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 A B S T R A C T

The increase of surface solar radiation (SSR) observed during the last decades in Europe has raised concerns 
for its implications for the climate system. Here, we evaluate the past and projected SSR trends in Europe 
from 1994 to 2054 based on a comprehensive set of ground site observations, five historical gridded datasets 
and a remarkable ensemble of 30 CMIP6 climate models with projections in four different forcing scenarios. 
Together, they provide a seamless unprecedented characterisation of the SSR trend in Europe across time and 
space. The regional SSR trend observed in the period 1994–2023 is 3.1 W/m2/decade. All gridded datasets, 
except the ERA5 reanalysis, deviate from this value by ±0.3 W/m2/decade, or less. Assuming that clouds and 
aerosols are the only boosters of the SSR trend, it is found that ≈20% of the trend is explained by aerosol 
direct effect (ADE). It is shown that the first aerosol indirect effect (AIE) alone cannot explain the SSR trend 
related to cloud changes, thus leaving a significant role for changes in cloud coverage. It is estimated that 
the total SSR trend is approximately explained in 1/5 by ADE, 2/5 by first AIE and 2/5 by cloud coverage 
changes. However, this fractions are likely affected by biases in aerosol optical depth. The results suggest 
that the CMIP6 ensemble overestimates (underestimates) the clear (cloudy) SSR trend during 1994–2014. The 
median SSR trend projected by the CMIP6 models is, on average, ≈85% smaller than the trend observed during 
1994–2023 with small differences between forcings scenarios.
1. Introduction

Downward surface solar radiation (SSR) is the primary component 
of the global mean surface energy budget, supports life on Earth and 
drives the climate’s fate (Wild et al., 2013). It is also the funda-
mental source of energy for solar thermal and photovoltaic technolo-
gies (Kalogirou, 2013). Although long-term variations of SSR are well 
known (Wild, 2012), and clouds and aerosols are known to be driving 
forces (Schilliger et al., 2024), their relative contributions are still 
unclear (Augustine and Dutton, 2013; Fang et al., 2020; Mateos et al., 
2014; Ohmura, 2009; Padma Kumari and Goswami, 2010; Turnock 
et al., 2015; Wild et al., 2005).

Aerosols have a twofold impact on SSR. First, because they absorb 
and scatter solar radiation, but also because the absorption/scattering 
ratio alters the heating and cooling of the atmosphere and the clouds 
thermodynamics. The former is commonly referred to as aerosol direct 
effect (ADE) (Bellouin and Yu, 2022) while the latter is referred to as 
semidirect effect (Allen et al., 2019). Second, because they alter clouds 
processes and characteristics through mechanisms that are jointly re-
ferred to as aerosol indirect effect (AIE) (Lohmann and Feichter, 2005; 
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Rosenfeld et al., 2014), most notably aerosol particles acting as cloud 
condensation nuclei (CCN) and ice nuclei. In particular, an increase in 
the number of CCN favours the formation of warm clouds with smaller 
and more numerous drops, contributing to the enhancement of cloud 
albedo (Twomey, or first, indirect effect; Twomey, 1977), lowering 
of precipitation efficiency and increase of cloud lifetime (Albrecht, or 
second, indirect effect; Albrecht, 1989).

In parallel, the rise of temperatures by global warming is also 
known to decrease cloud fraction (CF) (Goessling et al., 2025; Schneider 
et al., 2019), and thus having an impact on SSR. The reduction of 
CF with temperature is an intricate process (Luo et al., 2024), how-
ever, quantified by some studies. For example, McCoy et al. (2017) 
used satellite observations and reanalysis data to perform a regression 
analysis between sea surface temperature and low cloud cover. In a 
scenario with 0.2 K increase of estimated inversion strength and 1 K 
increase of sea surface temperature the low cloud cover decreased by 
0.005–0.027. Lu et al. (2023) used retrievals of the Cloud-Aerosol Lidar 
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with Orthogonal Polarisation (CALIOP) onboard the Cloud-Aerosol Li-
dar and Infrared Pathfinder Satellite Observation (CALIPSO) to derive 
a relationship between CF and cloud base temperature (CBT). Fig. 
3a in that work shows that, for CBT>10 ◦C, the CF-CBT rate is ≈
−0.015/◦C. Mendoza et al. (2021) developed a semi-empirical linear 
parameterisation according to which the rate of change of CF with 
surface air temperature is −0.015/◦C if relative humidity is conserved 
and −0.076/◦C otherwise.

Overall, the relative importance of ADE, AIE and global warming in 
the SSR trend is not yet fully understood, which is a source of concern 
due to the relevance of SSR for the global climate and global warming 
(Loeb et al., 2025), but also for strategic deployment of solar energy, 
as the magnitude and robustness of SSR trends can affect the long-
term profitability of solar energy projects, thus influencing how solar 
resources are best exploited in the long run (Jerez et al., 2015; Wild 
et al., 2015).

Ground-based observations are considered the most reliable data 
source for SSR monitoring (Wild et al., 2017). However, the availability 
of research-class radiometric stations operated for multidecadal periods 
is scarce. Generally, they are present only in regions that have provided 
a long-term financial and technical support throughout time, and even 
there, they typically cover only a minuscule fraction of the territory. 
In addition, both proper maintenance protocols and stringent quality 
assurance algorithms, which prevent data degradation due to issues 
in radiometric sensors (e.g., originating from adverse environmental 
conditions, soiling, levelling problems, ageing, miscalibration, or sensor 
replacements), are difficult and expensive to apply regularly, typically 
resulting in biases and data artefacts that are especially harmful for the 
evaluation of multidecadal trends (Gilgen and Ohmura, 1999; Sanchez-
Lorenzo et al., 2013; Urraca et al., 2024). The main limitation of 
ground-based data though is their spatial sparsity.

Satellite-based SSR datasets are surfacing to fill this gap (Pfeifroth 
et al., 2018; Pinker et al., 2005; Sanchez-Lorenzo et al., 2017; Schilliger 
et al., 2024). Recently, Urraca et al. (2024) presented an evaluation of 
four satellite-based SSR datasets in the 20-year period from 2001 to 
2020 in Europe, where three of them, namely, the Climate Monitoring 
Satellite Application Facility (CM-SAF) SurfAce Radiation DAtaset He-
liosat version 3 (SARAH-3; Pfeifroth et al., 2024), the CM-SAF cLoud, 
Albedo and surface RAdiation dataset from AVHRR data - Edition 3 
(CLARA-A3; Karlsson et al., 2023b) and the National Aeronautics and 
Space Administration (NASA) Clouds and the Earth’s Radiant Energy 
System Energy Balanced and Filled Edition 4.2.1 (CERES-EBAF Ed4.2.1; 
Kato et al., 2018), provided consistent decadal SSR trends (3.1 W/m2, 
3.3 W/m2 and 3.1 W/m2, respectively) compared to their observational 
counterpart on the ground surface (2.9 W/m2). The benchmark analysis 
also included the European Centre for Medium-range Weather Forecast 
(ECMWF) Reanalysis version 5 (ERA5) atmospheric reanalysis (Hers-
bach et al., 2020), which largely underestimated (1.7 W/m2/decade) 
the observed trend.

On a monthly time scale, the standard uncertainty of satellite-based 
SSR data sets is in the range 6–8 W/m2 (or, ≈4%–6%), as it will be 
shown in Section 4.1, comparable to that of radiometric ground sensors 
(≈5%; Gilgen and Ohmura, 1999), which explains the consistent results 
found in the evaluation of the trend in SSR from satellite-based SSR 
data. Nevertheless, they usually rely on observations from a single 
spaceborne spectroradiometer that covers continental-scale areas, and 
thus any issue with the spectroradiometer or with the observed data 
stream, expected or not, spreads over the entire area (e.g., replacement 
of the spectroradiometer or sensor drift issues). Consequently, when 
assessing SSR trends derived from satellite-based datasets, a prior ex-
amination of their temporal stability is recommended to address and 
rectify potential inhomogeneities within the data. To that aim, ground-
based observations are instrumental, provided that they are aggregated 
over all sites across the region to counterbalance station-wise errors, 
since errors are typically independent among different sites.
2 
An inherent limitation of ground- and satellite-based SSR datasets 
is however that they are only available for the past, while numerical 
weather prediction (NWP) models can reconstruct the past and predict 
the future. When used to evaluate past SSR trends, however, NWP mod-
els have been found to largely underestimate the observed trends even 
using the most advanced NWP datasets, such as ERA5, as noted above 
(Urraca et al., 2024), or as reported worldwide by Loew et al. (2016) 
for 1979–2008 using models from the third and fifth phases of the 
Coupled Model Intercomparison Project (CMIP) of the World Climate 
Research Program (CMIP, 2025). Most climate projection studies have 
evaluated the multimodel ensemble means of successive CMIP phases. 
For example, Wild et al. (2015) analysed 39 CMIP phase 5 (CMIP5) 
models worldwide for the RPC8.5 scenario between 2006 and 2045, 
finding that they were only consistent with the sign of the SSR trend. 
They concluded that the projected changes in SSR ‘‘quantitatively may 
indicate the overall direction of changes to be expected in the longer 
run, while on shorter timescales (decadal variability), changes may well 
be larger’’, which shows the large uncertainty usually attained with 
projected SSR trends. Hence, for trend projections in the near future 
(≈1–2 decades ahead), predictions based on the latest ground- and 
satellite-based estimates might be alternative candidates to be used in 
benchmark analyses, for instance, assuming persistence of the trends, 
provided the main trend drivers evolve smoothly. More recently, He 
et al. (2022) evaluated 24 CMIP phase 6 (CMIP6) models using histori-
cal observations in China and their projections for 2050–2069, finding 
‘‘systematic biases in historical SSR values due to model biases in cloud 
cover and clear-sky radiation, resulting in largely uncertain projections 
for future changes’’. The large uncertainty in the projections of the 
SSR trend is further exemplified by the results of Bartók et al. (2017), 
which used global CMIP5 models as initial and boundary conditions 
to run four regional climate models in Europe. The regional models 
surprisingly produced trends that were inconsistent with those of the 
global input models. However, despite the large uncertainties, climate 
models are the only approach to make multi-decadal projections of 
photovoltaic (PV) production, which have generally concluded that the 
expected impact of climate change is rather limited and unlikely to 
threaten solar PV (Jerez et al., 2015; Müller et al., 2019; Tobin et al., 
2018).

