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A B S T R A C T

Rooftop photovoltaic (RTPV) systems are essential for building a decarbonized and, due to its decentralized 
structure, more resilient energy system, and are particularly important for Ukraine, where recent conflicts have 
damaged more than half of its electricity and heat supply capacity. Favorable solar irradiation conditions make 
Ukraine a strong candidate for large-scale PV deployment, but effective policy requires detailed data on spatial 
and temporal generation potential. This study fills the data gap by using open-source satellite building footprint 
data corrected with high-resolution data from eastern Germany. This approach allowed accurate estimates of 
rooftop area and PV capacity and generation across Ukraine, with simulations revealing a capacity potential of 
238.8 GW and a generation potential of 290 TWh/a excluding north-facing. The majority of this potential is 
located in oblasts (provinces) across the country with large cities such as Donetsk, Dnipro or Kyiv and sur
roundings. These results, validated against previous studies and available as open data, confirm Ukraine’s sig
nificant potential for RTPV, supporting both energy resilience and climate goals.

1. Introduction

Ukraine’s energy system has been under pressure from attacks on key 
infrastructure since the Russia-Ukraine conflict began in February 2022. 
According to the International Energy Agency (IEA), Ukraine lost more 
than half of its electricity and heat generation capacity in the course of 
2022–2023, and a further 9 GW in the intensified attacks of spring 2024, 
leaving it with about a third of its pre-conflict generation capacity [1]. 
Scientists argue that any effort to rebuild the electricity system should 
meet four criteria: rapid reconstruction, increased resilience, reduced 
dependence on fuel imports, and reduction of polluting emissions. All 
four criteria could be met by a large-scale deployment of high quality 
solar resources in Ukraine [2–6]. In its energy action plan for Ukraine, 
the IEA recommends increasing and decentralizing power supply [1], 
and highlights solar PV, including behind-the-meter installations, as an 
option that can be rapidly deployed [1]. Furthermore, decentralization 
of the energy system is generally considered the best solution to increase 
resilience [7]. As early as 2022, the World Bank has called for distrib
uted renewable energy generation [8] as a key element of local power 

system resilience [9]. In addition, the deployment of solar PV as a core 
element to increase renewable energy production in Ukraine [10] is 
supported by the national energy policies to move away from fossil fuels 
[7] and the rapid growth of pre-war solar production, which increased 
by 114 % between 2019 and 2020 [11]. Scientific research supports 
these recommendations, showing that solar prosumer concepts in 
Ukraine not only increase energy security [12], but are also economi
cally viable, with profitability increasing with the share of self- 
consumption [13].

By the beginning of 2024, nearly 1.5 GW of solar photovoltaic (PV) 
have already been installed by consumers, and in addition to small 
modular gas turbines, the Ukrainian government has prioritized the 
deployment of rooftop photovoltaic (RTPV) in non-residential buildings 
[1]. While decentralization in most other countries is a result of sus
tainability efforts, decentralization in Ukraine is driven by energy se
curity concerns [1]. Even if solar PV on its own lacks essential system 
services such as reserve and peaking capacity, it can be combined with, 
for example, decentral battery storage or operate as part of a wider array 
of distributed resources to provide such much-needed services. How
ever, studies suggest an even stronger post-war development of PV [6], 
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suggesting an important role of decentralized PV and in particular RTPV 
in a future Ukrainian energy system, making it a no-regret option.

When analyzing the RTPV potential, both the spatially resolved ca
pacity potential and the temporarily resolved generation potential are 
relevant. While the capacity potential provides an estimate of the total 
installable capacity in a region based on roof availability, the generation 
potential provides insight into the total electricity that can be generated, 
taking into account seasonal and daily availability patterns due to solar 
irradiation fluctuations throughout the year and variations between 
regions. RTPV capacity potential can be calculated using bottom-up and 
top-down approaches. Bottom-up approaches are based on roof geom
etry data, PV module technical parameters, and solar irradiation data. 
This calculation can be done either for small sets of buildings (e.g., for 
the Ukrainian cities of Ladyzhyn and Chortkiv [14,15]) or for larger sets 
of building types that include the cities themselves [16–18]. Various 
simulation tools exist for PV potential calculation [19] and solar 
modelling [20]. For policy development, however, large-scale RTPV 
potentials are relevant, i.e., the sum of RTPV potentials of individual 
buildings in a region. Their calculation requires scalable approaches 
with input data available at the geographic extent of interest. Some 
studies simulate the potentials based on detailed 3D building data at 
level of detail 2 (LoD2), i.e., buildings are represented by blocks with 
simplified roof shapes [21]. Other studies use deep learning approaches 
to segment roofs from satellite imagery and simulate RTPV potentials for 
the detected roofs [19,22–25]. In addition to individual cities and small 
to medium-sized countries [20], these approaches are also applied to 
very large regions, such as China [26] Europe [27] or the whole world 
[27,28]. As an alternative to bottom-up approaches, RTPV capacities 
can be estimated using top-down approaches. Top-down means that 
national estimates are scaled based on proxies such as population size or 
aggregated built-up area, which are then applied on a national scale 
[29].

There are few studies on RTPV potential in Ukraine (see Table 1). No 
regional studies at the oblast (Ukrainian province) level could be found 
and only a single potential assessment with national scope. For the na
tional assessment, Semenuk [30] calculated the available rooftop area of 
residential buildings using the aggregated footprint data of the State 
Statistics Service of Ukraine [31], which was drawn from the statistical 
publication “Housing stock of Ukraine“ [32]. In addition, the author 
assumed that 70 % of the rooftops were suitable for the installation of 
solar panels. Apart from the national study, several local potential and 
feasibility studies with a higher level of detail could be identified to 
serve as references for the plausibility check. In particular, the meth
odology used for the calculation of the city of Zhytomyr [16] included 
the estimation of rooftop areas using the Public Cadastral Map of 
Ukraine [33] and the deployment of roof measurements. This required 
the calculation of the available roof space for apartment blocks, building 
types, and solar capacity per unit area. For the rooftop potential of the 
city of Enerhodar [17], the calculation included nearly all buildings with 
suitable roof structures (both flat and pitched) [17]. An additional set of 
buildings in the city of Ladyzhyn was studied in detail by physically 
analyzing each roof structure and modelling potential solar installations 
[14]. In the European study by Bódis et al. [27], the Ukrainian RTPV 
potential was estimated via population density as a proxy based on 
Polish values, assuming similar regional building structures. For the 
global assessment by Joshi et al. [28], a global fishnet grid was first 
generated using a top-down approach in ArcGIS PRO. Each cell was then 
processed on Google Earth Engine to calculate satellite-derived built 
area, population, and conversion factors. This final bottom-up approach 
involved the aggregation of individual building footprints, road lengths, 
and population data for each fishnet cell to provide a more accurate 
estimate.

Most of the studies listed in Table 1 are limited in spatial scope and 
resolution. None of the articles provide open access to high spatial res
olution capacity potentials or solar generation time-series. However, 
rapid and cost-effective redesign of a highly decentralized energy system 
for Ukraine requires detailed and reliable knowledge of spatially 
resolved capacity limits and temporal patterns of potential energy 
yields. This study addresses the identified gap through a detailed 
bottom-up approach, with the objective to produce nation-wide high- 
resolution RTPV capacity potentials and generation datasets for 
Ukraine. The study builds on high-resolution German building data in 
combination with globally and openly available open geodata sets and 
thus combines a high level of detail with a large-scale applicability. 
Interim and final results are published as open data. This approach 
improves replicability and accuracy and thereby contributes to building 
confidence in the reliability of the results required for real-world ap
plications [36].

