of PV plants included in the database per two-digit zip code area. Lower map: map of 
the share of installed PV-plant included in the database per two-digit zip code area. 
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4.2 Statistical analysis of the PV plant parameters 
 
In this section, the main results of the statistical analysis of the four parameters needed 
by the PV model are presented. One of the aims of the statistical analysis being to 
identify possible dependencies between parameters needed by the PV model and other 
information available on the PV plants (nominal capacity, location...), it was chosen to 
analyse each parameter separately, which makes the analysis easier. Nevertheless, 
possible dependencies between the parameters are considered in the individual 
analyses.  
 

a. Statistical analysis of the module tilt angle 
 
Dependency between tilt angle and nominal capacity 
 
Characteristics of PV plants being known to be different for large and small plants 
[Lorenz et al 2010], the dependence between the tilt angle and the nominal capacity has 
first been tested by plotting all values of the tilt angles contained in the IWES database 
against the corresponding nominal capacities (see Figure 4-3). 

 
Figure 4-3: Scatter plot of the tilt angle (y-axis) against the PV plant nominal capacity (x-axis) – grey 
points: all values; red lines: bin averages; blue lines: standard deviation for each bin 

 
In Figure 4-3 a scatter plot of the tilt angle (y-axis) as a function of the nominal capacity 
(x-axis) is displayed for all PV plants (grey dots). Due to the different order of magnitude 
of the nominal PV plant capacity, a logarithmic scale is used for the x-axis. In order to 
better visualize the dependency between the two parameters, bin average and standard 
deviation are also represented (respectively red and blue lines). The width of the bins is 
constant in the logarithmic scale. 
 
A clear dependency between the tilt angle and the size of the PV plant (nominal 
capacity) can be observed in Figure 4-3. For PV plants smaller than 10 kWp, the bin-
averages of the tilt angle increases from 31 to 35°. Between 10 and 100 kWp bin 
averages of the tilt angle decrease from 32° to 16° and remain relatively constant until 
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1000 kWp. While the dependency of the average tilt angle with the nominal capacity is 
continuous until 1000 kWp, a strong discontinuity can be observed at 1000 kWp: the 
average tilt angle included in the classes 600-1000 and 1000-2000 kWp are 17° and 26° 
respectively. This discontinuity is also observable in the scatter points. The bin-average 
of the tilt angles for nominal capacity values greater than 1000 kWp is relatively 
constant and close to 26°. 
 
In order to quantify the statistical dependency between the tilt angle and the size of a PV 
plant, 10 classes of nominal capacity were chosen to reflect the trend of the bin-averages 
of the tilt angle observed in Figure 4-3 and to encompass the maximal number of values 
per class. Probability density distributions of the tilt angles have then been evaluated for 
each class. The results are displayed in Figure 4-4, where the colours of the different 
lines correspond to a class of nominal capacity.  

 
Figure 4-4: Probability density distribution of the tilt angle for different classes of the nominal PV plant 
capacity (line colours) 

 
It can be observed that tilt angle values ranging from 30 to 45° are the most frequent for 
small PV plants (dark-blue to light blue lines). As the nominal capacity increases, the 
relative occurrence of these values decreases progressively, while the portion of PV 
plants with a module inclination comprised between 10 and 25° increases (light-blue to 
orange lines). The probability density distribution of the tilt angle of very large PV plants 
(installed PV-capacity greater than 1000 kWp) is very sharp and centred on tilt values of 
25 to 30° (red lines). 
 
To better understand the dependency between the tilt angle and the PV plant nominal 
capacity, a visual inspection of PV plant pictures from the Internet solar portal 
sonnenertrag.eu [Sonnenertrag] has been conducted. In order to illustrate the results of 
this visual inspection, plants have been selected which are representative for frequently 
occurring configurations. Four values of the tilt angle (10, 20, 30 and 45°) and 6 classes 
of the nominal capacity have been considered in the visual inspection. The selected 
plants are displayed in Figure 4-5, where no example is given for combinations of tilt 
angle and nominal capacity rarely occurring (e.g. tilt angle of 45° for plants greater than 
1000 kWp). 
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Figure 4-5: Picture of example PV plants for different nominal capacity and tilt angle  
Source: www.sonnenertrag.eu [Sonnenertrag] 

 
Three main types of plants can be observed in Figure 4-5: roof mounted PV plants, rack-
mounted PV plant on a flat roof and free-field PV-parks. The first type is the most 
frequent for plants smaller than 100 kWp but can be found for larger plants with a 
capacity of up to 1000 kWp. The second mounting type can be found for all values of the 
capacity. It is nevertheless relatively rare for small plants and occurs the most often for 
PV plants with a capacity between 30 and 1000 kWp. The third mounting type is only 
found for large plants. 
 
Small PV plants (0-30 kWp) are in majority directly mounted on roofs, so that the 
module orientation is determined by the roof inclination. In this case, the distribution of 
the tilt angles reflects the distribution of the roof inclination. This explains the large 
number of sub-optimal1 tilt angles greater than 40° observed for the three first 
probability density distributions in Figure 4-4 (dark to light blue lines). The diminution 
of the frequency of occurrence of PV plants with a tilt angle of 40-45° with increasing 
                                                        
1 a maximal energy production is reached with a tilt angle of ca 30° in Germany (south orientation) 

http://www.sonnenertrag.eu/
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size of the plant until a zero probability for nominal capacity greater than 100 kWp can 
also be explained by this issue. Indeed, while roof inclination of 40 to 45° are frequent 
for small building, this strong inclination becomes less frequent for large building, which 
have rather a smaller inclination. This trend can be observed in the increase of the 
frequency of tilt angles comprised between 0 and 30° as the plant capacity rises up to 
500 kWp. The fact that larger buildings have a flatter roof than smaller ones can be 
explained by the static constraints related to wind exposition in the architectural design 
of a building.  
 
In contrast to small plants, the visual inspection of the plants of the Sonnenertrag-portal 
has revealed that medium to large plants are not only directly mounted on a roof. The 
tilt values between 10 and 30° for PV plants with a nominal capacity comprised between 
30 and 500 kWp can whether correspond to a direct roof montage or to a rack montage. 
Indeed a rack system with a suboptimal tilt angle of 10 to 20° is often used to maximize 
the capacity installed on a roof.  
 
As the plant size reaches very large values (>500 kWp), the frequency of occurrence of 
tilt angle of 25 to 30° strongly increases. This is the optimal configuration maximizing 
the yearly energy production. In this domain, PV plants are in majority free-field plants 
with open rack montage. 
 
Dependency between tilt angle, nominal capacity and location of a PV plant 
 
For small to medium plants, PV modules are directly mounted on the roof so that the tilt 
angle is determined by the roof inclination of the building. Given that architectural 
characteristics vary from region to region, it can be expected that the statistics of the tilt 
angle also differ from one region to another. In order to investigate the regional 
variation of the statistics of the tilt angle, the previous analysis has been conducted for 
the 95 two-digit zip code areas of Germany. Probability density distributions of the tilt 
angle have been evaluated for each zip code area and each class of nominal capacity. In 
case where too little information was available for a zip code area, the set of plants has 
been extended using plants from neighbour zip code areas. 
 
Due to the large number of probability density distributions evaluated (950), all results 
of this regional analysis cannot be presented. Alternatively, the spatial trend is 
represented by displaying average values of the tilt angles spatially and the probability 
distributions are given for a limited number of representative cases. 
 
Average values of the tilt angles are displayed for two classes of the nominal capacity in 
Figure 4-6: small plants with a capacity ranging from 0 to 10 kWp (left map) and larger 
plants with a capacity ranging from 100 to 500 kWp (right map). Each square is located 
at the centre of a two-digit zip code area and the colour of the square represents the 
average value of the tilt angles of the plants located in the zip code area. Due to the 
different orders of magnitude of the average tilt angles in the two cases, colour scales 
are different for the two maps. Nevertheless, both colour scales have a range of 20° (20-
40° and 10-30° respectively) so that a direct comparison of the regional variations of the 
average values between the two maps from Figure 4-6 is possible.  
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Figure 4-6: map of the average tilt angle per two-digit zip code area for plants with a capacity comprised 
between 0 and 10 kWp (left pictures) and between 100 and 500 kWp (right picture) Each square is located at the 
centre of a zip code area; the colour of a square represents the average value of tilt angles from all plants located 
in a zip code area 

A significant spatial variation of average tilt angles can be observed for PV plants smaller 
than 10 kWp in Figure 4-6 (left map). The average tilt angle ranges from 25° to 40° 
depending on the location. The consideration of the location of a PV plant is thus 
important for the statistics of the tilt angle in this power class, as it results in a maximal 
variation of 15° of the averaged tilt angle.  
 
A regional effect on the average tilt angle of plants with a capacity between 100 and  
500 kWp can also be observed in Figure 4-6 (right map). However, this effect is 
noticeably smaller than in the first example. In this case, average tilt angles vary 
between 12 and 20°. With a variation interval of 8°, the regional effect is much smaller 
for this class of PV plants than for that observed previously with small PV plants. 
 
The probability density distributions (PDD) of the tilt angles are displayed for four zip 
code areas and the 10 considered classes of nominal capacity in Figure 4-7. The 
examples zip code areas are located in the northwest (zip code 26), northeast (zip code 
17), southwest (zip code 79) and southeast (zip code 83) of Germany. These examples 
have been chosen due to their location but above all because they correspond to 
extreme values observed in Figure 4-6 for small plants (left map). The two classes of 
nominal capacity illustrated in Figure 4-6 are marked by a circle in Figure 4-7. A 
comparison of the PDDs of small plants (blue curves) show that PV plants with a tilt 
angle of 40-50° are more frequent in north Germany (zip code areas 26 and 17) than in 
the south (zip code areas 79 83) where such angles are seldom. In contrast, the 
frequency of tilt angles between 20 and 30° is very frequent in the south (especially at 
zip code area 83), while they are rare in the North. These differences are presumed to 
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stem from regional architectural peculiarities and are in line with the average values 
displayed in Figure 4-6.  
 
The differences between probability density distributions of large plants (orange to red 
lines) are significantly smaller than those of small plants (blue to green lines). While a 
regional effect is relatively clearly observable for small plants, it is difficult to recognize 
a real trend for large plants. This difference between small and large plants may be 
explained by the fact already mentioned before, that larger plants are in most case not 
directly integrated on a roof but mounted on a rack system in which case the tilt angle is 
independent from the building topology. 
 

 
Figure 4-7: Probability density distributions of the tilt angle for different classes of the nominal capacity (colour 
of the lines in each plot) for the zip code areas 26 (upper left plot), 17 (upper right plot), 79 (lower left plot) and 
83 (lower right plot) 

This short analysis shows that the nominal capacity and the location are influencing the 
statistics of the tilt angle. Probability density distributions of the tilt angle evaluated for 
the 10 classes of nominal power and for the 95 two-digit zip code areas (950 PDDs) will 
thus be used for the simulation of the regional power in combination with statistics from 
further parameters (see section 4.3). 
 

b. Module azimuth angle 
 

Dependency between azimuth angle and nominal capacity  
 

The same analysis procedure as that used for the tilt angle has been implemented for 
evaluating the dependency between the nominal capacity and the azimuth angle. In 
Figure 4-8 all available values of the azimuth angle are displayed as a function of the 
nominal capacity (grey dots) in a semi-log scale. Average values and standard deviations 
are also displayed for different bins of the nominal capacity (red and blue lines 
respectively). 
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It can be observed that average values of the azimuth angle are close to zero degree 
(south orientation) for all classes of nominal capacity (red lines in Figure 4-8) but that 
the standard deviation values decrease with increasing nominal capacity (blue lines). 
This decrease is clearly observable for nominal capacities greater than 100 kWp. The 
south orientation corresponding to a maximal annual PV-production, this effect may be 
explained by the fact that the larger a PV plant, the more attention is paid to its optimal 
configuration. Alternatively, the growing share of free-field PV plants with increasing 
nominal capacity could also be responsible for this decrease of the standard deviation. 
 

 
Figure 4-8: Scatter plot of the azimuth angle (y-axis) against the PV plant nominal capacity (x-axis) – grey 
points: all values; red lines: bin averages; blue lines: standard deviation for each bin 
 

In order to quantify the influence of the nominal capacity on the statistics of the azimuth 
angle, probability density distributions of the azimuth angle have been evaluated for the 
classes of nominal capacity previously used for the tilt angle. The results are displayed in 
Figure 4-9, where the colours of the different lines correspond to a class of nominal 
capacity. 

 
Figure 4-9: Probability density distribution of the azimuth angle for different classes of the nominal PV 
plant capacity (line colours) 
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The probability density distributions of all classes of nominal capacity below 100 kWp 
are very similar (blue to yellow lines). For these classes the density distributions are 
quite symmetric about 0°, which corresponds to an optimal south orientation.  
 
For large plants (>500 kWp), the probability of an azimuth angle corresponding to a 
south-orientation (0°) is much larger than for smaller plants, and increases with the size 
of the PV plant. The share of south-oriented plants for PV plants belonging to the classes 
500-100 kWp, 1000-2000 kWp and >2000 kWp is equal to 52, 35 and 86% respectively. 
At the same time the probability of occurrence of azimuth angles greater than 40°, 20° 
and 15° becomes zero for the classes 500-100 kWp, 1000-2000 kWp and >2000 kWp 
respectively. 
 
Similarly to what was found in the analysis of the tilt angle, a statistical dependency 
exists between the azimuth angle and the nominal capacity. For the azimuth angle, all 
probability distribution are centred on the optimal south orientation (0°) and an 
increase of the nominal capacity results in a smaller dispersion of data. 
 
Dependency between azimuth angle, nominal capacity and tilt angle 
 
Now that a statistical dependency between the azimuth angle and the nominal capacity 
has been shown, the influence of the tilt angle on the statistics of the azimuth angle is 
investigated. Indeed, these two angles are expected not to be statistically independent 
for two reasons: 

 A south orientation can be expected to be more frequent for plants with a tilt 
angle comprised between 20 and 30° than for other plants. Indeed, numerous 
plants with modules mounted on a rack system can be found in this class of tilt 
angle (a large majority of rack systems are oriented to the south), while for 
example all plants with a tilt angle of 40-50° are directly mounted on a roof, in 
which case the azimuth angle is conditioned by the building orientation and may 
differ from the optimal azimuth angle.  

 For low tilt angles, the effect of the azimuth angle on the yearly energy 
production is smaller than for high tilt angles. The installation of a PV plant being 
decided on the basis of the expected energy production, it is reasonable to expect 
that the dispersion of the azimuth angle around the optimal south orientation is 
smaller for plants with a large tilt angle than for plants with a low tilt angle. 

In the statistical analysis of the tilt angle, the nominal capacity and the region have been 
identified as important predictors. Considering the region in addition to the tilt angle 
and the nominal capacity for the statistical analysis of the azimuth angle would certainly 
be pertinent. Indeed, the varying solar resource from one region to the other may affect 
the statistics of the two orientation angles. Unfortunately, the data set is too small for 
using three predictors in this analysis and, assuming that the effect of the tilt angle is 
larger than that of the region, the present analysis is limited to the consideration of the 
nominal capacity and tilt angle regardless of the location of the PV plants.  
 
For analysing the influence of the tilt angle on the statistics of the azimuth angle, 9 
classes of tilt angle are considered. These classes have a width of 5° at the exception of 
the first class (0-7.5°) and the last class (42-60°), where larger classes have been used to 
the increase the number of data in these two classes. For each class of tilt angle and 
nominal capacity the probability density distribution of the azimuth angle has been 
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evaluated. At this stage, a total of 90 probability density distributions are evaluated (9 
classes of tilt angle times 10 classes of nominal capacity). 
 
For the sake of clarity, only probability density distributions of three classes of tilt 
angles are provided in this section (7.5-12.5°, 27.5-32.5° and 37.5-42.5°). These three 
classes have been chosen because they well illustrate the influence of the tilt angle and 
nominal capacity on the statistics of the azimuth angle. The description and discussion 
of the observed dependency is thus conducted on the basis of these three examples 
(Figure 4-10). Probability density distributions of the azimuth angle for other classes of 
the tilt angle can be found in Appendix 9. 
 
