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Abstract: Spatiotemporally resolved data on photovoltaic (PV) power generation are very helpful to
analyze the multiple impacts of this variable renewable energy on regional and local scales. In the
absence of such disaggregated data for Germany, numerical simulations are needed to obtain the
electricity production from PV systems for a time period and region under study. This manuscript
presents how a physical simulation model, which uses open access weather and plant data as input
vectors, can be created. The developed PV model is then applied to an ensemble of approximately
1.95 million PV systems, consisting of ground-mounted and rooftop installations, in order to compute
their electricity production in Germany for the year 2020. The resulting spatially aggregated time
series closely matches the measured PV feed-in pattern of Germany throughout the simulated year.
Such disaggregated data can be applied to investigate the German PV power generation landscape at
various spatiotemporal levels, as each PV system is taken into account with its technical data and the
weather conditions at its geo-location. Furthermore, the German PV power generation landscape
is presented as detailed maps based on these simulation results, which can also be useful for many
other scientific fields such as energy system modeling.

Keywords: photovoltaics; physical model; variable renewable energy; numerical simulations

1. Introduction

Many of the world’s leading countries have already started large-scale production of
electricity from renewable energy sources, primarily wind and solar energy, to achieve the
Paris Agreement goal of net-zero emissions by the middle of this century for mitigating
climate change. Photovoltaics play a key role in this transition and are expected to become
the world’s most important source of electricity production before 2050 [1]. According to
the study in [1], the technological development set in motion by existing policies could
lead to a global, irreversible tipping point at which photovoltaics will gradually dominate
global electricity markets without the need for further climate policy measures. Otherwise,
there are also uncertainties that could hinder this process, such as insufficient grid stability
in renewables-dominated power grids or the limited capacity of future supply chains. To
avoid such uncertainties and to find an optimal method for sustainable transformation
of the power sector, further research is needed, which also requires disaggregated power
generation data for existing PV systems, as presented in this study.

Worldwide, 189 GW of new PV capacity was erected in the year 2022, bringing the
total capacity to 1055 GW [2]. In the German region, the installed PV capacity grew from
18 GW in 2010, to more than 82 GW by the end of 2023 [3,4], boosted by the abolition
of the German PV cap of 52 GW in June 2020 and the steady decrease of the levelized
cost of electricity for photovoltaics. This strong growth in photovoltaics will not only
have a considerable influence on the development of future PV systems, including new
concepts such as agrivoltaics and floating photovoltaics, but also on the necessary power
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grid transformation in a future more circular and electrified economy [5,6]. However, the
lack of disaggregated power generation data of PV systems, mainly due to strict German
data privacy laws, makes it difficult to comprehensively study the multiple impacts of
increasing photovoltaics on regional and local scales.

Today’s studies on photovoltaics and renewable energies often use electricity produc-
tion data from PV systems with high spatial, but only low temporal, resolutions, such as
in many different analyses of the German power sector [7,8]. Meanwhile, there are also
energy studies that already consider the power generation from PV systems with a high
spatiotemporal resolution [9,10], but work with older data, from the year 2016 and earlier.
As mentioned above, photovoltaics have experienced significant growth over the last years,
both worldwide and in Germany. Consequently, updating disaggregated electricity pro-
duction data, e.g., using the PV model introduced in this manuscript, becomes increasingly
relevant for future research. This simulation model, which is an extended version of our
preceding PV model described in [11], is part of the Renewable Spatial-Temporal Electricity
Production (ReSTEP) model collection, which also contains biomass power, run-of-river
hydropower, and wind power models [12,13].

This study shows a clear modeling approach that uses open access weather and plant
data as input vectors to generate disaggregated electricity production data of PV systems.
The rest of this manuscript is arranged in the following order: Section 2 introduces the
input vectors as well as the data for calibration and verification of the PV model. The design
of the simulation model with its main program steps using the PVGIS web application [14],
which is also open access, is described in Section 3. In Section 4, this PV model is applied to
an ensemble of about 1.95 million PV systems, consisting of ground-mounted and rooftop
installations, to compute their electricity production in Germany for the year 2020. Then,
the resulting time series are aggregated and compared with the measured total PV feed-in of
Germany to verify the simulations. In addition, the German PV power generation landscape
using these simulation results is shown as monthly resolved maps at the municipal level.
This energy landscape is moreover analyzed at the federal state level. Finally, the study
concludes with a brief discussion of the PV model presented and the simulation results
obtained in Section 5.

