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Abstract: Rooftop solar photovoltaics can significantly contribute to global energy transitions by
providing clean, decentralized energy without the need for new land, thereby avoiding land-use
conflicts. It serves as a valuable complement to other renewable-energy sources and is expected to
play a crucial role in future electricity systems. Due to the spatiotemporal variability in the solar
radiation on roof surfaces, it is essential to determine the potentials of the rooftop photovoltaics
and its variations in specific regions. In Germany, this potential was assessed in 5 km x 5 km
zones, as well as at the federal-state and national levels. High-quality satellite and reanalysis data
were used to determine the power output of the solar photovoltaics. Additionally, high-resolution
(2 m x 2 m) European Settlement Map data, calibrated with solar cadastre data, were utilized to
evaluate different scenarios. The results show that the potential is concentrated in larger urban
areas and the southwestern part of Germany due to the availability of rooftop space and solar
radiation. Overall, the national rooftop areas are substantial across all scenarios, ranging from
2100 to 4500 km?. The applied methods and scenarios provide a straightforward way to reveal the
spatiotemporal variability and define realistic ranges of the solar photovoltaic potential without
requiring detailed information about each building. However, assessing the rooftop photovoltaic
potential remains challenging and uncertain due to the lack of large-scale, high-resolution data on
building characteristics and the complexity of the solar radiation distribution in urban environments.

Keywords: renewable energies; solar radiation; solar energy; PV; urban; European Settlement
Map; Germany

1. Introduction

The increasing share of the world population living in cities (up to 68% in 2050), expan-
sion of urban infrastructure, high energy demands (70% of the global energy consumption),
and energy-related greenhouse gas emissions of urban environments pose major challenges
and require sustainable concepts [1-3]. Within urban areas, space for installing large-scale
energy facilities is limited [1]. Solar photovoltaics (PV) is the most promising sustainable
energy technology in urban environments [4], satisfying the energy demand for buildings,
solving environmental problems, and contributing to net-zero-energy buildings [2,4]. Fa-
cilities can be installed decentralized on residential and large-area commercial roofs, and
owners can self-generate electricity [1,5]. Several studies show that the potentials of rooftop
PV exceed the electricity consumption of residential buildings [1,6].

Substantial cost reduction and technological progress in the last decades have in-
creased the attractiveness of solar PV systems [1,2,7,8]. Rooftop PV systems use unexploited
rooftop areas and can be easily integrated into existing building structures without requir-
ing additional land [2,9-11]. Besides the advantages of noise protection, weatherproofing,
and thermal insulation [2,12], rooftop PV also lowers the grid requirements, network con-
gestion issues, and transmission losses [2,9] by reducing the distance between the supply
and demand [10]. Rooftop solar PV is critical for the decarbonization of residential areas
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and is a key part of current and future renewable-energy portfolios [13,14]. By reducing
fossil fuel emissions, increasing grid resilience, and lowering energy burdens, energy jus-
tice is promoted [15]. A substantial capacity expansion is expected worldwide [14] and is
already occurring [6].

The optimal, efficient, and sustainable use of rooftop PV requires an accurate assess-
ment of the potential [2]. The rooftop PV potential (RTP) is typically described using a
hierarchical approach, including mainly the meteorological potential, geographical po-
tential, technical potential, and economic potential [4,5,11]. The meteorological potential
quantifies the availability of the resources relevant to rooftop PV. Available and suitable
rooftop areas and their characteristics are addressed by the geographical potential. The
technical potential considers the efficiency and performance parameters of the solar mod-
ules to identify the electricity production, while the economic potential focuses mainly
on costs [4]. In a previous study, a potential of 0.2 million km? of rooftop area was es-
timated, providing 27.0 PWh yr—! of electricity globally at costs between USD 40 and
280 MWh ! [13], while another study quantified a suitable rooftop area of 0.04 million
km? and a potential of 8.3 PWh yr~! [6]. Particularly larger buildings often provide better
conditions and circumstances for installations due to their flat roofs, fewer or no chimneys,
and better grid connections [16].

Accurate assessment of rooftop solar PV potential has gained in importance [8] but
has been a long-standing challenge due to the lack of publicly available high-resolution
building, radiation, and environmental data, the complex effects, and the uncertainties
related to the existing processing methods [5,6,17,18]. The urban morphology and local
climate characteristics substantially affect the solar potentials of building roofs [19].

The applied methods and datasets between different rooftop PV potential analyses
vary greatly [15] and include remotely sensed imagery (light detection and ranging (LiDAR),
satellite, orthophotos) [1,4,5,8,10,13,18,20-29], building, surface, and terrain models [1,10,
18,23,27,29-32], statistical approaches (cluster analysis, statistical data) [1,4,6,11,14,28,33,34],
geographic information system (GIS)-based approaches (sampling, geostatistics, modeling,
hillshade analysis) [2,4,10,11,17,20,21,26,29,31,33-36], physical models [21,29], and artificial
intelligence (AI) (machine learning, deep learning) [13,17,20-22,24,29,37].

Methods estimating the RTP are generally divided into bottom-up approaches, top-
down approaches, or a mixture of both [13]. Bottom-up approaches establish a relationship
between the building footprint data and socio-economic metrics for a small set and transfer
the relationship to other areas across a wider scale, while top-down methods apply aerial
imagery to determine the built-up areas and building footprints. There is further differ-
entiation between low-, medium-, and high-level spatial resolution techniques [5,7,11], or
between sample methods, multivariate sampling, and complete-census methods [5].

Low-level approaches consider larger areas and rely on aggregated statistical data that
are assumed to be homogeneous throughout a study area [18]. Medium-level approaches
combine statistical data with spatially resolved data [7]. In the high-level category, advanced
methods for rooftop digitization, insolation calculations, and accounting for the aspects
and shading of buildings are used [7]. High-level approaches are usually chosen for smaller
study areas such as cities and assess the potential for individual buildings [18]. High-
resolution spatiotemporal assessments of the RTP need to incorporate information on the
geographical variability in the building characteristics, spatiotemporal variability in the
solar insolation, and technology-specific information such as the panel size or efficiency [13].
Low-level, large-scale approaches often vary widely when compared with more in-depth
approaches over the same regions [7].

As roofs are spatially heterogeneous, consisting of different tilts, azimuths, super-
structures, and solar irradiation, the detail-specific identification of roof parts suitable
for installing rooftop PV and the accurate quantification of these areas are crucial [30].
Furthermore, the shading effects need to be quantified adequately [21].

In most cases, studies combine several methods and datasets. Studies analyzing
the potential at the national or global scale, particularly at high spatiotemporal resolu-
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tions, are scarce [13,29]. In Europe, studies assessing the RTP up to the national scale
focus on, for instance, the countries of Spain [9], Sweden [36], Switzerland [20,21,29], and
Germany [11,18].

The majority of the studies are carried out at the building, district, or city level [1,29]
using detailed remote-sensing imagery techniques such as LiDAR or 3D city models to
obtain building rooftop information, which are often costly, data-intensive, and time-
consuming [1,22]. A recent study integrated data from Cesium 3D tiles, Copernicus Urban
Atlas Building heights, and Google Earth in an advanced Ray-Tracing-based modeling ap-
proach for the city of Athens to determine the exploitable rooftop areas and their RTPs [38].
Three-dimensional building data from Google Earth Pro were also used in a study [39] for
enhancing the accuracy of building height models in the city of Bandung, Indonesia.