In Figure 4-10, the three plots correspond to three classes of tilt angle considered: upper 
plots: 7.5-12.5°, medium plot: 27.5-32.5° and lower plot: 37.5-42.5°. In each graph, the 
probability of occurrence of an azimuth angle (y-axis) is represented as a function of the 
azimuth angle (x-axis) for the 10 classes of nominal capacity by a bar. The colour of the 
different bars represents the nominal capacity of the PV plants (blue bar: 0-10 kWp; red 
bar: >2000 kWp).  
 
The upper picture in Figure 4-10 corresponds to PV plants with a tilt angle comprised 
between 7.5 and 12.5°. The probability density distributions corresponding to the 
different classes of nominal capacity are very similar so that it seems that the size of the 
plant does not affect the statistics of the azimuth angle. It was found in the previous 
section that PV plants with a low tilt angle are in majority whether directly mounted on 
a roof with a small inclination or mounted on an open-rack on a flat roof. In both cases, 
PV plants are installed on a building, which orientation influences the azimuth angle of 
the plant. 
 
The statistics of PV plants with a tilt angle ranging from 27.5 to 32.5° are displayed in 
the middle picture of Figure 4-10. In contrast to the previous case, the nominal capacity 
has a strong influence on the probability density distributions of the azimuth angle. For 
PV plants smaller than 100 kWp, 25 to 35% of all plants have a south orientation (blue 
to green bars). The share of plants with a south orientation rises to 75 and 85% for PV 
plants with a nominal capacity between 500 and 1000 kWp and greater than 2000 kWp 
respectively (orange and red bars). The increase of the share of south oriented plants 
with the nominal capacity can be explained by the growing number of free field solar 
plants with an optimal orientation. 
 
In the lower picture in Figure 4-10, probability density distributions of the azimuth 
angle are represented as a function of the nominal capacity for PV plants with a tilt angle 
comprised between 37.5 and 42.5°. In this picture only PV plants with a nominal 
capacity smaller than 500 kWp (yellow bars) are represented since the number of PV 
plants greater than 500 kWp in this class of tilt angle was too low. Similarly to the first 
case, it seems that the size of the plant doesn’t affect the statistics of the azimuth angle 
for this class of tilt angle. 
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Figure 4-10: Probability density distribution of the azimuth angle for different classes of the nominal 
capacity (bar colours) for PV plant with a tilt angle comprised between 7.5 and 12.5° (upper picture), 
between 27.5 and 32.5° (middle picture) and between 37.5 and 42.5° (lower picture) 
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A set of 90 probability density distributions (9 classes of tilt angle and 10 classes of 
nominal capacity) is resulting from the statistical analysis of the azimuth angle. These 
probability density distributions need then to be combined with the 950 probability 
density distributions evaluated in the statistical analysis of the tilt angle (95 two-digit 
zip code areas and 10 classes of nominal capacity). This is simply realized by evaluating 
the joint probability density distribution of the tilt and azimuth angle for all regions (2-
digit zip code areas) and all classes of nominal capacity using the Bayes theorem 
(equation 3.3.1). 
 
                                            (3.3.1) 
 
Where  
 

                      is the joint probability of a tilt and azimuth angle 

                       is the conditional probability of an azimuth angle for a given 
tilt angle (evaluated in this section) 

              is the probability of a tilt angle (evaluated in section 3.2) 

 
The combination of the results of the statistical analyses of the tilt and azimuth angles is 
illustrated in Figure 4-11. In this example, the joint probability density distribution of 
the tilt and azimuth angle is evaluated for the zip code area 88 (South East of Baden-
Württemberg) and the class of capacity 25-30 kWp. 
 

 
Figure 4-11: Illustration of the calculation of the joint probability of the tilt and azimuth angles (lower 
plot) using the probability density distribution of the tilt angle for a given region and class of nominal 
capacity (upper left picture) and the probability density distributions of the azimuth angle for a class of 
nominal capacity and different classes of the tilt angle (upper right picture) 
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For estimating the probability of a given pair of tilt and azimuth angles, the probability 
of occurence of the considered tilt angle in the considered region (zip code area 88) and 
class of nominal capacity is first taken from the results of the statistical analysis of the 
tilt angle. This first input is illustrated by the red line in the upper left graphic of Figure 
4-11, which is the probability density distribution of the tilt angle for plants with a 
nominal capacity between 25 and 30 kWp (PDDs of all classes of nominal capacity are 
represented by grey lines in the upper left plot).  
 
The probability of occurence of the considered azimuth angle for the considered tilt 
angle and class of nominal capacity is then taken from the results of the statistical 
analysis of the azimuth angle. This second information is illustrated by the upper right 
picture of Figure 4-11, where probability density distributions of the azimuth angle from 
this class of nominal capacity are represented for each tilt angle (colour of the different 
lines). 
 
The frequency of the considered pair of tilt and azimuth angle is finally found by 
multiplying the probabilities contained in the two datasets previously mentioned. The 
results of this calculation are displayed by the surface on the lower graphic of Figure 
4-11, where the frequency (z-axis) of occurrence is represented as a function of the tilt 
angle (x-axis) and azimuth angle (y-axis). 
 
Using this method, joint probability density distributions quantifying the frequency of 
occurence of any pair of tilt and azimuth angles are evaluated for each region and each 
class of nominal capacity (950 joint probability density distributions). The 
implementation of this information for the calculation of the regional PV power 
generation is explained in section 4.3. 
 

c. Optical loss coefficient 
 
The third parameter needed by the PV model is the optical loss coefficient. In contrast to 
the two previous parameters, no dependency of the optical loss coefficient with the 
nominal capacity or other available information could be found. This finding is very 
plausible since the optical loss coefficient is resulting from the glazing material used for 
the encapsulation of the PV cells in a PV module and there is no reason to expect that a 
different material is used for different type of plants. 
 
The probability density distribution of all available values of the optical loss coefficient 
is given in Figure 4-12. It can be observed in this graphic that most values are comprised 
between 0.1 and 0.25, which is in good agreement with the values indicated by Martin 
and Ruiz in [Martin Ruiz 2011].  
 
Given that the PV power is less sensitive to this parameter than to the three other ones 
(see section 3.2) and in order to limit the complexity of the model, a single value of the 
optical loss coefficient is used for all PV plants. The most frequent value has been chosen 
(ar=0.18). 
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Figure 4-12: Probability density distribution of the optical loss coefficient values contained in the 
database 

 
d. PV plant power curve  

 
At this stage, the probability of occurence of any module orientation is known for each 
class of the nominal capacity and region of Germany, and a value of the optical loss 
coefficient has been chosen, which can be used for all PV plants. One last information on 
the PV plants remains to be determined to be able to evaluate a regional PV power 
generation with our simplified model: the look-up table giving the normalized PV power 
production as a function of the effective irradiation and air temperature. 
 
Similarly to the approach used for the analysis of the module orientation angles, the 
statistical dependency between the power curve and the nominal capacity has first been 
analysed. It was decided not to take further parameters into account for this analysis 
based on the following considerations. 
 
There is no obvious reason to expect an effect of the module orientation or location on 
the statistics of the power curve. An inspection of the data confirmed that no clear 
dependency is to be identified between the power curve and the above mentioned 
potential predictors. Accordingly, the power cuve is assumed to be statistically 
independent from the module orientation and the location. Therefore, the statistical 
analysis of the power curve is conducted regardless of the location and module 
orientation of the PV plants. 
 
In contrast to module orientation and location, the power curve can be expected to be 
different for plants with a different time of installation. Indeed, the shape of a power 
curve is to a large extent affected by the inverter efficiency, which has increased steadily 
over the last years. Unfortunately, 90% of the plants with available information on the 
power cuve have been installed between 01/01/2011 and 31/12/2012. The time range 
covered by the installation time of the large majority of the plants considered in this 
analysis is thus too short to consider the time of installation in the statistical analysis of 
the power curve. Despite its potential importance, the time of installation of the PV 
plants is thus not considered in the present analysis. 
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In the PV model used in this work, the power curve of a PV plant is considered by mean 
of a look-up-table containing a value of the output power for any combination of the 
effective irradiation and air temperature. The present statistical analysis has thus been 
conducted for the numerous values contained in the look-up-table. For clarity, the 
various analyses conducted here are not presented for all values of the look-up-table but 
only illustrated for two values of the effective irradiations (500 and 1000 W/m²) and air 
temperature (5 and 25 °C). 
 
Scatter plots of the output PV power (y-axis) as a function of the nominal capacity (x-
axis) are given in Figure 4-13 for the two effective irradiations (upper and lower plots) 
and the two air temperatures (left plots and rights plots). Average values and standard 
deviations are displayed for different bins of the nominal capacity (red and blue lines 
respectively). 
 
A comparison of the four plots reveal that the output PV power is higher at high 
irradiation than lower irradiation and smaller at high temperature than at low 
temperature. This trend is in good agreement with the expectation that the output 
power increases with the input irradiation and the efficiency decreases with increasing 
temperature. For all given examples, an increase of the bin averages of the output PV 
power (red curves) with the nominal capacity can be observed. This is also in line with 
the expectation that large plants are more efficient than smaller ones. 
 

  

  
Figure 4-13: Scatter plot of the normalized power (y-axis) as a function of the nominal capacity (x-axis) for all 
PV plants included in the database – upper graphics correspond to an effective irradiation equal to  
500 W/m2 and lower ones to 1000 W/m2; the left graphics correspond to an air temperature of 5 °C and the right 
ones to 25 °C – all available data are displayed by a grey dot and the bin averages and standard deviations are 
displayed by red and blue lines respectively 

In order to better quantify the effect of the nominal capacity on the output PV power, 
probability density distributions of the PV power are displayed for different classes of 
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the nominal capacity and for the four considered combinations of effective irradiation 
and air temperature in Figure 4-14. As in the previous analyses, the colour of each curve 
corresponds to a class of nominal capacity: the blue curve is the probability density 
distribution for PV plants smaller than 5 kWp and the red one corresponds to plants 
greater than 5000 kWp. 
 

  

  
Figure 4-14: Probability density distributions of the normalized power at 25 °C for an effective irradiation equal 
to 500 W/m2 (left picture) and 1000 W/m2 (right picture) and for different classes of the nominal capacity 
(colour of the different lines) 

Additional classes of nominal capacity have been added to the classes previously used so 
that the classes better reflect the trends observed in Figure 4-13: 
 

 The 0-10 kWp class has been split in 0-5 kWp and 5-10 kWp 
 The 30-100 kWp class has been split in 30-50 kWp and 50-100 kWp 
 The 100-500 kWp class has been split in 100-300 kWp and 300-500 kWp 
 The >2000 kWp class has been split in 2000-5000 kWp and >5000 kWp 

 
This new classification of the nominal capacity is used in the continuation of this work 
(section 3.4). For the new classes, it is assumed that the joint probability distributions of 
the module orientation angles of two newly introduced classes are equal to that of the 
original one: for example, the module orientation statistics of the classes 0-5 kWp and 
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5-10 kWp are assumed to be identical and equal to that of the class 0-10 kWp used in 
section 3.2 and 3.3. 
 
The different probability density distributions displayed in Figure 4-14 confirm the 
previous observation that the normalized power for a given value of the effective 
irradiation increases with the nominal capacity of the PV plants.  
 
For the azimuth and tilt angles, the calculation of the irradiation for each module 
orientation was necessary due to the non-linearity of the transposition model. As a 
result, it was necessary to evaluate joint probability density distributions of the module 
orientation for each class of the nominal capacity (a separate calculation is conducted 
for each module orientation). For the power curve, the use of the probability density 
distributions illustrated in Figure 4-14 is not necessary since it is equivalent to simulate 
the power generation for all possible values of the power curve and make a probability 
weighted sum of these results or to directly use an average power curve. Accordingly, 
the average power curves have been evaluated for each class of nominal capacity.  
 
The resulting power curves are displayed in Figure 4-15 for an air temperature of 5 °C 
(left plot) and 25 °C (right plot). In this two graphics, the value of the effective 
irradiation is given on the x-axis and the normalized power is represented on the y-axis. 
The colours of the different curves correspond to the various classes of nominal 
capacity. 
 

 
Figure 4-15: Average power curve for different classes of nominal capacity (colour of the lines) – x-axis: 
effective irradiation in W/m2, y-axis normalized AC power for an ambient temperature of 5 °C (left plot) and 25 
°C (right plot) 

Finally, a total of 14 look-up-tables with a value of the output power for any combination 
of the effective irradiation and air temperature for the different classes of nominal 
capacity are resulting from this statistical analysis. 
 
One last issue regarding the power curve of the PV plants remains to be addressed. 
Indeed, degradation processes occur in PV module, which result in an apparent 
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reduction of the PV plant capacity with time. The effect of this degradation has still to be 
taken into consideration in the present analysis. 
 
It can be found in the literature that the degradation of PV module is linear with time 
[Jordan Kurtz 2013] [Kiefer et al 2010]. The time of installation and the degradation rate 
are thus needed for the consideration of this effect. The time of installation belongs to 
the standard information on a PV plant and can thus easily be assessed for any plant. 
The choice of a value for the degradation rate is less easy. 
 
In [Jordan Kurtz 2013] a review of degradation rates reported in published literature 
throughout the last 40 years is conducted. The analysis of nearly 2000 degradation rates 
collected from the literature show a mean value of 0.8%/year and a median value of 
0.5%/year. The majority of all data (78%) reported a degradation rate of <1%/year. 
 
In [Kiefer et al 2010] 17 systems with a total power of more than 10 MWp were 
analysed. In a sample of 14 systems, the authors observed rates of change of 
Performance Ratio and solar generator efficiency smaller than -0.1%/year on average 
and thus hardly measurable. The authors conclude that it is not necessary to account for 
a general decreasing module performance for mono or polycrystalline silicon (large 
majority of the modules installed in Germany). 
 
The two cited publications differ thus strongly in their conclusions. In doubt, the average 
of the two recommended values for the degradation rate (0.5%/year in  
[Jordan Kurtz 2013] and <0.1%/year in [Kiefer et al 2010]) was pragmatically chosen 
for this study (0.25%/year). Given the large uncertainty on this parameter, no 
distinction is made between the different module technologies. 
 
As previously mentioned, the time range covered by the installation time of the large 
majority of the plants considered is relatively small (2 years). In addition, most power 
measurements are available for the years 2012 and 2013. As a result, an effect of the 
module ageing could not be observed in the data. For the implementation of the ageing 
correction on the average power curves, it is necessary to define to which age 
corresponds the power curves evaluated in this section. Since the average duration 
between the installation time and the time, when measurements have been used to 
characterise the PV plants, is ca. one year, it is assumed that the look-up-tables 
evaluated in this section correspond to a one-year old PV plant. 
 

e. Conclusion 
 
In this section, a statistical analysis of the parameters of the PV model selected in 
chapter 3 has been carried out. The intention of this statistical analysis was to generate a 
set of representative parameters for simulating any set of unknown PV plants in 
Germany. For this purpose a number of assumption needed to be made, which are 
summarized in Table 4-1. 
 
Firstly, the distribution of the azimuth and tilt angles is assumed to be dependent on the 
power class and region (two-digit zip code area). Accordingly, for a given power class 
and two-digit zip code area, we assume that the distribution of the orientation angles of 
the unknown plants is similar to that evaluated from this statistical analysis. This 
assumption may off course be limited in some cases but is legitimate given the little 
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information available. This first point also implies that the POA irradiation is calculated 
for all combination of azimuth and tilt angles, which are later averaged under 
consideration of their frequency of occurrence. 
 
It is assumed that a constant optical loss coefficient can be used for all plants, so that the 
evaluation of the effective irradiation from the POA irradiation is simple. 
 