This paper is organized as follows: Section 2 describes the bottom-up 
methodology used to calculate RTPV capacity and generation potential 
for Ukraine. Section 3 presents the spatially resolved RTPV capacity 
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Abbreviations
GHS-DUC Global Human Settlement Layer – Degree of 

Urbanisation Classification
IEA International Energy Agency
LCOE Levelized cost of electricity
LoD2 Level of detail 2
PV Photovoltaics
RESKit Renewable Energy Simulation toolkit for Python
RTPV Rooftop photovoltaics
WACC Weighted average cost of capital
WSF World Settlement Footprint

Table 1 
Overview of existing RTPV potential studies for Ukraine.

Spatial scope Scope Methodology Capacity Potential Average Capacity Factor Energy Potential Ref.

International Non-EU East (UA, ML, BEL, GE, AZ, AR) Hybrid − − UA: 294 TWh/a [28]
EU Bottom-up − − UA: 33 TWh/a [27]

National Ukraine (residential buildings) Top-down 233.6 GW 0.15 UA: 307 TWh/a [30]
Ukraine Top-down 254 GW − − [34]

Local Zhytomyr Bottom-up 508 MW − − [16]
Sumy (municipal buildings) Bottom-up 17.6 MW − 20.6 MWh [18]
Enehodar (no industry) Bottom-up 86 MW − − [17]
Chernihiv Top-down 332 MW 0.1558 376 MWh [35]
Lviv Top-down 873 MW 0.1509 995 MWh [35]
Chortkiv (school no. 5) Bottom-up 0.2 MW − − [15]
Ladyzhyn (schools + municipal buildings) Bottom-up 1.65 MW − − [14]
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potential and the spatially and temporally resolved electricity genera
tion potential. Section 4 discusses the presented results in relation to 
previous studies and the implications for the Ukrainian energy system.

2. Methodology

This section describes the methodology used to estimate RTPV ca
pacity and generation potential in Ukraine. First, an overview of the 
overall workflow is provided (see Section 2.1). Then, the individual 
steps are described in more detail (see Section 2.2–2.4).

2.1. Workflow overview

In order to provide a high-resolution, highly reliable RTPV potential 
dataset, a bottom-up approach combined with thorough validation was 
used. Bottom-up here refers to the aggregation of regional and national 
potentials in Ukraine based on individual building footprint polygons. 
The key challenge is the lack of high-resolution ground truth data for 
Ukraine. To the best knowledge of the authors, neither large-scale offi
cial cadastral geodata with building footprint information nor actual 
roof areas or 3D building data, which are crucial for high resolution and 
reliability, were available for Ukraine at the time of this study. There
fore, the approach presented in this study uses several factors to trans
late Ukrainian satellite-based building polygons from two different 
sources into maximum RTPV capacity potentials per building polygon 
before aggregating the potentials and simulating the potential energy 
yield (see Section 2.3 and Fig. 1 on the right). These factors can be 
divided into a footprint-area correction factor per data source and two 
translation factors, the footprint-to-roof-area translation factor and the 
roof-area-to-capacity translation factor. These correction and trans
lation factors were calculated using East German ground truth data 

(Section 2.2) before applying them to Ukrainian satellite data (see 
Section 2.3). All of these factors depend on the building usage type, i.e. 
whether the building is residential or non-residential, and the degree of 
urbanization of the respective raion (Ukrainian district) or city to reflect 
different settlement structures.

The footprint correction factor was then applied to the area of each 
satellite-based building polygon in Ukraine to scale it to the actual size 
of the building footprint, thus correcting the error that may have been 
introduced by the processing of the satellite imagery. The footprint-to- 
roof-area translation factor was then multiplied by the corrected foot
print area of each polygon to obtain the roof areas. This step is necessary 
because the ratio of roof area to footprint area depends on the shape of 
the roof. Finally, the roof-area-to-capacity translation factor provided 
the maximum installable RTPV capacity for each polygon based on the 
calculated roof areas. It includes a reduction for roof ineligibilities such 
as building shape or shading, chimneys, skylights, attics, and other in
eligibilities, but also accounts for the installable capacity per eligible 
roof area considering flat or mounted panel installation. Finally, the 
resulting polygon capacities were aggregated at district level for each 
building usage type and as a total capacity. Depending on the degree of 
urbanization and the respective building usage type, the capacity was 
assigned to the respective roof slopes and azimuths using statistical 
distributions of roof slopes and azimuths from East German data. These 
were grouped into 25 reference configurations per district, which were 
then used for energy simulations: The potential hourly yield was simu
lated separately for each system configuration and district using the 
open-source tool RESKit [19] (see Section 2.4).

The methodological approach can therefore be divided into two 
blocks, as visualized in Fig. 1: the factor extraction based on German and 
international training data (left side), and the application of these fac
tors to satellite data of Ukrainian buildings to derive national capacity 

Fig. 1. Simplified schematic flow chart of the methodology applied in the capacity and energy potentials assessment.
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potentials with subsequent simulation of energy yield (right side). The 
following sections present in detail the extraction of factors from 
German data (Section 2.2) and the application of these factors to the 
Ukrainian context (Section 2.3). Finally, the simulation approach for a 
temporarily resolved RTPV generation potential is described (Section 
2.4). Each of these methodological steps is complemented by a plausi
bility check developed to support the results of this study (details are 
provided in Supplementary Material S3). Therefore, real data for 
Ukraine were collected from national and international literature and 
supplemented with information from email exchanges with the au
thority and published reports. The collected real data were then 
compared with the respective intermediate results such as rooftop area, 
capacity potentials and energy potentials in the respective subsections of 
Section 3 at both building and different administrative levels.

2.2. Correction and translation factors from German High-Resolution 
data

As described in Section 2.1, East German building data was used to 
derive factors that allow estimation of RTPV capacity from available 
footprint data in Ukraine. In particular, training data from East Germany 
was used to maximize similarity to Ukrainian building structures, as the 
2012 census revealed that over 40 % [35] of East German building stock 
dates back to the former communist German Democratic Republic, 
which had a strong similarity to the Soviet Union in its building style 
[36]. Therefore, this study assumes that a similarity in urban forms 
between East Germany and Ukraine, which is a necessary condition for 
transferring the factors from one region to the other, is still given. The 
validity of this assumption is supported by the plausibility check against 
existing literature and local Ukrainian studies (see Supplementary Ma
terial S3). East Germany includes the federal states of Brandenburg, 
Mecklenburg-Western Pomerania, Saxony, Saxony-Anhalt, and Thur
ingia. An illustration of the correction and translation factors calculated 
based on East German data is shown in Fig. 2. To correct the Microsoft 
GlobalML [37] and World Settlement Footprint (WSF) [38] datasets 
available for Ukraine, two separate footprint-area correction factors 
were derived, hereafter referred to as correction factors cglobalml and cwsf , 
respectively. In addition, footprint-area-to-roof-area and roof-area-to- 
capacity translation factors were calculated, hereafter referred to as 
translation factors tr and tpv. The methodology for extracting the factors 
is described in detail in the following sections.