These and other 3D building model datasets are generally available for larger areas,
but detailed 3D building models might be confidential due to policy or security issues,
unavailable in some regions, or difficult to use due to a lack of budget, the considerable
amounts of data, and the high computational effort [40]. So far, studies applying 3D models
to the national or global scales are lacking. Current methods, including cloud computing,
however, provide processing speed improvements [38], enhancing future assessments.

Significant effort is usually dedicated to estimating the existing and available roof areas
for PV installations at the regional or national scales [21]. To address these on a large-scale
basis, open-source satellite images, geographical building data, and deep learning provide
valuable alternatives with low costs, high speeds, and intuitive results [4,22]. Statistical
approaches try to predict the available rooftop areas based on building and population
data, such as the number of buildings, building heights, or population density [7,34].

To assess the meteorological potential, mostly monthly or annual solar radiation data
are used [29]. However, accurate input data at a high temporal resolution are crucial to
assessing the seasonal and diurnal variation in the potential generation [29]. While rooftop
PV estimations based on annual data can lead to overestimations of the self-consumption
estimations, hourly resolution data offer more precise insights that are crucial for accurate
forecasting and planning [41].

To achieve climate neutrality in 2035, Germany plans to increase its installed solar PV
capacity to 215 GW by 2030. From 2026, half of the annually added solar PV capacities
(11 GW) will be installed on rooftops and building surfaces [42].

This study presents a novel approach investigating the spatiotemporal variability in
the German RTP at the grid-cell, federal-state, and national levels. It utilizes a medium-level
approach that combines remote-sensing, reanalysis, and statistical data. The assessment of
the meteorological potential incorporates hourly satellite solar radiation and reanalysis air
temperature data to model the solar PV module power output. As the use of the German
3D building model presented in [18] is restricted to federal and state authorities, an open-
source satellite dataset mapping urban areas is calibrated with a detailed, more precise,
open-source solar cadastre covering a federal state of the study area. The properties of the
roofs included in the cadastre are applied to the whole study area assuming homogeneity.
This unique method allows us to assess the available rooftop area and statistically calcu-
late the modification of the large-scale solar radiation input within urban environments.
This study also employs a scenario-based approach to estimate the uncertainty, aiming
to provide a plausible range of the maximum meteorological-geographical-technical po-
tentials at different spatial scales based on a modern solar PV module type, and to help
decision-makers to identify suitable regions. In Section 2, an overview of the methods
used, including the study area (Section 2.1), data (Sections 2.2 and 2.3), estimation of the
rooftop area (Section 2.4), and calculation and evaluation of the RTP (Sections 2.5 and 2.6),
is provided. Section 3 contains the assessment of the rooftop areas (Section 3.1) and the
spatial (Section 3.2) and temporal (Section 3.3) variabilities in the RTP. They are critically
discussed regarding the limitations and results from other studies in Section 4. Section 5
summarizes the main outcomes and their implications.
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2. Materials and Methods

The methods to assess the spatiotemporal variability in the RTP in the study area
comprise the following main steps (Figure 1): (1) the pre-processing of instantaneous
solar radiation (SIS) data (dataset 1 (D1)) from the Satellite Application Facility on Climate
Monitoring (CM SAF) [43,44] and the hourly near-surface air temperature (T,) from the land
component of the fifth-generation European Centre for Medium-Range Weather Forecasts
(ECMWEF) atmospheric reanalysis (ERA5-Land) (D2) [45] to assess the meteorological
potential; (2) the estimation of the available rooftop area in the rooftop area scenarios
(RASs) based on the built-up area (A;) from the European Settlement Map (ESM) [46] (D3),
the usable and final rooftop areas (RTA,;, RTAy), the roof types (rt), and the irradiation of a
roof (I;y) obtained from solar cadastre data [47] (D4) from a federal state in the study area;
(3) the application of the solar PV module efficiency and performance parameters; (4) the
modeling of the hourly rooftop solar PV power output in 5 km x 5 km grid cells; (5) the
analysis and visualization of the spatiotemporal variability in the rooftop PV potential at
the grid-cell, federal-state, and national levels.

CM SAF: ERAS5-Land:

M
Instantaneous solar q Meteorological Hourly air
radiation (SIS) Potential temperature (T.)

(D1) 1 (D2)
ESM: @ Solar cadastre data:
Built-up area (A,) Ec";,“a‘;ﬁ,?(eéi AS) Usable rooftop area (RTA )

Final rooftop area (RTA))
Irradiation on a roof (/)
Roof type (rt)

(D3)
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Figure 1. Methods and datasets applied to assess the photovoltaic (PV) potential of rooftops in the
study area.

The datasets from the CM SAF, ERA5-Land, and ESM that serve as the inputs (blue
arrows) are widely used in the literature. The solar cadastre is provided by a federal-state
authority in Germany. Steps (1), (2), and (3)—(4) refer to the meteorological, geographical,
and technical potentials, respectively, which are aggregated in step (5) and evaluated at
different temporal scales (yellow boxes). All analysis steps were performed using the
softwares MATLAB R2024a (The Mathworks Inc., Natick, Massachusetts, USA), ArcGIS
10.8.1 (Esri, Redlands, California, USA), and QGIS 3.34.5 (QGIS Development Team).



Remote Sens. 2024, 16, 2205 50f23

2.1. Study Area

The study was conducted in Germany, which has a national territory of about 357,592
km? [48]. Germany has nine neighboring countries and verges on the North Sea and Baltic
Sea (Figure 2). It consists of 16 federal states, of which three are city-states. Four of the
ten most populated cities are concentrated in the federal state of North Rhine-Westphalia,
which has the highest population density after the three city-states.

The northeastern federal states of Mecklenburg-Western Pomerania and Brandenburg
exhibit the lowest population densities (Table 1). The area share of usable flat roofs (Sg; ,,)
per federal state, calculated based on [49], is later used as a correction factor for the rooftop
area (RTA).

#* Most populated cities
[ Federal states
Il Neighboring countries

Netherlands

*Donmund|

Essen,

Esen, TNW
Dusseldorff

Czechia

*Stuttwj

France

Austria

Switzerland
505 100 150 200 km
| |

Figure 2. Study area containing the land area of 16 federal states and the 10 most populated cities.
Germany is highlighted in light gray, while neighboring countries are displayed in dark gray. The
abbreviations of the federal states are explained in Table 1.
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Table 1. Abbreviations, full names, areas (2021), populations (Pop.) (2021), population densities (Pop.
Dens) (2021), and area shares of usable flat roofs (Sﬂt,u) of the 16 federal states in Germany [48,49].