An average power curve has been evaluated for 14 classes of nominal power. The power 
curve is therefore assumed independent from the orientation angle and location. The 
same power curve is thus used for all module orientation of PV plants with a nominal 
power of the same class.  
 
A final correction for the module ageing is made using a constant annual degradation 
rate for all plants. For applying this correction, the age of the PV plant is needed, which 
is easy to evaluate given that the time of installation is available for all German PV-
plants. It is assumed that the power curve estimated in this section correspond to a one-
year old PV plant, which is considered when applying the module degradation 
correction. 
 
Table 4-2: Summary of the statistical analysis of the PV plant parameters conducted in this chapter 

Parameters 
Number of PV 

plants used 
Assumptions Results 

Module tilt 
angle 

35 000 

 The distribution of the tilt angle 
is assumed dependent on the 
power class and two-digit zip 
code area 

Joint probability distribution 
of the azimuth and tilt angles 
for 14 power classes and 95 
two-digit zip code areas 

Module 
azimuth angle 

35 000 

 The distribution of the azimuth 
angle is assumed dependent on 
the power class and tilt angle 

 The distribution of the azimuth 
angle is assumed to be 
independent from the region 

Optical loss 
coefficient 

7 000 
 The statistics of the optical 

losses are assumed to be 
identical for all group of plants 

Constant value for all plants 

Power  
curve 

7 000 

 The statistics of the power 
curve is assumed to be 
dependent on the power 
classes 

 The power curve is assumed to 
be independent from the 
module orientation or region 

 A constant degradation rate is 
assumed based on the 
literature 

Look-up-table giving the AC 
power as a function of the 
effective irradiation and air 
temperature for 14 power 
classes 
 
A constant value of the 
degradation rate 
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4.3 Implementation of the regional model 
 

In this section, it is shown how the results of the statistical analysis from section 4.2 can 
be used with the PV model introduced in section 3.3 to estimate the total power 
production of a set of PV plants under consideration of their location, nominal capacity 
and time of installation. 
 
A sequential description of the model is given in the following of this section. The final 
formulation as well as the nomenclature used for this description is given in Eq. 4.3.5 
and a flow chart of the different computation steps is provided in Figure 4-16. 
 
We consider a set of n PV plants with nominal capacities (Pinom)i=1...n installed at locations 
(xi)i=1...n at the times (tiinst)i=1...n. The goal of this section is to evaluate the total power 
production     

      of this set of PV plants at any instant t using the results of the 
statistical described in the previous section. 
 
The first step consists in extracting the information needed for the calculation from the 
various sets of data available.  

 The global horizontal irradiation Gihor(t) and the air temperature Tiair(t) are 
extracted from the meteorological data at time t for each location xi.  

 On the basis of the locations xi and nominal capacities Pinom, the probabilities 
wjk(xi,Pinom) of occurrence of any couple of azimuth and tilt angle (αj, γk) can be 
evaluated for each PV plant from the joint probability density distributions 
presented in section 3.3. 

 A look-up-table with the plant power curves LUT(Pinom) is attributed to each 
plant under consideration of its nominal capacity Pinom based on the last analysis 
of section 3.3 

The angular loss coefficient aOpt being assumed to be the same for all plants, this model 
parameter has not been mentioned in above list. 
 
In a second step, the normalized power      

      (in kW/kWp) produced at time t by a 

plant located at xi, with azimuth and tilt angles (αj, γk) and a nominal power   
    is 

evaluated using the PV model noted by fPV: 
 
     

                           
       

         
                (4.3.1) 

 
The first four parameters of the function     correspond to the characteristics of the PV 
plant. The fifth and sixth parameters are the PV-relevant meteorological data and the 
last two parameters are the location and time, which are required by the model for the 
calculation of the sun position. 
 
The third step consists in evaluating the most probable value of the normalized PV 
power production    

      of a PV plant i under consideration of the probability of 
occurrence of any couple of azimuth and tilt angle (αj, γk). This is realized by summing 
power values estimated in the previous step      

      weighted by their probability of 

occurrence          
    : 

 
   

                
          

               (4.3.2) 



102 4.3 - Implementation of the regional model 
 

In a fourth step, the normalized power production of each plant    
   is scaled to the 

installed capacity   
    after consideration of the loss resulting from the module ageing 

using the loss coefficient      quantifying the reduction of capacity with time: 

 

  
        

   
         

    
    

   
        

           (4.3.3) 

 
The time information t and   

     are given in Julian day, so that a conversion in year is 
made by dividing by 365. It has been assumed in section 3.3 that power curves resulting 
from the statistics analysis correspond to a one-year old plant. Accordingly, one year has 

to be subtracted to the age of the plant 
    

    

   
 to consider the ageing effect. 

 
In a fifth and final step, the total power production Ptot(t) of the set of plants is 
obtained summing estimated power values from all PV plants i: 
 

    
         

                (4.3.4) 
 
Finally, the estimation of the power produced by the set of n plants can be summarized 
by the following equation: 
 

    
         

            
    

    

   
              

                          
       

         
            

   

 (4.3.5) 

 

Where: 
 

   
    is the nominal capacity of the ith plant  

   
     is the time of installation the ith plant 

    is the location of the ith plant 

 t is the time at which the calculation is made 
     is a function representing the PV model used 
    and    are the module azimuth and tilt angles. The space in which azimuth 

and tilt angles are taking values (-180...180°⨯0...90°) is discretised. 
Subscripts j and k denote respectively the jth and kth values in the 
resulting mesh. 

      is the optical loss coefficient (assumed constant for all plants) 

       
     is the look-up-table describing the power curve of the ith plant, which 

depends on the nominal capacity   
    

   
       is the global horizontal irradiation at time t and location xi 

   
       is the air temperature at time t and location xi 

          
     is the probability of occurrence of a couple of orientation angles 

(       at the location xi and for the nominal capacity   
    

      is a coefficient describing the loss of capacity of PV modules with 
time (module ageing). 

     
      is the total power produced by the set of n plants at time t 
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Figure 4-16: Flow chart of the probabilistic approach 
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5 Comparison of the upscaling method with the probabilistic approach 
 
In this chapter, the performances of the upscaling method (described in chapter 2) and 
of the probabilistic approach (described in chapter 4) are compared on the basis of 
measurements provided by LEW Verteilnetz. A short description of these data is given in 
section 5.1. In contrast to the analyses presented in chapter 2, in this chapter, the 
upscaling method is not only used with measurements but also with power estimated 
from meteorological data. This allows a comparison of the upscaling method with the 
probabilistic approach, which can only be used with meteorological data. Two variants 
of the upscaling method differing in their input power data are therefore considered in 
this chapter. The different methods considered in this chapter as well as their respective 
input data and calculation steps are described in section 5.2. Finally, the results of the 
comparative study are given in section 5.3 and discussed in section 5.4. 

5.1 Data used for the analysis 
 
Similarly to chapter 2, the performance of the different methods is evaluated in this 
chapter with PV power measurements provided by LEW Verteilnetz. However, attention 
has been paid to employ a different dataset than that used in chapter 2. Indeed, the 
optimal parameter of the upscaling method has been evaluated with LEW Verteilnetz 
data in section 2.2. The same dataset can thus not be used in the present benchmark, 
where performances of the upscaling method and the proposed probabilistic approach 
are compared. Given the limited number of available data, it was not possible to use a 
completely different dataset. Yet, differences between datasets of chapter 2 and 5 were 
obtained by choosing a different time period (01/07/2013 to 01/08/2014 in chapter 2 
and 01/03/2014-31/09/2014 here) and using an extended set of PV plants (366 plants 
in chapter 2 and 715 plants here).  

 
Figure 5-1: Spatial distribution of the 715 PV plants used for the comparison of the two approaches 

 
In chapter 2, a subset of 366 plants with a complete and error-free time series of power 
measurements have been selected among a larger set including more than 1000 plants. 
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In this chapter, another approach has been chosen to select the power data: all plants 
with measurements available for at least three months have been selected and, for each 
time of the period, only available values are considered, which are not affected by plant 
failure. This way, instead of 366 plants with a full availability over the considered 
period, between 465 and 702 plants with a total capacity ranging between 170 and  
270 MWp are used in the current analysis. Time series of the total number of available 
plant measurements and aggregated capacities are given in Figure 5-2 in a daily time 
resolution. The blue curve represents the number of plants (blue y-axis on the left) and 
the red one the corresponding aggregated capacities (red y-axis on the right). Time 
series of the normalized value of the aggregated power delivered by the set of PV plants 
are displayed in a 15 min time resolution in Figure 5-3.  
 

 
Figure 5-2: Time series of the total number of available plants (blue curve, y-axis on the left) and the 
corresponding aggregated capacity (red curve, y-axis on the right). The data are displayed in a daily time 
resolution. 
 

 
Figure 5-3: Normalized power produced by the set of PV plants used for the comparison of the two 
approaches. The data are displayed in a 15 min time resolution 

  



5 - Comparison of the upscaling method with the probabilistic approach 107 
 
 

The time period has been limited to 7 months of the year 2014 comprised between 
March and September (214 days). Winter months have been intentionally excluded for 
the present analysis because the effect of snow on the PV power production is not 
addressed in this thesis. It can be observed in the Figures 5-2 and 5-3 that no 
measurement is available for 15 days of the considered time period: 8 single days are 
missing (2 days in March, 1 day in April, 1 day in May and 4 days in August)  
and 7 consecutive days in September. Therefore, the test time period is reduced from an 
initial number of 213 days to 206 days. 
 

The probability density distribution of the nominal capacities of the 715 PV plants is 
given in Figure 5-4. It can be observed that most PV plants (90.5 %) are greater  
than 100 kWp. This characteristic is due to the fact that the measurement and transfer of 
power measurements to the grid operator (here LEW Verteilnetz) is mandatory in 
Germany according to the EEG act. A comparison of this distribution to that of all 
German plants (Figure 4-1) shows that the set of plants used in the present chapter is 
not very representative for all plants installed in Germany. Under consideration of the 
noticeable differences in characteristics between PV plants smaller and greater than 100 
kWp shown in chapter 3, it is clear that the validity of the present analysis for all German 
plants is limited. Unfortunately, it was not possible to use a more representative set of 
data for this study. With this respect, the present study is only aimed at providing a first 
estimation of the performances of the different methods considered in this work. 
Additional investigations based on a better dataset should be conducted as soon as 
further information is available. This issue is further discussed in chapter 6. 

 
Figure 5-4: Probability density distribution of the nominal capacities of the 715 PV plants used in this 
chapter (Bin width: 20 kWp) 
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5.2 Different approaches for the estimation of the regional PV power production  
 
In this chapter, the upscaling method and the proposed probabilistic approach are 
benchmarked against aggregated power measurements from the set of PV plants 
described in the previous section. In order to implement the upscaling method, the set of 
plants are first split in a set of reference and test PV plants. The same approach as that 
used in chapter 2 is implemented here: reference plants are randomly chosen among the 
set of available PV plants and measurements of remaining plants are used as test 
dataset. To assess the effect of the number of reference plants on the performance of the 
upscaling method, sets of reference PV plants of different sizes are considered. For each 
considered number of reference plants, the random split of the dataset into a reference 
and test dataset is repeated 1000 times. This procedure allows avoiding results affected 
by the choice of a particular set of plants and evaluating the impact of the choice of the 
set of reference plants on the upscaling error. 
 
For given sets of test and reference plants, the total power produced by the set of test 
plants is evaluated using the two methods, where, as previously mentioned, two variants 
of the upscaling method are considered (see Figure 5-5).  
 

 
Figure 5-5: Overview of the different approaches considered in this chapter for the estimation of the 
regional PV power production: the probabilistic approach and two variants of the upscaling method. 

 
The first estimate of the total power generation of the set of test plants is made using the 
probabilistic approach presented in chapter 4; where global horizontal irradiation 
derived from satellite picture with the helioclim-3 algorithm [Espinar et al 2012] and 
temperature from the analysis of the COSMO-DE model [Schulz Schättler 2010] are used 
as input meteorological data. As previously described, values of the PV power 
corresponding to all possible plant configurations are first evaluated from the weather 
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data for each test location. The probability of each of these configurations is known from 
the statistical analyses presented in section 4.3. For each test PV plant, the most 
probable power production is then evaluated by a probability-weighted average the 
power production obtained for all configurations. The resulting power values are then 
scaled to their actual capacity after consideration of the ageing losses and aggregated 
into a first estimate of the total power generation of the set of test plants. 
 
The second estimate of the aggregated power generation of the set of test plants is made 
using the upscaling method introduced in chapter 2, where PV power productions of 
reference plants are calculated from the same weather data as previously (satellite 
derived irradiation and temperature from Cosmo-DE analysis). For each reference plant, 
the PV power production is first evaluated from meteorological data using the simplified 
model introduced in section 3.3. Parameters of the simplified model have been 
preliminarily estimated for each reference plants from historical power measurements 
with the parameter estimation algorithm described in section 3.4 (for a different time 
period than that used in this section). The weather-based estimates of the PV power 
production of reference plants (normalized to the nominal capacity) are then 
interpolated to the locations of the test plants. The resulting estimates are finally scaled 
to their nominal capacity and summed, which provides a second estimated value for the 
total power production of the set of test plants. 
 
A last estimation of the aggregated power generation of the set of test plants is made 
using the upscaling approach, which differs from the previous one by the fact that PV 
measurements are used instead of PV power estimated from meteorological data (this 
calculation is similar to that presented in chapter 2). It would have been sufficient to 
consider the first two estimates to address the question treated in this chapter. 
However, it was decided to include the measurement based upscaling in the present 
benchmark because a comparison of the last two estimates allows a differentiation of 
the sole effect of the upscaling error from errors resulting from meteorological data and 
made in the power calculation. Unfortunately a similar comparison cannot be done for 
the probabilistic approach as it can only be run with meteorological data.  
 
Satellite derived irradiation and analysis temperature have been chosen as input 
meteorological data for this analysis because they fulfil the requirements of the present 
application (area wide available data) and have the lowest error among other existing 
field meteorological data (for example numerical weather forecast). This choice may 
seem surprising given that a regional PV model is often used to forecast the future PV 
power generation from NWP forecast. Though, weather data with the best accuracy 
were chosen instead, so that estimation errors evaluated in this chapter best reflect 
errors made in the conversion of meteorological data into a regional PV power and to 
the lowest extent a propagation of the uncertainty in input meteorological data on the 
error of the estimates of the regional PV power. 
 
It is clear that the order of magnitude of errors can be expected to be larger for the 
different approaches when NWP forecast are used instead of the weather data chosen 
for the present benchmark. It may thus be questionable to which extent the results 
found in this chapter with satellite and analysis data are meaningful with regard to the 
typical PV forecast application. The conceptual separation of weather forecast and 
power estimation issues used in the introduction of this thesis provides a useful 
framework to address this potential limitation. Indeed, though it is not a-priori obvious, 
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it can be assumed that weather forecast errors are statistically independent from errors 
made in the transformation of weather information into power (should it not be the 
case, an improvement of the statistical post-processing of the weather forecast should 
be considered...). It is thus reasonable to expect that trends obtained in this chapter with 
satellite and analysis data (e.g. model ranking) remain unchanged by using weather 
forecast. Based on these assumptions, it is legitimate to consider that the results 
obtained with the chosen set of weather data can be extended to applications where 
other data is used. 
 

5.3 Results 
 

As already mentioned in the previous section, the set of plants with available 
measurements needs to be split in a set of test and reference plants, in order to 
implement the upscaling method. The performances of the three calculations described 
in section 5.2 have been evaluated for 1 to 350 reference plants and 714 to 365 test 
plants (the sum of the number of reference and test plants is always equal to 715). For 
each considered number of reference plants, a random choice of the reference PV plants 
has been performed 1000 times so that a total number of 350 000 calculation is realized 
for the three methods.  
 