2.2.1. Correction of satellite-based building footprint areas
As previously explained, the openly available geospatial datasets for 

Ukraine do not suffice to directly determine the building footprints. 
Therefore, East German high-resolution building footprint data of 2021 
from the German Federal Office for Cartography and Geodesy [37] was 
used to derive footprint-area correction factors for building footprints. 
This need arises from some limitations inherent in the currently most 
detailed datasets, the WSF [38] and the Microsoft GlobalML [39] 
datasets, both openly available with at least an almost global coverage. 
While the WSF contains raster data of built-up areas at a resolution of 10 
m, Microsoft GlobalML provides building polygons describing each 

building footprint separately in vector format. Hence, the WSF, due to its 
format, is unable to properly capture exact building footprints and is 
therefore unsuitable to directly draw conclusions on the total building 
footprint area of a region. The total building footprint area is the sum 
over all footprint areas, i.e., the areas of the polygons describing the 
building perimeter, of all buildings in the respective region. GlobalML, 
though able to provide the exact shapes of buildings, lacks coverage in 
several oblasts in Ukraine like for example around Rivne and Khmel in 
the North-West, in Chernihiv and Poltava east of Kyiv, in Kherson or 
along the Carpathian Mountains (see Supplementary Material S2) and is 
thus not suitable as the sole input data source either. Moreover, no 
official dataset with information on the building footprints is openly 
available for Ukraine. Therefore, data for East Germany was employed 
to derive corrected building footprint areas based on footprint-area 
correction factors. Those factors were then applied to Ukrainian 
satellite-based footprint data, based on the building stock similarity [40] 
as outlined before. GlobalML data was used for regions with full Glob
alML coverage and WSF data for the other regions. For Germany, the 
WSF and GlobalML datasets show the same limitations as for Ukraine. 
However, an official dataset with actual building footprints [37] is 
additionally available for Germany. This dataset served to derive the 
aforementioned footprint-area correction factors cwsf for WSF and 
cglobalml for GlobalML by comparing the total building footprint area per 
NUTS-3 region in East Germany according to these datasets to that of the 
official German dataset and averaging over NUTS-3 regions.

Fig. 3 provides an exemplary illustration of the GlobalML and WSF 
data with their respective building footprints compared to the actual 
ones. As the WSF data provides only binary cell values, the dataset had 
to be preprocessed by calculating the metric area of each raster cell 
(yellow squares in Fig. 3). The footprint-area correction factors cglobalml 
and cwsf for the building footprints were used to correct the areas of the 
yellow and lilac boxes to match the area of the buildings outlined in 
green. In the shown example it is clearly shown that GlobalML has a 
better match with the actual building footprints.

The ratios of actual footprint area per NUTS-3 region to footprint 
area according to the satellite dataset per NUTS-3 region were calculated 
per NUTS-3 region, grouped by buildings usage types, according to 
Equation (1), with n as the number of polygons in region. 

ratioregion,usagetype =

∑n
i=0Afootprint,usagetype

∑n
i=0Afootprint,satellite,usagetype

(1) 

These ratios were then aggregated by weighted-averaging over all 
NUTS-3 regions. However, to add more spatial details to the footprint- 
area correction factors to account for differences in the morphology of 
the built-up environment, correction factors were further differentiated 
between building usage type, i.e., residential and non-residential 
buildings, and urbanization levels of the NUTS-3 regions in the aggre

=

=

=

Fig. 2. Illustration of footprint-area correction and footprint-to-roof-area and 
roof-area-to-capacity translation factors calculated from East German datasets.

Fig. 3. Example for GlobalML [39] vector data (left, building footprints in lilac) 
and WSF [38] raster data (right, built-up area in yellow) in East Germany. The 
actual building footprints taken from the German Federal Office for Cartog
raphy and Geodesy [37] are represented by the green outlines. Background map 
from OpenStreetMap [41].
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gation process. Residential and non-residential buildings were differ
entiated by spatially joining the building polygons in all three datasets, 
the official building footprints, WSF and GlobalML, with the GHS- 
BUILT-S R2023 dataset for 2018 from the GHSL data package 2023 
[42]. This data package was selected due to its global coverage which 
allows applying it to both the German and the Ukrainian data and en
sures the transferability of the workflow to other regions. The GHS- 
BUILT-S R2023A dataset provides information in raster format at a 
resolution of 10 m on the location of non-residential built-up areas. All 
building polygons that touched at least one pixel classified as non- 
residential were assigned a non-residential usage type. The total foot
print areas of residential and non-residential buildings were then 
calculated for each NUTS-3 region. For the assignment of urbanization 
levels to NUTS-3 regions we used the Global Degree of Urbanisation 
Classification of administrative units (R2023) from the same data 
package. It contains a classification of each administrative unit into 
urban or rural areas on various administrative levels (GADM). For our 
analysis, we use the L1 classification [42, p. 62], which has the three 
levels: (1) rural areas, (2) towns and semi-dense areas, and (3) cities 
each on GADM level 2 (GID-2). After mapping GID-2 to NUTS-3, each 
NUTS-3 region was assigned an urbanization level. Then, the final 
footprint-area correction factor vectors cglobalml and cwsf of dimensions 
3x2 could be derived by averaging over all NUTS-3 regions grouped by 
the three levels of urbanization and the two usage types. During aver
aging, the respective footprint-area correction factors per usage type in 
the individual NUTS-3 regions were weighted by the area of that usage 
type, in order to give higher weight to footprint-area correction factors 
from regions with larger built-up areas. To ensure that outliers as a result 
of missing data do not influence the mean, values outside of 1.5 times 
the inter-quartile range were disregarded.

2.2.2. Translation of footprint areas to roof areas
Based on the corrected building footprint area, the actual roof area 

needed to be derived. This data is required for detailed, highly spatially 
resolved PV potential analyses, as the RTPV potential is directly linked 
to the roof area. Except for the case of flat roofs, the roof area of a 
building is not equal to its footprint areas. The roof data was extracted 
from an internal version of ETHOS.BUILDA,2 the German building 
database [43,44]. The underlying datasets for building footprints and 
roof areas are primarily official 3D building datasets [45] and second
arily OpenStreetMap (OSM) data [41], for the German federal states 
where the former data was not available at the time of conducting this 
analysis, which, for East Germany, was only the case for Mecklenburg- 
Western Pomerania. The 3D building data provides detailed informa
tion on the geometry of buildings, making it possible to retrieve not only 
building footprints but also roof characteristics like the roof areas. OSM 
data on the other hand does not include detailed roof data. Hence, only 
those areas with 3D building data were suitable for the calculation of the 
footprint-to-roof-area translation factors. For those suitable areas within 
the East German federal states, first, the ratio between the roof area and 
the building footprint area of each building (footprint-to-roof-area 
translation factor) was calculated. In addition, we differentiated build
ings by usage types as described for the footprint-area correction factor. 
The building-level footprint-to-roof-area translation factors were aver
aged per building usage type and degree of urbanization category, 
weighted by the footprint areas of the buildings. These footprint-to-roof- 
area translation factors derived from East German data were later 
applied to the corrected and filtered building footprints of Ukraine.

2.2.3. Translation of roof areas to RTPV capacity
Based on the roof areas, the RTPV capacity was derived. Data on the 

RTPV capacity per roof area is available from Risch, Maier et al. [21]. 