This work addresses important research questions that ultimately 
pursue a holistic description of the SSR trend in Europe, during the past 
30 years and for the next 30 years. To that end, it uses the Solargis-3.2 
satellite-based gridded SSR dataset for the first time for the assessment 
of SSR trends. To do so, the dataset is first benchmarked against four 
well-known same-class gridded datasets and an atmospheric reanalysis 
product. Second, the five gridded datasets are used to characterise 
the spatial and temporal distribution of SSR trends in Europe in the 
period 1994–2023 and to discuss the role of clouds and aerosols. In 
parallel, an approach to estimate the contributions of ADE, first AIE and 
cloud coverage in the regional SSR trend is proposed. Finally, CMIP6 
projections of the SSR trend for 2024–2054 are analysed in light of the 
findings for the period 1994–2023.

The datasets are presented in Section 2, while Section 3 describes 
the methods used to evaluate the trends of SSR, benchmark the gridded 
datasets and quantify the different contributions to the regional SSR 
trend. Section 4 presents the model benchmarking results, the spatial 
and temporal SSR characterisation, the roles of clouds on aerosols, and 
the analysis of projected trends. Section 5 discusses the conclusions.

2. Data

2.1. Ground-based SSR data

The ground-based SSR measurements are a subset of the Global 
Energy Balance Archive (GEBA; https://geba.ethz.ch/) in Europe for 
the period 1994–2019 that has been extended up to September 2023 
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with monthly SSR data from the World Radiation Data Centre (WRDC; 
http://wrdc.mgo.rssi.ru/).

GEBA is a worldwide multidecadal database of observed surface 
energy fluxes that is maintained by the Institute for Climate and Atmo-
spheric Sciences at the ETH Zürich. It contains quality-checked monthly 
averages of various energy flux components, including SSR, in more 
than 2500 locations (Wild et al., 2017). Since GEBA was only available 
until the end of 2019 at the download time, the data at all selected 
locations were extended with monthly averages calculated from daily 
measurements available on the WRDC website at the GEBA radiometric 
locations. The combined GEBA/WRDC dataset spans nearly 30 years 
from 1994 to 2023, missing only the last three months (Sep.-Dec., 
2023). In the following, the extended GEBA subset with WRDC data 
is simply referred to as the GEBA data set.

The particular selection of GEBA sites for this study was based 
on a comprehensive and iterative evaluation of multiple criteria. The 
initial stage considered all European sites, except those with latitude 
greater than 60◦ because the SSR estimates from geostationary satellites 
are not available there. Afterwards, the minimum distance between 
stations was limited to 50 km to avoid colinearity issues. To do so, the 
site with fewer valid month data was discarded. Then a minimum of 
324 months (i.e., 27 equivalent years) was required for all sites. In so 
doing, significant temporal coverage is guaranteed in all locations. In 
fact, all sites have a temporal coverage of 90%, or greater, and about 
90% of the sites have a coverage of 95%, or greater. Although the 
Sonnblick station, Austria, met these criteria, it was discarded because 
it is located in a mountainous area, creating spatial representativeness 
concerns when its observations are compared to gridded datasets such 
as those from satellite and climate models. In total, 62 GEBA sites were 
pre-selected.

All pre-selected ground sites were tested for inhomogeneities. To 
do this, three algorithms were considered: the standard normal homo-
geneity test (Alexandersson, 1986), the Pettitt test (Pettitt, 1979), and 
the Buishand test (Buishand, 1982). The latter in up to four different 
variations. All tests are included in the Python package pyHomogene-
ity (Hussain et al., 2023), which was used to perform the analysis 
from deseasonalized SSR time series with respect to long-term monthly 
averages. Almost at all sites, all or some of the tests detected one or 
more breakpoints in the continuity of the time series, which are poten-
tially caused by measurement issues or actual atmospheric variability. 
However, only the former are true sources of inhomogeneity. To be 
more confident that atmospheric variability is not producing a false 
breakpoint, the changes at the breakpoints are required to be greater 
than a minimum threshold, under the assumption that changes caused 
by atmospheric variability are much smaller than when they are caused 
by measurement issues. To set the threshold value, the 5% uncertainty 
estimated for the GEBA observations (Gilgen and Ohmura, 1999), plus 
a safety margin of 2%, were considered, totalling a 7% threshold value. 
Furthermore, it was required that at least two of the three tests (in the 
case of the Buishand test, any of its four variations) detect a change 
point in the same month and year. According to these criteria, data 
from 15 sites were found inhomogeneous and therefore discarded from 
the posterior analyses (Figs. S1-S2). A visual inspection of the time 
series also recommended flagging the station at Madrid, Spain, even 
though it did not meet all the criteria to be considered inhomogeneous. 
In particular, this station’s data showed a clear discontinuity on Jan-
uary 1996, detected only by the standard normal homogeneity test (Fig. 
S3). Table  1 lists the final 46 selected stations. Fig. S4 shows their 
locations on a map.

2.2. Gridded SSR datasets

Four different satellite-based gridded SSR datasets, namely Solargis-
3.2, SARAH-3, CLARA-A3 and CEBAF-4.2.1 (condensed form of CERES-
EBAF Ed4.2.1), and the ECMWF’s ERA5 reanalysis product, are eval-
uated here. The Solargis-3.2 satellite-based dataset is thoroughly de-
scribed because it is used for the first time in a long-term SSR trend 
study.
3 
The Solargis-3.2 dataset belongs to the global Solargis database, 
which is built and operated by the homonym company (Šúri and Cebe-
cauer, 2014; Solargis, 2025). The solar radiation database is generated 
with a proprietary model (Solargis v2.3.0) that combines satellite ob-
servations of cloud reflectance and NWP results based on the principles 
of the Heliosat method (Cano et al., 1986) and has been optimised to 
run on various geostationary satellites globally. The Heliosat method 
evaluates the all-sky solar irradiance at the surface by relating the 
reflectance observed from the satellite in the visible channel (indeed, 
a normalised parameter customarily referred to as cloud index or 
effective cloud albedo) and the clear-sky index (i.e., the ratio of all-
sky solar irradiance at the surface to its clear sky counterpart) using 
an empirical formula specific to each model (see Perez et al., 2013, for 
examples of such a formula, including the Solargis model). Müller and 
Pfeifroth (2022) provides a detailed description of the general Heliosat 
method to which the interested reader is referred for further details. 
The clear-sky solar irradiance, which is needed to compute the clear-
sky index, is evaluated with a radiative transfer model. The Solargis 
model uses Ineichen’s (Ineichen, 2008, 2018), which will be replaced 
by SPARTA (Ruiz-Arias, 2023) in a forthcoming update. The Solargis 
model incorporates various additional enhancements that help improve 
cloud detection, such as over snow and other bright surfaces (using 
additional observations from infrared channels and NWP predictions 
of snow depth and air temperature, based on Dürr and Zelenka, 2009), 
and topographic corrections on complex terrain areas (Ruiz-Arias et al., 
2010).

In particular, for the study region and the period under scrutiny, 
the Solargis SSR is evaluated from reflectance images gathered by the 
Meteosat Visible and Infrared Imager (MVIRI) aboard the Meteosat First 
Generation (MFG) satellite until December 2004 and, thereafter, by 
the Spinning Enhanced Visible and Infrared Imager (SEVIRI) aboard 
the Meteosat Second Generation (MSG) satellite. SSR is calculated 
at the native temporal resolutions of the MVIRI and SEVIRI imagers 
(i.e., every 30 min and 15 min, respectively) and provided in a 2 arc-
min × 2 arc-min (roughly, 0.03◦ × 0.03◦) longitude-latitude spatial 
grid. Aerosol extinction is included in the clear-sky solar irradiance 
calculations through daily averages of sub-hourly aerosol optical depth 
retrieved from the Modern-Era Retrospective Analysis for Research and 
Applications, version 2 (MERRA-2; Gelaro et al., 2017) until 2002, the 
Monitoring Atmospheric Composition and Climate II project (MACC-
II; Inness et al., 2013) for 2003–2012, and the Copernicus Atmosphere 
Monitoring Service reanalysis (CAMS; Inness et al., 2019) thereafter. 
Likewise, absorptions by water vapour and ozone are included through 
daily averages of sub-hourly estimates retrieved from the Climate Fore-
cast System Reanalysis (CFSR; NOAA NCEI, 2025b) until 2010 and 
the Global Forecast System (GFS; NOAA NCEI, 2025c) thereafter. All 
parameters are bilinearly interpolated and topographically downscaled, 
with proper scale heights, from their native resolutions to the satellite’s 
spatial grid before being used in the clear-sky radiative transfer model. 
The Ineichen clear-sky model does not require surface albedo as it 
assumes an average value by design constraints. The new SPARTA 
model will use surface albedo from the NASA’s Moderate-resolution 
Imaging Spectroradiometer (MODIS; Liang et al., 2002).

A column version of Solargis-3.2 is used to simulate SSR at the GEBA 
locations in addition to the simulation with the raster model. Although 
the column model is virtually identical to the raster model, they pro-
duce slightly different results (negligible for practical applications) just 
because, by design constraints, they perform slightly different spatial 
interpolations before and after the computation of SSR.

The Solargis SSR data has undergone multiple validations and 
benchmark exercises, always demonstrating outstanding performance. 
For example, Ineichen (2013) conducted a long-term comparison of SSR 
estimates from 6 satellite-based models against observations gathered 
at 18 radiometric sites that spread over Europe, North Africa and the 
Middle East, where Solargis was the best performing contender. The 
superiority of the Solargis dataset was reconfirmed later by another 
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Table 1
Selected GEBA sites. The Lat and Lon columns provide the station’s latitude and longitude, respectively, in degrees, while the Elev column gives the site’s elevation 
in metres above mean sea level.
ID Station Lon Lat Elev ID Station Lon Lat Elev

