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Abstract

In the last two decades, the utilization of solar energy has been growing rapidly worldwide,
mainly due to the increasing adoption of photovoltaic (PV) systems. Since solar energy is
one of the most weather-dependent renewable energy sources, an increasing number of
meteorological studies have focused on PV potential (PVpot) and its projected changes under
global warming. GCM outputs disseminated through the Coupled Model Intercomparison
Project (CMIP) are often applied in energy-related urban climate studies, as they can be
downscaled either statistically or dynamically. It is essential to evaluate raw (not bias-
corrected) GCM data, which helps to determine the uncertainties in the GCM simulations
before downscaling. Despite their coarse resolution, some studies even rely directly on
the GCM grid cell time series to represent individual locations. Accordingly, this study
evaluates 10 CMIP Phase 6 (CMIP6) GCMs with respect to some atmospheric variables
(air temperature, solar radiation, and wind speed, which are the primary drivers of PVpot)
in four lowland grid cells representing four major urban areas in Central and Southeast
Europe: Belgrade (Serbia), Budapest (Hungary), Vienna (Austria), and Prague (Czechia).
The use of solar energy has increased significantly in most of these regions in recent years;
however, it remains less studied than in Western Europe. ERA5 reanalysis is used as the
reference dataset. We analyzed the boreal summer (JJA) days of three overlapping 30-year
time periods: 1971–2000, 1981–2010, and 1991–2020. Our main findings are as follows:
GCMs tend to overestimate solar radiation and underestimate maximum near-surface air
temperature relative to ERA5 in all time periods and in all the four urban areas, which
leads to a significant overestimation of the number of JJA days with high PVpot (PVpot,90).
PVpot,90 is increasing from 1971–2000 to 1991–2020 in the vast majority of GCMs, in all the
four regions. EC-Earth3 and its different configurations (EC-Earth3-Veg, EC-Earth3-CC)
are considered the most accurate GCMs relative to ERA5.

Keywords: photovoltaic potential (PVpot); Central and Southeast Europe; Coupled Model
Intercomparison Project Phase 6 (CMIP6); general circulation models (GCMs); reanalysis
datasets; ERA5; ERA5-Land; GCM evaluation
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1. Introduction
Due to rising prices and the depletion of fossil fuels, as well as the need to meet climate

protection goals such as those outlined in the Paris Agreement [1], renewable energy sources
are gaining increasing importance [2]. For example, the commitment of the European Union
(EU) to renewable energy is evident in its target to achieve a 42.5% share of renewables in
its energy mix by 2030 according to the Renewable Energy Directive EU/2023/2413 [3].
Solar energy is the most abundant renewable resource worldwide, which can be utilized to
some extent in all regions of the Earth, including the polar regions [4,5].

In recent years, significant developments in solar energy have taken place worldwide.
In 2024, the photovoltaic (PV) sector recorded another year of unprecedented growth [6].
According to the latest International Renewable Energy Agency (IRENA) report [7], the
global installed PV capacity exceeded 1.8 TW in 2024, with Asia and Europe as the two
leading markets, accounting for approximately 60% and 20% of the global PV capacity,
respectively. In 2024, Germany, Spain, and Italy were the leading European countries in
the use of solar energy [7]. However, the PV market is also emerging in the eastern part
of Central Europe. In 2024, the installed PV capacity reached 8.5 GW in Austria, 4.2 GW
in Czechia, and 7.7 GW in Hungary [7]. Hungary—where solar energy can theoretically
generate the highest amount of the renewable electricity [8]—has the highest share of PV
electricity in the electricity mix globally (24.6%) [6]. Meanwhile Austria and Hungary rank
3rd and 9th, respectively, in installed PV capacity per capita among the EU-27 member
states [9]. According to governmental energy strategies, Czechia, Hungary, and Austria
have ambitious plans to further increase installed PV capacity in the near future: to 7 GW
by 2030 in Czechia [10], and to 12 GW by 2030 in Hungary [11]. In Austria, achieving
carbon neutrality would require increasing installed PV capacity to 41 GW by 2040 [12].
Serbia, a non-EU country, also plans to increase its installed PV capacity [13]. Therefore,
assessing PV potential (PVpot) in Central and Southeast Europe is an important task.

PV systems exhibit vulnerability to climate change impacts, such as changes in the
mean values of atmospheric variables (i.e., near-surface air temperature (tas), surface
downwelling shortwave radiation (rsds), near-surface wind speed (wsp), and near-surface
humidity), making the assessment of their performance under changing climatic condi-
tions an important research topic in the field of renewable energy [14]. For that purpose,
analyzing outputs from different generations of general circulation models (GCMs) dissem-
inated through the different phases of the Coupled Model Intercomparison Project (CMIP)
has gained increasing popularity in recent years. Several studies have assessed PVpot on
global or continental scales by analyzing GCM simulation outputs from CMIP3 [15,16],
CMIP5 [17], and CMIP6 [18,19]. On a global scale, [20] compared CMIP5 and CMIP6 simu-
lation outputs under various future scenarios and found that CMIP6 GCMs show slightly
better performance than their previous versions in CMIP5. At the regional scale, [21,22]
explored CMIP6 projections for China, while [23] focused on Northern Europe. GCMs are
also used to analyze PVpot for individual locations, such as the Canary Islands [24].

While numerous previously mentioned studies have discussed PVpot analysis, the
majority have concentrated on the future trends and paid relatively little attention to the
validation of PVpot. For example, [18] found that CMIP6 GCMs underestimate tas, slightly
overestimate rsds and underestimate wsp in Central Europe compared to ERA5, but they did
not mention the evaluation of PVpot itself. There are several studies evaluating atmospheric
variables in GCM simulations. According to [25], CMIP6 GCMs underestimate maximum
near-surface air temperature (tasmax) in Europe compared to ERA5 reanalysis. Li et al. [26]
assessed the surface energy budget of CMIP6 GCMs at the regional scale and found that
most GCMs overestimate rsds in Eurasia. He et al. [27] found that GCMs overestimate
rsds in Europe mainly in summer, and that the EC-Earth3 and its different configurations
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(EC-Earth3-Veg and EC-Earth3-CC) showed the best agreement with rsds measurements.
The study by [28] showed a lack of agreement among CMIP6 GCM simulations in repre-
senting wsp over Europe, with some GCMs overestimating and others underestimating
the observed values. In contrast, [29] found a clear underestimation of wsp by the CMIP6
GCMs in Europe.