2. Data
2.1. Weather Data

Highly resolved weather data, especially for the solar irradiance, are an essential pre-
condition for detailed and accurate simulations of PV power generation, and the quality of
these data is crucial for obtaining realistic results [15]. For the Central European or German
region, various weather products with different spatial and temporal resolutions are freely
available via the web interfaces of many meteorological institutions around the world. On
the one hand, there are reanalysis weather data, such as the global MERRA / MERRA-2
and ERA-5 products with horizontal resolutions of a few tens of km [16-18], which have
become a popular source for wind power studies in recent years [19,20]. On the other hand,
satellite-based weather data often provide higher spatial resolutions, especially for solar
radiation data, and are therefore mostly used for studies on solar resources or PV power
generation [9,10,21].

Since reanalysis solar radiation data generally have larger uncertainties than satellite-
based data, our study utilizes satellite-based weather data from the CM SAF collabora-
tion [22] via the PVGIS web application. The used weather product PVGIS-SARAH?2, which
is derived from the second version of the SARAH solar radiation data from CM SAF, has
an hourly time resolution and a horizontal resolution of 5 km for the German region [23].
Because of this high spatial resolution and the retrieval of the PVGIS time series for each
required PV system location, no interpolation routines are needed in our simulation model.
This circumstance reduces possible uncertainties due to additional interpolations and the
runtime of the numerical simulations. Furthermore, solar radiation data from satellite
images need to be verified with ground-based solar radiation measurements to assess the
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deviations of the satellite-based data. For the German region, the hourly values of the
horizontal solar irradiance from PVGIS-SARAH2 were compared with measured data from
the ground station in Lindenberg (Germany) and showed a high agreement with small
mean deviations, according to the validation presented in [14].

The hourly resolved time series received via the PVGIS web application for a required
time period and geo-location comprises the following information: date and time in UTC,
PV system power, solar irradiance on inclined plane, sun height, air temperature at 2 m,
and wind speed at 10 m from the ground. To retrieve these data from PVGIS, the location
of the PV system with latitude and longitude, the rated power of the plant, the tilt (slope)
and azimuth angles of the PV modules, the time period, and the weather product have to
be specified for the web query.

The PVGIS version 5.2 and the weather product PVGIS-SARAH2 were used for all
simulations presented in this manuscript. Figure 1 shows an excerpt of an hourly resolved
time series for the year 2020 and a certain geo-location delivered by PVGIS 5.2 using its
API. A detailed description of this API for hourly radiation data with all its features can be
found in [24].

Latitude (decimal degrees): 51.021

Longitude (decimal degrees): 12.483

Elevation (m): 160

Radiation database: PVGIS-SARAH2
Slope: 20 deg.

Azimuth: O deg.

Nominal power of the PV system (c-Si) (kWp): 1.0
System losses (%): 14.0

time,P,G(i),H_sun,T2m,WS10m,Int
20200101:0010,0.0,0.0,0.0,2.01,2.0,0.0
20200101:0110,0.0,0.0,0.0,1.72,1.93,0.0
20200101:0210,0.0,0.0,0.0,1.56,1.86,0.0
20200101:0810,145.13,186.57,5.8,0.76,1.45,0.0
20200101:0910,319.73,377.15,11.21,1.61,1.17,0.0
20200101:1010,433.68,505.09,14.7,2.27,1.45,0.0

20201231:2110,0.0,0.0,0.0,0.49,2.34,0.0
20201231:2210,0.0,0.0,0.0,0.57,2.28,0.0
20201231:2310,0.0,0.0,0.0,0.86,2.21,0.0

P: PV system power (W)

G(i): Global irradiance on the inclined plane (plane of the array) (\W/m2)
H_sun: Sun height (degree)

T2m: 2-m air temperature (degree Celsius)

WS 10m: 10-m total wind speed (m/s)

Int: 1 means solar radiation values are reconstructed

PVGIS (c) European Union, 2001-2024

Figure 1. Excerpt of an hourly resolved time series delivered by PVGIS 5.2 using its API for hourly
radiation data.