They calculated RTPV capacity and generation potential for all German 
buildings based on 3D building data in the Level of Detail 2 (LoD2), 
which describes a building as a 3-dimensional, rectangular block with a 
standardized roof shape. Risch, Maier et al., employed a usage factor of 
0.6 as done by the IEA [46] for reducing the capacity value to account 
for shading or constructions on roofs. The ratios were available from the 
input data at the individual-building level and were then aggregated to 
statistical values following the same procedure as for the roof-area-to- 
capacity translation factors tr, which serve as input for the further 
analysis.

2.2.4. Roof tilt and orientation statistics
Finally, statistics regarding the share of capacity per roof tilt and 

azimuth were calculated from the East German building data. This was 
achieved by retrieving the roof areas per tilt and azimuth category for 
each building type and degree of urbanization category and multiplying 
the roof areas with the previously calculated roof-area-to-capacity 
translation factor. The tilt and azimuth categories are presented in 
Table 2. The shares of the total capacity per tilt and azimuth combina
tion were then calculated. The roof area as well as the maximum 
installable rooftop capacity per polygon was then calculated using the 
corrected footprint area and the two translation factors determined 
above, depending on usage type and degree of urbanization.

2.3. Determining RTPV capacity in Ukraine

After extracting the footprint-area correction factors as well as the 
footprint-to-roof-area and roof-area-to-capacity translation factors 
based on East German training data, these correction and translation 
factors were applied to Ukrainian footprint data based on high- 
resolution satellite imagery. Analogous to the above extraction of 
correction and translation factors, the capacity assessment for Ukraine 
was also processed at the corresponding Ukrainian administrative unit 
of “raion” or city level, both of which will be referred to as “districts” in 
the following for readability. The Ukrainian region shapes were there
fore extracted from GADM.org [39] at the respective second adminis
trative level (GID-2) and then intersected with the building footprint 
vector data. Only footprint polygons with a centroid within the district 
geometry were considered. GlobalML [39] was used as the primary data 
source for building footprints whenever its coverage exceeded 99 % of 
the district area, which was the case for 77 % of all regions (see Sup
plementary Material S2 for a district-level map). For the remaining re
gions, the World Settlement Footprint (WSF) [38] was used after 
polygonization. To apply the correction and translation factors, the 
respective degree of urbanization was then assigned to each district by 
matching the “GID_2” codes with the urbanization data defined by the 
Global Degree of Urbanisation Classification of administrative units 
(R2023) from the Global Human Settlement Layer (GHS-DUC) [42], 
introduced in Section 2.2. Next, the footprint polygons were each 
assigned a building type (residential/non-residential) based on the 
global raster dataset GHSL-SBUILT-S-NRES [40], analogous to the pro
cessing of the German training footprint data (see Section 2.2). Based on 
the footprint vector data source, the building usage type, and the degree 
of urbanization, the respective footprint-area correction factors were 
applied to each building polygon area in order to obtain realistic foot
print areas. In a subsequent step, ineligible building structures were 
filtered out by geospatially matching them with ineligible building type 
polygons from OpenStreetMaps [41]. The data were downloaded from 
the Geofabrik download server [47]. Such inappropriate building types 

Table 2 
Tilt and azimuth buckets in roof statistics analysis.

Characteristic Buckets

Azimuth North, East, South, West
Tilt 0–10, 10–20, 20–30, 30–40, 40–50, 50–60, >60

2 A public version with a reduced set of attributes is available at https://ethos 
-builda.fz-juelich.de.
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include dams or towers, but also historic castles and abandoned build
ings, or small features such as bus stops. A list of all building and land 
cover types that were deemed irrelevant for the analysis is available in 
Supplementary Material S1. Based on the individual footprint area and 
building usage type, as well as the level of urbanization of the district, 
the respective footprint-to-roof-area and roof-area-to-capacity trans
lation factors were then applied to the corrected building footprint areas 
to derive the roof area and maximum installable RTPV capacity per each 
building polygon. The individual building capacity potentials were then 
aggregated at the district level, separately for residential and non- 
residential structures. Finally, the total district capacity per usage type 
was distributed across the different azimuthal orientations and roof tilts 
according to the representative relative distribution derived from East 
German building data (see Section 2.2) for the respective degree of ur
banization and building usage type.

2.4. Simulating RTPV generation potential of Ukraine

The maximum solar energy yield of RTPV per district, roof slope, and 
azimuth was simulated using the open-source tool RESKit [19]. At the 
centroid of each district shape, 25 representative synthetic solar RTPV 
installations were defined, each representing a combination of roof tilt 
and solar azimuth. For each of the 10◦ roof tilt angle bins (see Table 1), 
the corresponding average tilt value was used for the simulation. The 
capacity of each synthetic plant is equal to the district capacity of the 
corresponding roof tilt and azimuth bin. Roofs with a tilt of less than 10◦

were considered as flat roofs. For such flat roofs, a combination of south- 
facing orientation and location-optimal tilt angle was assumed, the 
latter defined by the RESKit.location_to_tilt() method following Ryberg 
et al. [19]. Each of these 15,725 representative solar plants was then 
simulated in RESKit using ERA-5 weather reanalysis data [43] for hourly 
resolution and long-term average insolation from the Global Solar Atlas 
[44] for spatial disaggregation to 250 m x 250 m cells. Capacity factors 
were simulated for 20 years from 2000 to 2019 and then averaged per 
installation to avoid bias from extreme weather years. The average ca
pacity factors were then used to estimate an average levelized cost of 
electricity (LCOE) for the year 2030. For this purpose, a CAPEX of 705 
EUR/kWp and an OPEX of 9.80 EUR/(kWp*a) were assumed as an 
average of the residential and non-residential RTPV cost estimates 
provided by the Danish Energy Agency for the year 2030 [48]. The 
economic lifetime was assumed to be 20 years and the weighted average 
cost of capital (WACC) was assumed to be 8 % per year. The technical 
parameters of the modules were interpolated for the year 2030 based on 
the 2050 projection of the WINAICO WSx-240P6 PV module defined by 

Ryberg [46].

3. Results

This section presents the factors calculated on the basis of East 
German data and the results of applying these factors to Ukrainian data. 
It includes a detailed assessment of the resulting high-resolution RTPV 
capacity data (Section 3.2) as well as of the electricity generation po
tential (Section 3.3). Furthermore, the supplementary material provides 
a plausibility check for all the above-mentioned aspects, including the 
footprint areas of Ukrainian cities (see Supplementary Material S3).

3.1. Correction and translation factors from East German data

Fig. 4 shows the footprint-area correction factors for GlobalML and 
WSF data, which were calculated based on East German data as 
described in Section 2.2.1. The factors for GlobalML are closer to 1 than 
those for WSF. This indicates that the footprint areas in GlobalML are 
more similar to the actual footprint areas than the areas in WSF, as 1 
would equal a perfect match. For the WSF dataset, the footprint-area- 
correction factors remain below 1, which means that it overestimates 
the footprint areas. The footprint-area correction factors for GlobalML 
lie within a range of 0.86 to 1.07 across all urbanization categories and 
usage type categories. Means increase from rural areas over town & 
semi-dense areas to cities, which shows that the alignment is highest in 
cities, whereas the overestimation of building areas is most pronounced 
in rural areas. As previously mentioned, the footprint-area correction 
factors for the WSF data are lower and lie within a range of between 0.37 
and 0.57. This is attributable to the fact that the WSF data is raster data 
at a resolution of 10x10m. Therefore, it cannot capture the exact extent 
of individual buildings. Instead, an area with smaller buildings might be 
represented by a continuous area of pixels indicating built-up area, 
therefore resulting in larger built-up areas when summing up the area 
covered by the pixels. The separate lower footprint-area correction 
factor counteracts this classification inaccuracy to yield realistic foot
print areas, independent of the data source.