 1 Karlstad (SE) 13.47 59.37 46 24 Tours (FR) 0.72 47.45 108  
 2 Stockholm (SE) 17.95 59.35 24 25 Dijon (FR) 5.08 47.27 222  
 3 Norrkoepping (SE) 16.25 58.58 5 26 Nantes (FR) −1.60 47.17 27  
 4 Visby (SE) 18.35 57.67 51 27 Bourges (FR) 2.37 47.07 161  
 5 Zoseni (LV) 25.90 57.14 188 28 Payerne (CH) 6.94 46.82 491  
 6 Lund (SE) 13.22 55.72 73 29 Klagenfurt (AT) 14.33 46.65 452  
 7 Malin Head,C. (IE) −7.33 55.37 25 30 Odessa (UA) 30.63 46.48 64  
 8 Belmullet (IE) −10.00 54.23 10 31 La Rochelle (FR) −1.15 46.15 4  
 9 Hamburg UV-B (DE) 10.00 53.63 14 32 Limoges (FR) 1.28 45.82 282  
 10 Dublin Airport (IE) −6.25 53.43 85 33 Clermont-Ferrand (FR) 3.17 45.78 332  
 11 Valentia (IE) −10.25 51.93 30 34 Bordeaux (FR) −0.70 44.83 49  
 12 Belsk (PL) 20.78 51.83 180 35 Montelimar (FR) 4.73 44.58 73  
 13 Ostrava-Poruba (CZ) 18.15 49.82 242 36 Embrun (FR) 6.50 44.57 871  
 14 Wuerzburg (DE) 9.97 49.77 275 37 Nice (FR) 7.20 43.65 4  
 15 Zakopane (PL) 19.97 49.28 857 38 Montpellier (FR) 3.97 43.58 5  
 16 Caen (FR) −0.47 49.18 78 39 Marignane (FR) 5.22 43.43 4  
 17 Kucharovice (CZ) 16.08 48.88 334 40 La Coruna (ES) −8.42 43.37 58  
 18 Brest (FR) −4.42 48.45 99 41 Oviedo (ES) −5.87 43.35 335  
 19 Weihenstephan (DE) 11.70 48.40 469 42 Perpignan (FR) 2.87 42.73 43  
 20 Wien-Hohe-Warte (AT) 16.37 48.25 202 43 Bastia (FR) 9.48 42.55 8  
 21 Rennes (FR) −1.73 48.07 37 44 Ajaccio (FR) 8.80 41.92 4  
 22 Hohenpeissenberg (DE) 11.02 47.80 990 45 Valladolid (ES) −4.77 41.65 734  
 23 Salzburg/Freisal (AT) 13.05 47.78 420 46 Murcia (ES) −1.17 38.00 61  
study now under the auspices of the World Bank Group Energy Sector 
Management Assistance Programme (World Bank Group, 2019). More 
recently, Solargis was ranked the best in an independent worldwide 
benchmark study that included the most prominent satellite-based and 
NWP-based models worldwide (Forstinger et al., 2023). The perfor-
mance of the Solargis-3.2 dataset is further benchmarked here against 
the other satellite-based gridded datasets mentioned above and the 
ERA5 reanalysis product (Section 4.1). As all of them, except Solargis-
3.2, have recently been benchmarked in Urraca et al. (2024), only a 
brief description is provided, and the interested reader is referred to 
that study for further details.

As Solargis-3.2, SARAH-3 (Pfeifroth et al., 2024) is based on the 
Heliosat method. It uses observations from MVIRI and SEVIRI but, 
unlike Solargis, uses optical properties from climatological aerosols. 
The dataset starts in 1983 and is provided only for the Meteosat grid 
area, in a 0.05◦×0.05◦ longitude-latitude grid, with a time resolution of 
30 min. In contrast to Solargis-3.2 and SARAH-3, CLARA-A3 (Karlsson 
et al., 2023b) uses observations from polar-orbiting satellites, which 
restricts its finest temporal resolution to 1 day. It operates globally with 
data available since 1979 on a 0.25◦×0.25◦ longitude-latitude grid. 
As in SARAH-3, it uses climatological aerosol optical properties. The 
CEBAF-4.2.1 SSR is the result of a more sophisticated algorithm (Kato 
et al., 2018). It consists of a retrieval process that adjusts a previously 
computed monthly SSR dataset (Rutan et al., 2015) by forcing the 
top-of-atmosphere (TOA) irradiance computed with a radiative transfer 
model to match the homogenised CERES-EBAF TOA dataset (Loeb 
et al., 2018). It is a global dataset, available since March 2000, pro-
vided in a 1◦×1◦ longitude-latitude grid with monthly time resolution. 
Lastly, ERA5 is the flagship ECMWF’s reanalysis dataset, covering the 
global atmosphere since 1940 with hourly resolution in a 0.25◦×0.25◦
longitude-latitude spatial grid. It uses climatological aerosols combined 
with anthropogenic sulphate emissions based on data from CMIP5 
and stratospheric sulphate emissions from major volcanic eruptions 
(Hersbach et al., 2020).

2.3. CMIP6 data

CMIP6 encompasses simulations with independent climate mod-
els coordinated through multiple projects to pursue singular objec-
tives (Eyring et al., 2016). In particular, the Scenario Model Intercom-
parison Project (ScenarioMIP) provides multimodel climate projections 
4 
under eight alternative 21st century climate forcing pathways of future 
emissions and land use changes that constitute an important base of 
scientific evidence for the Intergovernmental Panel on Climate Change 
assessments (O’Neill et al., 2016). The forcing pathways are materi-
alised through multiple Shared Socioeconomic Pathway (SSP) scenarios 
(Riahi et al., 2017). This study includes simulations of the four Tier 1 
SSP scenarios (O’Neill et al., 2016), namely: SSP1-2.6 (sustainability 
scenario, or scenario 1, with a low radiative forcing of 2.6 W/m2 by 
2100), SSP2-4.5 (middle of the road scenario, or scenario 2, with a 
medium radiative forcing of 4.5 W/m2 by 2100), SSP3-7.0 (regional 
rivalry scenario, or scenario 3, with high 7.0 W/m2 radiative forcing by 
2100), and SSP5-8.5 (fossil-fuelled development scenario, or scenario 5, 
with a high radiative forcing of 8.5 W/m2 by 2100).

The ScenarioMIP projections considered in this study encompass 
292 realisations from 30 CMIP6 climate models covering the period 
2024–2055 for the four Tier 1 SSP scenarios (Table  2). More specif-
ically, the ensemble of SSP1-2.6 realisations has 66 members, the 
SSP2-4.5 ensemble has 73 members, the SSP3-7.0 ensemble has 81 
members and the SSP5-8.5 ensemble has 72 members. The selection 
of the models was based on: (1) the concurrent availability of three 
variables, namely, downward shortwave radiation flux at the surface 
(i.e., SSR, or rsds in the CMIP6 nomenclature), clear-sky downward 
shortwave radiation flux (i.e., SSR under an hypothetical cloudless sky,
rsdscs in the CMIP6 nomenclature), and cloud fraction coverage (named
clt in the CMIP6 nomenclature); and (2) the concurrent availability of 
model simulations in the Historical CMIP6 project (Eyring et al., 2016), 
which spans from 1850 to 2014 with models being forced with common 
data sets strongly based on observations. That is, the Historical CMIP6 
project simulations do not run on scenario assumptions but on weather 
observations in the past. They serve here as a benchmark of the SSR 
trends obtained from the CMIP6 models for the period 1994–2014. 
This benchmark is deemed crucial for a proper performance assessment 
of the projected SSR trends in the period 2024–2055. The Historical 
CMIP6 ensemble considered here includes 113 members.

All CMIP6 data are retrieved from the Earth System Grid Federation 
nodes (Petrie et al., 2021).

2.4. Ancillary datasets

To explore the role of clouds and aerosols, the spatially-distributed 
SSR trends are compared with anthropogenic emissions, aerosol mass 
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Table 2
Description of the selected CMIP6 models. Further information for each model is provided in https://doi.org/10.22033/ESGF/CMIP6. <id>, where <id> is provided 
in the column ‘‘Number id’’.
 Model Institution Year Resol. (km) Atm. model Aer. model Number id
 ACCESS-CM2 CSIRO-ARCCSS 2019 250 MetUM-HadGEM3-GA7.1 UKCA-GLOMAP-mode 2281
 ACCESS-ESM1-5 CSIRO 2019 250 HadGAM2 CLASSIC (v1.0) 2 288
 AWI-CM-1-1-MR AWI 2018 100 ECHAM6.3.04p1 359
 AWI-ESM-1-1-LR AWI 2018 250 ECHAM6.3.04p1 9301
 BCC-CSM2-MR BCC 2017 100 BCC_AGCM3_MR 1725
 BCC-ESM1 BCC 2017 250 BCC-AGCM3-LR 1734
 CAMS-CSM1-0 CAMS 2016 100 ECHAM5-CAMS 1399
 CESM2-WACCM NCAR 2018 100 WACCM6 MAM4 10024
 CIESM THU 2017 100 CIESM-AM MAM4 1352
 CMCC-CM2-SR5 CMCC 2016 100 CAM5.3 MAM3 1362
 CNRM-CM6-1-HR CNRM-CERFACS 2017 100 Arpege 6.3 prescribed (TACTICv2) 1 385
 CanESM5 CCCma 2019 500 CanAM5 interactive 1 303
 EC-Earth3 EC-Earth-Consortium 2019 100 IFS cy36r4 181
 FGOALS-g3 CAS 2017 250 GAMIL3 1783
 GFDL-ESM4 NOAA-GFDL 2018 100 GFDL-AM4.1 interactive 1 407
 GISS-E2-2-H NASA-GISS 2021 250 GISS-E2.2 none/OMA/TOMAS/MATRIX 15861
 HadGEM3-GC31-MM MOHC 2016 100 MetUM-HadGEM3-GA7.1 UKCA-GLOMAP-mode 420
 INM-CM5-0 INM 2016 100 INM-AM5-0 INM-AER1 1423
 IPSL-CM6A-LR IPSL 2017 250 LMDZ 1534
 KACE-1-0-G NIMS-KMA 2018 250 MetUM-HadGEM3-GA7.1 UKCA-GLOMAP-mode 2241
 MIROC6 MIROC 2017 250 CCSR AGCM SPRINTARS6.0 881
 MPI-ESM-1-2-HAM HAMMOZ-Consortium 2017 250 ECHAM6.3 HAM2.3 1 622
 MPI-ESM1-2-HR MPI-M DWD DKRZ 2017 100 ECHAM6.3 none/prescribed MACv2-SP 741
 MPI-ESM1-2-LR MPI-M AWI DKRZ DWD 2017 250 ECHAM6.3 none/prescribed MACv2-SP 742
 MRI-ESM2-0 MRI 2017 100 MRI-AGCM3.5 MASINGAR mk2r4 621
 NESM3 NUIST 2016 250 ECHAM v6.3 2 021
 NorESM2-LM NCC 2017 250 CAM-OSLO OsloAero 502
 NorESM2-MM NCC 2017 100 CAM-OSLO OsloAero 506
 TaiESM1 AS-RCEC 2018 100 TaiAM1 SNAP 9684
 UKESM1-1-LL MOHC NERC NIMS-KMA NIWA 2021 250 MetUM-HadGEM3-GA7.1 UKCA-GLOMAP-mode 16781
fractions, aerosol optical depth (AOD), CF and surface temperature 
data.