GCMs cannot reliably reproduce regional climate; therefore, GCMs are often the
subject of statistical or dynamical downscaling, e.g., Ref. [30]. Machine learning-based
downscaling methods are already well established in renewable energy research [31]. How-
ever, in some cases, biases inherent in the driving of GCMs can propagate into downscaled
simulations, as errors may be transferred from the coarse GCM grid to the finer regional
grid [32]. In other cases, GCM and RCM tendencies may differ from each other [30]. Conse-
quently, choosing the best-performing GCMs relative to a reference dataset is also essential
for downscaling.

Since there are a limited number of climatological studies on PVpot in the eastern part
of Central Europe, see, e.g., Refs. [21,33,34] and in Southeast Europe [35], this study aims to
analyze raw time series at a small number of GCM grid cells in this region. These grid cells
are characterized by relatively similar low-elevated topography (thus, terrain smoothing
by GCMs is less important) and climatic conditions, corresponding to the Cfa/Dfa (humid
subtropical/hot-summer humid continental) and the Cfb/Dfb (temperate oceanic/warm-
summer humid continental) climate types according to the Köppen–Geiger classification.
GCM simulation outputs are examined over 30-year time periods between 1971 and 2020 to
assess the ability of the GCMs to reproduce meteorological variables that primarily affect
PVpot. The most accurate GCMs relative to the ERA5 reanalysis will be selected as potential
candidates for future dynamical downscaling.

The paper is organized as follows: Section 2 describes the study locations, the data,
and the methods used in this study; Section 3 presents our results, including the evaluation
of the temporal variability of the meteorological variables (tasmax, rsds, and wsp) and
PVpot. Section 4 presents the discussion and conclusions, along with suggestions for
future research.

2. Materials and Methods
2.1. The Study Locations

The selected GCM grid cells located in lowland areas cover densely populated ur-
ban areas. For simplicity, each selected GCM grid cell is hereafter referred to by the
name of the major city located within it. However, a GCM grid cell—covering an area of
1.25◦ × 1.25◦—cannot be considered to accurately represent the city itself. The coordinates
and labels of the GCM grid cells from southeast to northwest are as follows: 44.75◦ N and
20.5◦ E, Belgrade (Serbia), 47.5◦ N and 19◦ E, Budapest (Hungary), 48.25◦ N and 16.5◦ E,
Vienna (Austria), and 50◦ N and 14.5◦ E, Prague (Czechia), as shown in Figure 1. Belgrade
and Budapest have Cfa/Dfa climate types, while Vienna and Prague have Cfb/Dfb climate
types according to the Köppen–Geiger classification.

Because the selected grid cells are located in lowlands, there is no distortion due to
terrain smoothing by GCMs. This approach helps to avoid masking meaningful spatiotem-
poral variability. Furthermore, the selection of the GCM grid cells minimizes the influence
of complex, mountainous terrain that cannot be adequately resolved by GCMs.

All selected locations are characterized by transitional climatic position between At-
lantic maritime influences from the west and continental air masses from Eastern Europe
and Eurasia. This transitional setting results in seasonal variability in temperature, precipi-
tation, and shortwave solar radiation, which are further modified by local topography and
urban effects [36]. These metropolitan areas show the climatic gradient within Central and

https://doi.org/10.3390/urbansci10040204

https://doi.org/10.3390/urbansci10040204


Urban Sci. 2026, 10, 204 4 of 20

Southeast Europe, from increasingly continental and subtropical influences in Belgrade and
Budapest to more oceanic conditions in Vienna and Prague. This climatic gradient strongly
influences regional climate variability and sensitivity to climate change, particularly with
respect to rising temperatures and changing precipitation regimes observed over recent
decades [37].

Belgrade is located further southeast, at the confluence of the Sava and Danube rivers,
where continental and subtropical influences overlap. This is the warmest and wettest
metropolitan area in the study, with an average temperature of ~23 ◦C in July and annual
precipitation of ~700 mm. Precipitation maxima typically occurring in late spring and early
summer. The area experiences more than 2000–2100 sunshine hours annually, which is
the highest value among the four locations [38]. Budapest is situated in the central part of
the Carpathian Basin. Precipitation has a summer maximum linked to convective activity,
while the annual total of sunshine duration exceeds 2000 h [39].

Vienna is located at the eastern margin of the Alps, along the Danube Valley, where
Atlantic and continental influences interact. Summers are moderate, and precipitation is
distributed evenly throughout the year. The sunshine duration is approximately 1900 h
annually [40]. Prague is located in the Bohemian Basin. Precipitation maxima occur in
summer and are linked to frontal and convective systems. The annual sunshine duration in
Prague is ~1700 h [41], which is the lowest value among the four locations.

 
Figure 1. Topography map of Central and Southeast Europe based on GMTED2010 elevation
data (m) [42]. The four examined GCM grid cells are indicated by red squares. For simplicity, these
are referred to by the names of the major cities located within them, which are marked with red dots.

2.2. Data
2.2.1. CMIP6 GCMs

Daily data of the 10 GCMs from CMIP6 [43] were downloaded for the time period
1971–2020 from the ESGF node (https://esgf-node.ornl.gov/; last accessed on 30 January
2026). The list of GCMs can be found in Table 1.

Only GCMs with a horizontal resolution finer than 1.25◦ × 1.25◦ were included
in the analysis. The GCM outputs were bilinearly interpolated to the exact geographic
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coordinates of the four selected locations (labelled as Belgrade, Budapest, Vienna, and
Prague), obtaining one time series per location. These four time series were examined in
this study.