2.2. Plant Data

The numerical simulations with the introduced PV model also require detailed plant
data from the PV systems under investigation. These PV datasets consist of the location in
geographic coordinates, specific technical information, and the (de-)commissioning date of
the PV systems, as shown in Table 1.

The plant data are based on open access information from the Core Energy Market
Data Register provided by the Bundesnetzagentur [25], which can be downloaded via the
online portal of the register [26], which also contains more information on the register and
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the freely available data. After filtering and cross-checking the raw data for the required
time period, the compiled dataset comprises approximately 1.95 million PV systems for the
year 2020. This plant dataset consists of ground-mounted and rooftop installations, with
most of these PV systems receiving guaranteed power feed-in tariffs under the EEG. The
total installed capacity of the dataset reaches 50 GW, which is less than the value of 54 GW
reported by official sources [3,4], but also shows that most of the PV systems are covered
by the used plant dataset.

Table 1. Content of the PV datasets used for the PV model.

PV Dataset PV Model
Municipal-Id 1 mandatory
Latitude optional
Longitude optional
Rated power mandatory
Commission date mandatory
Decommission date optional

! The Municipal-Id is an identifier that uniquely distinguishes a municipality.

2.3. Calibration Data

Specific calibration data are needed to make the numerical simulations realistic. In
the absence of some of the required technical data for most PV systems, especially for
the many small rooftop installations, appropriate average values must be found. For
instance, the used module technology and the amount of system loss have to be assumed
in order to calculate the PV system power. The system loss of a PV system describes
all losses that result in the actual power fed into the connected grid being less than the
power generated or able to be generated by the solar cells. Various reasons contribute to
this loss, such as losses in power inverters and electric cables as well as losses caused by
dirt or sometimes snow on the PV modules. For the amount of this system loss, PVGIS
recommends a total value of 14% [14], which is used for all simulations performed for this
manuscript. The applied semiconductor in solar cells is also not publicly available for each
PV system. To date, crystalline silicon is by far the most commonly used semiconductor
in solar cell manufacturing [27]. Thus, crystalline silicon has been selected as module
technology used for the numerical simulations. The azimuth and tilt angles of the PV
modules are also needed for the PV model. The azimuth angle is set to a value of zero
for all PV systems, which stands for an alignment of the solar cells to the south in PVGIS.
For the tilt angle, a fixed value of 20° is assumed because ground-mounted systems are
typically arranged with tilt angles in this range in order to reduce mutual shading of these
PV modules, particularly in the wintertime when the maximum sun elevation only reaches
low values [28]. In addition, it could be shown by preceding simulations that 20° is also an
appropriate average value for rooftop installations in Germany [11].

2.4. Verification Data

In order to verify the PV model and assess its accuracy, the calculated results from
numerical simulations need to be compared with measurements on real systems. However,
it is not necessary to explicitly validate the irradiance-to-power calculation, because the
PV system power from solar cells is determined by extensive PVGIS algorithms that have
already been verified in numerous peer-reviewed publications [29,30]. Furthermore, the
presented PV model is an extended version of our preceding simulation model, which
has been thoroughly validated by detailed system power measurements on a technically
known PV system in [11]. Since this extended model mainly covers the changes required
for the PVGIS version 5.2 in order to use its features and the new weather products, it is
not necessary to perform this part of the model validation again. Moreover, a comparative
evaluation between PVGIS, PVWatts, and RETScreen in [30] has shown that PVGIS often
delivers better results than the other two freely available tools for PV power generation
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when compared to measurements of existing PV parks. There are also many other software
products, such as PVsyst and PV*SOL, that can simulate the electricity production of PV
systems, but they are mainly intended for planning single PV systems or parks, and not
for simulating large ensembles of existing PV systems. In addition, these products are not
completely freeware and thus not suitable for our modeling approach, which is based on
open access data and tools.