Abb. Federal State Area (km?) Pop. (M) Pop. Dens. (cap km—2) Stitu (%)
BW Baden-Wiirttemberg 35,748 11.12 311 45.7
BY Bavaria 70,542 13.18 187 46.8
BE Berlin 891 3.68 4127 58.6
BB Brandenburg 29,654 2.54 86 459
HB Bremen 419 0.68 1613 56.4
HH Hamburg 755 1.85 2455 54.5
HE Hesse 21,116 6.30 298 43.8
MV Mecklenburg-Western Pomerania 23,295 1.61 69 49.3
NI Lower Saxony 47,710 8.03 168 48.3
NW North Rhine-Westphalia 34,113 17.92 525 471
RP Rhineland-Palatinate 19,858 4.11 207 42.8
SL Saarland 2572 0.98 382 40.6
SN Saxony 18,450 4.04 219 48.4
ST Saxony-Anhalt 20,464 2.17 106 49.3
SH Schleswig-Holstein 15,804 2.92 185 46.3
TH Thuringia 16,202 2.11 130 46.8
Total 357,592 83.24 233

2.2. Solar Radiation and Air Temperature Data

Instantaneous values (half-hourly resolution) of the SIS were obtained from the Sur-
face Solar Radiation Data Set—Heliosat (SARAH ed. 2.1) (2010-2017) [43] and Interim
Climate Data Record (ICDR) Spinning Enhanced Visible and InfraRed Imager (SEVIRI)
Radiation, based on SARAH-2 (2018-2021) [44] provided by the CM SAE. Both datasets use
observations from instruments onboard METEOSAT satellites [50] and are available in a
spatial resolution of 0.05° x 0.05°. Hourly values of the SIS were calculated as the mean
of two half-hourly values, ignoring missing values, and the raster files were reprojected
to the coordinate reference system EPSG:25832 and resampled to a spatial resolution of
5km x 5 km by using bilinear resampling methods.

The T, data with a spatial resolution of 0.1° x 0.1° for the period 2010-2021 were
derived from the global reanalysis dataset ERA5-Land provided by the ECMWE [45]. Due to
the initial lower spatial resolution, the raster files for the T, were reprojected and resampled
toa 10 km x 10 km cell size so that one T, grid cell covers an area of four grid cells of the
SIS. The T, is used as a correction factor for estimating the solar PV power output.

The mean spatial distributions of both variables in the study area are illustrated in
Figure 3. The SIS exhibits a gradient with values decreasing from the south to the north,
modified by mountain regions in the southern part of the study area. The mean T is the
lowest in the mountain regions and the highest in the southwest and north at low altitudes.

2.3. Built-Up Area Data

The ESM dataset is a high-resolution spatial raster dataset that maps human settlements
in Europe based on satellite imagery and Global Human Settlement Layer (GHSL) technol-
ogy [5], categorizing European land surfaces into land, water, and built-up area [46]. It is
divided into different raster tiles, each representing an area of 10,000 km? (100 km x 100 km),
and it consists of 50,000 x 50,000 grid cells with a size of 2 m x 2 m. The small grid cells
are resampled to the resolution of 5 km x 5 km, matching the solar data by summing up
the number of grid cells containing the values representing the built-up area. Multiplied by
4, the values indicate the built-up area in square meters per 5 km x 5 km grid cell.

For calibrating the ESM data and estimating the rooftop area, detailed and informative
rooftop solar cadastral data from the federal state of North Rhine-Westphalia are used [47].
The dataset provides building-specific information about the RTA,, for solar PV installations
for all cities in this federal state, including information on the roof slope and orientation.
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Figure 4 shows an excerpt of Cologne and emphasizes the necessity of calibrating the
ESM data with the solar cadastre, as the ESM overestimates the rooftop area and does not
provide information on the roof characteristics.

% _ a 0 50 100 150 200km ¢ _ b

SIS (W/m2) Ta (°C)
I < 120 [ 125 [ 130 [ 1135 [ 140 [ 145 [ > 145 W <4 s 6 7 8 [ ]9 10 W11 HE>11

Figure 3. Mean (a) solar radiation (SIS) (W m~2) and (b) air temperature (T,;) (°C) in the period
2010-2021 in the study area.

2 SIS

Yo ROV g
Q%;'/ "/‘7@&;;‘ %{\?ﬂ:@

4

v m " sy ," s “ i .
Roof orientation (cadastre) E@yg ) P o
[ Flat " *;f ‘E
=1 fowe G4 7 0l

; ST ST
EE = ol aged | AT

= S oy
ESM et ‘él@% A

[ Iland . :m

[ Water

e '\'@ T
[ Built-up area i FME SR ’

Figure 4. Comparison of European Settlement Map (ESM) [46] estimated built-up area data and roof
features and their orientations from the solar cadastre [47] data in the city of Cologne.

The solar cadastre was created based on high-resolution laser-scan data from the
federal state of North Rhine-Westphalia [47]. These were used to generate a digital surface
model at a resolution of 0.5 m x 0.5 m. By intersecting these data with a map of all the
building outlines, all the roof areas could be determined. By breaking down the roof
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surfaces into homogeneous sub-areas, small roof elements such as chimneys could be
identified and excluded (Figure 5). The dataset therefore only quantifies roof areas where
PV installation is technically possible, expressed by the RTA,,.

Roof orientation

sl

i
ul
e

=

CH™ T

Figure 5. Visualization of roof sub-areas and their orientations identified by the solar cadastre data
compared to a satellite image (ESRI Satellite).

2.4. Estimation of Rooftop Area and Radiation Modification

The built-up area, as classified by the ESM data, does not contain only the RTA,, as
shown previously. The A, needs to be gradually reduced to the total RTA, RTA,, [34] and,
finally, to the net module area RTAy capable of absorbing and converting solar radiation.
The ratio from the RTA to the RTA, is often implemented by utilization factors, which
differ among building types and consider roof structures and features, inter-row spacing,
maintenance, and the shading impact [11,17,51]. Ref. [51] determined the utilization factors
for different commercial building types and found substantial variations from 0.23 (hotels)
to 0.53 (shopping malls) (a mean of 0.49). Studies investigating large-scale areas of interest
often use sampled rooftop utilization factors and apply them to larger areas [8]. As the
total RTA is not available from the ESM or the solar cadastre, the ratio of the A; to the RTA,,
is used for calibration. The ratio from the RTA, to the RTAf is described by packing factors
in the literature, as performed by the authors of [14], who set the value to 0.56.

The ESM tends to overestimate rooftop areas by a factor of 2-5 [5] and requires
calibration with reliable rooftop area data [28]. Due to the lack of these data throughout
the study area, a sample from North Rhine-Westphalia was investigated and used for the
calibration, assuming that statistics from this federal state are transferable to the whole
of Germany.

The 20 most populated cities in North Rhine-Westphalia (C1-C20) were used to
investigate the roof characteristics and areas [47]. As the cadastre data does not contain all
the roof areas but only those usable for rooftop PV, the ratios of the RTA,, (cadastre) to the
ESM built-up area were determined and implemented as calibration factors (f,) (Table 2).
The ratio varies between 24% and 51%, indicating that the ESM overestimates the RTA,
by a factor of 2.0-4.2. Accordingly, three RASs representing the lower boundary (24%),
mean (34%), and upper boundary (51%) of the f, are used to calculate the RTA,. Each
grid-cell-specific A; from the ESM is multiplied by the f;:

RTA, = Ay Xfca @
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Table 2. Usable rooftop area (RTA,) from the solar cadastre, calibration factor (fz;) (%), final rooftop
area (RTAy), area share of usable flat roofs (Sy,,), area correction factor for flat roofs (cfa fir) and slanted
roofs (cf,¢1¢), and mean radiation correction factor (cf,,4) for each of the 20 most populated cities
(C1-C20) in North Rhine-Westphalia.