At each run, time series of the cumulated PV power production of the set of test plants is 
estimated with the three calculation described previously and compared to the 
aggregated measurements of the set of test plants. In Figure 5-6, the time series of the 
aggregated measurement of 615 test plants (black line with black dots) is represented 
for the time period 05/05/2014 – 06/05/2014 together with the estimates made with 
the upscaling of power measurements of 100 reference plants (green line), upscaling of 
power evaluated from meteorological data for 100 reference plants (blue line) and the 
probabilistic approach (red line). 

 
Figure 5-6: Comparison of the aggregated measurement of 615 test plants (black line with black dots) 
with estimates made with the upscaling of power measurements (green line), upscaling of power 
evaluated from meteorological data (blue line) and the probabilistic approach (red line) – 100 reference 
plants have been used in this run 
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It can be observed in this graphic that the three methods are generally matching very 
well with the aggregated power measurements. The output of the probabilistic method 
(red line) and upscaling of power evaluated from weather data (blue line) are very close 
to another. Estimates made with the upscaling of power measurements (green line) are 
fitting the best the aggregated measurements (black line) at the exception of a few hours 
at midday of 05/05/2014. It was to be expected that the upscaling of measurements 
outperform the two other approaches since the two latter are affected by simulation 
error and the uncertainty of weather data while the error of the former is solely 
stemming from the uncertainty of the upscaling method. 
 
Scatter plots of cumulated measurements of the test plants (y-axis) against aggregated 
powers estimated with the two methods (x-axis) are given in Figure 5-7. In these plots, 
the green, blue and red scatter points correspond respectively to the upscaling of power 
measurements, the upscaling of power estimated from meteorological data and the 
probabilistic approach. 
 

  

  
Figure 5-7: Scatter plot of cumulated measurements of the test plants (y-axis) against aggregated power 
estimated with the two methods (x-axis). Upper left plot: upscaling of the power estimated from 
meteorological data. Lower left plot: probabilistic approach. Upper right plot: comparison of the upscaling 
of power measurements (green dots) with the upscaling of power estimated from meteorological data 
(blue dots). Lower right plot: comparison of the upscaling of power estimated from meteorological data 
with the probabilistic approach.  
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The scatter plots of Figure 5-7 confirm the observation made previously: a significant 
difference can be observed between calculation made on the basis of power 
measurements (green dots) and estimates from weather data (blue and red dots) while 
no significant difference can be observed between the probabilistic approach (red dots) 
and the weather-based upscaling method (blue dots).  
 
For power values greater than 0.5 kW/kWp, an underestimation of the aggregated 
power estimated from the upscaling of power measurements (green dots) can be 
observed in the upper right plot of Figure 5-7: for example, for aggregated 
measurements equal to 0.7 kW/kWp, the average value of estimates made with this 
method is in average only 0.67 kW/kWp. This negative bias is probably due to 
differences in characteristics between the set of reference and test PV plants (see 
chapter 2). This trend is not observable when power estimated from meteorological 
data is used instead of measurements despite the same reference plants are used. This 
difference is probably due to the uncertainty of the meteorological data. 
 
Probability density distributions of the errors of the three methods obtained with 100 
reference plants are displayed in Figure 5-8. This graphic confirms the observations 
made previously and provides further information on the respective performances of 
the different approaches.  
 

 
Figure 5-8: Probability density distribution of the errors of the upscaling of power measurements (green 
line), upscaling of power estimated from meteorological data (blue line) and probabilistic approach with 
meteorological data (red line) 

 
A large number of error values ranging from 0.005 to 0.010 kW/kWp can be observed in 
the probability density distribution of errors from the measurement-based upscaling 
(green curve in Figure 5-8). These error values can also be observed in Figure 5-7 for 
normalized power values comprised between 0 and 0.3 kW/kWp, where scatter points 
lie slightly under the identity line. Differences in characteristics between test and 
reference plants are likely to be responsible for this small positive bias at low yield.  
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A comparison of the upscaling of power evaluated from weather data (blue curve) and 
the probabilistic approach (red curve) shows that the performances of the probabilistic 
approach is slightly better than that of the upscaling method. A comparison of the RMSE 
confirms this observation: the probabilistic method and the upscaling of power 
estimated from meteorological values have RMSE values of 0.0264 and 0.0271 kW/kWp 
respectively, while a RMSE of 0.0166 kW/kWp is found with the upscaling of power 
measurement. 
 

The analysis of the performances of the three methods has been so far conducted for a 
single example run with 100 reference PV plants and 615 test PV plants. This is yet only 
one example-run among the 350 000 runs realized for the present investigation. It now 
remains to assess the influence of the choice and number of the set of reference plants 
by analysing the RMSE of the three methods for all runs. For this purpose, RMSE values 
obtained with the three calculations (y-axis) are plotted against the number of used 
reference plants (lower x-axis) for all 350 000 runs in Figure 5-9. Since the total number 
of PV plants is divided at each run into two sets of data, the number of test plants 
decreases with increasing number of reference plants. The number of test plants is 
indicated in the upper x-axis in Figure 5-9. RMSE values obtained with the upscaling of 
power measurements, upscaling of power evaluated from meteorological data at each 
run are represented by green, blue and red dots respectively. For each considered 
number of reference plants, the average value of the RMSE has been evaluated and is 
displayed by a green, blue and red line for the upscaling of power measurements, 
upscaling of power evaluated from meteorological data respectively. The black circle in 
Figure 5-9 represent the RMSE values of the example run analysed previously in this 
section. It can be observed that the example discussed previously matches well average 
values of all runs conducted with 100 reference plants.  
 

 
Figure 5-9: Scatter plot of RMSE values obtained with the three methods (y-axis) are plotted against the 
number of used reference plants (lower x-axis) and the number of test plants (upper x-axis). 
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To facilitate the observation of the dispersion of the scatter points, probability density 
distributions of the RMSE values obtained with the three methods for 50, 150 and 300 
reference plants (indicated by yellow lines in Figure 5-9) are given in Figure 5-10, Figure 
5-11 and Figure 5-12 respectively. 
 
Firstly, it can be observed that the shape of the scatter points representing the RMSE 
values obtained with the upscaling of power measurements as a function of the number 
of reference plants (green dots) is very similar to the results displayed in Figure 2-10: a 
strong decrease of RMSE values can be observed between 1 and 50 reference plants, and 
when more reference plants are used, the gain in accuracy becomes smaller.  
In Figure 5-9, an important variation of RMSE values (approx 0.010 – 0.025 kW/kWp for 
300 reference plants) can also be observed, which results from the choice of the 
reference plants and their representativeness for the test plants. 
 
Secondly, RMSE values obtained with the upscaling of power measurements (green 
dots) are compared to those obtained with the upscaling of power estimated from 
meteorological data (blue dots). Scatter points representing RMSE values obtained with 
the upscaling of power estimated from meteorological data (blue dots) exhibit a strong 
decrease of the RMSE between 1 and 50 reference plants. When more reference plants 
are used, the reduction of the RMSE becomes smaller. This trend is very similar to that 
observed with the upscaling of power measurements. The two groups of scatter points 
however differ on two points. 

 RMSE values obtained with the upscaling of power estimated from 
meteorological data converge to a value of approx. 0.027 kW/kWp, while those 
resulting from the upscaling of power measurements converge to approx.  
0.017 kW/kWp. An average difference of approx. 0.010 kW/kWp can thus be 
observed between these two calculations. 

 The variations of RMSE values obtained with the upscaling of power 
measurements is significantly greater that than resulting from the used of power 
estimated from meteorological data for the upscaling. For example when 100 
reference plants are used, RMSE values obtained with the upscaling of power 
measurements range from 0.010 to 0.022 kW/kWp while RMSE values obtained 
with the upscaling of power estimated with meteorological data only range from 
0.025 to 0.028 kW/kWp. There is thus a factor 4 between the variation intervals 
of the RMSE values obtained with these two calculations (0.012 and 0.003 
kW/kWp) 

 
The above-mentioned differences result of course from the uncertainty of 
meteorological data. It is clear that RMSE values obtained with meteorological data is 
higher than that obtained with measurements, but the different variation between the 
two groups of scatter points is less clear and needs to be discussed. Though an explicit 
reason for this difference in variation between the two calculations has not been 
investigated, potential issues responsible for this observation may be identified. The 
most plausible explanation is that, while power measurements contain very local 
information on the irradiation, meteorological data are spatially averaged values (pixel 
of the satellite picture). In unfavourable situation like heterogeneous clouds, local 
weather information contained in the power measurements lead to very good results 
when the set of reference plants is optimal and to an under-average results when the set 
of reference plants is sub-optimal. By contrast, that local information is missing from the 
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used meteorological data, in which case a similar error is made regardless of the choice 
of the reference plants. This observation shows that the sensitivity of the performance of 
the upscaling method on the choice of the set of reference plants is less important when 
weather data are used instead of power measurements. 
 
Last, RMSE values obtained with the upscaling of power estimated from meteorological 
data (blue dots) are compared to those obtained with the probabilistic approach (red 
dots). RMSE values obtained with the probabilistic approach show little variation. This is 
clear since no reference plant is used in this method. Observed small variations of RMSE 
values obtained with the probabilistic approach are only due to variation of the set of 
test plants, which increases as the number of test plants decreases. The most spectacular 
difference between the upscaling method and the probabilistic approach can be 
observed when less than 50 reference plants are used. The probabilistic approach being 
independent from the set of reference plants, its average RMSE is relatively constant 
with the number of reference plants, while, as previously explained RMSE values 
obtained with the upscaling method are high for a limited number of reference plants. 
As the number of reference plants increase, RMSE values obtained with the upscaling 
method decreases, until being almost comparable to that of the probabilistic method. 
Nevertheless, average RMSE values obtained with the probabilistic method are smaller 
than that of the upscaling method for all number of reference plants considered here. 

5.4 Conclusion 
 
It has been shown in this chapter that the use of meteorological data instead of power 
measurements in the upscaling method increases the average RMSE by approx.  
0.01 kW/kWp. In parallel, the variation of RMSE values is decreased, which effect has 
been explained by the fact that local weather information present in the measurements 
are missing in the meteorological data used. This difference in the variation of the RMSE 
values obtained with the two calculation shows that the sensitivity of the performance 
of the upscaling method on the choice of the set of reference plants is less important 
when weather data are used instead of power measurements 
 
In the considered case study, when less than 50 reference plants are used for the 
upscaling method, the accuracy of the probabilistic method is much better than that of 
the upscaling method. This results from the low performances of the upscaling method 
with a too limited number of reference plants, already discussed in chapter 2. As the 
number of reference plants increase, RMSE values obtained with the upscaling method 
decreases, until being almost comparable to that of the probabilistic method. 
Nevertheless, average RMSE values obtained with the probabilistic method are smaller 
than that of the upscaling method for all number of reference plants considered here. 
Finally, it can be concluded from this analysis that the error of the probabilistic method 
is slightly smaller than that of the upscaling method when the number of reference 
plants is large enough (>100 reference plants in the case study considered in this 
chapter). The proposed approach provides thus a gain in accuracy with respect to the 
upscaling method, which gain is particularly high when the number of reference plants 
is limited (<50 reference plants for the considered case study).  
 
So far these results are only limited to the considered case study and it remains to 
evaluate if these findings can be extended to any set of PV plants in Germany, which is 
discussed in the following chapter 



116 5.4 - Conclusion 
 

 

 
Figure 5-10: Probability density distributions of the RMSE obtained with the upscaling of power 
measurements (green line), the upscaling of power estimated from meteorological data (blue line) and the 
probabilistic approach (red line) for 100 random runs with 50 reference plants 

 
Figure 5-11: Probability density distributions of the RMSE obtained with the upscaling of power 
measurements (green line), the upscaling of power estimated from meteorological data (blue line) and the 
probabilistic approach (red line) for 100 random runs with 150 reference plants. 

 
Figure 5-12: Probability density distributions of the RMSE obtained with the upscaling of power 
measurements (green line), the upscaling of power estimated from meteorological data (blue line) and the 
probabilistic approach (red line) for 100 random runs with 300 reference plants. 
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6 Discussion 
 
The results obtained in the previous chapter show that the probabilistic approach 
represents an advantageous alternative to the upscaling method, especially when the 
number of reference plants is small or not representative of the set of unknown plants. 
The validity of these results is yet limited to the considered case and it remains to 
evaluate to which extent the conclusions made in chapter 5 can be extended to all 
German PV plants. To this end, an analysis of the representativeness of the LEW dataset 
for all German plants is first provided in section 6.1. This analysis is followed by a 
discussion on the domain of validity of the probabilistic method (section 6.2). Then, the 
consideration of special effects like plant outage, shading or snow in the probabilistic 
approach is discussed in section 6.3. To conclude this chapter, the potential benefits 
offered by the probabilistic approach in different applications are discussed in section 
6.4. 

6.1 Representativeness of the test data for all German plants 
 
It has been shown in chapter 5, that large PV plants are overrepresented in the dataset 
used for the comparison of the two methods with respect to the distribution of the 
nominal capacity for all German PV plants. This difference is illustrated in Figure 6-1, 
where the number of plants (upper plot) and the resulting cumulated capacity (lower 
plot) are displayed as a function of the nominal capacity for the LEW dataset (red bars) 
and the entireness of PV plants installed in Germany. 

 
Figure 6-1: Distribution of the number of plants (y-axis upper plot) and of the cumulated capacity (y-axis 
lower plot) per bins of nominal capacity (x-axis) for the LEW dataset (blue curves) and the totality of the 
PV plants installed in Germany (red curves). 
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The two plots of Figure 6-1 confirm the observation made in chapter 5, that the 
representativeness of the LEW for the entire German plants is limited due to a marked 
overrepresentation of plants with a nominal capacity greater than 100 kWp. 
 
Under consideration of the noticeable differences in characteristics between PV plants 
less and greater than 100 kWp shown in chapter 3, it is clear that the validity of the 
analysis presented in the previous chapter for all German plants is limited. For example, 
the probability density distribution of the tilt angle for different classes of the nominal 
capacity displayed in Figure 6-2 clearly illustrates this difference. 
 

 
Figure 6-2: Probability density distribution of the tilt angle for different classes of the nominal PV plant 
capacity (line colours). This figure is similar to Figure 4-4. 

 
The dataset considered in the previous chapter is thus not representative for the whole 
set of plants installed in Germany and considering the differences between the different 
classes of plants it cannot be excluded that the use of another dataset lead to results that 
are significantly different than those presented in chapter 5. Due to the difficulty of 
accessing to power measurements, the LEW dataset was the best one available in this 
thesis for testing the probabilistic approach. Considering the lack of representativeness 
of this dataset, it now has to be evaluated to which extent the results presented in the 
previous chapter can be generalized to another set of PV plants in Germany. 
 
Optimally, further validations should be undertaken with additional datasets but, 
considering the lack of information on the power generation of PV plants in Germany, it 
is not possible to follow this approach in this thesis. Alternatively, the domain of validity 
of the assumptions underlying the probabilistic approach are discussed in the next 
section, which is intended at giving some insights on the possible extensions of the 
positive results obtained in this thesis to other datasets. 
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6.2 Domain of validity of assumptions underlying the probabilistic approach 
 
In the comparison conducted in chapter 5, it has been shown that the proposed 
probabilistic approach offers advantages toward the standard upscaling method for the 
case study considered. It is however unclear to which extent these results can be 
generalized for any set of PV plants. As shown in the previous section, further 
validations with additional datasets would allow addressing this issue. However, such 
data are not available in the scope of this thesis and another approach has to be used for 
evaluating the relevancy of the probabilistic method in a more general context. 
 
The approach chosen to address this issue consists in discussing the domain of validity 
of the underlying assumptions of the probabilistic approach. Indeed, this analysis allows 
identifying conditions that need to be satisfied to guarantee the performances of the 
probabilistic approach. This way, a qualitative assertion on the performance of the 
probabilistic method is possible, which is more general than that of chapter 5. 
 
For this discussion, it is important to first recall the assumptions underlying the 
probabilistic approach: 

1) The first important assumption is that for each chosen class of PV plants, the 
statistics of parameters derived from a set of PV-plants with known parameters 
is the same than that of the unmetered plants. 