Nonetheless, the simulation model not only incorporates the PVGIS algorithms, but
also takes into account, for instance, the time grid of the weather data and intra-annual
plant changes to accurately calculate the power generation from each PV system. Therefore,
the results obtained from the calibrated PV model showing the hourly and daily electricity
production should be compared with measured PV feed-in data. In the absence of such
information from PV systems in Germany, primarily caused by strict German privacy laws,
it is not possible to verify the simulation results on regional and local scales. Otherwise, if
the simulated power generation data of the PV systems are spatially aggregated across Ger-
many, they can be verified with freely available total PV feed-in measurements of Germany
for 2020 provided by the Bundesnetzagentur via its information platform SMARD [31].

3. Model

In general, electricity production data of variable renewable energies such as PV sys-
tems can be generated using either physical or statistical models [32,33]. Unlike statistical
methods, the simulation results obtained from physical models are typically based on
highly resolved weather data provided by meteorological institutions. Thus, an important
asset of physical models is their capability to compute disaggregated power generation
data with high spatial and temporal resolutions. Figure 2 shows the design of the PV model
with its program steps, in which the weather and plant data are used as input vectors
for the physical simulation model. The model calibration is done with the previously
described calibration data before running the numerical simulations. The program steps of
the calibrated PV model are visualized as light grey rectangles and the input and output
data as yellow and orange containers, respectively. The arrows between these elements
symbolize the flow of data.
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Figure 2. Design of the calibrated PV model with its program steps and the input and output data.

The operation of the simulation model can be divided into three main program steps,
as displayed in Figure 2, which are executed for the PV systems of the compiled plant
dataset. First, the computation of the PV system power from the solar cells using extensive
algorithms of PVGIS for the irradiance-to-power calculation [14]. Second, the determination
of the electricity produced, taking into account the time grid of the weather data and the
(de-)commissioning date for each PV system. In the third and final step, the resulting time
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series are converted to local time, spatially and temporally aggregated, and stored as CSV
files for later data analysis and application.

Further explanations of the PV model and the incorporated PVGIS algorithms, e.g.,
the influence of shadows on PV modules from the surrounding terrain, can be found
in [11,14,24]. Based on this model design and the data sources introduced in this study;, it
is readily possible to perform thorough simulations of the electricity production from PV
systems using common open-source and object-oriented programming languages like R,
C#, or Python.

4. Results
4.1. Simulation Results

The PV power generation in Germany for the year 2020 is simulated using the input
vectors and the PV model presented in the previous Sections 2 and 3. Because of the large
number of approximately 1.95 million PV systems, consisting of ground-mounted and
rooftop installations, they are grouped into their municipal areas for runtime optimization.
For this purpose, the geographic center coordinates of each municipality are used for the
simulations. Nonetheless, for each PV system, the rated power and the (de-)commissioning
date are taken into account separately. Since for most PV systems, especially for the many
small rooftop installations, no further technical information is available from official sources,
appropriate average values are used for the model calibration.

After running the numerical simulations, the spatially resolved PV power generation
data were aggregated into a single time series. This was done to be able to compare the
simulation results with the measured total PV feed-in of Germany. The measured and
simulated time series for 2020 in daily resolution are depicted in Figure 3.
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Figure 3. Measured feed-in data (black line) and simulated power generation (orange line) from all
PV systems in Germany for the year 2020.

The simulated PV power generation, shown as the orange line in this figure, closely
matches the measured PV feed-in pattern of Germany throughout the year 2020. The
deviations in Figure 3 are mainly the result of the following points:

e  Feed-in interruptions due to PV system maintenance or capacity constraints in the
connected power grid;

e  Self-consumption of the generated power, especially in the case of smaller PV systems
of private operators, which is then not fed into the grid;

e  The uncertainties regarding the involved weather data, in particular the fact that these
are hourly averages;

e  Use of average values for model calibration in the absence of specific technical data
for PV systems.