ID  City RTA,, (km?) fea (%) RTAg (km?) St (%) f o fit f asit frad
C1 Cologne 28.7 45.9 22.6 48.0 0.94 0.65 1.10
C2 Dusseldorf 174 37.6 13.6 46.3 0.94 0.65 1.10
C3 Dortmund 13.1 29.6 9.5 25.3 0.94 0.65 1.06
C4 Essen 12.0 26.7 8.5 20.3 0.93 0.65 1.05
C5 Duisburg 11.5 25.6 8.4 28.4 0.94 0.65 1.07
Cé6 Bochum 8.5 48.1 6.1 25.7 0.93 0.64 1.07
c7 Wuppertal 10.3 34.4 79 42.0 0.94 0.65 1.09
C8 Bielefeld 9.5 32.7 6.9 23.8 0.94 0.65 1.07
9 Bonn 6.8 23.6 4.8 20.8 0.93 0.64 1.06
C10 Miinster 8.7 32.9 6.2 19.8 0.93 0.66 1.06
Cl11  Monchengladbach 11.3 45.8 8.9 459 0.94 0.66 1.10
C12  Gelsenkirchen 5.8 23.6 4.2 24.4 0.93 0.65 1.06
C13  Aachen 5.7 24.8 4.0 23.3 0.93 0.64 1.07
Cl14 Krefeld 7.0 27.3 5.0 25.3 0.94 0.65 1.07
C15 Oberhausen 49 33.8 3.5 24.0 0.93 0.65 1.06
Cl6 Hagen 49 29.3 35 25.1 0.94 0.64 1.06
C17 Hamm 6.1 29.2 44 229 0.93 0.65 1.06
C18 Miilheim an der Ruhr 4.3 34.8 3.1 23.0 0.94 0.65 1.06
C19 Leverkusen 5.7 50.6 45 45.2 0.94 0.66 1.09
C20  Solingen 5.6 44.0 4.3 424 0.94 0.64 1.09

The scenarios (RASs) assume that the usable rooftop area is between 24% and 51% of
the built-up area classified by the ESM. It is assumed that this value range is consistent
throughout the whole study area.

Based on the solar cadastre dataset from North Rhine-Westphalia [47], roofs were
further categorized as types according to their combination of orientation and slope. For
all 20 cities investigated, the relative area share of each rt was determined. The total area
correction factor (cfs) describes the reduction from the RTA, to the RTAfand is determined
based on the empirical mean of the determined areas’ correction factors for flat roofs (cf, 1)
and slanted roofs (cf, ¢;) from C1-C20:

Cfﬂ = Sflt,u X Cfa,ﬂt + (1 - Sﬂt,u) X Cfa,slt (2)

The federal-state-specific cf, values were determined, assuming 0.65 for cf, g; and 0.93
for ¢f, 511, and including federal-state-specific Sg; ,,, as presented in Table 1. Based on the
solar cadastre, it is assumed that, on flat roofs, PV modules are mounted towards the south
and not horizontally.

Figure 6 illustrates the step-wise reductions from the A, to the RTA, forming the basis
for the f;; and from the RTA,, to the RTAf described by the cf; values for the C1-C20 used
for the calibration. Calculated over all the cities, the f,; is 33.5% and the cf; is 74.4%, so that,
in the end, 24.9% of the Aj, remains as the net module area.

The cadastre data also include information about the irradiation on each roof object.
These values are used to calculate the relative deviations of the I ;¢ for each rt from the SIS.
As the solar cadastre assumes for flat roofs that modules are optimally inclined towards
the south, their mean ;¢ is set to 118% [11] relative to the horizontally oriented modules
(corresponding to the SIS). The reference (100%) is determined based on the maximum. By
multiplying the area share of each roof type (S;¢,,) with the mean relative change in the
L,y compared to the reference of each roof type (cf,,, ,;), and by summing up this product
for all the roof types, a mean radiation correction factor for each city (cf,,4) is calculated,



Remote Sens. 2024, 16, 2205 10 of 23

which describes the relative change in the SIS in a grid cell with the built-up area due to
the different roof types:
cfraq = Zsrt,u X Cfrud,rt 3)
rt
The cf,,y values are very similar for all the cities (1.05-1.10), and the mean of 1.07
applies to the RTP calculations across the whole study area of Germany. It is therefore
assumed that the cf,,; is consistent throughout the study area.
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Figure 6. Built-up areas (A}), usable rooftop areas (RTAy), and final rooftop areas (RTAy) of 20 cities
(C1-C20) in North Rhine-Westphalia based on the European Settlement Map and solar cadastre data.
The white values in the bars represent the A; in square kilometers, while the black values indicate the
proportions of the A, covered by the RTA, (orange bar) and RTAy (yellow bar). These values are used
to determine the calibration factor (f;;) and the area correction factor (cfy).

2.5. Calculation of Hourly Solar PV Power Output

The hourly rooftop solar PV power output (in megawatt hours), representing the
rooftop PV potential of each 5 km x 5 km grid cell (RTP;), is determined as follows:

RTP; = SIS; X ptyef X [14 B X (Teetti — Tyef) ] X ¢f g X RTAy X ¢f, x PR 4)

where SIS; is the hourly solar radiation per grid cell (i) (in watts per square meter), and
Tceni is the grid-cell-specific PV module temperature (in degrees Celsius). The electrical
efficiency under standard testing conditions (j,.f), the temperature coefficient (B), the
reference temperature (Ty), and the performance ratio (PR) were constants with values
of 0.23, —0.0029 °C~1, 25 °C, and 0.8. The first three parameters were obtained from the
product specifications of a modern rooftop solar PV module type from Longi [52], the
largest PV manufacturer globally [14], while the latter was provided by the literature [53]
and accounts for factors like wiring losses, shading, or the soiling of the module [4].
The T ; is obtained based on the following:

Tcell,i =C1 +C X Ta,i +C3 X SISI' (5)

where T, ; is the mean hourly air temperature per grid cell (i) and ¢y, ¢y, and c3 are the
constants with values of —3.75 °C, 1.14, and 0.0175 °C m? W1 [54]. This approach considers
the solar module parameters of modern facilities, temperature-induced changes in the PV
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panel efficiency, and different disturbances reducing the energy output [54], as well as
radiation and area modifications due to the different roof types and characteristics.