The following three overlapping 30-year time periods were examined: 1971–2000,
1981–2010, and 1991–2020. For this purpose, historical GCM simulation outputs were
used between 1971 and 2014. Although, the historical time period extends to 2014 for the
CMIP6 GCMs, the current climatical normal is 1991–2020 [44]. Therefore, SSP2-4.5 and
SSP5-8.5 [45] simulation outputs were applied for the time period 2015–2020. Accordingly,
two versions of the 1991–2020 time period are considered hereafter referred to as 1991–2020
(SSP2-4.5) and 1991–2020 (SSP5-8.5). Only boreal summer days were considered in the
analysis, corresponding to June, July, and August (30 + 31 + 31 = 92 days), hereinafter
referred to as JJA days, resulting in a total of 92 × 30 = 2760 daily values for each time
period and for each city.

The following variables were examined (their short names and units are given in
parentheses): the maximum near-surface air temperature (tasmax, K; converted to ◦C),
the surface downwelling shortwave radiation (rsds, W/m2), and the eastward and the
northward near-surface wind components (uas and vas, m/s). Near-surface wind speed
(wsp, m/s) was calculated as the square root of the sum of the squared wind components
according to Equation (1):

wsp =
√

uas2 + vas2. (1)

Table 1. List of the GCMs and their components used in this study. The number of vertical levels
is in parentheses regarding the atmospheric and ocean model components. This information was
obtained from the metadata of the GCM NetCDF files and from the CMIP6 source ID repository (https:
//wcrp-cmip.github.io/CMIP6_CVs/docs/CMIP6_source_id; last accessed on 30 January 2026).

GCM Developer
Original Horizontal

Resolution
(Lat × Lon)

Model Components

Atmospheric Aerosol Atmospheric
Chemistry

Land
Surface

Land
Ice Ocean Ocean

Biogeochemistry
Sea
Ice

BCC-CSM2-MR
[46] CHN ~1.12◦ × 1.13◦ BCC-AGCM3-

MR (46) - - BCC_AVIM2 - MOM4
(40) - SIS2

CMCC-CM2-SR5
[47] ITA ~0.94◦ × 1.25◦ CAM5.3

(30) MAM3 - CLM4.5
(BGC mode) - NEMO3.6

(50) - CICE4.0

CMCC-ESM2
[48] ITA ~0.94◦ × 1.25◦ CAM5.3

(30) MAM3 - CLM4.5
(BGC mode) - NEMO3.6

(50) BFM5.1 CICE4.0

EC-Earth3
[49] EU ~0.7◦ × ~0.7◦ IFS cy36r4

(91) - - HTESSEL - NEMO3.6
(75) - LIM3

EC-Earth3-Veg
[49] EU ~0.7◦ × ~0.7◦ IFS cy36r4

(91) - - HTESSEL,
LPJ-GUESS v4 - NEMO3.6

(75) - LIM3

EC-Earth3-CC
[49] EU ~0.7◦ × ~0.7◦ IFS cy36r4

(91) - TM5 HTESSEL,
LPJ-GUESS v4 - NEMO3.6

(75)
PISCESv2 LIM3

GFDL-CM4
[50] USA 1◦ × 1.25◦ GFDL-

AM4.0.1 (33)
inter

active - GFDL-
LM4.0.1

GFDL-
LM4.0.1

GFDL-OM
4p25 (75)

GFDL
BLINGv2

GFDL-
SIM4p25

GFDL-ESM4
[51] USA 1◦ × 1.25◦ GFDL-

AM4.1 (49)
inter-
active

GFDL-ATM
CHEM4.1

GFDL-
LM4.1

GFDL-
LM4.1 GFDL-OM

4p5 (75)
GFDL-

COBALTv2
GFDL-

SIM4p5

MPI-ESM1-2-HR
[52] GER ~0.94◦ × ~0.94◦ ECHAM6.3

(95)
prescribed
MACv2-SP - JSBACH

3.20

none/
pre-

scribed

MPIOM
1.63 (40) HAMOCC6 unnamed

MRI-ESM2-0
[53] JPN ~1.12◦ × 1.13◦ MRI-AGCM

3.5 (80)
MASINGAR

mk2r4
MRI-

CCM2.1 HAL1.0 - MRI.COM4.4
(61)

MRI.
COM4.4

MRI.
COM4.4

2.2.2. Reanalysis Datasets: ERA5 and ERA5-Land

ERA5 [54] was used as the reference dataset, and ERA5-Land [55] was also evaluated
against it. ERA5 is the fifth-generation atmospheric reanalysis produced by ECMWF
within the Copernicus Climate Change Service. It provides a globally consistent dataset
of atmospheric, land, and ocean variables by combining numerical weather prediction
models with a wide range of observations. ERA5 has a horizontal resolution of about 31 km
(0.25◦), covers the time period from 1950 to present, and is available at hourly and daily
temporal resolutions. Daily values were downloaded from https://cds.climate.copernicus.
eu/datasets/derived-era5-single-levels-daily-statistics (last accessed on 30 January 2026).

ERA5-Land is a land-only reanalysis dataset derived from ERA5, designed to provide
a more detailed representation of land-surface processes. ERA5-Land uses the same atmo-
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spheric forcing as ERA5 but is produced with an enhanced land surface model. ERA5-Land
has a higher spatial resolution of approximately 9 km (0.1◦) and focuses on variables such
as soil moisture, soil temperature, snow, evaporation, and surface fluxes. Like ERA5, ERA5-
Land is available at daily resolution from https://cds.climate.copernicus.eu/datasets/
derived-era5-land-daily-statistics (last accessed on 30 January 2026).

For each city, the nearest grid cell and its surrounding neighbours were selected, and
their spatial mean values were calculated. By computing these spatial means, representative
time series were obtained for the areas comparable to the GCM grid cells (1.25◦ × 1.25◦)
derived from the interpolated GCM outputs.