The frequent overestimation in the simulations is primarily due to the first two points,
which cannot be taken into account by physical models that use weather and plant data as
input vectors, such as the PV model presented. Nonetheless, with an MAE of 13.3 GWh
and an RMSE of 16.3 GWh, considering the daily aggregated values, the simulated time
series shows a very high agreement with the measured time series also from a statistical
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point of view. With regard to the total electricity production of 45.8 TWh from all PV
systems in Germany for 2020 according to [31], the relative MAE and RMSE also reach
low values of 0.03% and 0.04%, respectively. For further statistical analysis, an additional
Pearson correlation between the first differences regarding the measured and simulated
time series, as defined in [10,13], results in a high correlation coefficient of 0.99, showing
that the trends of these time series are also largely in the same direction and order of
magnitude. Although the aggregated results may also exhibit statistical smoothing, which
is in contrast to physical smoothing effects [34], all analyses indicate that the simulations
follow the measurements well.

In order to emphasize the benefits of satellite-based weather data for physical models
such as our PV model, we additionally compared simulation results using the PVGIS-
SARAH2 weather product with simulations using MERRA /MERRA-2 reanalysis data [17]
via the renewables.ninja web application [9,35]. Both simulations used the same model
calibration, which is also identical to the calibration data described in this manuscript.
These numerical simulations were performed for a plant dataset of about 1.77 million PV
systems in Germany for the year 2019, because the time-consuming simulations using
MERRA /MERRA-2 weather data were carried out exclusively for this time period. Figure 4
displays the measured total PV feed-in and the aggregated PV power generation simula-
tions for both weather products in daily resolution with arbitrary units (a.u.). In order to
make it easier to compare the pattern of these time series visually, they are displayed at
some distance from each other.
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Time (d)

o

Figure 4. Measured feed-in data (black line) and simulated power generation from all PV systems in
Germany for the year 2019 using satellite-based (orange line) and reanalysis (yellow line) weather
data.

The patterns in Figure 4 clearly demonstrate that the fine structure of the measured
PV feed-in pattern is much better reproduced by the simulations with PVGIS-SARAH2
than with MERRA /MERRA-2 weather data, which is due to the use of satellite-based
information for the solar irradiance and the higher horizontal resolution of the PVGIS-
SARAH2 weather product. The simulation results with PVGIS-SARAH2 also have a much
higher statistical agreement with the measured feed-in data with relative MAE and RMSE
values of 0.04% and 0.05%, in contrast to the MERRA /MERRA-2 simulations with values
of 0.07% and 0.09%, with regard to the total electricity production of 41.9 TWh from all
PV systems in Germany for 2019 [31]. This is made even clearer by a Pearson correlation
between the first differences with a high coefficient of 0.99 using PVGIS-SARAH2 compared
to 0.38 using MERRA /MERRA-2 weather data.

4.2. Energy Landscape

Regional and local progress as well as untapped potential of photovoltaics can be better
tracked using the spatiotemporally resolved distribution of their electricity production.
Figure 5 shows the monthly power generation from PV systems at the municipal level
based on the simulation results obtained in this study.
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Figure 5. Monthly power generation from PV systems at the municipal level in Germany for the year
2020, depicted in 50 shades of orange.

The maps clearly display that more electricity is produced in the southern and central
parts of Germany, especially in many municipal areas of Bavaria, Saarland, North Rhine-
Westphalia, Saxony-Anhalt, and Brandenburg, than in the far north of Germany, including
the coastal regions. It can further be seen that a significant amount of electricity is produced
in urban areas such as Berlin, Hamburg, and Munich. This is in contrast to wind power
generation and is due to the high density of rooftop installations in these areas. Figure 5
also shows that more electricity is produced in the summer half of the year than in the
winter months, which is typical for the power generation from PV systems in the German
region. In addition to this analysis, Figure 6 displays the simulated PV power generation in
daily resolution at the federal state level for three states in Germany as an example.
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Figure 6. Daily PV power generation in the states of Bavaria (orange line), North Rhine-Westphalia
(black line), and Mecklenburg-Western Pomerania (yellow line) for the year 2020.