2.6. Aggregation and Normalization of Rooftop Potential and Spatiotemporal Variability

The RTP; values were aggregated at the federal-state level and normalized per rooftop
area (GWh km—2), per federal-state area (GWh km~2), and per capita (MWh cap_l). Due
to the lower spatial resolution of the T, data and the limitation of ERA5-Land to onshore
areas, the solar PV output could not be calculated for a few grid cells on the coastlines
of Lower Saxony, Schleswig-Holstein, and Mecklenburg Western-Pomerania. These areas
were excluded from the overall RTP, RTA, federal-state area, and population size (for the
normalization). Furthermore, ESM data are missing for some parts of the study area,
mainly for Bavaria and Baden-Wiirttemberg, which were also considered in the adjusted
federal-state area and population size. Hence, the RTA might be slightly underestimated for
some federal states. For the other states, the territorial areas and population sizes provided
in Table 1 were used.

For the intra-annual variability of the study area, the German monthly sums of the
energy yield were calculated for each month. To investigate the inter-annual variability per
grid cell (i), coefficients of variation (COV;) were calculated based on the period mean of
the SIS (SISperio,i) (determined with annual means) and the associated standard deviation
(SISsq,) [50]:

COV; = (Slsstd,i/SISperiod,i) x 100 (6)

3. Results
3.1. Rooftop Area

North Rhine-Westphalia, the federal state with the largest population (17.92 million),
and Bavaria, the federal state with the largest area (70,542 km?), exhibit the overall largest
RTAf values for solar PV installations (Table 3). The RTAf varies, depending on the scenario,
between 386 and 821 km? for North Rhine-Westphalia, and it ranges from 387 to 822 km?
in Bavaria. The two city-states of Bremen (from 8 to 18 km?) and Hamburg (from 22 to
47 km?), followed by Saarland (from 32 to 68 km?), have the smallest available RTAs in
all three scenarios. Overall, Germany’s estimated RTA; amounts to 2113 km? in the first,
2994 km? in the second, and 4491 km? in the third most optimistic scenarios, representing a
range from 0.5 to 1.3% of the national territory.

Table 3. Suitable rooftop areas (net module areas) (RTAy) (km?) for solar PV module installations in
rooftop area scenarios 1-3 (from RASI to RAS3).

Federal State RAS1 RAS2 RAS3
BW 268 380 570
BY 387 548 822
BE 35 50 75
BB 83 117 175
HB 8 12 18
HH 22 32 47
HE 157 223 334
MV 41 57 86
NI 230 326 489
NW 386 547 821
RP 134 190 285
SL 32 45 68
SN 107 152 228
ST 76 108 161
SH 77 109 163
TH 69 98 147

Total 2113 2994 4491
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3.2. Spatial Variability in Solar Photovoltaic Rooftop Potential

The mean annual RTP exhibits pronounced spatial variability in Germany (Figure 7).
The potential is very low in large parts of the study area, indicated by an annual energy
yield (AEY) < 25 GWh yr~! per 5 km x 5 km grid cell in RAS2. The regions with low
RTPs are found mainly in northeastern Germany, while high rooftop potentials predom-
inantly arise in southern and western Germany. The highest potential is close to the
24 cities highlighted in Figure 7. Bavaria (129.6 TWh yr~!) and North Rhine-Westphalia
(119.4 TWh yr~!) show the most substantial potentials at the federal-state level, accounting
for about 37% of the German RTP. The two city-states of Bremen (2.5 TWh yr~!) and
Hamburg (6.5 TWh yr~!) contain the lowest potentials, followed by Mecklenburg-Western
Pomerania (10.5 TWh yr~!). When comparing the ranking of the federal states based on the
RTAf values with the ranking based on the RTP values, it is shown that most federal states
(9) do not change their ranking position, Saarland (+2), Bavaria (+1), Saxony-Anhalt (+1),
and Thuringia (+1) increase in the ranking, and North Rhine-Westphalia (—1), Schleswig-
Holstein (—2), and Mecklenburg-Western Pomerania (—2) decrease in the ranking. The
other scenarios (RAS1 and RAS3) do not differ from RAS2 in the distribution of the potential
but only in the absolute values of each grid cell.
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Figure 7. Mean annual rooftop solar photovoltaic potentials in Germany based on rooftop area
scenario (RAS) 2. The bold values on the map illustrate the cumulative annual energy yields (AEYs)
at the federal-state level (in TWh yr~1). White areas within the boundaries of the study area represent
regions where the rooftop potential could not be calculated due to the lack of data.
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Table 4 summarizes the results from the other RASs at the federal-state level. Over-
all, the mean annual German RTP ranges from 475 to 1009 TWh yr~!, assuming mod-
ern solar modules are installed and used on all suitable rooftops. A total of 51% of the
potential is concentrated in three federal states (Bavaria, North Rhine-Westphalia, and
Baden-Wiirttemberg).

Table 4. Mean annual rooftop solar PV potentials (TWh yr~!) in rooftop area scenarios RAS1-RAS3
at the federal-state and national levels.

Federal State RAS1 RAS2 RAS3
BW 65 92 138
BY 91 130 194
BE 8 11 17
BB 18 26 39
HB 2 2 4
HH 5 7 10
HE 36 51 76
MV 7 11 16
NI 48 68 102
NW 84 119 179
RP 31 44 66
SL 7 11 16
SN 24 34 51
ST 17 24 36
SH 15 22 33
TH 15 22 33
Total 475 673 1009

Dividing the RTP by the RTAf provides information on the availability of the SIS in the
different federal states. Figure 8a indicates that the federal states of Baden-Wiirttemberg,
Bavaria, and Saarland are characterized by the highest mean SIS compared to all the other
federal states, as the mean annual RTP per RTA¢is the highest. It reveals a clear gradient,
with northern federal states such as Hamburg, Schleswig-Holstein, and Mecklenburg-
Western Pomerania having the lowest solar resource availabilities, as illustrated by the low-
est energy yield per square kilometer RTAy. The comparison of Saxony and Saxony-Anhalt
exemplifies that although Saxony’s overall RTP (34.1 TWh yr—!) is almost 10 TWh yr—!
higher than that of Saxony-Anhalt (24.2 TWh yr‘l), the potential per square kilometer RTA;
is slightly higher for the latter.

Related to the total area of each federal state, Berlin (12.4 GWh km™2), Hamburg
(8.7 GWh km~2), and Bremen (5.9 GWh km—2) reveal the highest efficiencies, which em-
phasizes that, in these federal states, a high amount of energy can be produced in a
small region (Figure 8b). The least efficient exploitation of federal-state territory is shown
for Mecklenburg-Western Pomerania (0.5 GWh km~2), Brandenburg (0.9 GWh km~2),
and Saxony-Anhalt (1.2 GWh km~2). Normalized by the population of each federal
state, Saxony-Anhalt (11.1 MWh cap~!), Saarland (10.7 MWh cap~!), and Rhineland-
Palatinate (10.7 MWh cap~!) perform the best. In comparison, the city-states of Bremen
(3.7 MWh Cap_l), Hamburg (3.5 MWh cap_l), and Berlin (3.0 MWh Cap_l) could provide
the least energy from solar rooftop PV per capita in their states (Figure 8c). Therefore, dif-
ferent federal states become relevant depending on the targets addressed in the installation
of rooftop solar PV facilities.

