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ABSTRACT ARTICLE HISTORY
Accurate estimates of surface solar irradiance (SSI) are essential for Received 12 November 2024
solar resource assessments and solar energy forecasts in grid inte- Accepted 17 February 2025

gration and building control applications. SSI estimates for spatially

- 4 : : KEYWORDS
extended regions can be retrieved from geostationary satellites Solar radiation: surface solar
such as Meteosat. Traditional SSI satellite retrievals like Heliosat irradiance; satellite retrieval;
rely on physical radiative transfer modelling. We introduce deep learning; emulation;
a machine-learning-based satellite retrieval for instantaneous SSI Heliosat; Meteosat

and demonstrate its capability to provide accurate and general-
izable SSI estimates across Europe. Our deep learning retrieval
provides near real-time SSI estimates based on data-driven emula-
tion of Heliosat and fine-tuning on pyranometer networks. By
including SSI from ground stations, our SSI retrieval model can
outperform Heliosat accuracy and generalize well to regions with
other climates and surface albedos in cloudy conditions (clear-sky
index < 0.8). Our results indicate that the generalizability of a data-
driven SSI retrieval model is not only related to the model training
data or training method, but also depends on the amount of
cloudiness present in the location at which SSI is retrieved with
the data-driven model. We found that, in cloudy conditions,
a model trained only on ground stations can estimate SSI accurately
even in locations with different surface albedos, far away from the
training test domain. We also show that the SSI retrieved from
Heliosat exhibits large biases in mountain regions, and that training
and fine-tuning our retrieval models on SSI data from ground
stations strongly reduces these biases, outperforming Heliosat.
Furthermore, we quantify the relative importance of the Meteosat
channels and other predictor variables like solar zenith angle for the
accuracy of our deep learning SSI retrieval model in different cloud
conditions. We find that in cloudy conditions multiple near-infrared
and infrared channels enhance the performance. Our results can
facilitate the development of more accurate satellite retrieval mod-
els of surface solar irradiance.
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1. Introduction

Surface radiation estimates are required in solar resource assessments (Carpentieri et al.
2023; Vuilleumier et al. 2020; X. Yang et al. 2022), solar forecast models (Carpentieri et al.
2023; D. Yang et al. 2022) and climate studies. High temporal and spatial coverage and
resolution are essential for forecasting solar radiation for minutes to hours ahead (solar
nowcasting) across large regions. While plant-level forecasts often rely on ground-based
sensors (Barry et al. 2023; Kuhn et al. 2018; Nouri et al. 2019), forecasts across spatially
extended regions require surface radiation retrieved from geostationary satellites (Ayet
and Tandeo 2018; Carpentieri et al. 2025; Kellerhals, De Leeuw, and Rodriguez Rivero
2022; Knol et al. 2021; Kosmopoulos et al. 2024). Grid operators and energy providers use
solar nowcasts to anticipate volatile solar energy and ensure grid stability. The relation
between surface solar irradiance (SSI) and top-of-atmosphere reflectances measured from
geostationary satellites has been explored and leveraged for retrieving SSI estimates for
more than five decades (Miller and Pfeifroth 2022; Tarpley 1979). Satellite retrievals of SSI
utilize top-of-atmosphere visible and infrared reflectances to estimate the amount of solar
radiation that reaches the Earth’s surface.

Data-driven solar retrieval models can outperform physical models for single ground
stations (Cornejo-Bueno et al. 2019). Deep learning has enabled increases in SSI retrieval
accuracy of up to 20% compared to state-of-the-art retrievals (Hao et al. 2019; Huang
et al. 2019; Quesada-Ruiz et al. 2015; Verbois, Saint-Drenan, Becquet, et al. 2023). Recent
data-driven retrieval models have been trained on pyranometer ground stations with
geostationary measured radiances as predictors to retrieve SSI by either post-processing
previous SSl retrievals (Hao et al. 2020; Ma et al. 2020; Verbois, Saint-Drenan, Libois, et al.
2023) or by directly estimating SSI retrievals for individual ground stations (Cornejo-
Bueno et al. 2019; Hao et al. 2020; Jiang et al. 2019; Quesada-Ruiz et al. 2015; Shi et al.
2023; Verbois, Saint-Drenan, Becquet, et al. 2023). SSl retrievals are expected to not only
achieve high accuracy and low biases within the geographic region of their training set
ground stations but also well beyond. In particular, an SSI retrieval should also be
accurate in regions with other surface albedos and other climates, which have not
been included in the development of the SSI retrieval model (out-of-domain general-
ization) (Hao et al. 2020; Jiang et al. 2019; Verbois, Saint-Drenan, Becquet, et al. 2023;
X. Yang et al. 2022). Existing machine-learning based SSI retrievals were found to lack
generalizability and to feature artefacts showing up in SSI estimates at locations outside
their training set domains (Verbois, Saint-Drenan, Becquet, et al. 2023; X. Yang et al.
2022).