Anthropogenic emissions are collected from the Community Emis-
sions Data System (CEDS), which provides gridded annual emissions 
of anthropogenic chemically reactive gases, carbonaceous aerosols and 
CO2 for the period 1750–2014 (Hoesly et al., 2018). Specifically, 
combined emissions of sulphur dioxide (SO2), nitrogen oxides (NOx), 
carbon monoxide (CO) and non-methane volatile organic compounds 
(NMVOC) aggregated at the country level are considered from the CEDS 
dataset version v_2025_03_18 (Hoesly et al., 2025).

Gridded monthly total AOD at 550 nm and aerosol mass fractions 
for the period 1994–2023 are gathered from NASA’s MERRA-2 atmo-
spheric reanalysis (Randles et al., 2017; GMAO, 2015). In addition, 
monthly ground observations of AOD from the Aerosol Robotic Net-
work (AERONET; Giles et al., 2019) are used to evaluate the first AIE. 
As the availability of AERONET stations decreases rapidly over time, 
only the time period from 2004 to 2023 is covered. Prior to 2004, 
the number of stations becomes too small. The 45 selected stations are 
listed in Table S1.

Clouds are characterised with the CLARA-A3 gridded monthly total 
CF product (Karlsson et al., 2023a,b), which represents the fractional 
coverage of clouds within each grid cell (0.25◦×0.25◦).

Monthly spatially-averaged anomalies of surface air temperature 
(Tas) are retrieved from NOAA NCEI (2025a). They belong to the Na-
tional Oceanic and Atmospheric Administration (NOAA) Global Surface 
Temperature Analysis, which combines sea surface and land tempera-
ture datasets as described in Vose et al. (2021).

3. Methods

3.1. Evaluation of trends

The SSR trends are calculated from deseasonalized SSR time series 
with respect to long-term monthly averages (also referred to as anoma-
lies) to exclude the seasonal variability. The trend is determined with 
linear least squares regression and confidence intervals with a 95% 
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Table 3
Analysis periods of the SSR trends.
 Name Start End Notes  
 Historical 1994-01 2014-12 CMIP6 Historical  
 Recent 2004-01 2023-09 Last 20 observational years 
 Observational 1994-01 2023-09 GEBA observations  
 Projected 2024-12 2054-12 CMIP6 projections  

confidence level. Statistical significance is further asserted with the 
Mann–Kendall test (Kendall and Gibbons, 1990), also with a confidence 
level of 95%.

The trends are evaluated at every GEBA station and in every land 
cell of the gridded datasets. However, the local trends are more sus-
ceptible to include marginal trends (related to internal atmospheric 
variability) than region-wise trends, which are evaluated with data 
from multiple locations. Supporting this idea, Chtirkova et al. (2022) 
determined that there is just a 0.2% chance that the regional trend in 
Europe, derived from a combination of 56 locations (Sanchez-Lorenzo 
et al., 2015) during the brightening period, is solely caused by internal 
variability. Hence, in addition to the local trends, region-wise trends 
are also evaluated here from the mean of the anomalies at the 46 
homogeneous GEBA locations and from the mean of the anomalies at 
all land cells of the gridded datasets. To improve the visualisation, the 
anomaly time series are displayed as 12-month running means.

3.2. Analysis periods

Chtirkova et al. (2022) suggested also a 23-year minimum threshold 
to evaluate SSR trends because, using data from Lindenberg (Germany) 
as a reference, determined that the SSR trend could not be fully 
compensated for by internal atmospheric variability. Therefore, the SSR 
trends are analysed for three different past time periods, equal to or 
longer than 20 years, and for one 30-yr projected period, as shown in 
Table  3.

http://dx.doi.org/10.22033/ESGF/CMIP6
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In particular, one period spans the time interval with GEBA and 
gridded SSR data (thus named Observational period), while another 
focusses on the overlapping years of the Observational period and the 
CMIP6 Historical experiment (Eyring et al., 2016) (thus being named 
Historical period). The last 20 years of the Observational period are 
referred to as Recent period.

3.3. Benchmark of the SSR gridded datasets

The validation and benchmark of the SSR gridded datasets is per-
formed at the 46 homogeneous GEBA stations based on the mean bias 
deviation (MBD) and the root mean square deviation (RMSD) (Guey-
mard, 2014). These two metrics are evaluated month by month for all 
sites combined (resulting in two time series of MBD and RMSD values, 
useful to assess the temporal stability of the models) and site by site for 
all the available data within the time period (resulting in as many MBD 
and RMSD values as ground sites, one for each ground site). In the latter 
case, the metrics are specifically referred to as site MBD (sMBD) and 
site RMSD (sRMSD) and two additional error scores are computed: the 
inter-quartile range (IQR), that is, the difference between the third and 
first quartiles of the sMBD and sRMSD values, and the interpercentile 
range 80 (IPR80), which is the difference between the percentiles 90 
and 10.

3.4. Evaluation of the SSR trend by ADE

The Solargis-3.2 column model was run at the GEBA locations 
alternatively using daily AOD inputs (as done by the official Solargis-
3.2 dataset) and a long-term monthly AOD climatology built from the 
daily AODs. As the AOD climatology does not contribute to the SSR 
trend, the differential trend between the two simulations is attributable 
to the extinction of SSR by aerosols and is hereafter referred to as ADE 
trend.

3.5. Evaluation of the SSR trend by first AIE

The first aerosol indirect effect (or Twomey effect), 𝛼, which ac-
counts for the change of cloud albedo induced by aerosol particles, is 
defined in Feingold et al. (2003) as: 

𝛼 = −
𝜕 ln 𝑟𝑒
𝜕 ln 𝜎𝑎

(1)

where 𝑟𝑒 is the effective radius of cloud droplets and 𝜎𝑎 is the aerosol 
optical depth. Feingold et al. (2003) pointed out that the maximum 
value of 𝛼 is 0.33, while measurements yielded values in the range 
0.02–0.16. Both liquid water path, 𝐿, and 𝑟𝑒 determine the cloud optical 
depth, 𝜏𝑐 , as (Kokhanovsky, 2004): 

𝜏𝑐 =
3
2

𝐿
𝜌𝑤𝑟𝑒

(2)

where 𝜌𝑤 is the water density. For a cloud with constant 𝐿, it follows 
that 𝜖𝜏𝑐 = 𝛼𝜖𝜎𝑎 , where 𝜖𝑥 is the change of 𝑥 relative to the mean of 𝑥.

The all-sky SSR, 𝐸𝑎, is evaluated from the cloud transmittance, 𝑇𝑐 , 
and the clear-sky SSR, 𝐸𝑐 , as 𝐸𝑎 = 𝑇𝑐𝐸𝑐 , and, for a nonabsorbing cloud 
with asymmetry parameter 𝑔𝑐 (Petty, 2006): 

𝑇𝑐 =
1

1 + (1 − 𝑔𝑐 )𝜏𝑐
, (3)

Therefore, the relative change of 𝐸𝑎 by first AIE due to a relative change 
in 𝜎𝑎 is: 

𝜖𝐸𝑎
= −𝛼

(1 − 𝑔𝑐 )𝜏𝑐
1 + (1 − 𝑔𝑐 )𝜏𝑐

𝜖𝜎𝑎 (4)

As 𝑔𝑐 < 1, increases of 𝜎𝑎 produce decreases of 𝐸𝑎, as expected. With 
typical parameter values (e.g., 𝛼 = 0.1, 𝑔𝑐 = 0.8, 𝜏𝑐 = 10 and 𝜎𝑎 = 0.12) 
a decrease of 0.01 in the magnitude of 𝜎  increases 𝐸  by 0.5%.
𝑎 𝑎
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3.6. Evaluation of the SSR trend by cloud coverage

The all-sky SSR can be evaluated in terms of cloud coverage, 𝐶, as: 

𝐸𝑎 = 𝐶𝐸𝑑 + (1 − 𝐶)𝐸𝑐 (5)

where 𝐸𝑑 is the cloudy-sky SSR. Taking the derivative with respect to 
𝐶, the change of 𝐸𝑎 can be written as 𝛥𝐸𝑎 =

(

𝐸𝑎 − 𝐸𝑐
)

𝛥𝐶∕𝐶, where 𝛥𝐶
is the change in 𝐶. The relative change of 𝐸𝑎 in response to a relative 
change in 𝐶 then is: 

𝜖𝐸𝑎
= −

1 −𝐾𝑐
𝐾𝑐

𝜖𝐶 (6)

where 𝐾𝑐 = 𝐸𝑎∕𝐸𝑐 is known as clear-sky index. On a monthly scale, 
0 < 𝐸𝑎 ≤ 𝐸𝑐 and thus increases of 𝐶 result in decreases of 𝐸𝑎 and vice 
versa, as expected. More specifically, if 𝐾𝑐 is equal to 0.5, a relative 
decrease of 1% in 𝐶 would induce an increase of 1% in 𝐸𝑎. For clearer 
skies, the sensitivity of 𝐸𝑎 to changes in 𝐶 decreases, while it increases 
under cloudier periods.

Cloud coverage can change due to a multitude of processes and 
factors. Two of the most significant are the second AIE and air temper-
ature. As the former is difficult to quantify, especially in a long-term 
context, the cloud coverage trend here is assumed to be related to a 
trend in air temperature. In particular, with constant relative humidity, 
the change in cloud coverage by a change in the air temperature of the 
troposphere, 𝑇𝑎, is (Mendoza et al., 2021): 

𝛥𝐶 = −0.015◦C
𝛥𝑇𝑎 (7)

where 𝛥𝐶 and 𝛥𝑇𝑎 are the changes in 𝐶 and 𝑇𝑎, respectively. From 
Eqs. (6)–(7), the relative change of 𝐸𝑎 by a change in 𝑇𝑎 is: 

𝜖𝐸𝑎
= 0.015

◦C
1 −𝐾𝑐
𝐾𝑐

𝛥𝑇𝑎
𝐶̄

(8)

where 𝐶̄ is the mean cloud coverage. This expression shows that 
increases of 𝑇𝑎 produce increases of 𝐸𝑎 (because 𝐶 decreases), as 
expected. With typical values of cloud coverage (𝐶̄ = 0.6) and clear-
sky index (𝐾𝑐 = 0.6) a 0.5 ◦C increase in temperature increases 𝐸𝑎 by 
0.8%.