The following ERA5/ERA5-Land variables were downloaded, corresponding to the
variables available for the GCMs: the maximum air temperature at 2 m based on the
hourly air temperature at 2 m (t2m, K), the surface downwelling shortwave radiation (ssrd,
originally provided in J/m2), and the eastward and northward wind components at 10 m
(u10 and v10, m/s). The variables u10 and v10 were compared with the corresponding
GCM variables uas and vas. Wind speed (wsp) was calculated according to Equation (1).
The variables ssrd and t2m were converted to W/m2 and ◦C, respectively, to ensure compa-
rability with rsds and tasmax. Henceforth, the abbreviations tasmax, rsds, uas, and vas will
be used for the atmospheric variables.

Climate Data Operator (CDO; https://code.mpimet.mpg.de/projects/cdo; last ac-
cessed on 30 January 2026) software (version 2.5.0) was used for data preprocessing, while
all subsequent data analysis and visualization were conducted in R programming lan-
guage [56].

2.3. Evaluation Methods for GCMs
2.3.1. Distribution-Based GCM-Evaluation Using Daily Atmospheric Variables
Influencing PVpot

At first, a probability distribution-based comparison was carried out between the
GCMs and the ERA5-Land relative to ERA5 for each calendar day (N = 92 days for JJA), for
each atmospheric variable, location, and time period. For each calendar day, empirical dis-
tributions were constructed from the corresponding 30-year time series. The distributions
of the GCM simulations and the reanalyses were then compared using the Wasserstein
distance of order 1 (W1) [57] defined by Equation (2) as follows:

W1(FN , GN) =
∫
R

|FN(x)− GN(x)|dx, ∀x ∈ R, (2)

where FN and GN denote the empirical cumulative distribution functions (ECDFs) of the
GCM simulations (or ERA5-Land) and ERA5, respectively. All observations were equally
weighted in the ECDFs.

In general, the Wasserstein distance measures the “optimal transport cost” required
to transform one distribution into another [58]. Thus, the value of zero indicates perfect
match with the distribution of ERA5. The Wasserstein distance was computed using the
wasserstein1d function implemented in the R package transport [59].

The comparison of the distributions resulted in a total of 92 distance matrices, corre-
sponding to the 92 JJA days, for each variable, location, and time period. To summarize
these results, the Wasserstein distances were averaged over the 92 JJA days for each GCM–
ERA5 and ERA5-Land–ERA5 comparison.
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2.3.2. Mean Seasonal Courses-Based GCM-Evaluation of Daily Atmospheric Variables
Relevant to PVpot

The mean seasonal (JJA) courses of the atmospheric variables were examined by
computing the mean values for each JJA day over the 30-year time periods, hereinafter
referred to as mean daily values. This procedure provides time series for each GCM
and reanalysis consisting of 92 values for each variable, location, and time period. The
mean seasonal courses of the GCMs and the ERA5-Land were compared against the ERA5
computing Pearson correlation coefficients (r) and the ratio of standard deviations (sd ratio).
The latter is defined as the ratio of the standard deviation of the given GCM (or ERA5-Land)
time series to the standard deviation of ERA5.

The r compares the shape of the mean seasonal courses of the GCMs (and the ERA5-
Land) against the ERA5, where r = 1 means perfect (linear) correlation, while r = –1 means
perfect inverse (linear) correlation. The sd ratio quantifies the variability of the mean
seasonal courses. If sd ratio = 1 for a given GCM or the ERA5-Land, then it captures the
same variability as ERA5. Both r and the sd ratio are dimensionless; therefore, those are
directly comparable across variables, despite the variables having different physical units.

2.3.3. PVpot-Based GCM-Evaluation

The mean daily PVpot values were calculated from the mean daily values of tasmax,
rsds, and wsp for monocrystalline silicon PV module using the energy rating method based
on Equation (3) [60]:

PVpot = PR·
rsds [W/m2]

1000 [W/m2]
. (3)

The rsds (W/m2) represents the surface downwelling shortwave radiation reaching PV
modules under field conditions. The rsds is divided by 1000 W/m2, i.e., the rsds incidents
on the PV module under standard test conditions (STC). The PR (performance ratio) is a
dimensionless metric that can be calculated using Equation (4):

PR = 1 − γ[◦C−1]·(Tcell [
◦C]− 25[◦C]), (4)

where Tcell is the temperature of the PV module under field conditions (◦C), from which
25 ◦C—corresponding to the Tcell under STC—is subtracted. The γ is an efficiency fac-
tor [61], whose value for monocrystalline silicon PV module is 0.005 ◦C−1.

The Tcell was calculated based on the regression formula (Equation (5)) provided by
TamizhMani et al. [62] for monocrystalline silicon PV module:

Tcell = 0.942·Ta [◦C] + 0.028[◦C·W−1·m2]·rsds
[
Wm−2]

−1.509[◦C·m−1·s]·wsp
[
m·s−1]+ 3.9[◦C],

(5)

where Ta denotes air temperature, for which tasmax is used in this study.
In this study, PVpot was used as a simplified climate-based indicator to compare GCMs

against the reference dataset (ERA5), rather than as an estimate of actual PV electricity
production. This means that Equations (3)–(5) do not account for site-specific factors
affecting the actual PV electricity production, such as inverter losses, panel inclination,
panel orientation, spectral response, or system configuration. The PVpot formulation is
intended to capture the influence of key meteorological variables (tas or tasmax, rsds, and
wsp) on PV performance.

According to Equations (3)–(5), PVpot increases with increasing rsds and PR. The PR

increases with decreasing Ta. Higher rsds—e.g., due to reduced cloud cover or lower aerosol
concentration—generally enhances PVpot; however, rsds also increases Tcell, which leads
to a reduced PR; therefore, lower PVpot. The wsp lowers Tcell, consequently, increasing wsp
increases PVpot.
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Finally, the GCMs were evaluated based on the number of days with high PVpot

(PVpot,90) following the concept of Feron et al. [17]. To calculate PVpot,90, the base value was
defined as the 90th percentile of the 92 ERA5 mean daily PVpot values for 1971–2000, for
each location. The mean daily PVpot values from the GCMs and ERA5-Land were compared
against these location-specific base values for each time period. If the PVpot values exceed
the base value on more (less) than 10 days within the selected time period and location,
the given GCM or ERA5-Land overestimates (underestimates) the frequency of PVpot,90

relative to ERA5 (1971–2000). Thus, the base value is fixed for each location as the 90th
percentile of the 92 ERA5 mean daily PVpot values for 1971–2000.