This figure also visualizes the regional differences, which are correspondingly smaller
but still exist when the electricity production is related to the area of the federal state, as
depicted in Figure 7. It is especially at this state level that many of Germany’s regulations
and policy decisions are made, which have a considerable influence on the energy transition
and its implementation speed. Figure 7 additionally shows the different patterns of the PV

power generation, which are mainly caused by the different weather conditions in these
states.
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Figure 7. Daily PV power generation in relation to the area of the federal state for Bavaria (orange
line), North Rhine-Westphalia (black line), and Mecklenburg-Western Pomerania (yellow line) for the
year 2020.

The simulation results generated with the presented PV model can therefore con-
tribute to an improved assessment of the existing energy landscape in Germany at various
spatiotemporal levels. This also allows a better categorization of the German region into
different areas for tailored policy measures to accelerate the necessary energy system trans-
formation, especially for areas where the share of photovoltaics is too low to meet the
climate targets for Europe and Germany. Moreover, meaningful energy indicators, such as
spatiotemporally resolved capacity factors or full load hours of PV systems, can be easily
derived with the help of such disaggregated power generation data. As an example, Table 2
lists the annual capacity factor at the federal state level in Germany for 2020 according
to the equation given in [10]. This table also includes the total electricity production in
relation to the area of the federal state referred to in our study as regional energy density.

Table 2. Capacity factor and energy density of PV systems at the federal state level for the year 2020.

Federal State Capacity Factor (%) Energy Density (Wh/m?)
Baden-Wiirttemberg 12.4 191
Bavaria 11.9 204
Berlin 11.1 135
Brandenburg 11.2 131
Bremen 10.8 106
Hamburg 10.2 62
Hesse 114 105
Lower Saxony 10.8 84
Mecklenburg-Western Pomerania 10.6 90
North Rhine-Westphalia 11.2 158
Rhineland-Palatinate 11.9 120
Saarland 11.9 197
Saxony 11.6 120
Saxony-Anhalt 11.5 143
Schleswig-Holstein 11.1 107
Thuringia 114 102

Table 2 clearly shows that the federal states in the far south and southwest, such as
Bavaria, Saarland, and Rhineland-Palatinate, reach values of about 12%, with a maximum
capacity factor of 12.4% in Baden-Wiirttemberg, which are primarily due to the many hours
of sunshine in these regions for 2020. Otherwise, the states in northern Germany have
capacity factors of around 11% and below, with the lowest value in Hamburg at 10.2%,
which is typical for coastal regions with many cloudy and rainy days. In terms of regional
energy density, the federal states in the far south and southwest, with the exception of
Rhineland-Palatinate, also achieve the highest values, with a maximum energy density of
204 Wh/m? in Bavaria.



Energies 2024, 17, 3871

10 of 12

References

5. Discussion

In addition to presenting our PV model, which utilizes publicly available information
as input data, one of the main reasons for this manuscript was to update the disaggregated
power generation data of PV systems in Germany to better assess the local and regional
differences in photovoltaics. For this purpose, numerical simulations were performed for
the year 2020, since the PVGIS-SARAH?2 weather product was only available up to that
time. It could be clearly demonstrated that the computed electricity production closely
matches the measured PV feed-in pattern of Germany when using appropriate average
values for the model calibration. In conclusion, very realistic simulation results can be
achieved with this PV model in combination with the presented open access weather and
plant data, even for a long time period and a large region under investigation.

Furthermore, this study has introduced a clear modeling approach to produce dis-
aggregated power generation data of PV systems using open access data, allowing the
interested community to create their own simulation models based on the model design
and data sources shown in this manuscript. In addition, this PV model can be used with-
out modification for other countries, provided that the necessary data on the PV systems
are available for the country under study. Many other analyses, such as scenario-based
simulations in the field of energy system modeling [36,37] or evaluation studies for PV
systems [38—40], can profit from the high-resolution electricity production data generated
by the PV model. Moreover, in combination with the wind power model from the ReSTEP
model collection [12], which also uses the weather products via the PVGIS web application,
a more comprehensive picture of the renewable energy landscape in Germany can be
drawn.
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