Within the federal states, the RTP variability can be substantial, driven by the avail-
ability of RTAf and solar radiation. Berlin (35.0 MWh), Hamburg (25.7 MWh), and Bremen
(21.8 MWh) exhibit the highest mean hourly energy yields of all the grid cells in their
federal-state territories, while, in Mecklenburg Western-Pomerania (1.5 MWh), Branden-
burg (2.5 MWh), and Saxony-Anhalt (3.4 MWh), a consistent availability of RTP is lacking
throughout the federal state (Figure 9). Nevertheless, federal states with overall low or
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moderate potentials might contain hotspots with high potential, as shown for Hesse and
Saxony-Anhalt, where the grid cells with the highest mean hourly energy yields (the max-
imum in the federal state) of 96.2 and 82.3 MWh are associated with the urban areas of
Wiesbaden/Mainz and Magdeburg, respectively. Accordingly, the consideration of the
federal states as a whole is insufficient for identifying suitable sites for rooftop PV.

10.7
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Figure 8. Mean annual rooftop potentials (based on rooftop area scenario (RAS) 2): (a) per rooftop
area (GWh km~2); (b) per federal-state area (GWh km~2), and (c) per capita (MWh Cap_l) at the
federal-state level. The color gradient represents the ranking of the federal states, with the highest
values associated with the darkest color.
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Figure 9. Mean hourly energy yields of all the grid cells in the federal states (blue bars, left axis) and
maximum values of the grid cells with the highest mean hourly energy yields in the federal states
(red points, right axis).

3.3. Temporal Variability in Solar Photovoltaic Rooftop Potential

Due to the inherently intermittent and variable nature of SIS, the RTP is not consistently
available. The overall German diurnal cycle of the RTP exhibits pronounced variability
(Figure 10a). Outside the period between 3:00 and 19:00 UTC (Coordinated Universal Time),
no potential is available due to the lack of SIS. The local time zone of Germany is UTC + 2
in summer and UTC + 1 in winter. The potential peaks around 11:00 and 12:00 UTC, when
the mean and median exceed 200 GWh. However, the hourly potential can substantially
deviate depending on the atmospheric conditions. A pronounced seasonal variability
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characterizes the mean diurnal cycle (Figure 10b). The diurnal cycle exhibits the most
considerable potential in summer, indicated by the highest amplitude and the extended
period between sunrise and sunset. The day length in winter is, on average, 5 h shorter
than in summer and, even at noon, the potential is limited, and the peak is more than three
times lower than in summer.

600 350
a b |——Winter (DJF)
|——Spring (MAM)
Summer (JJA)
300 \—Autumn (SON)
500 -
250
400 -
=
=
o 200 -
el
.2 300 -
>
>
&) 150 -
Q
c
w
200
100 -
100 -
50
0 1§ l T T T gl . 0

8 10 12 14 16 18 4 6 8 10 12 14 16 18
Hour (UTC) Hour (UTC)

4

o

Figure 10. Diurnal cycle of the overall German rooftop PV potential in RAS2: (a) Boxplots of all
hourly energy yield values per hour of the day. Red dots indicate the mean. (b) Mean diurnal cycles
in the seasons winter (December, January, February), spring (March, April, May), summer (June, July,
August), and autumn (September, October, November).

Most of the annual RTP is concentrated in May, June, July, and August, when the
mean and median monthly energy yields exceed 80 TWh (Figure 11a). In January and
December, the potential is minimal (<20 TWh). In contrast to the winter months, May is
mainly characterized by high variability, indicating substantial inter-annual variability. The
inter-annual variability, quantified by the COVs, ranges from 3.3 to 6.5% and is the highest
in central and southern Germany, often in low mountain ranges (Figure 11b). Figure 11a
illustrates that the inter-annual variability arises particularly outside the winter season.
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Figure 11. (a) Boxplots of the overall monthly sums of German rooftop PV energy yield values in
RAS2. Red dots indicate the mean. (b) Inter-annual variability (coefficients of variation) based on the
annual means in the study area.
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4. Discussion

Based on the ESM data and the calibration with solar cadastral data, the estimated
German final rooftop area ranges from 2113 to 4491 km? (from RAS1 to RAS3). As the
ESM contains some data gaps and data were derived from 2014 to 2016, when poten-
tially fewer buildings were constructed, the RTA still could be underestimated. The lit-
erature provides an even wider range of values, estimating areas between 648 km? and
4820 km? [5,11,13,28,55]. The various values might be due to differences in the methods,
datasets, publication dates, and assumptions, such as the utilization factors or the exclusion
of north-facing roofs. The solar cadastre data from North Rhine-Westphalia used for cali-
brating the ESM data estimate that the RTA; of North Rhine-Westphalia is 482 km?, which
is within the range obtained from RAS1 (386 km?) and RAS2 (547 km?).

A recent analysis estimated the RTA, at 3916 km? [49]. The comparison of the RTA,
from this study (RAS2) with the analysis in [49] reveals that, for ten of the sixteen federal
states, the absolute deviation is less than 10 km? and the mean relative deviation is 96%,
indicating that, on average, the RTA, of each federal state is underestimated by 4% in
this study compared to the analysis in [49]. The highest absolute underestimations of
84 km?, 60 km?2, 24 km?2, and 15 km? occur in Lower Saxony, Bavaria, Mecklenburg Western-
Pomerania, and Schleswig-Holstein. In these federal states, a more significant part of the
territories could not be investigated for the RTA and RTP due to missing ESM or ERA5-
Land air temperature data, which explains the underestimation. Otherwise, under- and
overestimation can arise due to the varying bias of the ESM in estimating suitable rooftop
areas implemented from RASI to RAS3. For some federal states, RAS1 or RAS3 might
be more plausible than RAS2. The authors of [49] estimate 1993 km? for the installable
module area, which is lower than RAS1-RAS3. They also apply a cf, 5; of 0.65 for slanted
roofs; however, they use a cf, g; of 0.35 for flat roofs, which is substantially lower than
the 0.9 obtained from the solar cadastre. Instead of applying a two-step area reduction
from the A, or total RTA to the RTA, and RTAy, another study directly applies access
factors accounting for technical potential losses due to roof pitch and orientation, structural
inadequacy, tree shading, and other constraints [56]. These factors range from 60% to
65% for flat roofs and from 17.6% to 24.3% for slanted roofs, depending on the region.
The authors of [20] determined that 81% of the total ground floor area of each building is
available for rooftop PV. Other analyses go even deeper by including the building’s social
function, its structural quality, or the economic costs for conversion factors [37]. Therefore,
the important findings are that the reduction factors applied in different studies need to be
differentiated, as they consider different area reductions, and that flat and slanted roofs
should be handled differently.