3. Results
3.1. GCM-Performance Based on Distributions of Daily Atmospheric Variables Relevant to PVpot

Differences between the probability distributions of daily atmospheric variables de-
rived from the GCMs (and ERA5-Land) relative to ERA5 were quantified using Wasserstein
distance of order 1. These distances were computed for each calendar day (JJA) and
subsequently averaged over the 92 JJA days for each time period and location.

According to Figure 2, no distinct improvement or deterioration in GCM performance
relative to ERA5 can be identified over time. In cases of tasmax and rsds, Wasserstein
distances remain broadly similar across the analyzed time periods, indicating that the
agreement between GCM simulations and ERA5 does not change substantially over time
(Figure 2a,b). However, a slight improvement can be observed for uas and vas during
1981–2010 compared to the other time periods (Figure 2c,d). In addition, GCM performance
is very similar for the two scenarios in the most recent time period (1991–2020 SSP2-4.5
and SSP5-8.5).

Spatial differences among the four locations are more pronounced than temporal
differences. However, no systematic patterns are observable with respect to the variables,
except for rsds. The Wasserstein distances for rsds tend to decrease from southeast to
northwest across the four locations (Figure 2b). Wasserstein distances have similar ranges
for uas and vas; however, even individual GCMs do not exhibit consistent performance
between uas and vas across the locations (Figure 2c,d).

Based on the magnitude of the Wasserstein distances for tasmax and rsds, ERA5-Land
shows greater similarity to ERA5 than the GCM simulations (Figure 2a,b). This advantage
of the ERA5-Land is less pronounced for uas and vas (Figure 2c,d).

Table 2 summarizes the mean Wasserstein distances of the 10 GCMs relative to ERA5 to
evaluate GCM performance. The relatively stable values across the analyzed time periods
indicate that the differences between the GCM simulations and the ERA5 remain constant
over time.

Figure 3 presents the GCM rankings relative to ERA5, quantified by Wasserstein
distances averaged over the time periods 1971–2000, 1981–2010, and 1991–2020 (SSP2-4.5)
across the four locations. Since the aim of this study was to identify GCMs with relatively
high skill in reproducing PVpot, no formal statistical significance tests were performed
to assess whether the Wasserstein distances of individual GCMs (or ERA5-Land) differ
significantly from each other. Instead, the Wasserstein distances were used to indicate the
relative position of the GCMs in terms of their similarity to ERA5.

For tasmax and rsds, the GCMs can visually be divided into two groups exhibiting
higher and lower accuracy relative to ERA5 (Figure 3a,b). For uas and vas, GCM rankings
are highly inconsistent across the two variables (Figure 3c,d). Despite the absence of a single
outstandingly accurate GCM, EC-Earth3 and its different configurations (EC-Earth3-Veg,
EC-Earth3-CC) are among the most accurate GCMs. The two reanalyses exhibit the highest
degree of similarity to each other for all variables, consistent with the individual cases
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presented in Figure 2. The Wasserstein distances and GCM rankings remain very similar
when 1991–2020 (SSP5-8.5) is used as the final averaging time period (see Figure S1a–d).

 
(a) (b) 

 
(c) (d) 

Figure 2. Wasserstein distance values averaged over the 92 JJA days of the GCMs and ERA5-Land
relative to ERA5 for locations labelled as Belgrade, Budapest, Vienna, and Prague, for the time periods
1971–2000, 1981–2010, 1991–2020 (SSP2-4.5), and 1991–2020 (SSP5-8.5), for (a) maximum near-surface
air temperature (tasmax), (b) surface downwelling shortwave radiation (rsds), (c) eastward near-
surface wind (uas), and (d) northward near-surface wind (vas) components. The colour categories are
comparable across the four variables only in terms of being defined by the same number of intervals.
However, Wasserstein distance values are directly comparable between uas and vas because their
physical units are the same. The similarity of the distributions decreases from yellow to red shades.

Detailed rankings relative to ERA5 based on Wasserstein distance for each variable,
time period, and location—corresponding to Figure 2—are provided in Figure S1. It must
be emphasized that differences between the top-performing GCMs in Figures 3 and S1 are
relatively small. Therefore, the ranking primarily indicates the GCMs with relatively high
skill and it should not be interpreted as a definitive performance order.
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(a) (b) 

 
(c) (d) 

Figure 3. GCM rankings based on the mean Wasserstein distances between the distributions of daily
atmospheric variables of the GCMs relative to ERA5 for (a) maximum near-surface air temperature
(tasmax), (b) surface downwelling shortwave radiation (rsds), (c) eastward near-surface wind (uas),
and (d) northward near-surface wind (vas) components. ERA5-Land was also included in the ranking.
The Wasserstein distances were averaged over three time periods: 1971–2000, 1981–2010, and 1991–
2020 (SSP2-4.5), across four locations labelled as Belgrade, Budapest, Vienna, and Prague.

Table 2. Mean Wasserstein distances of the 10 GCMs relative to ERA5 for each time period and
location. The spatial mean was computed based on the four locations, while the temporal mean was
computed based on the time periods 1971–2000, 1981–2010, and 1991–2020 (SSP2-4.5). Similar results
were obtained when 1991–2020 (SSP5-8.5) was used instead of 1991–2020 (SSP2-4.5).

Variables Time Period Belgrade Budapest Vienna Prague Spatial Mean

tasmax
[◦C]

1971–2000 2.4 2.1 2.4 2.5 2.4

1981–2010 2.5 2.1 2.4 2.6 2.4

1991–2020 (SSP2-4.5) 2.6 2.1 2.3 2.6 2.4

1991–2020 (SSP5-8.5) 2.5 2.1 2.3 2.6 2.4

Temporal mean 2.5 2.1 2.4 2.6

rsds
[W/m2]

1971–2000 36 34 31 31 33

1981–2010 35 33 30 29 32

1991–2020 (SSP2-4.5) 35 34 30 28 32

1991–2020 (SSP5-8.5) 34 33 29 28 31

Temporal mean 35 33 30 29
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Table 2. Cont.