4. Results

4.1. Evaluation of the SSR gridded datasets

Fig.  1 shows the 12-month running means of monthly MBD and 
RMSD for the gridded datasets in the 46 homogeneous GEBA stations 
combined. The time-evolving biases of the datasets are disparate. While 
CEBAF-4.2.1 remains relatively unbiased and the bias of SARAH-3 stays 
roughly constant at ≈2%, ERA5 evidences a steady improvement with a 
reduction from ≈4% to less than 2%. In contrast, the biases of CLARA-
A3 and Solargis-3.2 show varying regimes throughout time. The former 
has ≈1% bias prior 2005, then remains unbiased until 2015 when, 
again, the bias increases approaching 2%. The bias of Solargis-3.2 
before 2005 stays between 1% and 2%, but vanishes thereafter. The 
reasons for that are discussed later.

The RMSD shows a steady reduction in all datasets. In general, ERA5 
has the highest RMSD but also the highest improvement rate, clearly 
benefited by its large bias improvement mentioned above. Solargis-
3.2 is the model with the lowest RMSD throughout the study period, 
closely followed by CLARA-A3 until 2015, when due to its increased 
bias, the RMSD starts to increase. Then, SARAH-3 and CEBAF-4.2.1 
follow in increasing order of RMSD magnitude. Among the possible 
explanations for the small RMSD of Solargis-3.2 might be its high 
spatial and temporal resolutions and the use of daily aerosols.

Table  4 shows negligible mean sMBD for Solargis-3.2, CLARA-A3 
and CEBAF-4.2.1, with Solargis-3.2 also having the lowest sMBD IQR 
and IPR80. Although SARAH-3 has the highest sMBD IQR, its sMBD 
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Fig. 1. 12-month running means of (a) monthly MBD and (b) monthly RMSD for all the SSR gridded datasets. The MBD and RMSD error metrics are evaluated 
over all homogeneous GEBA stations (Table  1). The percentage in the right axis is relative to the mean observed SSR in the combined GEBA stations during the 
Observational period.
Table 4
Ensemble statistics of the site MBD and site RMSD metrics (in W/m2) for 
the Observational period (except for the CEBAF-4.2.1 dataset, which starts on 
March 2000). The calculations are performed over the homogeneous GEBA 
stations (Table  1).
 Dataset Site MBD Site RMSD
 Mean Median IQR IPR80 Mean Median IQR IPR80 
 Solargis-3.2 0.53 −0.06 3.01 6.05 6.39 6.17 1.68 2.94  
 SARAH-3 2.83 3.56 6.41 10.00 7.57 7.05 2.78 4.68  
 CLARA-A3 1.14 0.91 5.12 8.04 6.95 6.53 2.74 4.64  
 CEBAF-4.2.1 0.20 −0.08 5.18 12.17 8.57 7.58 4.07 10.25 
 ERA5 4.39 3.26 5.09 11.95 11.09 9.79 2.99 8.57  

IPR80 is lower than those of CEBAF-4.2.1 and ERA5, meaning that the 
sMBD of these two reach more extreme values than SARAH-3. Likewise, 
Solargis-3.2 is the top performer with respect to sRMSD, providing the 
lowest values for all the sRMSD-related metrics. These results indicate 
that Solargis-3.2 is not only virtually unbiased, when computing bias 
sitewise, but is also the most precise dataset, since it produces the 
smallest IQR and IPR80 sRMSD metrics, therefore being the most 
robust dataset throughout the study region. The large dispersion of 
CEBAF-4.2.1 and ERA5 for both sMBD and sRMSD suggests problems 
in representing intra-regional variability. In the case of CEBAF-4.2.1, 
this is probably caused by its coarse spatial resolution. With ERA5, the 
cause might be an under-representation of some cloud types (Ruiz-Arias 
et al., 2016) and a misrepresentation of aerosols (Gao et al., 2025).

In general, a stable bias throughout time is crucial for a proper 
evaluation of the long-term trend. However, a low RMSD is required to 
ensure a spatially consistent dataset. In that regard, Solargis-3.2 is the 
best among the datasets considered here. However, it is handicapped 
for the evaluation of long-term trends by the 2005 MBD step shown in 
Fig.  1a, which is explained by the enhanced performance brought about 
by SEVIRI. The precise change point was evaluated from the difference 
between the average deseasonalized Solargis-3.2 SSR time series and 
observed SSR time series over all homogeneous GEBA stations. It 
yielded a change of 1.86 W/m2, which was rectified by subtracting 
that amount from all cells in the satellite grid prior to November 
2004. The resulting homogenised dataset is unbiased throughout the 
study period (Fig.  2), and is the one used to perform all the trend 
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evaluations with the Solargis-3.2 dataset hereafter. The same approach 
was followed for the Solargis-3.2 column model. This homogenisation 
approach explicitly assumes that the spatial structure of the Solargis-3.2 
error is uniform throughout the study region. However, mountainous 
areas present singular challenges for satellite-based SSR models that 
are related to complex topography (e.g., shadow casts by surrounding 
terrain), frequent and persistent snowed surfaces, and local fine-scale 
orographic clouds. Together, they compose an idiosyncratic error in 
mountainous areas for which the relative improvements enabled by 
SEVIRI are significantly greater than in other regions, thus making 
the wide-area homogenisation assumptions not valid there. For such 
a reason, mountainous areas are excluded here from trend evaluations 
in the Solargis-3.2 dataset before 2005.

4.2. Ground- and model-based SSR trends

Table  5 shows the regional SSR trends in the study region. When 
they are evaluated from the mean SSR anomaly across the 46 homoge-
neous GEBA locations (GEBA sites), the observed trend during the Re-
cent period (3.0 W/m2/decade) is greater than during the Historical pe-
riod (2.7 W/m2/decade), and both are smaller than the trend during the 
Observational period (3.1 W/m2/decade, or 2.2%/decade, with respect 
to the mean observed SSR during the whole period). Only Solargis-
3.2 and SARAH-3 are within a difference of ±0.2 W/m2/decade with 
respect to the trend obtained from the GEBA observations for the three 
periods. CLARA-A3 clearly underestimates the trend observed in the 
GEBA stations during the Historical period while overestimates it dur-
ing the Recent period. ERA5 always underestimates the observed trend 
by 50%, or more. These results are consistent with the MBD shown 
in Fig.  1 (e.g., the decreasing MBD of ERA5 explains its noticeable 
underestimate of the observed trend, while the fairly stable MBD of 
SARAH-3 favours a close estimate). They are also aligned with the 
trends recently reported by Urraca et al. (2024), considering the slightly 
different evaluation periods and GEBA locations.

When the regional SSR trend is instead evaluated from the average 
anomaly across all land grid cells of the modelled datasets (land areas), 
the trend value is generally lower than in the combined GEBA locations, 
suggesting that the spatial distribution of the GEBA locations would 
overestimate the actual regional SSR trend. In general, considering that 



L.C. Segado-Moreno et al. Remote Sensing of Environment 333 (2026) 115122 
Fig. 2. Monthly MBD of the Solargis-3.2 dataset (grey) in the combined GEBA stations (Table  1) and 12-month running means of the homogenised (solid red) 
and non-homogenised (dashed red) MBD. The percentage in the right axis is relative to the mean observed SSR in the combined GEBA stations during the 
Observational period. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Table 5
Regional SSR trends (in W/m2/decade) evaluated from the mean anomaly time series of all GEBA locations (GEBA 
sites) and of all land grid cells (land areas) of the gridded datasets, for the three past periods: Historical, Recent 
and Observational. The figure after ± is the confidence interval at 95% confidence level. Note that the trend from 
GEBA observations can only be computed at the GEBA locations. The numbers of land grid cells are: 623,185 for 
Solargis-3.2, 283,814 for SARAH-3, 11,346 for CLARA-A3, 711 for CEBAF-4.2.1 and 11,488 for ERA5. All trends 
are significant except in land areas for CLARA-A3 and in the GEBA sites for ERA5.
 Dataset Historical Recent Observationala

 GEBA sites Land areas GEBA sites Land areas GEBA sites Land areas 
 GEBA 2.7 ± 1.6 3.0 ± 1.7 3.1 ± 1.0  
 Solargis-3.2 2.9 ± 1.8 2.2 ± 1.4 2.9 ± 1.8 3.0 ± 1.5 3.2 ± 1.0 2.6 ± 0.8  
 SARAH-3 2.5 ± 1.8 2.3 ± 1.4 2.9 ± 1.8 2.3 ± 1.5 3.0 ± 1.0 2.5 ± 0.8  
 CLARA-A3 1.9 ± 1.8 1.3 ± 1.3 4.3 ± 1.8 4.8 ± 1.5 3.4 ± 1.0 3.1 ± 0.8  
 CEBAF-4.2.1 2.7 ± 1.6 2.1 ± 1.4 2.9 ± 1.3 2.4 ± 1.0  
 ERA5 1.1 ± 1.5 1.3 ± 1.1 1.3 ± 1.5 1.4 ± 1.2 1.5 ± 0.9 1.5 ± 0.6  
a The CEBAF-4.2.1 trends for the Observational period are evaluated only since 2000/03.
Fig. 3. 12-month running means of (a) regional SSR mean anomalies in the GEBA locations and the land cells of Solargis-3.2 and (b) the SSR trends and 
confidence interval evaluated from GEBA observations (black) and Solargis-3.2 (red in the GEBA locations, and blue in all land areas) for the Historical, Recent 
and Observational periods. The vertical bars in panel b are the confidence intervals at the 95% confidence level. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)
the Solargis-3.2 and SARAH-3 datasets provide the closest estimates 
to the observed trends in the GEBA sites, they also likely provide the 
best estimates for the regional SSR trend in land areas. These estimates 
are virtually the same for both datasets, 2.6 and 2.5 W/m2/decade, 
respectively, during the Observational period.