The goal of our study is to develop a machine-learning-based SSI retrieval model that
enables accurate generalizable SSI estimates across all of Europe and North Africa at low
retrieval latency time. We aim to go beyond previous work by providing an accurate
data-driven satellite retrieval of instantaneous SSI that can generalize to unseen loca-
tions beyond the training set region. Our study provides the first machine learning
satellite retrieval of instantaneous SSI, to our knowledge. Instantaneous SSI estimates
are highly relevant for estimating and forecasting SSI at intra-hour and intra-day time
scales. We achieve improved generalizability by emulating a radiative-transfer-based SSI
retrieval algorithm and fine-tuning it on ground station measurements. SSI retrieval
emulation involves the application of SSI fields, in our case from Heliosat, as target
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variables in the emulator training. Emulation is also commonly referred to as surrogate
modelling.

The structure of this paper is outlined as follows. Section 2 reviews existing SSI
retrieval methods and concludes with the novelty of this paper. Section 3 introduces
the datasets utilized in this study. The deep learning SSI retrieval and its development
are detailed in section 4. Results of this study are discussed in section 5 and conclusions
are provided in section 6.

2. Previous work

One of the first SSI satellite retrieval algorithms, Heliosat-1, included an empirical formula
to calculate SSI (Cano et al. 1986). An empirical clear-sky model estimated SSI in the
absence of clouds and assuming a given atmospheric composition. The transmissivity of
the clouds was estimated by the ratio between top-of-atmosphere reflectivity measured
and the minimum reflectivity over a month for cloud-free skies. The clear-sky reflectance
mainly depends on the local solar zenith angle (SZA) and the surface albedo at the
monitored site. Reliable surface albedo estimates are considered essential for accurate
SSI retrievals (Tournadre et al. 2022). Current state-of-the-art surface solar irradiance
retrieval algorithms, such as CAMS (Schroedter-Homscheidt et al. 2022), SARAH-3
(Pfeifroth et al. 2023), MSG-CPP (Greuell, Meirink, and Wang 2013; Roebeling, Feijt, and
Stammes 2006) and SolarGIS (Suri and Cebecauer 2014), use a combination of radiative
transfer model (RTM) and the clear-sky index (CSI) to estimate SSI. The CSl is defined as the
ratio between all-sky SSI and clear-sky SSI, CSI = ;;:;’ﬁ, where the clear-sky SSI is
calculated using a clear-sky RTM. The latter performs corrections to the clear-sky SSI
due to attenuation from aerosols and trace gases. CAMS, SARAH-3 and MSG-CPP apply
a cloudy-sky RTM to extract all-sky SSI based on cloud optical properties. RTM simulations
are computationally expensive, so all three methods utilize look-up tables created by
calculating radiative properties for various cloud and aerosol conditions. The observed
cloud optical properties, aerosol properties and surface albedo are interpolated within the
conditions provided by the look-up table to estimate global surface solar radiation. In
MSG-CPP, the cloud optical properties are derived from near-infrared, visible light and
surface albedo as parameters to a cloudy (Mueller et al. 2012; Roebeling, Feijt, and
Stammes 2006). While the SSI retrieval algorithms differ, they are all based on the visible
and partially near-infrared reflectivity from Meteosat Second Generation satellites.
Recent research on deep learning (DL) for surface solar irradiance retrieval can be
categorized into two main branches: post-processing of SSI derived from radiative
transfer model and direct DL retrieval models. In post-processing, DL is employed as
a post-processing step for existing retrieval algorithms by using spectral imagery and
derived variables as input to improve on the initial SSI retrieval estimate. Cornejo-
Bueno et al. (2019) benchmarked a multitude of DL networks for post-processing
Heliosat-2 and CAMS output, and found moderate improvements over a single station
in Toledo, Spain. Verbois, Saint-Drenan, Libois, et al. (2023) trained an extreme gra-
dient boosting network to improve SSI estimates from HelioClim-3 (Blanc et al. 2011)
based on SSI from a group of 283 pyranometers spread across France. Ma et al. (2020)
inferred instantaneous values of SSI (and other radiative transfer model outputs) by
training a fully-connected neural network directly on an RTM with input level L2