Variables Time Period Belgrade Budapest Vienna Prague Spatial Mean

uas
[m/s]

1971–2000 0.7 0.8 0.9 0.8 0.8

1981–2010 0.6 0.7 0.7 0.7 0.7

1991–2020 (SSP2-4.5) 0.6 0.8 0.8 0.8 0.8

1991–2020 (SSP5-8.5) 0.6 0.8 0.8 0.8 0.8

Temporal mean 0.6 0.8 0.8 0.8

vas
[m/s]

1971–2000 0.8 0.8 0.8 0.6 0.8

1981–2010 0.7 0.7 0.7 0.6 0.7

1991–2020 (SSP2-4.5) 0.8 0.9 0.9 0.6 0.8

1991–2020 (SSP5-8.5) 0.8 0.9 0.9 0.6 0.8

Temporal mean 0.8 0.8 0.8 0.6

3.2. GCM-Performance Based on Mean Seasonal Courses of Daily Atmospheric Variables

The mean seasonal (JJA) courses of ERA5, ERA5-Land, the 10 GCMs, and the GCM-
ensemble mean are presented for each variable, location, and time period in Figure S2.
In general, the GCMs tend to underestimate tasmax at locations labelled as Vienna and
Prague in all time periods (Figure S2a), while overestimation is observable for rsds in all
four locations and time periods (Figure S2b). The GCMs tend to underestimate uas and vas
in all locations and time periods except in 1981–2010 (Figure S2c,d).

According to Figure S2, the shape and variability of the mean seasonal courses show
considerable similarity over time and across locations. These characteristics are quantified
by the Pearson correlations coefficient (r) and the ratio of standard deviations (sd ratio)
as shown in Figure 4, thereby enabling the comparison of the GCM performance across
variables. In general, the shape of the mean seasonal courses of the GCMs and ERA5-Land
is the most similar to ERA5 for tasmax and rsds (r ∼= 0.6–0.8 in 1971–2000, 1981–2010, and
r ∼= 0.4–0.8 in 1991–2020; Figure 4a,b. (For rsds the mean seasonal courses largely overlap;
Figure S2b) Meanwhile substantially weaker (r < 0.5) or even negative correlations are
found for uas and vas (Figure 4c,d).

The sd ratio mostly exceeds 1.2 for rsds and tasmax, indicating larger variability in
the GCMs relative to ERA5 in 1971–2000 and 1981–2010 (Figure 4a,b). However, in case
of tasmax and vas, the sd ratio decreases below 1 for the last time period, which is more
pronounced for 1991–2020 (SSP5-8.5). The spread of the GCMs for tasmax and uas increases
over time, while the largest inter-location differences are observed for uas and vas.

According to Figure 4, with respect to individual GCM performance, EC-Earth3, EC-
Earth3-Veg, and EC-Eearth3-CC are among the most accurate GCMs (r ∼= 0.6–0.8, sd ∼= 1–1.4)
relative to the ERA5 for rsds. However, for tasmax, the sd ratio decreases below 1 in
1991–2020. Consequently, GCMs may reproduce that variable more accurately in 1981–2010
than in the time periods 1971–2000 and 1991–2020. This can explain why Wasserstein
distances in Figure 2 were smaller for uas and vas in 1981–2010 than for the preceding and
succeeding time periods. Besides EC-Earth3 and its different configurations, GFDL-ESM4
and GFDL-CM4 perform relatively well for tasmax and vas, respectively. The 10 GCMs
reproduce the mean seasonal course of uas the least accurately. Consistent with the findings
in Section 3.1, no single GCM outperforms the others simultaneously across all variables,
locations, and time periods.

According to Figure 4, the r values of the GCM ensemble mean are similar to those
of the best performing individual GCMs. However, its sd ratio is typically below 1, as
ensemble averaging reduces the amplitudes of the variability.
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(a) (b) 

 
(c) (d) 

Figure 4. Pearson correlation coefficients (r) and the ratio of standard deviations (sd ratio) based on the
mean seasonal (JJA) courses for maximum near-surface air temperature (tasmax), surface downwelling
shortwave radiation (rsds), eastward near-surface wind (uas), and northward near-surface wind (vas)
components for (a) 1971–2000, (b) 1981–2010, (c) 1991–2020 (SSP2-4.5), and (d) 1991–2020 (SSP5-8.5),
for all locations (denoted by different symbols). The dashed lines show the perfect agreement with
the ERA5 (reference dataset).

The mean seasonal courses of ERA5 and ERA5-Land are very similar (Figure S2), with
the largest discrepancies observed for uas and vas (Figure 4).

3.3. GCM-Performance Based on PVpot

The mean seasonal courses of PVpot are shown in Figure S3. In most cases, the GCM
simulations produce higher PVpot values than ERA5, indicating a tendency to overestimate
PVpot. In contrast, the differences between the PVpot values for the ERA5 and ERA5-Land
are negligibly small, resulting in almost overlapping courses in Figure S3.

According to Equation (3), PVpot is a dimensionless ratio varying within a relatively
small range (0.13–0.32) for all time periods and locations. Consequently, to get physically
interpretable values, the number of days with high PVpot (PVpot,90) was assessed.
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Figure 5 summarizes the relative changes in PVpot,90 compared with the PVpot,90

obtained from ERA5 for 1971–2000 (base value) for each location. For 1971–2000, the values
obtained from the GCM simulations and ERA5-Land indicate how accurately PVpot,90 is
reproduced relative to ERA5. A value of 0% would indicate perfect agreement with ERA5.