To illustrate the regional multi-decadal variability of SSR, Fig.  3a 
shows the mean anomaly time series of the GEBA and Solargis-3.2 
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datasets; the latter in both the GEBA locations and land areas. As ex-
pected, the mean anomaly observed at the GEBA stations is reproduced 
better when evaluated from the Solargis-3.2 anomaly series at the GEBA 
locations than when using all grid cells over land areas. In either case, 
the observed and modelled anomaly time series all follow a common 
variability pattern: an initial period with an increasing SSR up to about 
2005 (when the mean GEBA SSR increases 0.5 W/m2/year), then a 
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Table 6
Statistics of the local SSR trends (in W/m2/decade) evaluated at every GEBA location (GEBA sites) and in the land grid cells of the gridded datasets (land areas), 
for the three past periods: Historical, Recent and Observational. The figures show the mean SSR trend, and the percentiles 25 and 75 in parenthesis, in each case. 
Note that the trends from GEBA observations can only be computed at the GEBA locations. The numbers of land grid cells are: 623,185 for Solargis-3.2, 283,814 
for SARAH-3, 11,346 for CLARA-A3, 711 for CEBAF-4.2.1 and 11,488 for ERA5.
 Dataset Historical Recent Observationala

 GEBA locs Land cells GEBA locs Land cells GEBA locs Land cells  
 GEBA 2.6 (1.5, 3.5) 2.9 (1.2, 4.6) 3.1 (2.5, 3.9)  
 Solargis-3.2 2.9 (2.1, 4.2) 2.1 (0.9, 3.6) 3.1 (1.4, 4.7) 3.0 (1.8, 4.3) 3.1 (2.2, 4.2) 2.5 (1.5, 3.8) 
 SARAH-3 2.5 (1.8, 3.3) 2.3 (1.3, 3.4) 2.8 (1.8, 4.0) 2.3 (1.1, 3.5) 3.0 (2.2, 3.6) 2.5 (1.6, 3.4) 
 CLARA-A3 1.8 (1.0, 2.4) 1.4 (0.5, 2.3) 4.4 (3.0, 6.2) 4.8 (3.3, 6.2) 3.4 (2.9, 4.0) 3.2 (2.4, 4.0) 
 CEBAF-4.2.1 2.6 (1.5, 3.9) 2.1 (0.7, 3.5) 2.9 (2.2, 3.7) 2.4 (1.6, 3.3) 
 ERA5 1.1 (0.5, 1.7) 1.3 (0.0, 2.5) 1.4 (0.3, 2.1) 1.4 (0.3, 2.4) 1.5 (0.7, 2.4) 1.5 (0.7, 2.3) 
a The CEBAF-4.2.1 trends for the Observational period are evaluated only since 2000/03.
relatively flat period until about 2016 (with a yearly decrease of the 
mean GEBA SSR of only −0.1 W/m2/year), and again an increasing 
SSR trend thereafter (of 0.7 W/m2/year in the mean GEBA SSR). 
In Section 4.3, this variability pattern will be related with the 21st 
century global warming hiatus (Yan et al., 2016). In addition, the 
SSR anomalies show a few noticeable fluctuations, such as the sudden 
increase during 2003, probably related to the European heat wave in 
2003 (García-Herrera et al., 2010). However, others, such as the large 
increases in 2018–2020 and 2022, would require further evaluations 
beyond the scope of this study. Fig.  3b shows the regional SSR trends 
for the three evaluated periods, with their corresponding confidence 
intervals, which are much greater than the trend differences.

Alternatively, the regional SSR trend can be aggregated from the 
local SSR trends evaluated at every GEBA site and, when using the 
gridded datasets, at every grid cell over land areas as well. The mean 
regional SSR trends obtained with this approach are shown in Table  6, 
which, in general, are very similar to those in Table  5. The SSR trend 
maps for all satellite-based datasets and periods are shown in Fig.  4. All 
datasets exhibit a generalised increase in SSR between 1994 and 2023 
across Europe, with only a few small exceptions in the northern and 
western Iberian Peninsula during the Recent period and, according to 
the Solargis-3.2 dataset, also in the north-east of Europe. The spatial 
distributions of the SSR trends provided by Solargis-3.2 and SARAH-
3 are very similar to each other, slightly higher with Solargis-3.2 than 
with SARAH-3 in the Iberian Peninsula (especially during the Historical 
and Observational periods) and the northern Mediterranean basin, but 
smaller in the north-east of Europe. The spatial patterns of CLARA-
A3 are similar to those of Solargis-3.2 and SARAH-3 but its trends 
are generally smaller during the Historical period and higher during 
the Recent period, as shown also in Table  6. In general, all datasets 
(including CEBAF-4.2.1 and ERA5) show an overall increase in the 
mean SSR during the Recent period with respect to the Historical 
period, which is consistent with the results shown in Fig.  3. However, 
the maps now additionally show that the increase is primarily produced 
in central Europe (mainly across north-eastern France, the Benelux 
and western Germany) and, to a lower extent, in other areas, such as 
Great Britain, Scandinavia, the Italian Peninsula and the Balkans. The 
higher SSR increase in central Europe is clearly visible in Fig.  5, which 
displays higher mean SSR values there during the Recent than during 
the Historical period by about 3% or more, relative to the mean SSR 
during the Observational period, in all datasets (more strongly in the 
Solargis-3.2 and SARAH-3 datasets, and more timidly in CLARA-A3 and 
ERA5). Although unfortunately there are no GEBA stations fulfilling all 
the quality criteria right in central Europe, but just in nearby regions 
(Fig S4), all the gridded datasets agree on the enhancement of SSR in 
central Europe, which yields certainty about such enhancement.

4.3. Drivers of the SSR trends

This study focusses on the impact of clouds and aerosols, as they 
have been identified as the two main drivers of long-term trends in 
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Table 7
Regional trends of SSR (from GEBA and Solargis-3.2, in W/m2/decade), SSR 
by ADE and non-ADE effects (from Solargis-3.2, in W/m2/decade), AOD (from 
MERRA-2, in -/decade), CF (from CLARA-A3, in -/decade) and Tas (from 
NOAA, in ◦C/decade). The trends are evaluated from the mean of all anomalies 
at the GEBA locations, except for NOAA Tas, which is evaluated from the 
spatially-averaged time series for all Europe (Section 2.4). The value after ± is 
the confidence interval for 95% confidence level. The mean Solargis-3.2 SSR 
values during the Historical, Recent and Observational periods are 141, 144 
and 143 W/m2, respectively. The mean CF values are 0.62, 0.60 and 0.61,
respectively.
 Historical Recent Observational  
 GEBA 2.7 ± 1.6 3.0 ± 1.7 3.1 ± 1.0  
 Solargis-3.2 2.9 ± 1.8 3.1 ± 1.8 3.2 ± 1.0  
 Solargis-3.2 ADE 0.5 ± 1.8 0.9 ± 1.8 0.7 ± 1.0  
 Solargis-3.2 non-ADE 2.4 ± 1.8 2.2 ± 1.8 2.5 ± 1.0  
 MERRA-2 AOD −0.013 ± 0.004 −0.006 ± 0.004 −0.009 ± 0.003 
 CLARA-A3 CF −0.023 ± 0.012 −0.012 ± 0.012 −0.020 ± 0.007 
 NOAA Tas 0.41 ± 0.21 0.59 ± 0.22 0.47 ± 0.12  

SSR, discarding others such as atmospheric water vapour content and 
solar activity (Wild, 2012; Schilliger et al., 2024).

The regional anomalies of SSR (that is, the mean of all anoma-
lies at the GEBA locations) from the simulations of the Solargis-3.2 
column model using daily AODs and the monthly AOD climatology 
are shown in Fig.  6a, and the corresponding decadal trends for the 
Historical, Recent and Observational periods are provided in Table  7. 
The trend by ADE, or simply ADE trend, obtained with the Solargis-
3.2 dataset (Section 3.4) is always positive, indicating the existence 
of an underlying decreasing trend in the MERRA-2/MACC-II/CAMS 
AOD, as it is also shown in Table  7. On average, the ADE trend 
accounts for 17%, 29% and 22% of the total Solargis-3.2 trend during 
the Historical, Recent and Observational periods, respectively, being 
thus noticeably less important than the remaining non-ADE SSR trends 
combined (83%, 71% and 78%, respectively). Most significantly, the 
non-ADE trends include impacts related to cloud changes (albedo and 
coverage) and water vapour absorption. Recently, however, Schilliger 
et al. (2024) found that, on average, the trend in SSR associated with 
changes in water vapour absorption during 1983–2020 in Europe was 
0.160%/decade. Compared to the contributions that they also found for 
aerosols and clouds for the same period and region (1.656%/decade 
and 0.985%/decade, respectively), the contribution of water vapour 
was considered negligible, in practice. Following these results here, it 
is assumed that the non-ADE SSR trends are caused by cloud-related 
changes, thus neglecting the potential impact of water vapour.

The correlation between the monthly regional anomalies of CF and 
SSR from the Solargis-3.2 column model using the AOD climatology 
(both shown in Fig.  6) is −89.7%, indicating a strong relationship be-
tween the SSR anomaly, excluding the ADE trend, and the CF anomaly. 
In parallel, the CF anomaly is also significantly correlated (negatively) 
with the monthly regional Tas anomaly (R = −59.1%), which suggests 
that the reduction in CF might be related to an increase in T , possibly 
as
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Fig. 4. SSR trend maps for the Historical, Recent and Observational periods (first to third columns, respectively) for the gridded datasets. The maps for Solargis-3.2 
during the Historical and Observational periods exclude mountainous areas, where the dataset homogenisation is not valid (see Section 4.1). The map for the 
CEBAF-4.2.1 dataset during the Historical period is not provided as this dataset starts on March 2000 and the Observational period includes only from that date.
associated with global warming (Schneider et al., 2019). Fig.  6b dis-
plays additional evidence of the CF–Tas relationship since the increase 
in Tas slows down approximately during the period between 2000 
and 2012, during the so-called 21st century global warming hiatus 
(Yan et al., 2016; Modak and Mauritsen, 2021), coincidentally with a 
stagnation in the decrease in CF that lasts until approximately the end 
of the hiatus (Zhang et al., 2019).

If the changes in CF were only produced by changes in Tas, the 
Observational period indicates that, on average, an increase of 0.47 ◦C 
in Tas reduces CF by 0.02, that is, a rate of ≈ −0.04/◦C. This rate of 
change is higher than others reported in the literature (−0.015/◦C in 
Lu et al., 2023; up to −0.027/◦C in McCoy et al., 2017), suggesting that 
AIE might be also contributing to the increasing SSR trend by reducing 
cloud albedo (Twomey effect), cloud coverage (Albrecht effect) or 
both, again under the assumption of negligible impact by water vapour 
absorption.
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A relevant question then is whether the non-ADE SSR trend is only 
related to changes in CF by Tas (hereafter thermal effect, or TE) or is 
also affected by AIE. To discuss this question, both the first AIE and 
TE are evaluated using Eqs. (4) and (8), respectively. The evaluation 
of the first AIE requires the AOD trend. When the MERRA-2 AOD 
trend for the Recent period (−0.006, from Table  7) is compared against 
the AOD trend observed at the AERONET stations combined (−0.024), 
the MERRA-2 trend turns to be four times smaller in magnitude. 
(The focus is on the Recent period because is the only period with 
sufficient AERONET stations, as highlighted in Section 2.4). Failing a 
comprehensive AOD trend validation exercise for MERRA-2, this result 
suggests that the MERRA-2 AOD cannot represent the regional AOD 
trend during the Recent period, so the first AIE is here evaluated using 
only the AERONET trend. It also suggests that the estimated ADE trend 
(Table  7) might be too small if MACC-II and CAMS also underestimate 
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Fig. 5. Difference of the mean SSR during the Recent and Historical periods, 
in percent with respect to the mean SSR during the Observational period 
(1994–2023). The map for Solargis-3.2 excludes mountainous areas, where the 
dataset homogenisation is not valid (see Section 4.1). The CEBAF-4.2.1 dataset 
is not included because it starts on March 2000.

the AOD trend. However, confirming this would require an additional 
study which is out of the scope of this work.