Apart from the footprint-area correction factors, factors for deter
mining the roof area and the RTPV capacity from the footprint area were 
calculated. These factors are illustrated in Fig. 5, grouped by building 
usage type and DUC. The average footprint-to-roof-area translation 
factors lie between 1.08 and 1.23, the total roof area is hence 8–23 % 
larger than the total footprint area. In the case of flat roofs, the factor 
would be 1, i.e., equal to the footprint area. In residential buildings, the 
factor is higher, which is attributable to the higher share of non-flat 

Fig. 4. Footprint-area correction factors calculated based on East German data grouped by DUC and usage type without outliers for a) GlobalML and b) WSF.
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roofs, such as gabled roofs, for this usage type. The same explanation is 
also applicable to lower factor values in cities. Higher shares of apart
ment buildings and multi-family houses entail larger shares of flat roofs, 
which result in a lower footprint-to-roof-area translation factor. The 
factor for deriving RTPV capacity from roof areas falls in the range of 
0.08 kW/m2–0.1 kW/m2.

Finally, the distribution of roof areas by azimuth and tilt was 
determined for East German buildings and is depicted in Fig. 6. Fig. 6 a) 
shows that for non-residential buildings, flat roofs with a tilt of 0-10◦

dominate with a share of 55.9 %, followed by roofs with angles of 10-20◦

with a share of 25.9 %. For residential buildings, flat roofs and roofs with 
a tilt of 40-50◦ are most prevalent with shares of 29.6 % and 25.1 %, 
respectively. Fig. 6 b) shows that the orientation of roof areas is nearly 
independent of the building type, differences in the shares of the ori
entations between residential and non-residential remain below 1.5 
percentage points. Furthermore, roof areas are almost equally distrib
uted between the four orientation categories, with North and South 
orientation together 3.0 and 7.5 percentage points more frequent than 
East and West orientation for residential and non-residential buildings, 
respectively.

3.2. Capacity potential

Ukraine’s RTPV capacity potential was calculated using a bottom-up 
approach at the individual building level (see Fig. 7b) and was found to 
be 238.8 GW, excluding north-facing capacity. The north-facing capac
ity in Ukraine would add another 48.2 GW, increasing the capacity 

potential to 287.0 GW on a total rooftop area of 3052 km2, but is not 
considered as part of the economic potential here. The reason for this are 
high specific costs compared to other azimuthal orientations (see Sup
plementary Material S2), which is why north-facing installations are 
unlikely to be realized, considering the large remaining potential. The 
national capacity pattern is largely consistent with population density, 
with the potential in large cities highlighted in Fig. 7a.

The potential is therefore unevenly distributed across the 27 oblasts, 
with only 2 oblasts (Kyiv incl. surroundings and Donetsk) exceeding 20 
GW regionally, driven by their respective dominating cities and size. The 
oblasts with the largest potential also host the largest cities, namely 
Donetsk, Dnipro, Kyiv, Odesa, Kharkiv and Lviv. Sevastopol ranks last 
with 1.56 GW due to its small size, but the pattern changes significantly 
when capacity is related to oblast area: Especially Kyiv City stands out 
with an exceptionally high potential area capacity density of 6,351 MW/ 
km2, but Sevastopol comes in second with 2,004 MW/km2, whereas the 
remaining oblasts range between 261 and 897 MW/km2. Detailed re
sults per oblast are presented in Supplementary Material S2. The dif
ferences are even more extreme at the district level, where values 
exceeding 16,700 MW/km2 are reached in central Lviv or Odesa, while 
rural districts (raions) may have less than 100 MW/km2. The district 
median is 388 MW/km2 and almost ¾ of all districts are below 1,000 
MW/km2. Local differences are also evident when comparing the dis
tribution of capacity density by degree of urbanization. Urban districts 
contribute more than 21 % of the national RTPV potential, although 
they represent only 15 % of the districts. The median capacity density of 
urban districts, at 5,600 MW/km2, is more than 20 times higher than the 

Fig. 5. Factors for determining a) footprint-to-roof-area translation factor and b) the roof-area-to-capacity translation factor from East German 3D building data. 
Outliers are not displayed.

Fig. 6. Distribution of roof areas in East German buildings by a) tilt and b) orientation (excluding flat roofs with a tilt of 0-10◦).
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median capacity density of rural districts, at 288 MW/km2, and still 
almost 14 times higher than the median capacity density of suburban 
districts, at 403 MW/km2. However, the latter districts are characterized 
by the largest spread due to several outliers up to 8,262 MW/km2, 
resulting in an average capacity density of 1,139 MW/km2, which is 
significantly higher than the median. A plot of the distributions by de
gree of urbanization and a district-level capacity potential map are 
provided in Supplementary Material S2, together with a district- 
resolution map plot of the total capacity potential.

The module orientation follows the statistical distribution of the 
derived roof angles as described in Section 2.2. It should be noted, 
however, that the optimal design for flat roofs is south-facing, which 
increases the south-facing portion to approximately 52 % of the total 
capacity, with the remainder almost evenly distributed between north, 
west, and east orientations.

The methodology for assessing the plausibility of Ukraine’s RTPV 
potential was developed to support the results of this study. To ensure 
the accuracy of the assumptions, data was collected from literature for 
Ukraine, considering various types of buildings such as residential one- 
family houses, residential flats, administrative buildings, and industrial 
buildings. Semenuk [30] estimates the potential for rooftop solar panels 
in Ukraine to be 233.6 GW, based on the country’s residential building 

stock. In the case of individual houses, it is assumed that a RTPV system 
with a capacity of 25.6 kW can be installed on each building based on 
findings of the Ukrainian State Agency for Energy Efficiency and Energy 
Saving [16,30]. In addition, data for apartment blocks have been 
included. The slightly higher total Ukrainian RTPV capacity of 239 GW 
presented in our article aligns very well with Semenuk’s findings, 
although Semenuk excludes municipal and industrial buildings.

Karpchuk et al. [34] developed a methodology that takes into ac
count the system type, urban building distinctions, location for PV sys
tems as well as the technological configuration and parameters of 
different systems. They found that the theoretically achievable potential 
of solar energy is 254 GW, which differs from the results of our publi
cation by only 15 GW.

The potential of RTPV for industry and service sector for Zhytomyr is 
approximately 37.5 MW [16]. Accordingly, the potential of RTPV for 
apartment buildings is approximately 135 MW. The authors also 
assumed that at least half of the private houses in the city can accom
modate a 25.6 kW RTPV, which is the current national average in 
Ukraine. Thus, the theoretically possible potential of rooftop solar in
stallations for private houses is 336 MW. Therefore the total RTPV po
tential of the Zhytomyr city is around 508 MW [16]. Our calculation 
suggests a potential RTPV capacity of around 846 MW for the city. The 

Fig. 7. a. National RTPV capacity distribution raster, including North orientation. Map extract in the bottom left corner shows zoomed-in data of Kyiv. b. Example 
extract for high-resolution capacity results based on GlobalML data for residential (red) and non-residential (blue) buildings in Cherkasy.
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difference can be explained in wide parts by the lower capacity per 
rooftop area assumption of only 50 W/m2 combined with an underes
timation of the industrial rooftop areas due to a manual assessment in 
the Zhytomyr study [16].