 
(a) (b) 

(c) (d) 

Figure 5. The relative changes in the number of days with high PVpot (PVpot,90) compared with the
ERA5 PVpot,90 values in 1971–2000 (base value) for the locations labelled as (a) Belgrade, (b) Budapest,
(c) Vienna, and (d) Prague, and for the time periods 1971–2000, 1981–2010, 1991–2020 (SSP2-4.5), and
1991–2020 (SSP5-8.5).
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ERA5-Land reproduces the ERA5 values almost perfectly for Belgrade, Vienna, and
Prague (Figure 5a,c,d), while a small underestimation is observed for Budapest (−3%). In
contrast, all GCM simulations substantially overestimate PVpot,90 for 1971–2000 (reference
time period). The overestimations—i.e., GCM biases—range from 24% to 80% depending
on the GCM and the location.

ERA5 indicates a systematic increase in PVpot,90 from 1971–2000 to 1991–2020. Ac-
cording to Figure 5, PVpot,90 increases over time by 24–27% in Belgrade, Budapest, and
Prague, while by 18% in Vienna. For example, in Prague, the number of days with
high PVpot increased from 10 days (1971–2000) to 35 days (1991–2020), calculated as
10 days + (92 days × 0.27). This indicates an actual increase in favourable conditions for
PV production in the study locations.

Although, most of the GCMs reproduce this increasing tendency from 1971–2000 to
1991–2020, they systematically overestimate PVpot,90 across all analyzed time periods, while
the increase in PVpot,90 is generally smaller than that observed in ERA5. There are only slight
differences in PVpot,90 for the time periods 1991–2020 (SSP2-4.5) and 1991–2020 (SSP5-8.5).

The largest overestimations occur for Belgrade and Budapest (Figure 5a,b), while
smaller, but still considerable overestimations occur for Vienna and Prague (Figure 5c,d).
Across all time periods and locations, GFDL-ESM4 is considered one of the most accurate
GCMs, while EC-Earth3, EC-Earth3-Veg, and EC-Earth3-CC perform relatively well for
Vienna and Prague for all time periods.

ERA5-Land reproduces very similar PVpot,90 values compared to ERA5; however, in
1971–2000, ERA5-Land contained only 7 days with high PVpot relative to the base value for
the GCM grid cell labelled as Budapest, calculated as 10 days − (92 days × 0.03) (Figure 5b).

4. Discussion and Conclusions
The evaluation of GCM performance is a popular topic in climate research. However,

GCM evaluation with respect to PVpot remains limited for our study locations (the eastern
part of Central Europe [33,34] and Southeast Europe [35]). Existing studies typically provide
only broad statements for this region based on multi-model ensembles, e.g., Refs. [17,18,63].

The main objective of this study was to evaluate GCM performance with respect to
daily atmospheric variables that primarily drive PVpot. GCM rankings may fluctuate across
regions, time periods, and variables see, e.g., Refs. [64–66] and Figure 3. Therefore, to
gain a deeper understanding of the GCMs—which are often regarded as black boxes [67]—
we restricted the analysis to GCM grid cells with similar topographical (Figure 1) and
climatic conditions.

The use of the nearest grid cell to represent a specific location in GCM outputs is not
an uncommon practice in climate studies; e.g., the nearest GCM grid cells were used for
climate risk assessment in Taiwan [68]. This approach also formed the basis of a city-specific
ranking of CMIP6 GCMs in Indonesia to support urban-scale climate applications [69].

The GCM evaluation comprised three steps. In the first step, the distributions of daily
atmospheric variables mainly affecting PVpot (tasmax, rsds, uas, and vas) obtained from
GCMs and ERA5-Land were compared with those of ERA5. The ERA5 reanalysis product
is widely used as a reference dataset in PVpot-related studies, e.g., Refs. [18–20]. To compare
the datasets—without making any assumptions about their underlying distributions—
the Wasserstein distance was calculated, which has proven to be an effective metric for
evaluating GCM performance [70,71].

In the second step, the mean daily values of the atmospheric variables were examined,
and no pronounced outliers were detected (Figure S2). In the third step, PVpot was com-
puted, with a key step being the assessment of Tcell. The PVpot values obtained from the
GCM simulations and ERA5-Land were then compared with those obtained from ERA5.
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To calculate Tcell, a linear regression model [62] was used, in which Tcell is a linear
function of tas, rsds, and wsp. This approach has been widely adopted in PVpot studies
worldwide, e.g., Refs. [17–19,72]. According to TamizhMani et al. [62], this linear regression
model can be applied across different regions, as the coefficients are largely independent
of site location. Korab et al. [73] evaluated several formulas for estimating Tcell in Poland
(Central Europe). They concluded that TamizhMani’s equation is one of the best for
estimating Tcell. In this study, humidity was not considered in the calculation of Tcell

(Equation (5)). Although increasing humidity may reduce PVpot [74], this atmospheric
variable was not included in the present study. This simplification is common in PVpot

calculations (see e.g., Refs. [17,18,30]), as the influence of humidity on PVpot is generally
negligible. Equation (5) was formulated using daily maximum air temperature, rather than
daily mean temperature, as it better represents daytime thermal conditions relevant for PV
module operation, while daily averages also include nighttime temperature values.

Several studies expressed changes in PVpot in percentage terms, e.g., Refs. [18,19],
which can be difficult to interpret physically, as the base PVpot value itself is already
expressed as a percentage. Consequently, the number of days with high PVpot, thus
PVpot,90 [17] based on ERA5 (1971–2000) was analyzed. We found that all GCMs overes-
timate PVpot,90 for 1971–2000. One possible reason behind this GCM biases is the overes-
timation of rsds values in the GCMs relative to ERA5 (Figure S2b). Underestimation of
tasmax by the GCMs relative to ERA5 contributes to the overestimation of the PVpot. This
may explain the smaller PVpot,90 values in cases of Vienna and Prague (Figure 5c,d). The
overestimation of wind speed reduces air temperature therefore also increases the PVpot

(Figure S2c,d). These results are in accordance with the findings of [18].
The relatively small discrepancy between ERA5 and ERA5-Land for rsds, compared to

the much larger spread among the GCM simulations (e.g., Figure S1), can be explained by
the fundamentally different nature of these datasets. The rsds is an inherently uncertain
variable, strongly controlled by cloud cover, which remains one of the largest sources of
bias in GCMs [75]. Systematic cloud representation errors propagate directly into biases in
simulated surface radiation fields, leading to substantial inter-model spread in GCM-based
rsds estimates [76]. In contrast, ERA5 and ERA5-Land are produced within the same data as-
similation framework, differing primarily in their land surface representation rather than in
their atmospheric component. ERA5-Land was generated to better represent land processes,
while largely preserving the atmospheric forcing of ERA5 [55]. Consequently, atmospheric
variables controlling cloudiness—and thus rsds, tasmax—remain highly consistent between
the two products, resulting in a small Wasserstein distance (see Figures 2 and S1). Because
PVpot is primarily influenced by tasmax and rsds (e.g., Ref. [20]), the PVpot values of ERA5
and ERA5-Land are also very similar (see Figure S3). This interpretation is supported
by independent validation studies showing that both ERA5 and ERA5-Land exhibit simi-
lar performance in simulating incoming shortwave radiation and agree well with global
reference datasets [77].