2) The second important assumption is that the power generation of the unknown 
plants can be estimated by a probability-weighted average of the power 
generation corresponding to all occurring parameter sets. 

With regard to the first assumption, conditions have to be identified that guarantee that 
the hypothesis that the statistics of parameters derived from a set of known PV plants 
match with than of a set of unknown plants. Prior to this analysis, the importance of the 
choice of the classes of PV plants for which the statistical analysis is made has to be 
discussed. Then, then validity of the second assumption is discussed. 
 
Importance of the choice of the classes of PV plants 
 
The choice of the classes of PV plants used for characterising statistically the parameters 
of the PV plants is very important for the rest of this discussion. Indeed, the statistics of 
the PV plant parameters are evaluated for different classes of PV plants. If the classes are 
chosen so that a very small variation of the PV plant characteristics exists within the 
chosen classes, it can be expected that the statistical information derived for each class 
will describe very well any set of unknown PV plants. In this case, it is reasonable to 
expect that the performance of the probabilistic approach would be very good. In 
practice, the choice of the classes is however conditioned by the information available 
on all installed plants. In Germany, the only pieces of information available for all PV 
plants are the nominal capacity, the address and the time of installation, which limits 
considerably the classification of the PV plants and results in classes with a large 
variation of the parameters.  
 
The second factor limiting the choice of the classes is the number of plants with the 
information required for carrying out the statistical analysis. Indeed, if too many classes 
are chosen, it can happen that a too small number of plants are available per class to 
derive reliable statistics. In this work, 35 000 plants with zip code, nominal capacity and 



120 6 - Discussion 
 

module orientation, and 7000 plants with information on the power curve were 
available. Based on this information, classes of nominal capacity were used for the 
statistics of all parameters, the two-digit zip code area were taken into consideration for 
the statistics of the tilt angle and the time of installation has not been considered. This 
approach was considered as the best compromise given the limited amount of data 
available.  
 
With the classification used in this thesis, it could not be avoided that a large variation of 
the parameters occurs within the chosen classes (see e.g. Figures 4-3, 4-4 and 4-7 for the 
tilt angle). This is problematic for the assumption that the statistics derived from a set of 
plants with known parameters is equal to that of the unmetered plants, especially when 
this variation is systematic, as it can be for example the case for e.g. the time of 
installation or the spatial variations of the module orientation, as described below: 

 The time of installation has not been taken into consideration in the statistical 
analysis due to the limited amount of data. If for example a rapid increase of the 
plant efficiency occurs with time, the probabilistic approach as implemented in 
this thesis can have a systematic error when e.g. statistics are evaluated for old 
plants and the unmetered plants are newer and more efficient. 

 The statistics of the module orientation have been evaluated for each two-digit 
zip code area in Germany. However, it is clear that spatial variations of the 
statistics of these angles can be expected at a smaller scale. For example, 
differences in module orientation (or roof inclination) can be expected between 
urban and non-urban areas within a single two-digit zip code area. As a result, a 
systematic error may occur when the regional PV power generation of a region 
significantly smaller than a two-digit zip code area and with special roof 
characteristics is evaluated with the probabilistic approach. 

Based on this information, conditions on the set of unknown plants are discussed in the 
following section, which are aimed to maximize the chance that the statistics of the 
known plants matches with that of the unmetered plants. 

Necessary condition for ensuring a match between the statistics of known und 
unmetered plants  
 
Based on the previous analysis, it is possible to identify necessary conditions on the set 
of unmetered plants that avoid extreme situations where the statistics evaluated from a 
set of known plants not match with that of the set of unmetered plants. These conditions 
are however necessary but not sufficient, which means that, even when these conditions 
are satisfied, situations can still happen where a mismatch between the statistics of the 
known and unmetered plants occur. That said, the probability of such situations should 
be minimized by these conditions.  
 
The first condition is that the number of unmetered plant is large enough. Indeed, 
according to the central limit theorem, it is highly probable that the probability 
distribution of the unmetered plants do not match with that of the known plants when 
the number of plants is low.  
 
Another important point is that the classes used for the estimation of the parameter 
statistics are relevant for the set of unmetered plants. As previously mentioned, the 
statistics of the module orientation are evaluated at a two-digit zip code area level, while 
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spatial variations of the module orientation exist at a lower scale. To ensure that the 
statistics of module orientation are relevant for the set of unmetered plant, a necessary 
condition is that the unmetered plants are dispersed on a region which is not much 
smaller than the regions considered in the statistical analysis. In order to illustrate this 
point, we can consider a set of PV plants installed on buildings aligned along a street 
orientated WNW-ESE axis. It can be expected that an azimuth angle of +22.5° will be 
frequent in this case, while the south orientation is the most probable azimuth angle in 
the two-digit zip code area (see chapter 4). In this particular case, the statistics of the 
parameters evaluated for the zip code area do not match with that of the example 
because the considered region (the street considered) is significantly smaller than the 
two-digit zip code area used in the statistical analysis of the module orientation angles. 
 
In Germany, with more than 1.5 millions PV plants installed, it can be considered that 
the first necessary condition is satisfied in most cases. The second necessary condition 
regards the domain of validity of the probabilistic approach: due to the limited number 
of data available for the statistical analysis, the probabilistic approach, as implemented 
in this thesis, is only suited for medium to large areas (larger than a two-digit zip code 
area).  
 
It remains now to evaluate the validity of the second assumption underlying the 
probabilistic approach, according to which the power generation of the unknown plants 
can be estimated by a probability-weighted average of the power generation 
corresponding to all occurring parameter sets. 
 
Validity of the assumption that the regional power production can be estimated 
with statistics of the PV plant parameters 
 
To discuss the validity of the second assumption underlying the probabilistic approach, 
we now assume that the used statistical input of the probabilistic method perfectly 
matches with that of the unmetered plants.  
 
Even if the statistics of the unmetered plants is known, it is not obvious that the power 
generation of the unknown plants can always be estimated by a probability-weighted 
average of the power generation corresponding to all occurring parameter sets. The 
second assumption implies that all plant configurations are considered for the 
evaluation of the power production of each single unmetered plant (which has only one 
configuration). If the meteorological conditions are similar for each unmetered plant, it 
is clear that the assumption works. By contrast, if the weather situation is 
inhomogeneous, the power generation of plants located in sunny locations will be more 
represented in the total power generation that those located in cloudy locations. 
Therefore, in this situation, the regional PV power production will be more influenced 
by the parameters of sunny plants than by the parameters of the cloudy plants. This can 
lead to an error of the probabilistic approach, where the weights of different PV plant 
configurations are static. 
 
This problem is intrinsic to the probabilistic approach and can thus not be avoided. It 
appears reasonable to expect that this problem is limited when the density of PV plants 
is large. Indeed, in this case, a lot of plants with different characteristics have similar 
meteorological conditions. The results obtained with the LEW dataset however indicates 
that though this effect represents a source of uncertainty of the probabilistic approach, it 
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is at least not so important that the probabilistic approach has to be invalidated or put 
into question. 
 
Conclusion 
 
The discussion conducted in this section has shown that it is possible to identify 
necessary conditions, ensuring to a certain extent that the assumptions underlying the 
probabilistic approach are valid. In this thesis, only qualitative conditions have been 
identified. It may be interesting in a continuation of this work to quantify these 
conditions, by e.g. evaluating the sensitivity of the performance of the probabilistic 
method to the number of unmetered plant, the region considered and the spatial density 
of unmetered plants. 
 
It now remains to evaluate whether the results of chapter 5 can be extended to another 
dataset in the light of the considerations made above. The dataset used in chapter 5 
includes 702 PV plants located in 7 two-digit zip code area. The case considered in 
chapter 5 lies thus in the domain of validity of the probabilistic approach (region larger 
than a two-digit zip code area).  
 
According to the previous discussion, it can be expected that the performances of the 
probabilistic approach tend to increase when more unmetered plants are used. It is thus 
reasonable to expect in average lower performance for another dataset with less than 
100 plants per two-digit zip code area, and better or at least as good results if the 
dataset includes more than 100 plants per two-digit zip code area. That said, it is clear 
that situations can always happen where, despite a larger set of unmetered plants, a 
greater mismatch between the statistics of known and unmetered plants occur, which 
results in a higher error of the probabilistic approach. It is therefore impossible to give a 
definitive statement on the expected performances of the probabilistic approach for any 
set of PV plants and only a general trend can be postulated on the basis of the previous 
discussion, where the performance of the probabilistic approach increases with the 
number and spatial density of unknown plants. 
 
Last, to be fully exhaustive, it should be pinpointed that the validation of the statistical 
values of the parameters evaluated in this thesis could only be realized on PV plants 
with a nominal capacity greater than 100 kWp. It would thus remain to assess if the 
approach presented in this thesis also yields good results with smaller plants, whose 
characteristics are different than that of the plants used here. Here again, additional 
validations based on extended datasets are necessary. 
 

6.3 Consideration of the effect of plant outage, shading and snow on the regional 
PV power production in the probabilistic approach 

 
In this work, special issues like plant outage, shading, module soiling or snow have not 
been addressed. As mentioned in introduction, these effects are implicitly considered in 
the upscaling approach, whereby they can also lead to errors. Indeed, it is a frequent 
situation with the upscaling method, that power values affected by a plant failure are 
extrapolated to unmetered plants in normal operation. Such situations can lead to large 
errors especially when the number of reference plants is low. 
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The reason why the effect of plant outage and shading on the power production is not 
considered in the probabilistic approach is that these are dynamical effects, which 
require a large set of measurements to be considered properly. The number of 
measurements available for this thesis being limited, it was decided not to address these 
issues as they are considered to have a second order importance in the calculation of the 
regional PV power in comparison to the meteorological and plant characteristic issues. 
The integration of those issues in the approach proposed in this thesis may thus 
constitute a potential further development of the method.  
 
Snow can be a very critical issue in the winter months. This issue has not been 
addressed in this thesis for the sake of conciseness. An interesting approach to take the 
effect of snow on the power generation into consideration can be found in [Lorenz 
Heinemann 2012]. 

6.4 Scope of application of the probabilistic approach 
 
The probabilistic approach introduced in this thesis, allows converting meteorological 
data into the aggregate PV power generation of a region. The proposed approach can 
therefore be of potential use for all applications where the regional PV power generation 
needs to be evaluated. In this section, the application of the probabilistic approach to the 
estimation of the actual regional PV power production and to the regional PV power 
forecast are discussed. Then, the applicability of the proposed approach for the 
estimation of the regional wind power production is discussed. 
 
Application of the probabilistic approach for the estimation of the actual PV 
power production 
 
Grid operators need to evaluate the PV power generation in real time for the grid 
operation. This is commonly achieved by upscaling a set of reference PV plants with 
online measurements.  
 
The first information needed by the TSOs is the total power generation produced in their 
control area. It is reasonable to expect that the number of reference plants is large 
enough to yield a good estimate of the regional PV power generation for the four 
German control areas. This statement should however be nuanced since the large 
majority of reference plants have a nominal capacity greater than 100 kWp. Accordingly, 
considering the different characteristics between small and large PV plants shown in 
chapter 3, the set of reference plants used for the upscaling may result in a systematic 
error. With regard to this issue, the probabilistic approach may improve the estimate of 
the total PV power generation used by the grid operators. The problem is that there is 
no measurements of the total PV power generation with which the potential 
improvements made possible by the probabilistic approach could be evaluated.  
 
Not only the estimation of the total power generation for the control areas is needed by 
the grid operators, but also the PV power feed in each of the grid nodes. In this case, the 
spatial extension of the region considered is significantly smaller than that of the control 
areas, and the probability that the number of reference plant used to evaluate the PV 
power feed-in in a grid node is insufficient increases. In this particular application, the 
probabilistic approach may outperform the upscaling method. Here again, it is 
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unfortunately impossible to demonstrate the advantages of the probabilistic approach 
as no measurement of the total PV power feed-in at grid node is available. 
 
Assuming that the probabilistic approach offers an added-value to the system operators 
for the estimate of the actual regional PV power generation, its implementation requires 
online meteorological data. For this particular application, satellite data can be used 
which can be available with a time delay for approx. 10-min (with a EUMETSAT license). 
For the air temperature, a short-term NWP forecast such as Cosmo-DE could be 
implemented to have the data in time. In this case, the effect of snow on the PV power 
generation should be considered, which issues was not addressed in this thesis. 
 
Application of the probabilistic approach for the forecast of the regional PV power 
production 
 
The forecast of the regional PV power generation represents a particularly well suited 
application for the probabilistic approach since this application includes the calculation 
of the total PV power generation in a considered region from meteorological data. The 
problem here is that the forecast error is evaluated on the basis of an estimate of the 
actual regional PV power generation, which is typically realized with the upscaling 
method. As already mentioned in the last paragraph, this upscaling is made using set of 
reference plants, which contain a large majority of PV plants with a nominal capacity 
greater than 100 kWp. As observed in chapter 4, the characteristics of small and large 
plants are very different. The fact that statistics of small plants are considered in the 
probabilistic method would thus result in a deviation from the upscaling-based estimate, 
which could be interpreted as an error. The use of the probabilistic approach for 
forecasting application is therefore only indicated when the method used for the 
estimate of the actual power generation is similar to (or at least coherent with) that 
used for the forecast.  
 
Application of the probabilistic approach for the estimation of the regional wind 
power production 
 
Finally, it may be interesting to investigate whether a probabilistic approach could be 
advantageous for wind energy applications. Indeed, similarly to solar energy, the 
upscaling approach is generally implemented for the estimation and forecast of the 
regional wind power production.  
 
Firstly, there is no reason to doubt that considering the wind speed at each installed 
wind turbine instead of using interpolated wind power production from a set of 
reference wind farms would result in an improvement. Under this aspect, the 
probabilistic approach may bring an added value to the estimation of the regional wind 
power production.  
 
In contrast to photovoltaic, detailed information (manufacturer, wind turbine type and 
hub height) is available for each of the approx. 25 000 wind turbines installed in 
Germany [Keiler and Häuser] [Windenergie Report 2014]. A statistical approach would 
therefore not be necessary to assess the appropriate power curve of each individual 
wind turbine, as power curve can easily be determined for each turbine on the basis of 
this information. As a result, a fully deterministic approach can be implemented and the 
probabilistic approach used for solar in this work would not be justified.  
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That said, further issues would rise in the application of a deterministic approach for the 
calculation of regional wind power production from meteorological data: e.g. deviations 
of the actual power curve from the manufacturer data, the consideration of orographic 
effects, the influence of aerodynamic shading effect of neighbouring wind turbines in a 
wind farm, the effect of local obstacles on the wind power (buildings, forest, etc…) and 
the evaluation of the roughness length for each wind direction for the vertical 
interpolation of the wind speed. 
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7 Conclusions and outlook 
 
The first objective of this thesis was to evaluate the performances of the upscaling 
method, which is commonly used for estimating and forecasting the PV power produced 
in a region. A goal of the analysis of the performances of the upscaling was to 
understand the sources of error of this method and assess their impact on the deviation 
between estimated and actual values of the PV power generation. In addition, the effect 
of the set of reference plants on the performances of the upscaling method has been 
investigated. It was intended to verify in this chapter, if there is a need for proposing a 
new approach for the calculation of the regional PV power generation or if the accuracy 
of the standard approach is sufficient such that an alternative approach is not needed. 
 
Secondly, as a conversion of weather data to PV power is required for various analyses 
conducted in this work, a PV power model has been proposed in chapter 3. For the 
choice of this model, a compromise was searched between the accuracy of the model 
and the number of parameters needed. Indeed, the amount of information available on a 
PV plant is often limited, so that a simple and robust model is needed. In addition, a 
method for the estimation of the model parameters from historical PV power 
measurements has been proposed, so that the model can be implemented for PV plants 
with little or no information on the configuration as long as enough power 
measurements are available. 
 