The results in Table  8 clearly show that neither the first AIE nor 
TE alone can explain the non-ADE trend as estimated by the sim-
ulations of the Solargis-3.2 column model during the Recent period 
(2.2 ± 1.8 W/m2/decade). Only the first AIE could explain the non-
ADE trend itself, but only in the very unlikely situations with large 𝛼
and 𝜏𝑐 , which may be expected for specific cases, but not on average. 
Therefore, both processes first AIE and TE are most likely contributing 
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Table 8
Estimates of the first AIE (Eq. (4)) for nine combinations of 𝛼 and 𝜏𝑐 , and of the 
SSR trend associated with TE (Eq. (8)). Both are provided in W/m2/decade. 
The column 𝑓𝐴𝐼𝐸 is the fraction of the joint first AIE and TE trends contributed 
by first AIE. The mean AOD observed at the AERONET stations is 0.16 and 
a fixed value of 0.80 is selected for the cloud asymmetry parameter for the 
evaluation of the first AIE. The mean clear-sky index (𝐾𝑐 = 0.66) is evaluated 
from the outputs of the Solargis-3.2 column model with daily AODs at the 
GEBA locations. The rest of values needed to evaluate TE are gathered from 
Table  7.
 𝛼 𝜏𝑐 First AIE TE First AIE+TE 𝑓𝐴𝐼𝐸 
 0.02 2 0.12 1.09 1.22 0.10 
 5 0.22 1.09 1.31 0.16 
 8 0.27 1.09 1.36 0.20 
 0.09 2 0.56 1.09 1.65 0.34 
 5 0.97 1.09 2.07 0.47 
 8 1.20 1.09 2.29 0.52 
 0.16 2 0.99 1.09 2.08 0.47 
 5 1.73 1.09 2.82 0.61 
 8 2.13 1.09 3.22 0.66 

to the increase in SSR. It must be noted though that these considerations 
are made under the assumption that the changes in CF are driven by 
TE, with all other impacts, such as Albrecht effect, being neglected.

Considering the central case in which 𝛼 = 0.09 and 𝜏𝑐 = 5, the 
first AIE + TE trend results in 2.07 W/m2/decade, which deviates only 
by 6% from the non-ADE trend value estimated using the Solargis-
3.2 column model. The small difference between these two estimates 
of the non-ADE trend yields robustness and consistency to the two 
approaches. The fraction of first AIE + TE trend contributed by first 
AIE varies widely between the two most extreme (𝛼, 𝜏𝑐) cases. However, 
with central values, the joint contribution of first AIE and TE to the SSR 
trend is similar to the non-ADE trend evaluated with the Solargis-3.2 
model, while the fractional contribution of the first AIE is about 50%, 
indicating that, at least during the Recent period, both first AIE and 
TE might contribute about the same to the non-ADE trend. Therefore, 
the total SSR trend during the Recent period might be approximately 
separated into: 30% ADE, 35% first AIE and 35% TE. Assuming that 
the 50-50 split of first AIE and TE in the non-ADE trend works also 
for the Observational period, the total SSR trend would approximately 
separate into: 20% ADE, 40% first AIE and 40% TE.

An additional spatial and temporal qualitative view of the roles of 
clouds and aerosols in the SSR trend is provided in Fig.  7. The first three 
rows of panels show the mean CEDS anthropogenic emissions (Fig. 
7a–c), the mean MERRA-2 AOD at 550 nm (Fig.  7d–f) and the mean 
CLARA-A3 CF (Fig.  7g–i) of the Historical, Recent and Observational 
periods. The anthropogenic emissions are higher in central and, espe-
cially, northern Europe (and higher during the Historical than during 
the Recent period), while AOD is higher in eastern countries (also 
higher during the Historical than during the Recent period). Note that 
the MERRA-2 AOD includes natural and anthropogenic sources, as well 
as atmospheric transport of aerosol particles, which could explain the 
spatial mismatch with anthropogenic emissions. With regard to CF, it 
is higher in northern Europe, as expected, especially in central Europe, 
interestingly where anthropogenic emissions are highest. Again, as for 
anthropogenic emissions and AOD, it is higher during the Historical 
period, when emissions are greater than during the Recent period.

Fig.  7j–l shows the mean hygroscopicity parameter, calculated as 
proposed in Pöhlker et al. (2023) using the aerosol mass fractions of 
MERRA-2. This parameter accounts for the susceptibility of aerosol 
particles to act as CCN and is thus related to AIE. All hygroscopicity 
values in the region are in the approximate range 0.46–0.56, but there 
are two regions, roughly coincident with France and Romania, with 
particularly low values, especially during the Recent period.

The remaining panels show the decadal trends for AOD (Fig.  7m–
o), CF (Fig.  7p–r) and hygroscopicity parameter (Fig.  7s–u) for each 
time period. Although MERRA-2 may not be accurate at representing 
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Fig. 6. 12-month running means of the monthly regional SSR anomalies of (a) the Solargis-3.2 column model using daily AODs and the monthly AOD climatology, 
and (b) CLARA-A3 CF and NOAA Tas. All anomalies are evaluated from the mean anomaly in all GEBA locations, except NOAA Tas, which is evaluated from the 
retrieved spatially-averaged anomaly (Section 2.4). The 21st century global warming hiatus period (Yan et al., 2016) is highlighted in grey in the background.
the AOD trends, at least provides an overall view of the sign of the 
trend and the relative magnitudes between subregions. In general, the 
study region experienced a relatively uniform decrease in CF, AOD and 
hygroscopicity during the Observational period, with the only major 
exception of the Iberian Peninsula and Anatolia for AOD. However, it 
is important to note that the decreasing trends in AOD were stronger in 
the northern Balkans, and the decreasing trends in hygroscopicity were 
stronger in France and some other spotted regions.

When the spatial and temporal patterns of all these variables are 
compared to Figs.  4 and 5, they show that the SSR trends cannot be gen-
erally explained only by changes in aerosols or changes in clouds, as has 
been concluded also from the analysis of AIE and TE. For instance, the 
positive trends of SSR in the Iberian Peninsula and Anatolia during the 
Observational period are most likely due to a decrease in CF, since AOD 
remained reasonably stable during this period. The hygroscopicity also 
decreased slightly, which might have also contributed to the decrease 
in cloudiness. In contrast, the high positive trends in SSR in northern 
France, Benelux, Germany and northern Balkans are most likely due to 
a combined impact of aerosols and clouds. However, the contribution 
of aerosols is probably not limited only to the mere extinction of SSR 
because the reduction of the hygroscopicity parameter points towards 
a decrease in the aerosol contribution to the formation of clouds, 
which could partially explain the reduction of CF in France during 
the Observational period. However, the hygroscopicity parameter only 
accounts for the susceptibility of aerosol particles to act as CCN. In 
addition, the amount of aerosol particles (proportional to AOD) must 
also be considered because a reduction of such an amount is more 
critical in low polluted areas than in highly polluted areas (Wild, 2009), 
as might be comparatively the case of France and northern Balkans 
(Fig.  7f), where the relative impact of SSR extinction by aerosols is 
probably more important than in France. The Iberian Peninsula is 
another interesting example because it has modest AOD values around 
0.10–0.12, and CF is expected to be sensitive to changes in AOD, to 
some extend. In particular, during the Historical period, there is a 
generalised decrease in AOD and CF. Thereafter, in the Recent period, 
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AOD stabilises, or even rises in central and western Iberia, while keeps 
decreasing slightly in the Mediterranean southern coast. Interestingly, 
CF during the Recent period follows a quite similar variability pattern: 
decreasing in the south and increasing in western, central and also 
northern areas. In addition to the aerosol direct and indirect effects, 
the increase of surface temperatures might also play a significant role, 
as discussed earlier.

4.4. Projected SSR trends

Fig.  8 shows the regional SSR trends obtained from the average 
anomaly of the CMIP6 predictions at the GEBA locations for all, clear 
and cloudy sky conditions (referred to as all-sky, clear and cloudy 
trends, respectively) for the Historical (1994–2014) and Projected 
(2024–2054) periods.

The spread of the CMIP6 ensemble (CE) trends for the Historical 
period is much greater than for the SSP scenarios under any sky 
conditions, which is consequence of the stiff forcings imposed by the 
simulation scenarios (O’Neill et al., 2016). The spread of the clear 
trends is always smaller than for cloudy trends, suggesting a greater 
modelling uncertainty in the simulation of cloudy conditions.

The median regional trend of the CE during the Historical period 
under all sky conditions is 1.8 W/m2/decade, while the regional SSR 
trend evaluated from the GEBA observations is 2.7 W/m2/decade. It 
corresponds to the percentile 75 of the CE, indicating a noticeable 
tendency of its members to underestimate the observed trend. The 
Historical median clear and cloudy trends of the ensemble are 1.2 and 
0.5 W/m2/decade, respectively. Hence, a 67% of the all-sky median 
trend is due to clear sky conditions. Assuming a negligible impact of 
water vapour absorption in the SSR trend, the ADE trend determined in 
Section 4.3 should be similar to the clear trend. Therefore, the relative 
magnitude found for the CE clear trend (67%) is in stark disagreement 
with the findings in Section 4.3, which estimated 17% for the Historical 
period, and suggests that the CE overestimates (underestimates) the 
relative importance of the clear (cloudy) SSR trend. Nonetheless, as also 
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Fig. 7. Mean CEDS anthropogenic emissions (a–c), MERRA-2 AOD (d–f), CLARA-A3 CF (g–i) and hygroscopicity parameter (j–l), and decadal trends of MERRA-2 
AOD (m–o), CLARA-A3 CF (p–r) and hygroscopicity parameter (s–u) during the Historical, Recent and Observational periods in the study region. The CEDS 
emissions include black and organic carbon and secondary organic and inorganic aerosol compounds.
shown in Section 4.3, the estimate of the ADE trend might be too low 
as the modelled AOD trend by MERRA-2/MACC-II/CAMS might also be 
too low.