The 30-year time periods 1991–2020 (SSP2-4.5) and 1991–2020 (SSP5-8.5) differ from
each other only in five years. No significant differences were obtained between them based
on Wasserstein distances, r, and sd ratio values. However, the examination of PVpot,90

enabled us to distinguish them since PVpot,90 is slightly smaller for 1991–2020 (SSP5-8.5)
than for 1991–2020 (SSP5-4.5) in case of the majority of the GCMs (Figure 5). This may
be explained by the higher tasmax values in the SSP5-8.5 scenario than in SSP2-4.5, which
reduces PVpot.

Our main findings based on the selected GCM grid cells representing lowland, highly
populated urban areas in Central and Southeast Europe during JJA days, are as follows:
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• Spatial differences among the analyzed locations are more pronounced than temporal
differences, particularly for rsds, where Wasserstein distances decrease from southeast
to northwest across the study region (Figure 2).

• For uas, and vas, the GCM simulations exhibit comparatively poorer performance than
for tasmax and rsds, based on the magnitude of the Wasserstein distances. Furthermore,
for tasmax and rsds, ERA5-Land shows greater similarity to ERA5 than the GCM
simulations. This is not the case for uas and vas, where some GCMs exhibit smaller
Wasserstein distances to ERA5 than ERA5-Land (Figure 3).

• Although the GCMs overestimate rsds values relative to ERA5 (Figure S2b), the shape
and variability of the rsds mean seasonal course are reproduced reasonably well by
the GCMs (r ∼= 0.4–0.8; sd ratio ∼= 1–1.4) (Figure 4b).

• The GCMs show a transition from overestimation to underestimation of the variability
of the mean seasonal courses of tasmax and vas over time (from 1971–2010 to 1991–
2020) relative to ERA5. In contrast, the variability of uas in the GCM simulations
changes in the opposite direction (Figure 4a,c,d).

• Since PVpot is mainly influenced by rsds and tasmax according to Equation (5), and
the GCMs tend to overestimate rsds, while underestimating tasmax relative to ERA5,
PVpot is also overestimated by the GCM simulations compared to ERA5. Consequently,
the number of days with high PVpot (PVpot,90) is also overestimated, which can be
interpreted as a GCM bias.

The PVpot,90 values obtained from ERA5 show an increase over time. The GCMs
reproduce this increasing tendency from 1971–2000 to 1991–2020; however, the increase
in PVpot,90 is generally smaller than that observed in ERA5. As it was pointed out in
Section 3.2, the GCM ensemble mean may reduce the variability of daily mean seasonal
courses; therefore, we avoid computing PVpot based on GCM ensemble means.

Furthermore, selecting the best-performing individual GCM is essential for statistical
or dynamical downscaling. Although no individual GCM outperformed others across all
four variables, time periods, and locations, the EC-Earth3 and its different configurations
(EC-Earth3-Veg, EC-Earth3-CC) were chosen as the best-performing GCMs due to their rel-
atively accurate performance with respect to rsds and tasmax, which are the most important
variables calculating PVpot. Future plans include dynamical and statistical downscaling of
the previously mentioned GCM simulations for more detailed studies.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/urbansci10040204/s1, Figure S1: GCM rankings based on mean
Wasserstein distances averaged over 92 JJA days of the GCMs and the ERA5-Land relative to the ERA5
in 16 cases, thus for four locations labelled as Belgrade (1st row), Budapest (2nd row), Vienna (3rd row),
and Prague (4th row), and three time periods: 1971–2000 (1st column), 1981–2010 (2nd column),
1991–2020 (SSP2-4.5) (3rd column), and 1991–2020 (SSP5-8.5) (4th column), for (a) maximum near-
surface air temperature (tasmax), (b) surface downwelling shortwave radiation (rsds), (c) eastward
near-surface wind (uas), and (d) northward near-surface wind (vas) components. Figure S2: Seasonal
mean courses for (a) maximum near-surface air temperature (tasmax), (b) surface downwelling
shortwave radiation (rsds), (c) eastward near-surface wind (uas), and (d) northward near-surface wind
(vas) components in summer (JJA); derived from 10 GCMs, the ERA5, and ERA5-Land reanalyses
for the periods 1971–2000 (1st column), 1981–2010 (2nd column), 1991–2020 SSP2-4.5 (3rd column),
and 1991–2020 SSP5-8.5 (4th column), for the locations labelled as Belgrade (1st row), Budapest
(2nd row), Vienna (3rd row), and Prague (4th row). Note that due to the high-degree of similarity of
the seasonal mean courses for ERA5 and ERA5-Land, their curves overlap. Figure S3: Mean daily
photovoltaic potential (PVpot) values in summer (JJA); derived from 10 GCMs, the ERA5, and ERA5-
Land reanalyses for the periods 1971–2000 (1st column), 1981–2010 (2nd column), 1991–2020 SSP2-4.5
(3rd column), and 1991–2020 SSP5-8.5 (4th column), for the locations labelled as Belgrade (1st row),
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Budapest (2nd row), Vienna (3rd row),and Prague (4th row). Note that, due to the high-degree of
similarity of the PVpot values for ERA5 and ERA5-Land, their curves overlap.
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