In chapter 4, a probabilistic approach is proposed for the calculation of the regional PV 
power generation. The cornerstone of this approach is the statistical analysis of 
parameters from several thousands of PV plants, where most occurring plant 
configurations are identified and their frequency of occurrence quantified. A model for 
the estimation of the regional PV power generation from meteorological data using this 
statistical information has also been proposed in this chapter. 
 
The performances of the standard upscaling method and proposed probabilistic 
approach have finally been compared in chapter 5. This benchmark has been realized on 
the basis of power measurements from several hundreds of PV plants provided by the 
German grid operator LEW Verteilnetz. The effect of the number of reference plants as 
well as their choice on the results has been evaluated on discussed. 
 
In chapter 5, it has been discussed to which extent the results described in chapter 4 can 
be generalized for any set of PV plants. Indeed, it was found that the dataset used in this 
thesis is not representative for the entireness of the plants installed in Germany. A 
discussion on the validity of the assumptions intrinsic to the probabilistic method 
allowed considerations on the relevancy of the proposed approach in a more general 
context. The potential benefits of the probabilistic approach for several applications are 
also discussed in this chapter.  
 
In chapter 6, it has been discussed to which extent the results described in chapter 5 can 
be generalized to other cases than the one considered in this thesis. 
 
The main results of this thesis are summarized in the following paragraphs. An outlook 
on potential further developments of the proposed method is finally given.  
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Evaluation of the performances of the standard upscaling method 
 
The objectives pursued in this first chapter were to verify that the two identified 
weaknesses of the upscaling method discussed in introduction are indeed the primary 
sources of estimation error and to make a first quantitative assessment of the 
performance of the upscaling method for the considered test case.  
 
The analysis was conducted using measurements from 366 PV plants, which were split 
into a set of reference and test plants to implement the upscaling method. An analysis 
procedure aimed at understanding the mechanisms leading to the total error were used, 
which consists in two steps: 

 The analysis of the interpolation error of PV power at single plants, and, 

 The analysis of the evolution of the interpolation error during the aggregation of 
interpolated values. 

The quantity analysed in the first step corresponds to the intermediary result of the 
upscaling method before aggregating single interpolated values into a regional power 
value. It can thus be seen as an analysis of the local upscaling error. This analysis has 
been conducted as it was judged helpful to understand of the mechanisms leading to the 
total error of the upscaling method. In the second analysis, the effect of the aggregation 
step of the upscaling method on the method performance is analysed.  

The analysis of the local upscaling error confirmed the considerations made in the 
introduction of this thesis. Indeed, it could be clearly shown from the analysed data that 
differences in meteorological conditions and plant characteristics between test and 
reference plants account to a large extent for local upscaling errors. In addition, the 
combined effect of these differences was found to result in RMSE values of 0.02  
to 0.14 kW/kWp. The effect of the weaknesses of the upscaling method on the local error 
was thus not only clearly displayed but it could be shown that the resulting error can be 
very large, at least locally. 

In the analysis of the effect of the aggregation of power values from different plants on 
the upscaling error, it could be shown that the impact of the weaknesses of the upscaling 
method on its performance is significantly smaller for clusters of PV plants than for 
single plants. A strong reduction of the upscaling RMSE occurs with the aggregation of 
power values from different plants, which results from the balancing out of local errors. 
While local upscaling error values range from 0.02 to 0.14 kW/kWp, the total upscaling 
error obtained by aggregating power values from all test plants considered for this 
analysis (366 PV plants) is equal to 0.0165 kW/kWp.  

The analysis of the influence of the set of reference plants on the performances of the 
upscaling method showed that the upscaling error is very large when less than 10 plants 
are used for the upscaling (0.02 – 0.12 kW/kWp). RMSE values decrease fast with 
increasing number of reference plants when less that 50 reference plants are used and 
the gain in accuracy becomes smaller with more than 70 reference plants. It could also 
be shown that for a given number of reference plants (even large) a relatively important 
dispersion of the obtained RMSE values exists. For example, with 100 reference plants 
(266 test plants) the RMSE value ranges from 0.01 to 0.025 kW/kWp. This dispersion 
can be explained by a spatial dispersion and characteristics of the reference plants 
differing from that of the set of test plants.  
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Based on these results, the development of an alternative method for the estimation of 
the regional PV power generation was found to be justified. As mentioned in 
introduction, the alternative approach proposed in this thesis is designed to make a full 
use of the available meteorological data and to address explicitly the problem of the 
plant characteristics. By doing so, it was hoped that the proposed method outperforms 
the upscaling method in particular in situations where the uncertainty of the standard 
approach is high.  

Choice of a PV plant model fulfilling the requirements of an implementation for 
the evaluation of the region PV power generation 
 
The conversion of meteorological data into PV power being required for various 
analyses conducted in this thesis, the goal of this chapter was to choose a PV model 
fulfilling the requirements set by the different applications addressed in this work. 
 
A major problem in the estimation of the regional PV power production is that very 
limited information is available on PV plants. It was thus needed to choose a PV model 
which compromises between the number of parameters and modelling accuracy. For 
this purpose, a sensitivity analysis was conducted in order to identify parameters to 
which the output power is the most sensitive. On the basis of the results of this 
sensitivity analysis, a simplified model was chosen, which only requires three 
parameters and a look-up table.  
 
An algorithm was then developed which allows assessing the parameters of the 
simplified model from historical measurements. The parameters evaluated with this 
algorithm constitute an important input for the statistical analysis conducted in  
chapter 4. Finally, the accuracy of the chosen model was evaluated on the basis of power 
measurements from two PV plants. This evaluation showed that in favourable 
conditions (Wankdorf) the simulation error can be very satisfying with RMSE and MAE 
values of 0.019 and 0.012 kW/kWp respectively. The performance of the proposed 
approach can be limited by local effects (shading at Liestal), in which case the RMSE and 
MAE can increases to 0.0235 and 0.0177 kW/kWp respectively.  
 
Considering the simplifications made for the choice of the PV model and the advantages 
of the proposed approach, these performances were judged very satisfying and 
sufficient for the targeted applications of this work.  
 
Development of a probabilistic approach for the estimation of the regional PV 
power generation 
 
An alternative method for estimating the regional PV power production has been 
developed to avoid some problems posed by the set of reference plants in the standard 
upscaling approach. This method has been described in chapter 5. 
 
The first important feature of the proposed approach is to evaluate the power 
generation at all locations, where a PV plant is installed using the corresponding 
meteorological data. By doing so, it was hoped that the proposed method represents an 
improvement with respect to the traditional upscaling method, whose performance are 
penalized by differences in meteorological conditions between reference and unmetered 
plants. 
 



130 7 - Conclusions and outlook 
 

The area-wide calculation of the PV power production is performed using the model 
introduced in chapter 3. For this purpose, it was necessary to choose a set of PV plant 
parameters for each plant, which is difficult since the characteristics of the unmetered 
plants are a-priori unknown. The approach used to handle this problem is the second 
key feature of the proposed approach. All sets of parameters frequently occurring and 
their probabilities of occurrence have been evaluated in the statistical analysis of a 
database with parameters from several thousand of PV plants. Location and nominal 
capacity being found to influence the parameters of a PV plant, the probabilities of 
different parameter sets were assessed for 95 regions in Germany and 14 classes of 
nominal capacity. Based on this information, PV power generation is evaluated for all 
frequently occurring sets of parameters. The most probable value of the power 
generation is then assessed for each plant by a probability-weighted average of PV 
power values calculated for each possible parameter set. The resulting power values are 
then scaled to their actual capacity after consideration of the ageing losses and 
aggregated into an estimate of the total power generation produced in a region. 
 
Comparison of the upscaling method with the probabilistic approach 
 
The performances of the standard upscaling method and the probabilistic approach 
have then been compared using PV power measurements from 715 PV plants over a test 
period of 206 days in chapter 5. For this purpose the upscaling method was applied to 
weather-based estimate of the production of sets of reference plants. This was achieved 
by implementing the simplified model whose parameters were assessed for each plant 
on the basis of historical data (for a different time period than that used for the 
comparison). 
 
In both models, global horizontal irradiation derived from satellite picture with the 
helioclim-3 algorithm [Espinar et al 2012] and temperature from the analysis of the 
COSMO-DE model [Schulz Schättler 2010] are used as input meteorological data.  
 
In order to evaluate the effect of the number and choice of the reference plants on the 
results of the comparative study, 1 to 350 reference plants have been randomly chosen 
among the set of plants available 1000 times. 
 
This analysis has shown that the error of the probabilistic method is slightly smaller 
than that of the upscaling method when the number of reference plants is large enough 
(>100 reference plants in the case study considered in this chapter). When the number 
of reference plants is limited (<50 reference plants for the considered case study), it was 
found that the proposed approach provides a noticeable gain in accuracy with respect to 
the upscaling method.  
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Domain of validity of the probabilistic approach 
 
A discussion on the validity of the assumptions intrinsic to the probabilistic approach 
has then been conducted in chapter 6, which allowed identifying two necessary 
conditions on the unmetered plants to maximize the probability that the probabilistic 
approach yields good results. On the one hand, it was found that it is important that the 
number of unmetered plants is large so that the statistics of known plant parameters 
match with that of the unmetered plants. On the other hand, it was identify to be 
important that the region on which the unmetered plants are dispersed is not much 
smaller than the regions considered in the statistical analysis. In this thesis, only 
qualitative conditions have been identified. It may be interesting in a continuation of this 
work to quantify these conditions, by e.g. evaluating the sensitivity of the performance 
of the probabilistic method to the number of unmetered plant, the region considered 
and the spatial density of the unmetered plants. 
 
It has been shown in the discussion conducted in chapter 6, that it is not always obvious 
that the power generation of the unknown plants can be estimated by a probability-
weighted average of the power generation corresponding to all occurring parameter 
sets. It was considered that this approximation is valid when all unmetered plants have 
similar meteorological condition. By contrast, it has been shown that in inhomogeneous 
meteorological situations, the regional PV power production is more influenced by the 
parameters of plants in sunny conditions than by the parameters of the plants in cloudy 
conditions. This can lead to an error of the probabilistic approach, where the weights of 
different PV plant configuration are static. This problem cannot be avoided as it is 
intrinsic to the probabilistic approach. The results obtained with the LEW dataset 
however indicates that though this effect represents a source of uncertainty of the 
probabilistic approach, it is at least not so important that the probabilistic approach has 
to be invalidated or put into question. It was finally found that this problem is limited 
when the spatial density of the unmetered PV plants is high. 
 
On the basis of this discussion, a general trend could be postulated, where the 
performance of the probabilistic approach increases with the number and spatial 
density of unknown plants. It was yet pinpointed that situations can always happen 
where an increase of the number and density of unmetered plants lead to a larger error 
of the probabilistic approach. It is thus difficult to make a definitive statement on the 
performance of the upscaling method, as it is dependent on the characteristics and 
spatial distribution of the unmetered plants as well as on the data used for the statistical 
analysis. 
 
Potential benefits of the probabilistic approach for several applications 
 
The potential benefits of the probabilistic approach introduced in this thesis have been 
discussed for several applications in chapter 6. This discussion has shown that the 
probabilistic approach may bring an added value for the estimation of the actual 
regional PV power generation and for the regional PV power forecast. The potential 
added value offered by the probabilistic approach can unfortunately not be validated as 
no systematic measurement of the PV power generation is made in Germany. 
 
The potential of the probabilistic approach for wind energy application was also 
discussed. It was found that a probabilistic approach is not justified for the estimation of 
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the regional wind power generation. Indeed, all required information is available for the 
approx. 25 000 wind turbines installed in Germany, so that a deterministic approach is 
possible for the estimation of the regional wind power production. 
 
Outlook 
 
It was shown in this work that the probabilistic approach offers several advantages 
toward the standard upscaling method. First, it does not require a set of reference 
plants, which makes its implementation easier given the difficulty of accessing to PV 
power measurements. Secondly, the totality of available weather information is treated 
in the computation of the regional PV power production. Finally, it allows considering 
various sources of information on PV plant characteristics (historical power 
measurements, plant description).  
 
The discussion on the validity of the probabilistic method conducted in chapter 6 shows 
that its performance is to a large extent depending on the resolution and the quality of 
input statistical information. A further development of the proposed approach may thus 
consist in improving the statistical description of important parameters of a PV plant. 
This can only be achieved by getting access to a larger dataset than the one used in this 
work.  
 
As mentioned in chapter 4, it is difficult to access to plant characteristics and much 
effort has been made in this work to gather data from approx. 35 000 plants. The 
possibility to estimate roof orientation from high resolution air picture and laser 
scanner data [Bergamasco Asinari 2011] [Lukac Zalik 2013] represents a promising 
approach to overcome the problem of the limited plant information. Here, the 
integration of existing information on roof topology available for numerous cities in 
Germany [Solarkataster] in the statistical analysis of the plant characteristics may 
represent an interesting further development of the work described in this thesis. 
 
Though many efforts have been made in this work to develop a procedure giving the 
best estimate of the actual PV power generation, the performances of this approach 
cannot really be demonstrated, as there is to date no measurement of the total PV power 
generation in Germany (only plants greater than 100 kWp are systematically measured). 
Here again, a better access to information on the production of PV plants would allow 
overcoming this obstacle. Alternatively, further benchmarks as the one presented in 
chapter 5 may help getting a better insight on the performances of different approaches 
for estimating the total power production produced in a region. 
 
It may also be interesting to extend and quantify the necessary conditions for the 
implementation of the probabilistic method. This could be achieved by conducting a 
sensitivity of the performance of the probabilistic method to the number of unmetered 
plant, the region considered and the spatial density of unmetered plants.  
 
Finally, a possible continuation of this work may consist in integrating the effect of 
snow, shading, outage and module soiling in the probabilistic approach. 
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Appendix 1: Calculation of the sun position 
 
In order to evaluate the plane-of-array irradiation from the global horizontal irradiation, 
the sun position must be determined. The sun position is defined by two angles: the 
solar azimuth and the solar elevation (or its complementary angle, the zenith angle). The 
solar azimuth angle defines in which direction the sun is and the solar elevation angle 
defines how high the sun is. These two angles are illustrated in Figure A-1.1. 
 

 
Figure A-1.1: Definition of the solar azimuth, elevation and zenith angles, defining the sun position. 
 
The position of the sun in the sky is a function of both time and the geographic 
coordinates (longitude and latitude) of the observer on the surface of the earth.  
 
To assess the sun position, the rotation of the earth must first be considered. For this 
purpose, the time and longitude of the considered location are used to calculate the hour 
angle, which quantifies the deviation of the sun direction from the southern coordinate. 
 
The second angle influencing the solar position is the declination angle, which varies 
seasonally due to the tilt of the earth on its axis of rotation and the rotation of the earth 
around the sun. The declination angle is responsible for the seasonal variations of the 
daily maximum elevation of the sun. 
 
The third angle impacting the sun position is the geographic latitude. 
 
The sun position and its dependency on the three angles (hour angle, declination angle 
and latitudinal angle) are illustrated in Figure A-1.2. This figure shows clearly that the 
daily path of the sun is determined by the latitudinal and declination angles, while the 
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location of the sun on this path is defined by the hour angle (which depends on the 
earth’s rotation).  

 
Figure A-1.2: Illustration of the dependence of the sun position on the hour angle, declination angle and 
latitude 
 
The steps for estimating these three angles as well as for calculating the two angles 
defining the sun position are illustrated in the flow chart given in Figure A-1.3. The 
detailed calculations of three main blocks from Figure A-1.3 are given in the following 
text.  

 
Figure A-1.3: Flow chart illustrating the calculation steps for the determination of the sun position 
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a) True solar time and hour angle 
 
In true solar time, noon corresponds to the time of the highest position of the sun in the 
sky for the local meridian. Two parameters account for the difference between the 
standard time and the true solar time: 
 

- the difference between the local meridian (lon) and the reference meridian 
(lonref), both meridians being expressed in degrees. 
 