The large value range of the reported RTAs obtained from the literature and reports
indicates high uncertainty related to the different methods and assumptions. More publicly
available, high-resolution data on the building and roof characteristics in Germany and
its federal states, as well as worldwide, are needed to ensure an accurate estimation of
the regional and national RTAs. The application of simplification methods is required if
potentials are to be estimated for scales larger than cities. Datasets such as the ESM or
GHSL could represent a good proxy for estimating a plausible range if calibrated with
other datasets. However, due to data gaps in the ESM, the RTPs cannot be quantified for
all regions in Europe. As a solution, the ESM could be supplemented by other datasets,
such as CORINE Land Cover or the European Urban Atlas, and other calibration datasets
from countries such as Switzerland [28] and the Netherlands [5], for optimization. Due
to the lack of area-wide, high-resolution building and roof data, it must be assumed that
the statistical properties determined in the sample during calibration can be consistently
applied to the entire study area. The larger and more heterogeneous the study area, the
more limited and inaccurate the analyses conducted in this way. Potential biases that arise
could be mitigated in future research by, for instance, clustering regions based on their
urban characteristics [1] and applying different calibration and correction factors for each
cluster. The integration and combination of several reliable datasets could also help to
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minimize bias. For instance, open-source building footprint data and orthographic aerial
images could be combined by using image-processing algorithms [24].

Studies addressing the RTAs in other regions or countries indicate that the Ger-
man RTA is comparatively high. While this study estimates a mean available area of
25.4-54.0 m? cap~! for Germany, other studies report 14.0 & 4.5 m? cap~! for Spain [34],
4.7 m? cap~! globally [6], and 7.4 m? cap~! for Western Europe [6]. For Switzerland [20,29]
and Sweden [36], usable rooftop areas similar to those of Germany (up to 41 m? cap~! and
48.0 m? cap !, respectively) are reported. A total of 354 Chinese cities together comprise
65,962 km? of the RTA, [37].

The second major source of uncertainty in the assessment of the RTP originates from
the modification of the radiation within urban environments due to shading effects and
different roof geometries. The urban morphology affects the solar radiation received by
individual buildings due to shading effects [31,32]. A previous study found that the annual
potential of an entire building group was reduced by 35.7% due to the shading effect and
reduced rooftop availability [17]. This study used a statistical approach to calculate the
mean correction factor for the radiation modification, which is an adequate strategy for
larger study areas. The correction factor was calculated based on the solar cadastre and the
mean annual radiation received by each roof object included in this dataset. A validation
with the approach from [11], which assumes a fixed percentage deviation for different
roof types, applied to the shares of different inclinations and slopes of the solar cadastre
resulted in the same mean correction factor. The correction factor used in this study was
subject to the assumption that modules on flat roofs are optimally inclined towards the
south (receiving 118% of the SIS) and would be smaller than 1.0 assuming horizontally
oriented modules on flat roofs. However, these approaches do not consider the substantial
intra-annual variations in solar irradiance for different orientations of tilted roofs [32]. To
capture these adequately, high-resolution, three-dimensional urban morphology and solar
radiation models or measurements would be required. To determine an optimal tilt angle,
shadow effects should be further compared and tested at different locations [19]

Other studies estimate a German RTP from 104 to 739 TWh yr’1 [11,13,28]. Be-
sides the uncertainties related to the SIS and RTA, differences arise from applying dif-
ferent PV module parameters. This study estimates an optimistic potential from 475 to
1009 TWh yr~! based on a modern and efficient module type. The estimation that rooftop
PV in the European Union could potentially produce 680 TWh yr~! seems rather low in
comparison [5]. For Switzerland, RTPs of 24 + 9 TWh yI"1 [29], 17.86 TWh y1"1 [20], and
16.29 TWh yr~! [21] are estimated. An increase in the PV module efficiency and PR could
enhance the potential to 32.15 yr~! in 2050 [20]. For Taiwan, an RTP of 15.4 TWh yr~! has
been determined [35]. An earlier study identified the assumptions on the module efficiency
and usable areas of roofs as the most sensitive parameters for RTP estimation [11].

Generally, considerable discrepancies in the estimated RTPs are found when compar-
ing the high- and low-level approaches [7]. As reliable high-level approaches are currently
unavailable at the national and federal-state scales, the approach chosen in this study
cannot be evaluated in terms of accuracy. Sampling, as performed with the solar cadastre,
is the most appropriate way of accounting for large-scale rooftop characteristics.

The highest mean RTPs are found in larger urban areas and regions with abundant
solar resources. Urban areas and settlement agglomerations can provide the highest
capacity densities due to their high building densities [16,18]. In accordance with [11],
the federal states of North Rhine-Westphalia, Bavaria, and Baden-Wiirttemberg exhibit
the highest RTPs, while Hamburg, Bremen, and Saarland exhibit the lowest. Compared
to the gross electricity consumption of each federal state in 2020 [57], two federal states
(Bavaria: 110%; Rhineland-Palatinate: 109%) could provide an annual surplus generation
in RAS1, two federal states (Thuringia and Baden-Wiirttemberg) could cover their demand,
and twelve federal states would have deficiencies, with Hamburg and Bremen covering
only 40% of the consumption. In RAS2, four federal states (Berlin, Hamburg, Bremen, and
North Rhine-Westphalia) still have lower RTPs than electricity consumption. In RAS3,
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fourteen federal states could cover their annual consumption with rooftop PV, mostly with
substantial surplus generation. Assuming an increasing electricity demand in the following
decades of up to 800 TWh yr~! in Germany [58], only RAS3 might cover the overall German
electricity demand when assuming rooftop PV as the sole energy source.

Even if the annual electricity demand could potentially be fulfilled by rooftop PV, a
constant supply could not be guaranteed due to the spatial dynamics of the resource, such
as daily and seasonal variations [11]. To minimize the supply—demand mismatches [23] of
systems relying exclusively on rooftop PV, very costly seasonal storage would be required,
while with additional flexibility measures, daily storage would be sufficient [9]. To handle
the intermittency and strengthen the self-sufficiency of rooftop PV, innovative smart-
grid technologies, including customer-sited electrical battery storage, are required [56,59].
Energy management systems and demand-side management are also crucial strategies to
increase the energy efficiency and self-sufficiency and minimize the costs for residential
customers [60-62]. They require an accurate PV forecast for the optimal load and resource
scheduling [60] and highlight the need for temporally high-resolution power output data.

Selecting sites where rooftop solar PV can be exploited most efficiently requires multi-
criteria considerations, including meteorological, geographical, technical, and economic
considerations. Efficiency can be achieved by engrossing (1) a few rooftop areas for high
energy yields (using regions with abundant solar resources) and (2) little federal-state
territory (using regions with high densities of suitable buildings), or (3) by provisioning
electricity where the population is concentrated (using highly populated regions). In federal
states with high populations and building densities and abundant solar resources, a high
amount of energy can be obtained in a small region, maximizing the energy yield and
reducing the electricity transmission infrastructure requirements and costs.

The quantification of the spatiotemporal variability in the rooftop PV helps identify
locations for cost-effective PV installations, integrating rooftop PV, designing energy sys-
tems and their management, and retrofitting existing building structures [21]. It can also
help to show the population the great potential and thereby promote citizens’ participation
as energy prosumers, which favors energy security, independence, and the resilience and
cleanliness of the energy system [63]. To achieve energy justice, attention should be paid to
an equitable deployment of rooftop PV despite prioritized areas with high potentials [15].
During implementation, care must be taken to consider the infrastructural challenges, such
as the building’s social function [37], the building conditions, or the building’s historic
preservation. Even if a vast expansion of rooftop PV is desired, it is questionable whether
it is applicable due to the dependence on solar PV module components and their raw
materials [64]. The temporal patterns of the RTP highlight that capacity expansion no
longer makes sense after a certain point because, on the one hand, the surplus is substantial
at certain times, and on the other hand, deficits cannot be paid off.