The projected SSR trends show small differences between forcings 
scenarios for all sky conditions, with the maximum median trend 
occurring for SSP1-2.6 (0.8 W/m2/decade) and the minimum for SSP5-
8.5 (0.2 W/m2/decade), and without evident systematic dependency 
13 
on the forcings severity. In contrast, the median trend of the ensem-
ble decreases with the severity of the forcings for clear conditions, 
becoming −0.5 W/m2/decade for SSP5-8.5. The opposite occurs for 
cloudy conditions, when the median trend is positive and increases with 
the severity of the forcing scenario. While the findings for the median 
clear trends are somewhat expected, since an increase in anthropogenic 
emissions is expected to lead to higher aerosol extinction rates, the 
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Fig. 8. Regional SSR trends (dots) for all sky, clear sky and cloud sky conditions from the CMIP6 ensemble models. The all and clear sky trends are evaluated 
from the mean anomalies of SSR and clear-sky SSR, respectively, at all the GEBA locations. The cloudy sky trends are evaluated from the difference between 
all sky and clear sky trends. The trends are shown for the Historical period (coincidently with the CMIP6 Historical simulations) and for the Projected period 
(coincidently with for the CMIP6 simulations of SSP scenarios). The grey boxes in the background are boxplots of the SSR trends. The upper and lower bounds of 
the boxes extend from the lower to the upper quartiles and the whiskers extend 1.5 times the inter-quartile range from the box. The ensemble median is shown 
as a black horizontal line within the boxes. The Solargis-3.2 trends are the ADE trend in the clear sky panel and the non-ADE trend in the cloudy sky panel.
Fig. 9. As Fig.  8, but for the CMIP6 CF.

increasing median trend in SSR for cloudy conditions indicates a reduc-
tion of CF and/or an increase in the transparency of clouds, apparently 
contradicting the expected effects of greater availability of CCN in the 
atmosphere. In particular, Fig.  9 shows that CF actually decreases in 
more severe forcing scenarios, except for SSP5-8.5, whose CF trend 
is smaller (in magnitude) than for SSP3-7.0, which might indicate 
stagnation or saturation in the CF reduction. This situation points, 
again, to a probable impact of TE under rising temperatures (Carvalho 
et al., 2021).

Fig.  10 shows the spatial distribution of the median all-sky SSR 
trends in the study region. The trend is positive everywhere, for the 
Historical period and in all SSP scenarios. In general, the trends during 
the Historical period are smaller than those evaluated from the gridded 
historical datasets (left column of Fig.  4), and the trends for the SSP 
scenarios are even smaller. In all cases, the spatial distribution of the 
trends is very uniform, at least, compared to the results shown in Fig. 
4.
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5. Discussion and conclusions

SSR observations at ground radiometric sites are prone to errors, 
and thus require quality assurance protocols that, unfortunately, can-
not always be applied. This limitation is particularly important for 
the evaluation of multidecadal trends because trends are very sensi-
tive to data inhomogeneities and, without proper quality assurance, 
inhomogeneities are likely to occur. Although such inhomogeneities 
in observed data can, in principle, be detected, they are difficult to 
correct. As an example, for the GEBA stations considered here, standard 
homogeneity tests detected at least one point of change in most of the 
sitewise datasets. Hence, SSR trends are expected to carry uncertainties 
related to inherent inhomogeneities when they are computed from 
ground observations at single locations. Observations at ground stations 
are, however, best suited combined with other ground stations’ data to 
evaluate a wide-area, or regional, estimate of the SSR trend because the 
potential inhomogeneities are often independent among stations, espe-
cially if the ground stations belong to different observational networks 
and follow independent maintenance programs.

Satellite-based SSR datasets provide spatially distributed SSR data 
with a quality that, at the monthly scale, is generally comparable to 
that of ground observations (≈5% standard uncertainty). They are thus 
a valuable data source to provide spatially continuous SSR trends. How-
ever, as ground data, satellite-based datasets are potentially affected by 
data inhomogeneities, which, for them, is a particularly critical issue 
because they typically provide their estimates based on a single, or 
only a few, spaceborne spectroradiometers. Hence, any issue with the 
sensors unavoidably spreads across the entire sensed area, and ensuring 
the homogeneity of these data is crucial to guarantee the validity of 
their results. Thus, there must be a synergetic co-existence of ground- 
and satellite-based data: the ground data ensure the temporal stability 
of the satellite data, and the satellite data expand the spatial context of 
the ground data.

Here, five gridded SSR datasets have been considered, four of 
them primarily based, to a greater or lesser extent, on observations 
from spaceborne spectroradiometers (Solargis-3.2, SARAH-3, CLARA-
A3 and CEBAF-4.2.1), and an atmospheric reanalysis dataset (ERA5). 
Among them, Solargis-3.2 has the smallest root mean square deviation 
(6.39 W/m2) with respect to the SSR observations at the GEBA loca-
tions throughout the evaluation period 1994–2023. However, it also 
presents a stability breakpoint due to the replacement of the Meteosat 
First Generation by the Meteosat Second Generation. Once corrected, 
Solargis-3.2 and SARAH-3 were the models with the closest estimates 
to the observed regional SSR trends for the Historical, Recent and 
Observational periods (2.7, 3.0 and 3.1 W/m2/decade, respectively), 
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Fig. 10. Median SSR trend of the CMIP6 ensemble for the Historical period and the four SSP scenarios. All maps share the colour scale. Before computing the 
trends, all CMIP6 ensemble members were regridded to a common 1◦ × 1◦ grid using a conservative scheme. If these maps are compared to those in Fig.  4, be 
aware of the different colour scale. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
always within a difference of ±0.2 W/m2/decade with respect to GEBA. 
The ERA5 reanalysis always underestimates by more than 50% the 
observed SSR trend.

All datasets exhibit a generalised increase in SSR between 1994 
and 2023 throughout Europe. Compared to the Historical period, all 
datasets show an overall increase in the mean SSR during the Recent 
period. The SSR trend maps indicate that the increase is primarily pro-
duced in Central Europe (mainly in northeastern France, the Benelux 
and western Germany) and, to a lower extent, in other areas, such as 
Great Britain, Scandinavia, the Italian Peninsula and the Balkans.

Long-term trends in SSR are primarily originating from changes in 
clouds and aerosols. Neglecting other potential sources of SSR trends 
(such as changes in solar activity or in water vapour), and using a 
column version of the Solargis-3.2 model that has been run at the 
GEBA locations using alternatively inputs of daily AOD and a long-term 
monthly climatology of AOD from MERRA-2, MACC-II and CAMS, the 
fraction of the trend attributable to ADE is quantified in 17%, 29% and 
22% for the Historical, Recent and Observational periods, respectively. 
This result indicates that ≈20% of the trend of SSR in Europe in the 
period 1994–2023 is due to ADE and that the remaining ≈80% relate 
to changes in clouds. The secondary role of aerosol extinction is aligned 
with the excellent predictions of the SSR trends made by satellite-based 
gridded SSR datasets that use prescribed aerosol climatologies, such 
as SARAH-3 and CLARA-A3. However, the impact of aerosols is not 
limited to ADE, as deduced from a sensitivity analysis that quantifies 
the impact of the first AIE in SSR close to 1% (of the mean SSR). It turns 
out, however, that the first AIE is not enough to explain the cloudy SSR 
trend, and it has been shown that the increase of surface temperatures 
within the context of global warming might be contributing to the 
cloudy trend as well. Overall, taking the Recent period as a reference, 
because it has a better characterisation of the regional AOD in the 
AERONET network, the SSR trend during the Observational period 
would be roughly produced in 1/5 by ADE, 2/5 by first AIE and 2/5 
by change in air temperature. That is, the cloud-related changes would 
be twice as much important as ADE at the regional scale.

The regional SSR trend observed during the Historical period (2.7
W/m2/decade) is the percentile 75 of the SSR trends predicted by 
the CMIP6 ensemble, which indicates a noticeable underestimating 
tendency in its members. The median SSR trend under clear (cloudy) 
conditions is 67% (33%) of that under all sky conditions, which is in 
stark contrast with the previous findings, which quantify the clear trend 
in ≈17% of the all sky trend. This suggests that the CMIP6 ensemble 
strongly overestimates (underestimates) the relative importance of the 
clear (cloudy) trend.

The median SSR trends projected by the CMIP6 ensemble for the 
period 2024–2054 for clear sky conditions decrease (and become nega-
tive) with the severity of the forcings (i.e., from SSP1-2.6 to SSP5-8.5) 
15 
and increase for cloudy conditions. These opposing tendencies counter-
balance for all sky conditions and preclude any significant dependency 
with the forcing scenario, always taking positive values and smaller 
than 1 W/m2/decade. In parallel, CF decreases with increasing forc-
ing severity, explaining the increase in SSR under cloudy conditions, 
and suggests a potential impact of increasing temperatures in the 
suppression of clouds.

Last but not less important, this study presents limitations that 
should be considered for a correct interpretation of its results. First, 
the estimation of ADE is based on the AOD trend modelled by MERRA-
2, MACC-II and CAMS throughout 1994–2024. The comparison of the 
MERRA-2 AOD trend during the Recent period to that obtained from 
AERONET observations carried out in Section 4.3 suggests that the 
modelled AOD trends might significantly underestimate the magnitude 
of the observed decreasing multi-decadal AOD trend. The relative 
importance of ADE would then be greater than that determined here. 
Second, the evaluations performed here neglect the contribution of 
water vapour absorption in the SSR trend, based on the results of 
Schilliger et al. (2024). However, this assumption should be carefully 
evaluated in future studies, as recent works have reported significant 
trends in water vapour in Europe (1.7–5.0%/decade during 1994–2018; 
Yuan et al., 2023a). Third, with respect to AIE, the Twomey effect has 
been considered assuming central values of cloud optical depth, while 
the Albrecht effect has been neglected. This assumption ignores the 
potential impact of aerosols on cloud coverage, despite recent strong 
evidence (Yuan et al., 2023b), and has left the modelling of the impact 
of cloud coverage only to the changes in air temperature.

Future works should consider the use of a gridded dataset that 
provides unbiased AOD trends, probably integrating ground AERONET 
observations and modelled datasets, to improve the estimate of ADE 
and non-ADE trends. The improved AOD dataset would help to find a 
better effective cloud optical depth to also improve the evaluation of 
the first AIE. The role of water vapour should be considered to find a 
better estimate of the clear trend, as it should be considered the second 
AIE too, as a previous step to address the mutual feedback between 
cloud coverage and air temperature (Loeb et al., 2025; Goessling et al., 
2025; Schneider et al., 2019).
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