- the equation of time (EOT) accounting for the variation of the apparent solar 
noon due to the combined motion of the earth’s rotation with the path of the 
earth around the sun and the variation of the earth’s axis of rotation during the 
year 

 
The true solar time can then be determined with the relation 
 

                     
   

  
             (Eq. A.1.1) 

 
where: 
 

TST is the true solar time in h, 
 
ST is the standard time for lonref, and, 
 
EOT is the equation of time in min depending from the Julian day (J): 
 

                                                     (Eq. A.1.2) 
 

                                                

 
For the computation of the sun position, the true solar time is expressed as an angle 
called the hour angle, ω. The following convention is used for estimating the hour angle 
from the true solar time: It is equal to zero at noon, is positive in the morning, and 
negative in the afternoon, increasing by 15° every hour (360°/24h). 
 

b) Declination of the earth 
 
The second angle needed for the computation of the sun position is the earth’s 
declination angle (δ), which is the angle between the equatorial plane of the earth and 
the plane of the path of the earth around the sun. The earth declination can be found 
with the Julian day using the following parameterization (with δ in radian): 
 

                                               (Eq. A.1.3) 
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c) Sun Position 

 
The zenith angle can be determined as a function of the earth declination (δ), latitude 
(ϕ) and hour angle (ω) using the following relation: 
 
                                  (Eq. A-1.4) 
 

The solar azimuth angle can be also expressed as a function of the earth declination (δ), 
latitude (ϕ) and zenith angle (θz) as  
  

    
            

              

         
                 

            
              

         
                 

     (Eq. A.1.5) 

 

d) Extraterrestrial Irradiation 
 
The horizontal extraterrestrial irradiation is the irradiation that is received by a 
horizontal plane located at the top of the atmosphere. It is given by the following 
expression: 
 
                         (Eq. A-1.6) 
 
where: 
 

θz is the zenith angle 
 
Isc is the solar constant (1367 W/m2) 
 
ε is the eccentricity coefficient depending on the Julian day. It describes the 
variation of the sun-to-earth distance from its average value over the year 
 

              
    

   
         (Eq. A-1.7) 
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Appendix 2 - Estimation of the diffuse fraction from Skarveit Olseth 1998 
 

In the Skarveit-Olseth model, the diffuse fraction d (ratio of global horizontal to diffuse 
horizontal irradiation) is evaluated from the global horizontal irradiation under 
consideration of the solar elevation angle and a variability index, used to quantify the 
influence of broken clouds on the diffuse irradiation. 
 
In this model, the clearness index (k) is used to normalize the global horizontal 
irradiation (Ghor) to the extraterrestrial irradiation (GET, see Appendix 1).  
 

k=Ghor/GET           (A-2.1) 
 
A clear sky index (ρ, eq. A-2.2) is then introduced, which is the ratio of the clearness 
index to a value of the clearness index corresponding to clear sky conditions (k1, Eq. A2-
3), which is a function of the zenith angle (   in degree). 
 
ρ=k/k1           (A-2.2) 
 
k1=0.83-0.56 exp(-0.06*(90-  ))        (A-2.3) 
 
The diffuse fraction corresponding to a clear sky condition (d1 for a clearness index k1) 
is then introduced. It is also a function of the zenith angle   : 
 
                                    (A-2.4) 
 
With these parameters, the diffuse fraction for invariable hours (dinv) is determined at 
different classes of the clearness index (k) (the variability index is assumed to be equal 
to zero): 
 

k ≤ 0.22        (A-2.5) 

0.22 ≤ k ≤ 0.95 k1                                     (A-2.6) 

0.95 k1 ≤ k ≤ kmax                             (A-2.7) 

k≥ kmax                        (A-2.8) 

 
Where: 
 

K is given by the following relation: 
 

              
        

         
 

 

 
                 (A-2.9) 

 

d2 is the value of the diffuse fraction between the second and third class, it is 
calculated from equation (A-2.6) with k=0.95.k1 
 

kmax is the clearness index corresponding to the maximal direct irradiation. It is 
given by the relation: 
 

                      
   
                                  (A-2.10) 

 

dmax is the value of the diffuse fraction between the third and fourth class, it is 
calculated from equation (A-2.7) with k=kmax. 
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From Equations A-2.5 and A-2.6, the diffuse fraction corresponding to invariable hours 
can be estimated from the global horizontal irradiation, extraterrestrial irradiation and 
solar elevation. Skarveit-Olseth showed that the diffuse fraction is dependent on the 
number of clouds which can be quantified using the variability index (σ3). It is defined as 
the root mean squared deviation between the clear sky index of the hour in question (ρ) 
and, respectively, the preceding (ρ–1 ) and following (ρ+1) hour: 
 

    
                 

 
          (A-2.11) 

 
                     (A-2.12) 

 
Equation (A-2.12) is used instead of (A-2.11) when either the preceding or deceding 
hour is missing. 
 
For σ3 >0, Skarveit and Olseth shown that a term Δ(k,   ,σ3) should be added to the 
above invariability expressions to account for the effect of variable/inhomogeneous 
clouds: 
 

k ≤ 0.14              (A-2.13) 

0.14 ≤ k ≤ kx                 
           

    (A-2.14) 

kx ≤ k ≤ kx+0.71                       
    

    (A-2.15) 

k≥ kx+0.71              (A-2.16) 

 
Here: 
 
                                     (A-2.17) 
  

                             (A-2.18) 
 

                        (A-2.19) 
 
Finally the diffuse fraction (d) is obtained by summing the diffuse fraction obtained for 
invariable hours (    ) and the terms accounting for the effect of 
variable/inhomogeneous clouds: 
 
                          (A-2.20) 
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Appendix 3 – Estimation of the three components of the plane of array (POA) 
irradiation 

 
It is common to find the global horizontal irradiation in sets of meteorological data 
(NWP models, satellite products...). This quantity is the total irradiation received on a 
horizontal surface of the earth. Since most PV plans modules are tilted to increase the 
yearly energy production, it is necessary to estimate the irradiation on an inclined 
surface from the global horizontal irradiation. An illustration of the main steps of this 
calculation is given in Figure A-3.1. 
 

 
Fig. A-3.1 – Principle of the computation of the irradiation on an inclined surface 

 
In the left picture of Figure A-3.1, the input data (the global horizontal irradiation) is 
shown. As can be observed in this schematic representation, the global horizontal 
irradiation is equal to the sum of irradiation coming directly from the sun (direct 
irradiation) and from the rest of the sky dome (diffuse irradiation).  As these two 
quantities impact a tilted surface differently, it is first necessary to decompose the global 
irradiation into its direct and diffuse components, which are represented in the center 
plot of Figure A-3.1 and whose calculation is detailed in Appendix 2.  
 
Once the direct and diffuse horizontal irradiations are known, the last step requires 
evaluating the three components of the irradiation on the tilted surface, which are the 
direct (or beam) irradiation (Bpoa), the diffuse irradiation (Dpoa), and the ground-
reflected irradiation (Rpoa). The total irradiation received by a tilted surface is equal to 
the sum of these three quantities: 
 
                           (Eq. A.3.1) 



Appendix 3 – Estimation of the three components of the plane of array (POA) 
irradiation 

151 

 
 

Given the very different natures of the three components of the irradiation, a different 
calculation procedure is used for each of them. For each, the two components of the 
global horizontal irradiation, the sun position, and the module inclination angles (tilt 
and azimuth angles) are needed for the estimation of these three components. 
 
A flow chart summarizing the computation steps for the global irradiation on a tilted 
surface from the global horizontal irradiation is given in Figure A-3.2. The computation 
of the sun position and the estimation of the diffuse fraction have already been treated 
in Appendices 1 and 2, respectively. It thus remains to introduce the models and sets of 
equations needed for the final calculation blocks displayed in this flow chart.  
 

 
Fig A-3.2 – Flow chart for the determination of the global irradiation on a tilted surface 
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a) Calculation of the direct irradiation incident on a tilted surface 
 

The calculation of the direct irradiation received by a tilted surface requires the direct 
horizontal irradiation (Appendix 2), the two angles defining the sun position (Appendix 
1) and the two angles defining the module orientation (module tilt and azimuth angles) 
as input. 
 
The direct horizontal irradiation is the projection of the direct normal irradiation on a 
horizontal plane (the direct normal irradiation is the direct irradiation for a plane whose 
normal is the direction of the sun). The direct normal irradiation is first derived from the 
direct horizontal irradiation by dividing it by the cosine of the zenith angle. The direct 
irradiation can then be found by multiplying the direct normal irradiation by the cosine 
of the incidence angle of the direct light on the module plane: 

                      
    

       
                 (Eq. A-3.2) 

 

The incidence angle is the angle between the light direction and the normal to the 
module plane (see Figure A-3.3).  
 
For the determination of the incidence angle, the definition of the plane orientation 
angle is needed. The plane orientation is defined using the two following angles: 
 

- The module inclination or tilt angle (γM), i.e. the angle between the normal of the 
plane and the zenith (0° for an horizontal plane and 90° for a vertical plane) 

 

- And the module azimuth angle (αM), the angle between the projection of the 
plane normal vector onto the horizontal plane and the North axis (East: -90°, 
South: 0° and West:+90°). 

 

The incidence angle can be found using the module orientation angles (αM,γM) and the 
sun position angles (αs,γs) with the following relation (scalar product of nM and ns): 
 

                                                       (Eq. A-3.3) 
 

The module tilt and azimuth angles and the incidence angle for a given sun position are 
illustrated in Figure A-3.3. 

 
Fig A-3.3 – Definition of the angles defining the plane orientation and of the incidence angle of sunlight on a 
plane. 

As can be observed in Figure A-3.3, the convention is different for the azimuth of the sun 
and the orientation angle of a surface.  
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b) Calculation of the diffuse irradiation incident on a tilted surface 
 
The calculation of the diffuse irradiation received by a tilted surface requires the diffuse 
horizontal irradiation (Appendix 2), the two angles defining the sun position (Appendix 
1) and the two angles defining the module orientation (module tilt and azimuth angles) 
as input data. The calculation of this component of the irradiation received by a tilted 
surface is more complex than that of the direct component due to the variation of the 
luminance in the sky dome. For this calculation, the part of the sky dome illuminating 
the tilted surface must first be evaluated. The short description of the isotropic model 
proposed by Liu-Jordan [Liu-Jordan 1960] illustrates this very well. 
 
The Liu-Jordan model is based on the assumption of an isotropic diffuse irradiance. 
According to this assumption, the diffuse irradiation coming from every part of the sky 
dome is equal. As a result, the portion of the total diffuse irradiation impacting a solar 
collector is equal to the part of the sky dome viewed by the collector 
(Sview=(1+cos(γM)).π.R2) divided by the total area of the sky dome (Stot=2.π.R2). As a 
result, the formulation for the isotropic diffuse irradiation relation for a tilt angle γM and 
a diffuse horizontal irradiation Dhor is 
 

           
     

    
       

         

 
       (Eq. A.3.4) 

 
The part of the sky dome seen by the module for an exemplary module tilt angle is 
illustrated in Figure A-3.4. 

 
Fig A-3.4: Part of the sky dome seen by a tilted surface  

 
Though the Liu-Jordan model provides a rather good first approximation of the diffuse 
irradiation incident on a tilted surface, the isotropy assumption was found to be only 
valid for limited sky conditions. Indeed, as illustrated in Figure A-3.5, the distribution of 
the luminance in the sky dome is not isotropic but noticeably higher in the vicinity of the 
sun (circumsolar region) and, depending on the sky condition, slightly smaller or greater 
at the horizon. The left plot in Figure A-3.5 (adapted from [Coulson 1975]) shows the 
course of the luminance in a section of the sky dome including the sun (at zenith angle of 
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40°) for two sky conditions (smog and clear cases in blue and red, respectively). The 
characteristics mentioned previously can be clearly recognized in these two examples. 
 
In order to take the anisotropy of the diffuse irradiation into account, the sky dome is 
divided in three regions: the circumsolar region, the horizon band and the background 
region. These three regions are displayed in the right picture of Figure A-3.5, where the 
section previously discussed in marked by a green line. Due to the different 
characteristics of these three regions, their respective contributions to the total diffuse 
irradiation received by a tilted surface are considered separately in anisotropic diffuse 
models. 

 
Fig A-3.5 – Anisotropy of the diffuse irradiation in the sky dome – left: two examples for a smog and clear 
case adapted from [Coulson 1975] and right: separation of the sky dome in a background isotropic region, 
a circumsolar region and a horizon band  

 
The Perez model [Perez et al 1990] has been chosen from amongst the numerous 
anisotropic models available in the literature, since it is known to perform well. The 
general formulation of the model is 
 
 

              
                

                  
               

         

 
              (Eq. A.3.5) 

 
The three terms of the Perez model correspond to the contributions of the circumsolar 
region, the background region (assumed isotropic), and the horizon band on the total 
diffuse irradiation incident on a tilted surface, respectively. It can be noted that the form 
of the Liu-Jordan model can be recognized in the second term of the Perez-model, which 
corresponds to the background isotropic region. 
 
In the formulation of the Perez model, the parameters F1 and F2 account for the 
circumsolar irradiation and for the horizon brightening, respectively. These parameters 
depend on meteorological parameters as well as on the solar elevation. For this purpose, 
Perez et al (Perez et al, 1990) introduced two parameters defining the sky clearness (ε) 
and the sky brightness (Δ), defined by equations A.3.6 and A.3.7. 
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          (Eq. A.3.6) 

      
    

   
                   (Eq. A.3.7) 

 
In the above equations, κ  is a constant equal to 1.041 and  
 
am  is the relative optical air mass, defined as a function of the zenith angle (θz in 

degree) and the site altitude (    in meter) by the following relationship 
[Kasten and Young 1989] (Eq. A.3.8). 

 

   
                   

                                    
      (Eq. A.3.8) 

 
These two parameters together with the solar height were used by Perez et al to classify 
the sky conditions and determine the values of F1 and F2 giving the best fit between the 
model formulation and the measurements. Based on this classification (240 sky 
condition categories), an expression for F1 and F2 as a function of Δ and θz for 8 classes 
of ε were derived (see Table A-3.1). 
 
The Δ-ε parameterization used by Perez et al is equivalent to the kn-KT or to the Kd-KT 
parameterization often used for the evaluation of the diffuse fraction. However, Perez et 
al. preferred this approach, claiming that it better separates two distinct characteristics 
of the atmosphere (Perez et al, 1990), ε-variations  that express the transition from a 
totally overcast sky to a low turbidity sky and Δ-variations that reflect the 
opacity/thickness of the clouds.  
 
Table A-3.1 – Parameters of the Perez model [Perez et al 1990] 

Perez model parameters 
Sky clearness f11 f12 f13 f21 f22 f23 

1.000 ≤ ε < 1.056 -0.008 0.588 -0.062 -0.060 0.072 -0.022 
1.056 ≤ ε < 1.253 0.130 0.683 -0.151 -0.019 0.066 -0.029 
1.253 ≤ ε < 1.586 0.330 0.487 -0.221 0.055 -0.064 -0.026 
1.586 ≤ ε < 2.134 0.568 0.187 -0.295 0.109 -0.152 -0.104 
2.134 ≤ ε < 3.230 0.873 -0.392 -0.362 0.226 -0.462 0.001 
3.230 ≤ ε < 5.980 1.132 -1.237 -0.412 0.288 -0.823 0.056 

5.980 ≤ ε < 10.080 1.060 -1.600 -0.359 0.264 -1.127 0.131 
10.080 ≤ ε  0.678 -0.327 -0.250 0.156 -1.377 0.251 
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c) Calculation of the reflected irradiation incident on a tilted surface 
 
The ground reflects a portion of the global irradiation such that the ground-reflected 
irradiation yields an additional contribution to the total irradiation received by a tilted 
surface. The amount of irradiation reflected by the ground is quantified by the ground 
albedo (Alb=Grefl/Ginc). It varies depending on the type of ground. Albedo values for 
different types of surfaces are given in table A-3.2. 
 