Studies focusing on future RTPs should incorporate socio-economic and policy factors,
which might be more important than physical factors for the deployment of rooftop PV [6].
Although climate change-driven changes in solar radiation and the ambient air temperature
will probably reduce the meteorological PV potentials across parts of the world, an increase
in the cooling demand could enhance the value of rooftop PV [14]. Focusing on large,
non-residential rooftop PV could require fewer individual decisions and less effort [16],
strengthen resilience, and accelerate the local deployment of clean energy resources to
promote energy justice [59]. Future research should also incorporate analyses of rural
regions, as single-family dwellings might offer higher PV generation compared to multi-
story buildings in urban areas [41].

Future technical improvements (increasing the module efficiency and PR) could in-
crease the technical potential [11], while an increase in the building stock due to urban-
ization could drive an expansion of the geographical potential. Changes in the shares of
different roof types should be taken into account. Several studies recommend reinforcing
multi-factor-, Al-, and GIS-based methods based on high-resolution, open-data sources
to provide an accurate and less computationally demanding assessment [2,4]. Machine
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learning algorithms can be used for predicting solar radiation and power generation and
for spatial environmental data modeling [19,21]. Recent studies applied the Support Vector
Machine and Random Forest algorithms to estimate the available roof areas based on
predictors such as the built-up area, building characteristics, and population size [20,21,37].
Deep learning methods, including image recognition, objection detection, and object seg-
mentation self-learn through existing samples, self-optimize, identify, and segment complex
objects [22]. They can be used to detect and classify building rooftops [21].

5. Conclusions

Rooftop solar PV is a valuable addition to other renewable-energy sources, like open-
field PV, as it utilizes existing infrastructure, reduces land consumption, and supplies
electricity where it is needed. An accurate assessment of the rooftop solar PV poten-
tial is essential for efficient and sustainable resource use. However, due to the lack of
high-resolution data on rooftop areas and characteristics and small-scale solar radiation
variability, this assessment remains challenging, especially at high temporal resolutions
and for large study areas. National or international assessments of the rooftop PV potential
are rare and cannot depend on accurate but time-consuming and costly LiDAR data.

This study leveraged satellite and reanalysis products of open-source meteorological,
geographical, and technical data to evaluate the spatiotemporal rooftop PV potential of
Germany and its regions (5 km x 5 km) and federal states. In Germany, up to 4500 km?
of rooftop area could be available for PV modules, potentially generating up to 1009 TWh
of electricity annually with modern module technology. In the intermediate scenario
(673 TWh yr~1), 12 out of the 16 federal states cover their annual electricity demands self-
sufficiently, partly with substantial surplus generation. Despite this high annual potential,
the temporal and spatial dynamics of the rooftop potential highlight the risk of supply-
demand mismatch and the need for storage capacity, energy management, flexibility, and
modern transmission infrastructure [58]. Rooftop PV can result in net-zero grid electricity
consumption when combined with energy efficiency measures and efficient technical
systems [63]. High-resolution power output data are crucial for these assessments.

As shown in previous studies, the rooftop area and potential vary widely based on
different assumptions, reflecting the significant uncertainty at each stage of the potential
hierarchy. These uncertainties pertain to small-scale variations in the urban solar radiation,
total rooftop area, fraction usable for solar PV, and technical performance and efficiency of
the modules. This study used the European Settlement Map to estimate the usable rooftop
areas, which, like the Global Human Settlement Layer, can be applied to other regions
and countries for large-scale assessments. However, to ensure reliability and accuracy,
these datasets should be calibrated with high-quality solar cadastres and statistical data.
Calibration data enhance rooftop area estimation by linking built-up areas to usable rooftop
areas based on roof types and characteristics.

Future studies on the European rooftop PV potential could use the European Set-
tlement Map and available solar cadastres for different countries. The more region- or
country-specific correction and calibration factors obtained, the more accurate the analy-
sis. Future research could also explore the impact of socio-economic parameters, climate
change, and technological developments in PV modules on the rooftop PV potential. The
temporal dynamics of the rooftop PV potential should consider the large-scale solar radia-
tion availability and the varying effects of the urban morphology, such as shading. Rooftop
utilization factors, which quantify the ratio of the usable rooftop area to the total rooftop
area, should be specified with the highest possible temporal resolution.

Accurate assessments are essential for establishing regional and national carbon reduc-
tion policies and informing investment decisions [21]. Following the concept of renewable-
energy priority zones [54], this study serves as a starting point for future research by
identifying the regions and federal states with the highest potentials.

This methodology can be adapted to other study areas by adjusting the calibration
factors and using region-specific cadastre and statistical data. In regions or states with the
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highest potentials, more advanced approaches, including artificial intelligence, building
models, geographic information systems, or LIDAR data, can be used to derive a more
accurate representation of the most suitable roofs and their potentials. This top-down
approach avoids the complexity and time consumption of investigating unsuitable areas,
helping decision-makers focus on the most promising sites and develop appropriate targets
and strategies.
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Nomenclature

B Temperature coefficient (°C~1)

ref Reference electrical module efficiency under standard testing conditions

Ay Built-up area (km?)

AEY Annual energy yield (TWh yr—1)

c1,€p,C3 Constants for calculating the T,y

fa Total area correction factor

fapit Area correction factor for flat roofs

fa,sit Area correction factor for slanted roofs

frad Radjiation correction factor

f radrt Roof-type-specific radiation correction factor

cov Coefficient of variation (%)

fea Calibration factor

i Grid cell

Ly Irradiation on a roof (kWhm~2a~1)

PR Performance ratio

rt Roof type (combination of inclination and orientation)

RTA Rooftop area (km?)

RTA, Usable rooftop area (km?)

RTA; Final rooftop area (net module area) (km?2)

RTP Rooftop potential (MWh yr—1)

Sfitu Area share of usable flat roofs

Srtu Area share of a roof type

SIS Surface incoming solar radiation (W m~2)

SISperiod Period mean of SIS calculated based on annual means (W m~2)

SIS Standard deviation of annual means of SIS (W m~2)

T, Near-surface air temperature (°C)

Teent Solar photovoltaic cell temperature (°C)

Tref Reference temperature under standard testing conditions (25 °C)

Al Artificial intelligence

CM SAF Satellite Application Facility on Climate Monitoring

ECMWF European Centre for Medium-Range Weather Forecasts

ERA5-Land Reanalysis product derived by running the land component of the fifth-generation
ECMWEF atmospheric reanalysis

ESM European Settlement Map

GHSL Global Human Settlement Layer

GIS Geographic information system
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ICDR Interim Climate Data Record

LiDAR Light detection and ranging

Pop Population

Pop Dens Population density

PV Photovoltaics

RAS Rooftop area scenario

SARAH Surface Solar Radiation Data Set—Heliosat
SEVIRI Spinning Enhanced Visible and InfraRed Imager
UTC Coordinated Universal Time
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