The total RTPV potential of the city of Enerhodar is about 86 MW 
[17], of which 21.6 MW comes from municipal buildings. Our analysis 
shows that the RTPV potential of the city is about 74 MW with a roof 
area of 292,980 m2. These slight differences might be explained by 
additional suburbs which were not considered part of Enerhodar city in 
the present assessment.

NREL evaluated the total rooftop solar capacity and annual energy 
production of the cities of Chernihiv and Lviv, Ukraine. The assessment 
included residential, industrial, and commercial buildings. The estima
tion of the total building areas shows a close agreement with the rooftop 
areas in our publication. However, NREL applies a more conservative 
approach to calculating the installation capacity per building area, 
resulting in lower total capacity potentials compared to our work for the 
cities of Chernihiv and Lviv. The total RTPV for Chernihiv is 332 MW 
and for Lviv is 873 MW. The results of our research were 934 MW for 
Chernihiv and 1820 MW for Lviv, with a deviation factor of 2.8 for 
Chernihiv and 2.1 for Lviv. This can be partially explained by the 
exclusion of war damaged areas and the stronger inclusion of shading 
[35].

Not only have entire cities been estimated in terms of their rooftop/ 
built-up area and RTPV potential, but also specific groups of buildings 
for selected cities. According to the “Charitable Foundation Evaluating 
Solar Potential for Municipal Facilities in Ladyzhyn City,” there are 18 
municipal buildings situated within the city limits, including educa
tional institutions such as schools and gymnasiums, that were assessed 
to ascertain the optimal and maximum rooftop potential. The aggregate 
potential of these buildings is estimated to be 1.65 MW [14]. Given that 
the assessment made use only of larger flat and South-facing roof sec
tions, the value aligns well with the findings of this study which yield 
3.9 MW for the whole usable roof area including all azimuths for the 
aforementioned 18 buildings.

3.3. Energy potential

The following subsections present the results of the energy yield 
simulations, starting with the achievable full-load hours before moving 
on to the simulated electricity time-series. Then, cost and total energy 
potentials are discussed before closing with a plausibility check 
subsection.

3.3.1. Annual Full-Load hours
The energy yield of RTPV in Ukraine varies considerably across the 

country (see Fig. 8). It shows the highest yields for sites in Sevastopol on 
the Crimean Peninsula, reaching an average of 1,583 FLH/a, while sites 
in the mountainous climate of the Carpathian Mountains in western 
Ukraine can only reach about 1,178 FLH/a. With the exception of these 
mountainous areas, there is a general increasing trend in full load hours 
from the northwest to the coastal plains in the southeast.

Fig. 9 ranks all 629 Ukrainian districts by their RTPV yield, high
lighting outliers at the low end (Carpathian districts) and high end 
(Western Crimea). The majority of all Ukrainian districts fall between 
1,239 and 1,457 FLH/a (5th-95th percentile) for optimal module loca
tions. In addition to regional differences, the plot also shows large dif
ferences between different azimuthal and tilt orientations. South-facing 
plants with a tilt angle of 30-40◦ are close to the yield-optimal module 
tilt angle, which was found to be between 36.5–39.8◦ across Ukraine. 
The yield decreases with decreasing module tilt angle for south-facing 
systems, at 15◦ tilt angle about 6–7 % less energy can be expected 
compared to the optimal tilt angle. However, even the lowest-yielding 
south-facing systems outperform other azimuthal orientations by an 
average of 136 FLH/a. East and west facing systems perform similarly, 
with a slight advantage for east facing modules. However, unlike south- 
facing systems, the highest yields are associated with the lowest tilt 
angles for east- and west-facing systems, as well as for north-facing 
systems. Here, energy production decreases with increasing tilt angle, 
which is most pronounced for north-facing systems, which lose about 
half of their yield at 50◦ tilt compared to 10◦.

To show inter-annual variations, five representative cities were 
selected to visualize patterns in different regions of the country: Lviv in 
the west, Kharkiv in the northeast, Dnipro in the center, Sevastopol on 
the Crimea, and Odesa in the south. Very similar trends can be observed 
in the central belt from Odesa via Dnipro to Kharkiv, while Lviv in the 
far west and Sevastopol on the Crimea deviate slightly from this pattern 
in some years (see Fig. 10). The annual averages for the shown optimal 
system configurations deviate the least in the coastal regions with a 
variation of about 7 % against 9–14 % in the other sample regions. On a 
national scale, the annual variations between 2000 and 2019 are 
particularly high in the northeast of the country and to a lesser extent 
near the Carpathians (see Supplementary Material S2). For example, 
2007 was a very good solar year everywhere except in the west of the 
country, while 2018 was excellent in most parts of the country, but 
average along the coast in the south. Comparing the annual averages of 
all 15,725 systems in Ukraine with their respective 20-year average FLH 
value, 2002 emerges as the year that is closest to the long-term average 

Fig. 8. National map of full load hours per district for a RTPV system with optimal tilt and azimuth.
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FLH and thus representative of most systems, and also shows minimal 
deviation from the respective long-term average FLH in all systems.

The 20-year national average FLH, when all possible district and 
system configurations are weighted by their energy contribution, is 
1,237 FLH/a (1,184 FLH/a if north orientation is also considered). 1,332 
FLH/a can be achieved on average by south-facing systems only.

To ensure the accuracy of the solar energy potential through 

plausibility checks, national and international publications are 
reviewed, including data from similar countries in Eastern Europe. In 
cases where direct data for Ukraine are not available, the energy po
tential is approximated by using data from Eastern European countries 
and adjusting the figures based on the population of Ukraine (see Sup
plementary Material S3 for more details).

Fig. 9. Achievable full-load hours for every district in Ukraine for different azimuthal and tilt configurations.

Fig. 10. Annual FLH for representative locations and an optimal system configuration over a span of 20 years.
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3.3.2. Electricity production time-series
Apart from the average annual power output, the system configu

rations also differ considerably in their respective power supply time 
series. Fig. 11 shows exemplarily the capacity factor time series of sys
tems with different azimuths and tilt angles in Kyiv. The dash-dotted 
lines indicate an average capacity factor per azimuthal orientation, al
ways for the tilt angle with the higher yield. The upper part of the figure 
shows the hourly time series of a typical summer (a) and winter (b) day 
with very little cloud cover. The south-facing system has a symmetrical 
peak around noon, while the west- and east-facing systems peak in the 
morning and afternoon, when south-facing production is still low. While 
tilt angle has a limited effect on south-facing systems in the summer, the 
effect is much greater on east–west systems, where a 55◦ tilt angle both 
increases yield and shifts the peak to the morning/evening. North-facing 
systems with high tilt angles, on the other hand, have extremely low 
yields and benefit mainly from the morning and evening sun, with lower 
yields around midday. North-facing systems with low tilt angles behave 
similarly to south-facing systems, but with a lower overall yield. The 
average daily yield of the east-facing system even slightly exceeds that of 
the south-facing system in summer, while the west-facing system suffers 
from possible cloudiness around 4 pm. Except for the steep north-facing 
modules, there is no big difference between the average summer ca
pacity factors of the different systems. In winter, however, the south- 
facing systems excel by far, with higher yields at higher inclinations, 
albeit at less than half the average summer capacity factor. The sun rises 
too late and sets too early for east- and west-facing systems to take 
advantage of its morning and evening peaks. This is also reflected in the 

lower part c) of Fig. 11, which shows the average weekly capacity factors 
over the year. The expected seasonal trend of strong summer production 
and weak winter production is clearly visible for all systems. While 
summer yields are fairly similar for all systems except steep north-facing 
modules, south-facing systems perform considerably better in the low 
season between August and late April. Flat east-/west-facing systems 
outperform their steeper tilt counterparts. The annual average capacity 
factor of south-facing systems, especially those with a steep tilt angle, is 
still about 25 % higher than the best east-/west-facing modules.