Table A-3.2 - Albedo for different types of surface [Dietze, 1957],[ TÜV 1984] 

Surface Albedo Surface Albedo 
Grass (summer) 0.25 Asphalt 0.15 
Lawn 0.18-0.23 Woods 0.05-0.18 
Dry grass 0.28-0.32 Heathland and sand 0.10-0.25 
Uncultivated fields 0.26 Water surface (γs >45°) 0.05 
Soil 0.17 Water surface (γs >30°) 0.08 
Gravel 0.18 Water surface (γs >20°) 0.12 
Concrete, weathered 0.20 Water surface (γs >10°) 0.22 
Concrete, clean 0.30 Fresh snow cover 0.80-0.90 
Cement, clean 0.55 Old snow cover 0.45-0.70 

 
For the computation of the ground-reflected irradiation received by a tilted surface, an 
isotropic emission of the quantity Alb.Ghor is assumed. Based on the isotropic 
assumption, the ground-reflected irradiation can be deduced from the global horizontal 
irradiation Ghor, the ground albedo Alb and the surface tilt angle (γM), analogously to the 
the computation of an isotropic diffuse irradiation [Liu Jordan 1960], leading to the 
relation 
 

               
         

 
        (A-3.9) 

 

The factor            /2 corresponds to the ratio of the ground viewed by the surface 

to the total ground surface. When the value of the ground albedo is not available, a 
constant value of 0.2 is typically used. 
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Appendix 4 – Estimation of module optical losses from Martin Ruiz 2001 
 
A solar module is made of a semi-conductor material coated with  glass. Due to the 
coating of the solar module, a part of the incident light is reflected or absorbed by the 
glass before reaching the silicon material. These different reflection and absorption 
processes result in an optical loss that must be considered when estimating the 
production of PV systems. 
 
In [Martin Ruiz 2001], an analytical model of PV module angular losses based on 
theoretical and experimental results is proposed that fits monocrystalline as well as 
polycrystalline and amorphous cells and accounts the existence of superficial dust. 
 
From the optical analysis of different PV module configurations, considering crystalline 
and amorphous silicon technologies, with or without antireflective coatings, and looking 
for a simple analytical expression, the following formulae and definitions have been 
obtained by Martin and Ruiz for the angular losses FB, FD and FA affecting the beam, 
diffuse and ground reflected irradiations: 
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    (A-5.2) 

 
Where : 
 
FB,FD,FA  are the angular losses affecting the beam, diffuse and reflected irradiation 

[0-1] 
 

       is the angle of incidence of solar radiation [°] 
 

    is the tilt angle of the PV module [°] 
 

ar  is the angular losses coefficient, an empirical dimensionless parameter to 
fit in each case 

 

c1, c2  are two fitting parameters [-] 
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The angular losses coefficient was found to take values between 0.136 and 0.178 for 
different module technologies. Example values of c2 are provided in Table A-5.1 for 
typical ar values of silicon PV modules. 
 
Table A-5.1: Results of the fitting of c2 for typical ar values of silicon PV modules 

 
Examples of the angular losses coefficients for typical values of crystalline modules are 
given in Figures A-5.1 and A-5.2. In Figure A-5.1, angular loss factors of the diffuse and 
ground-reflected irradiation (y-axis) are displayed as a function of the module tilt angle 
(x-axis). Angular losses fractions of the beam irradiation (y-axis) are represented as a 
function of the angle of incidence (x-axis) in Figure A-5.2. 

 
Figure A-5.1: Angular losses factors of the diffuse and reflected radiation components for typical ar values 
of a m-Si module (0.17 for clean surface and 0.2 for a medium dust quantity). [Martin Ruiz 2001] 

 
Figure A-5.2: Angular losses factors of the beam radiation components for typical ar values of a m-Si 
module (0.17 for clean surface and 0.2 for a medium dust quantity). [Martin Ruiz 2001] 
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Appendix 5 – The Sandia I-V curve translation procedure 
 
The short description of the Sandia model provided in this Appendix is taken for the 
most part from the model description available on the PVPMC website [PVPMC]. The 
Sandia PV Array Performance Model (SAPM) defines five points on the IV curve [King et 
al 2004]. These points are shown in the figure below. 
 

 
Figure A-8.1: Five points of the IV curve modelled by the Sandia PV Array Performance Model (SAPM) 
 

The SAPM defines the primary points of the IV-curve (Isc, Imp, Voc and Vmp) of a PV 

module with the following equations: 

            
           

  
                        (Eq. A-6.1) 

                     
                        (Eq. A-6.2) 

                                       (Eq. A-6.3) 

                                        
 
               (Eq. A-6.4) 

Functions: 

f1 is a 4th order polynomial function of absolute air mass, AMa, and is called the air 

mass modifier.  It is defined as: 

                        
        

        
    (Eq. A-6.5) 

where a is the vector of coefficients that are determined from module testing. 

f2 is a 5th order polynomial function of angle of incidence,     , and is called the angle of 

incidence modifier. It is defined as: 

                          
         

         
         

   (Eq. A-6.6) 

where  

b is the vector of coefficients that are determined from module testing. 

https://pvpmc.sandia.gov/modeling-steps/1-weather-design-inputs/irradiance-and-insolation-2/air-mass/
https://pvpmc.sandia.gov/modeling-steps/1-weather-design-inputs/shading-soiling-and-reflection-losses/incident-angle-reflection-losses/sandia-model/
https://pvpmc.sandia.gov/modeling-steps/1-weather-design-inputs/shading-soiling-and-reflection-losses/incident-angle-reflection-losses/sandia-model/
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Ee is the “effective irradiance”. It is defined as: 

     
   

                     
     (Eq. A-6.7) 

where: 

Isc0 is the short circuit current at reference conditions. 

Isc can be calculated from (eq. A-6.1) above. 

δ is a function of Tc defined as: 

    
               

 
      (Eq. A-6.7) 

where: 

n is an empirically determined ‘diode factor’ 

k is Boltzmann’s constant (1.38066 × 10-23 J/K) 

q is the elementary charge constant (1.60218 × 10-10 coulomb) 

βVoc is a function of effective irradiance Ee, defined as:  

 
                                (Eq. A-6.8) 

 
where: 
 

βVoc0 is the temperature coefficient for module open circuit voltage at irradiance 

conditions of 1000 W/m2 . 
 

mβVoc is a coefficient describing the irradiance dependence for the open circuit 

voltage temperature coefficient (typically equals zero) 
 
 

https://pvpmc.sandia.gov/modeling-steps/2-dc-module-iv/effective-irradiance/
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Notation: 

Eb is beam irradiance on the plane of array in W/m2 

Ed is the diffuse irradiance on the plane of array in W/m2 

E0 is reference solar irradiance (1000 W/m2) 

Tc is cell temperature (°C) 

T0 is reference cell temperature (25 °C) 

fd is the fraction of the diffuse light that is used by the module.  For typical flat 

plate modules fd is usually assumed to be equal to 1.  For concentrators the value 

can be smaller than 1. 

αIsc is the normalized temperature coefficient for short circuit current.  Units  

are (°C)-1 

αImp is the normalized temperature coefficient for maximum power current.  Units 

are (°C)-1 

Ns is the number of cells in series 

C is a vector of coefficients determined by module testing using a method 

developed at Sandia. 
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Appendix 6 – The Schmidt and Sauer PV inverter model 
 
The inverter model proposed by Schmidt and Sauer is based on the assumption that the 
losses occurring in a PV-inverter can be described by the formulae given in equations A-
7.1 and A-7.2. 
 
                       (A-7.1) 
 
                                 

       (A-7.2) 

 
Here: 
 
Pin and Pout  are the input and output power of the inverter respectively 
Pself   is the power self-consumption of the inverter 
vloss   is a parameter describing the power losses due to voltage drop occurring 
in the inverter 
rloss   is a parameter quantifying the ohmic power losses in the inverter 
 
All parameters are normalized by the rated power of the inverter so that all quantities 
listed above are adimensional. 
 
Based on this assumption, Schmidt and Sauer developed a model whose parameters can 
be easily evaluated from the manufacturer datasheet. The final form of the model is 
given by the following relationship: 
 

      
       

           
  

         
 

             
 
 

         

           
        (A-7.3) 

 
The parameters vloss , Pself and rloss can be easily evaluated from the power curve given in 
most inverter datasheets by knowing the efficiencies of the inverter at 10%, 50% and 
100% of the nominal power using the relations A-7.4, A-7.6, and A-7.6. 
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Appendix 7 – Parameter estimation report 

 
Figure A-8.1: Report generated for the estimation of the parameters of the PV plant Wankdorf DA1 using 
local meteorological measurements – a description of the various plots displayed in this figure is provided 
in Table A-8.1 

 
Figure A-8.2: Report generated for the estimation of the parameters of the PV plant Wankdorf DA1 using 
satellite derived irradiation and analysis temperature – a description of the various plots displayed in this 
figure is provided in Table A-8.1 
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Figure A-8.3: Report generated for the estimation of the parameters of the Liestal PV plant using satellite 
derived irradiation and analysis temperature – a description of the various plots displayed in this figure is 
provided in Table A-8.1 

 
Figure A-8.4: Report generated for the estimation of the parameters of the Liestal PV plant using satellite 
derived irradiation and analysis temperature – a description of the various plots displayed in this figure is 
provided in Table A-8.1  
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Table A-8.1: Description of the panels contained in the parameter estimation reports. 
(1) 

 

The location of the PV plant is displayed on a map by a square whose colour 
corresponds to the maximum value of the cost function evaluated by the 
algorithm at this location. The abscissa is the longitude and the ordinate the 
latitude. 
 

If the exact location of the PV plant is known, this map is trivial. Should the exact 
location of the plant not be known but rather for example only the postal code, an 
estimation of the coordinates of the PV plant is represented in this map. This is 
achieved by selecting all points where meteorological information is available in 
a given area (for example all pixels of the satellite) and assessing the pixel with 
the highest value of the cost function, which should serve as an approximation of 
the location of the PV plant. 
 

(2)(3)  
 

An overview of the search of the maximum value of the cost function in the space 
formed by the three unknown parameters is given in these two plots. With the 
cost function having been assessed for all values in the three-dimensional space 
formed by the unknown parameters, the result of the optimization is a four-
dimensional array that requires simplification for a visualisation of the results. 
 

In panel (2), the maximum value of the cost function obtained for each value of 
the module orientation is displayed in colour as a function of the azimuth angle 
(abscissa) and tilt angle (ordinate). A blue square represents a small value of the 
cost function and a red pixel a high value of the cost function (no colour scale is 
given). The module orientation corresponding to the maximum value of the cost 
function is displayed by a white cross and the module orientation provided by the 
meta-information is represented by a white diamond. 
 

In panel (3) the maximum value of the cost function obtained for each value of 
the angular loss coefficient (ordinate) is represented as a function of the angular 
loss coefficient (abscissa). The red cross represents the optimal angular loss 
coefficient. 
 

(4) 
 

In this table, the available meta-information on the PV plant and the results of 
the parameter estimation are summarized. Common statistical measures of the 
simulation error obtained with the estimated parameters and the used 
meteorological data are also indicated. 
 

(5)(6) 
 

In panel (5), a scatter plot of the power measurements corrected for the 
temperature effect at 25°C (ordinate) as a function of the effective irradiation 
(abscissa) is displayed. The colour of the scatter points represents the local 
scatter point density. A blue point corresponds to a point with a low local density 
and a red point to a high local density. The power curve estimated at 25°C is 
superimposed using a black dashed line. 
 

In panel (6), the effect of the air temperature (x-axis) on the PV power (ordinate) 
is illustrated for four values of the effective irradiation. The different values of the 
effective irradiation are recognizable by the colour of the scatter points (very 
light blue, light blue, blue and green points), which correspond to effective 
irradiation values of 300, 500, 700 and 900 W/m², respectively. The red dashed 
lines are the values of the LUT corresponding to the different effective 
irradiations. 
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(7) 
 

The measured power values (colour of the scatter points) are displayed as a 
function of the solar azimuth (abscissa) and elevation angles (ordinate). White-
to-blue points correspond to small power values (0 to 0.15 kW/kWp), while red 
points represent large power values (0.6 to 0.8 kW/kWp). Isolines of the 
incidence angles resulting from the estimated module orientation are shown (90, 
60, 30 and 0°). Under clear-sky conditions, with the maximum power being 
reached at small incidence angles, a correspondence should be observable 
between the scatter points and the isolines of the incidence angles. Thus, the 
comparison of the two allows for verification of the estimated module 
orientation. 
 

(8) 
 

The differences between the measurements and the power calculated with the 
estimated parameters (colour of the scatter points) are displayed as a function of 
the solar azimuth (abscissa) and elevation angles (ordinate). A light green point 
corresponds to a simulation error close to zero while blue points (red points) 
represent a simulated power 0.025 kW/kWp smaller (greater) than the 
measured power. 
 

As in the previous plot, sun positions corresponding to incidence angles of 90, 60, 
30 and 0° are displayed by three black lines and a black circle, respectively. This 
representation can be useful for identifying local shading effects on the power 
measurements. 
 

(9) 
 

Time series of the simulation and measurements are compared for the entire 
training period. The measurements are shown by the blue line. To improve the 
readability of this graphic all simulated values were not displayed, but instead 
only the daily maximum of the simulated power. Additionally, the maximum daily 
simulated value that would have been reached under a clear-sky situation is 
represented by the yellow line. These two values of the simulation allow for the 
quick verification of the yearly shape of the measurements being well described 
by the simulation. These various outputs allow for verification that the seasonal 
variation of the PV power is described well by the estimated parameters. 
 

(10) 
 

With the focus of panel (9) being on the yearly behaviour of the power data, the 
daily behaviour is represented in panel (10). For a better visibility, only clear-sky 
days are displayed here. Power measurements are displayed as a function of the 
solar azimuth instead of as a function of time, in order to avoid the effect of the 
yearly variation of the solar noon. 
 

The power measurements are displayed for all selected clear-sky days by a light 
grey line. To avoid clutter, simulated power values are only displayed for 5 days 
chosen arbitrarily from amongst the set of clear-sky days. For these example days 
the measurements are displayed by a bold black line and the simulation by a red 
line. 
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Figure A-9.1: Probability density distribution of the azimuth angle (x-axis) for different classes of nominal 
capacities (bar colour) for all PV plants with a tilt angle between 1 and 7.5° 
 
 
 

 
Figure A-9.2: Probability density distribution of the azimuth angle (x-axis) for different classes of nominal 
capacities (bar colour) for all PV plants with a tilt angle between 7.5 and 12.5° 
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Figure A-9.3: Probability density distribution of the azimuth angle (x-axis) for different classes of nominal 
capacities (bar colour) for all PV plants with a tilt angle between 12.5 and 17.5° 

 
 
 

 
Figure A-9.4: Probability density distribution of the azimuth angle (x-axis) for different classes of nominal 
capacities (bar colour) for all PV plants with a tilt angle between 17.5 and 22.5° 
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Figure A-9.5: Probability density distribution of the azimuth angle (x-axis) for different classes of nominal 
capacities (bar colour) for all PV plants with a tilt angle between 22.5 and 27.5° 
 
 

 

 
Figure A-9.6: Probability density distribution of the azimuth angle (x-axis) for different classes of nominal 
capacities (bar colour) for all PV plants with a tilt angle between 27.5 and 32.5° 
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Figure A-9.7: Probability density distribution of the azimuth angle (x-axis) for different classes of nominal 
capacities (bar colour) for all PV plants with a tilt angle between 32.5 and 37.5° 
 
 
 

 
Figure A-9.8: Probability density distribution of the azimuth angle (x-axis) for different classes of nominal 
capacities (bar colour) for all PV plants with a tilt angle between 37.5 and 42.5° 
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Figure A-9.9: Probability density distribution of the azimuth angle (x-axis) for different classes of nominal 
capacities (bar colour) for all PV plants with a tilt angle between 42.5 and 60 ° 
 