3.3.3. Cost and energy potential
Applying the simulated full load hours to the above capacity po

tentials results in a total energy potential of 290.1 TWh for RTPV in 
Ukraine, again excluding north-facing systems, which would add 
another 32.6 TWh. 68 % of the electricity could be generated by south- 
facing systems, including flat roof potential, with the remaining 32 % 
split almost equally between east- and west-facing systems. More 
detailed values per oblast can be found in Supplementary Material S2.

93 % of the total potential, including north-facing sites, could be 
realized below 10 Ct€/kWh and 78 % below 8.0 Ct€/kWh by 2030, as 
shown in the cost-potential curve in Fig. 12. These costs should be un
derstood as the marginal levelized cost of electricity (LCOE), without 
any value adjustment to account for the limitations of solar PV tech
nology, such as volatility and lack of reserve or peaking capacity. The 
lowest cost potentials are achieved with south-facing systems, starting at 
around 5.2 Ct€/kWh. Apart from a few initial outliers, the cost increase 
with increasing potential expansion is nearly linear at the national level, 

Fig. 11. Exemplary hourly and annual timeseries for different RTPV system configurations in Ukraine.
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adding about 0.5 Ct€/kWh per 100 TWh of potential expansion, aver
aged between the first and third quartiles. 61 % of the national energy 
potential, well above the pre-war electricity production in 2021, is 
contributed by south-facing systems (including flat roofs). A small step 
in the cost function around 190 TWh indicates the addition of more 
expensive east- and west-facing systems to the mix; costs also increase 
faster for east–west facing systems, averaging 2 Ct€ per 100 TWh/a of 
potential expansion. This is followed by the cheapest energy supply from 
north-facing systems with very low tilt angles at 7.4 Ct€/kWh. Northern 
azimuths start to dominate the additions at around 8.1 Ct€/kWh, 
causing a massive increase in marginal costs to above ca. 9 Ct€/kWh to 
over 20 Ct€/kWh without significant further energy contribution (see 
Fig. 12).

3.3.4. Energy and cost potential validation
The LCOE calculator developed for Ukraine by the Clean Energy Lab 

[48] shows a range of 6.4–8.5 Ct€/kWh for the provincial average LCOE 
under the same CAPEX and discount rate assumptions, which is slightly 
higher than the costs determined in this study for 2030. The PVGIS tool 
[49] of the Joint Research Center of the European Commission yields on 
average about 12 % less electricity production/higher costs for the 
optimal module orientation, with little variation between districts. The 
deviation can be explained by the improved module efficiency, which 
was projected to 2030. The comparisons thus confirm the magnitude of 
the above yield and levelized cost results. According to Joshi et al [28], 
the “non-EU East” countries with a population of 71 million people have 
a total energy potential of 499 TWh/a. Scaling this to the Ukrainian 
population of 42.3 million, the energy potential of Ukraine can be 
estimated to be 294 TWh/a, which is within 10 % of the results of the 
present work with a total value of 322.7 TWh/a. According to Karpchuk 
et al. [34] Ukraine has a technical solar energy potential of 369 TWh/ 
year, which differs from our results by 20 %.

4. Discussion and conclusion

The study introduces a novel approach of combining high-quality 3D 
training data from a similar architectural context with satellite-based 2D 
building footprint data which is available globally at high spatial reso
lution in vector or raster format. The integration of globally available, 
non-residential land use data further improves accuracy and allows to 
consider regional differences in the degree of industrialization. The 
methodology builds upon yet exceeds past assessments focusing on 
scaling potentials mainly via land use classes, population density or 
built-up area percentage alone. The present study stands out due to its 
detailed consideration of factors such as building usage type or local 

degree of urbanization together with roof inclination angles and a very 
high spatial building footprint resolution. Furthermore, the application 
to Ukraine yields results of high geopolitical relevance in a context 
where no detailed bottom-up assessment of rooftop PV potential nor 
openly available data exist at national scale so far.

The study shows that using openly available spatial building foot
print datasets and correcting them to better match actual building 
footprint areas is a useful approach for regions where ground truth data 
is lacking. Microsoft GlobalML is shown to be closer to the official 
building dataset available for Germany in terms of building footprint 
areas. WSF, on the other hand, provides much larger areas due to its 
raster format, which makes it unsuitable to capture exact building 
footprints. Therefore, it is recommended to use Microsoft GlobalML 
whenever possible. However, the coverage of Microsoft GlobalML must 
be carefully evaluated, as it occasionally has gaps. The choice of open 
datasets for the analysis contributes to their reproducibility and trans
ferability. The workflow can be easily adapted to other regions of the 
world.

The RTPV capacity potential of Ukraine is 238.8 GW (excluding 
north-facing roofs), which is slightly more than 4 times the total 
installed electricity generation capacity in Ukraine before the war [1]. 
Due to its dependence on building surfaces, the RTPV potential aligns 
well with the population distribution pattern and consequently with the 
demand centers in Ukraine. Its natural spatial proximity to potential 
users, be they industrial or residential tenants of the respective build
ings, makes it an ideal opportunity for prosumers, thus aligning very 
well with the goal of a decentralized, resilient energy system [1]. The 
total energetic RTPV potential of Ukraine, excluding north-facing sys
tems, is about 290 TWh/a, which is almost double the national pre-war 
electricity production of 155.5 TWh in 2021 [50]. It must be noted that 
it is neither feasible to install PV panels on all roofs nor desirable to 
cover the entire electricity demand of the country through PV. Quanti
fying the potential allows to determine an upper boundary and provide a 
basis on which the role of PV in a future Ukrainian energy system can be 
estimated.

A clear regional trend in full-load hours extends from the northwest 
to the southeast of the country, with solar yields in the northwest and the 
Carpathian Mountains about 25 % lower than in the districts with the 
best potential near the Black Sea coast. However, Ukraine’s solar po
tential is very attractive overall, the FLH range is roughly comparable to 
that of Italy, excluding Sicily and the Alps [52], and even the lowest 
performing regions are still just below the level of the best performing 
regions in Germany [53]. South-facing systems account for over 60 % of 
the total energy potential and are available at LCOEs between 5.2–7.5 
Ct€/kWh in 2030. The LCOE rises sharply above 9 Ct€/kWh, which in
cludes about 91 % of the total potential, including north-facing. 171 
TWh/a and thus slightly more than the equivalent of the pre-war elec
tricity consumption in 2021 [50] can be produced below 6.5 Ct€/kWh. A 
direct cost comparison with other, especially non-volatile, power sour
ces would be inappropriate, as the above LCOE are based on energy only 
and have not been value-adjusted for aspects such as volatility, sea
sonality, or lack of reserve and peaking capacity. Nevertheless, a range 
of typical other electricity generation costs in Ukraine are provided here 
for context. Without value adjustment, the LCOE of solar power in 
Ukraine would be significantly cheaper than electricity from coal (12.4 
Ct€/kWh), nuclear power (10.5 Ct€/kWh) or open cycle gas turbines 
(17.5 Ct€/kWh) in 2021 according to the default values of the LCOE 
calculator tool of the Ukrainian Clean Energy Lab [48], [53]. Combined 
cycle gas turbines have similar LCOE [48], [53] as RTPV, but cannot be 
directly compared due to their heat component. Gas prices in Ukraine 
have continued to rise steadily over the past two decades [54] and are 
unlikely to return to pre-war levels in the near future. However, as 
mentioned above, the limited hourly and seasonal availability of solar 
power must be taken into account, especially as electricity demand in 
Ukraine is much higher in winter [1]. Due to the strong dependence on 
the demand profiles and the available reserve capacity of the electricity 

Fig. 12. Cost-potential curve for RTPV incl. North orientation in Ukraine in 
2030, averaged over 20 weather years.
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grid, the actual value of RTPV for the Ukrainian energy system should be 
addressed in a separate system analysis approach.

The analysis of the hourly time series shows a strong seasonality with 
high summer and low winter production for all regions and system 
configurations. Significant differences between module orientations can 
be observed, with an advantage of east- and west-facing in summer, both 
due to a higher potential yield during the long summer days, when the 
systems benefit from the extreme solar azimuths at sunrise and sunset, 
but also because their peaks occur comparatively early in the morning 
and late in the evening. An east–west orientation, rather than the typical 
south-facing orientation, could therefore allow for higher levels of self- 
consumption and thus greater energy security and reduced grid load, as 
electricity demand rises early in the morning and, depending on the 
season, even peaks in the evening hours before falling sharply at night 
[55]. However, this benefit must be balanced against lower winter (and 
therefore annual) production when the sun rises too late and sets too 
early, making the angle of incidence too steep for the east- and west- 
facing module planes. The positive and negative effects are more pro
nounced at high tilt angles. Depending on battery costs, south-facing 
systems combined with battery storage may still be the better choice 
in terms of seasonality, but a winter trough has to be taken into account 
in any case. North-facing systems have no advantage over other module 
orientations and should be installed at very low tilt angles if the capacity 
is required. If possible, other module orientations should be preferred.

The plausibility check shows that the deviations for the rooftop and 
footprint areas of the Ukrainian cities and individual buildings do not 
exceed 11 % for all cities, with a single outlier of 16 % for the city of 
Poltava. The comparison of the capacity potential shows a very good 
agreement with most of the studies at the national and city level, only 
the city of Zhytomyr showed noteworthy deviations, which can be 
explained by different assumptions and approaches. Also, realistic full 
load hours, energy yield and levelized cost could be demonstrated by 
comparing the energy simulation results with different tool outputs and 
studies. Overall, these results confirm the accuracy of the chosen 
methodology at each step, both at the global level and at the city level.

It should be mentioned that the feasible potential will be consider
ably lower than the technical potential shown in this work. While certain 
groups of buildings deemed unsuitable for RTPV, such as heritage 
buildings, have been removed as part of the analysis (see Supplementary 
Material S1), additional aspects are expected to pose barriers to RTPV 
installations. These include, for example, investment constraints of in
dividual households, workforce shortages, or local demand and grid 
conditions. It is also imperative to mention that due to the ongoing war 
in Ukraine, significant portions of the derived potential cannot be 
developed at the time of writing, either due to occupation, military 
operations, or large-scale war damage to buildings. A temporary 
assessment of the situation in early 2025 based on suggests that about 
79 % of the capacity (226.4 GW) and 78 % of the energy potential 
(250.3 TWh) are currently inaccessible to Ukraine due to active fighting 
or occupation (see Supplementary Material S2). Additional reductions 
would be caused by damage to buildings which was at a country-wide 
13 % average for the residential sector at the end of 2024 according to 
the international Fourth Rapid Damage and Needs Assessment [49]. 
These effects cannot be quantified reliably though, due to the poor data 
availability and the rapidly evolving situation. In the meantime, how
ever, the very high resolution of the open data provided makes it 
possible to assess each region or district separately, allowing the inter
ested user to filter updated potentials based on latest developments in 
the war and to build a resilient power supply system that is less sus
ceptible to centralized attacks. A potential workflow for such an anal
ysis, allowing for the flexible and up-to-date estimation of the extent of 
damage caused by the war and its limiting effect on RTPV in a certain 
region, was developed (see Supplementary Material S4). Using the Rapid 
Damage Mapping Tool [50], high-resolution damage probabilities esti
mated from satellite imagery can be retrieved. Through calibration with 
statistics from UNOSAT [51] on the known damaged area share in one 

region, a damage probability threshold is set, which allows to determine 
the damaged buildings and the share of rooftop area that is lost for RTPV 
in all other regions. In conjunction with the high-resolution capacity 
raster published in this study, the reduction in capacity of the area of 
interest can be calculated. For the example of Volnovakha, an RTPV 
capacity reduction of 21.3 % was calculated, showing that the consid
eration of war damage induced potential reductions is an important 
factor to consider. The workflow can be carried out for any region in 
Ukraine, using the referenced data sources and could be extended and 
automated in future studies.

The results of this first national-scale study in the literature, 
including capacities, energies, and time series, are made available as 
open data at high spatial and temporal resolution. The openly available 
raster dataset with high resolution capacities allows flexible extraction 
of capacities at any customized level of regionalization. This serves as 
valuable information for spatially targeted policy schemes and can be 
used as input for further analysis, supporting the rebuilding of a resilient 
energy system for Ukraine. Due to the high temporal resolution of the 
time series provided for each district and system configuration, it is 
possible to model temporal system aspects and to evaluate different roof 
orientations separately. This can be used, for example, to determine the 
individual system value and possibly subsidies or remuneration schemes 
for RTPV with the goal of a sustainable development in mind as also the 
National Energy and Climate Plan (NCEP) suggests [52]. Also in the 
context of national energy system planning, such detailed RTPV po
tentials can support more informed decision-making towards a resilient, 
decentralized Ukrainian energy system as demonstrated by a recent 
assessment of the International Energy Agency (IEA) [53] which was 
based on the open data provided here. In summary, this study and the 
datasets published with it go far beyond what was available for Ukraine 
in terms of both spatial and temporal resolution to support energy sys
tem modeling and planning, and ultimately to restore a resilient energy 
system in Ukraine.
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[25] Pueblas Núñez R, Kotzur L, FZJ-IEK3-VSA/PASSION. (Mar. 06, 2024). Jupyter 
Notebook. FZJ-IEK3. Accessed: May 06, 2024. [Online]. Available: https://github. 
com/FZJ-IEK3-VSA/PASSION.

[26] Zhang Z, et al. Carbon mitigation potential afforded by rooftop photovoltaic in 
China. Nat Commun 2023;14(1):2347. https://doi.org/10.1038/s41467-023- 
38079-3.
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