4 K. R. SCHUURMAN AND A. MEYER

products from the Himawari-8 satellite. They validated the model based on ground
stations across Asia and Oceania and found an average instantaneous MBE and RMSE
of 8.1 and 125.9 Wm~2. These methods have not been validated with regard to their
generalizability to other regions outside the training set domain. Direct retrieval DL
models, on the other hand, estimate SSI directly from visible or infrared satellite
channels or ground station data. Quesada-Ruiz et al. (2015) trained three model
ensembles of ten fully connected feed-forward neural networks each on all visible
and infrared channels’ pixel values of the Spinning Enhanced Visible and Infrared
Imager (SEVIRI) plus a clear-sky SSI estimate and used SSI from eight ground stations
in Europe as predictands (ground truth). Each ensemble was designed to estimate
hourly SSI for different weather conditions: clear-sky (CSI > 0.8), intermediate (0.8 >
CSl > 0.4) and overcast conditions (CSI < 0.4). A separate ensemble network of the
same number of models predicted the clear-sky index. The method achieved an
average RMSE skill score improvement of 17% compared to the Heliosat-2 method
(Rigollier, Lefévre, and Wald 2004) across 28 validation stations. In another study, Jiang
et al. (2019) applied a convolutional residual network to estimate hourly SSI based on
the Multifunctional Transport Satellites (MTSAT) series with 16x16 pixel patches of
visible reflectances. The network was trained on 90 pyranometer stations spread out
over different land surface classes and climates in China and inferred over the entirety
of China. The network performance on eight validation pyranometers within the
region showed an average RMSE of 93 Wm~2. They did not compare those results
with an existing radiative transfer-based retrieval algorithm. Jang, Sohn, and Park
(2022) created a CNN-based DL retrieval model trained on hourly averaged SSI mea-
sured at 81 weather stations from 2019 to 2020 across South Korea. They utilized an
extra auxiliary variable the extraterrestrial solar radiation compared to (Jiang et al.
2019). The reported MBE and RMSE for the same stations from 2020 to 2021 were —1.9
and 50.0 Wm~2 compared to 32.8 and 90.1 Wm~2 for the operational RTM model. Their
validation on the same training stations does not allow any conclusions made for
generalization over the entire domain. Shi et al. (2023) was the first to address the
importance of different level-1 satellite inputs and auxiliary inputs to direct SSI
retrieval using shapely values derived from the random forest model. They trained
the model to predict hourly SSI values based on visible (0.55-0.77 um), near-infrared
(3.5-4um), infrared (6.9-7.3, 11.5-12.5um) from the satellite FY-4A and auxiliary vari-
ables on ground stations across China. The most important input was the solar zenith
angle followed by the visible channel, solar azimuth angle, near-infrared and infrared
(11.5-12.5um) channel. Compared to (Jiang et al. 2019; Ma et al. 2020) the random
forest model performed the worst with an hourly MBE and RMSE of —5.64 and 147.0
Wm=2 over the ground stations of China.

Verbois, Saint-Drenan, Becquet, et al. (2023) were the first to explore the out-of-sample
generalizability of DL models for SSI retrievals. They trained a fully connected neural
network on the hourly SSI from pyranometers over France, incorporating 13 time steps of
15-min patches of 3x3 from three SEVIRI channels: the visible 0.6um and 0.8 um (VIS006,
VIS008) and infrared 10.8um (IR108). They showed the performance of the DL network to
be better than CAMS with an average RMSE skill score of 20% within the training domain
of southeastern France, but outside this limited domain, in the validation set over the rest
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of France, performance dropped off significantly to skill scores of —100% to —40% for
some stations. The worse performing stations were located in coastal regions with
a generally lower surface albedo which were not represented in the training dataset.
Verbois, Saint-Drenan, Becquet, et al. (2023) analysed if the average surface albedo
impacted the generalization of the DL network and found a significant Spearman correla-
tion of 0.346 (p < 0.01) between surface albedo and RMSE skill score. The results of
Verbois, Saint-Drenan, Becquet, et al. (2023) show challenges in generalizing a DL retrieval
to unseen locations far differentiated from the training set.

This paper introduces an instantaneous direct retrieval model designed with two key
objectives: ensuring fast inference and achieving robust generalizability across diverse
and previously unseen climates and surfaces. We employ a convolutional neural network
(CNN) architecture inspired by Jiang et al. (2019), utilizing only level-1 products from
SEVIRI and auxiliary inputs that can be precomputed. We let it train on instantaneous SSI
compared to hourly averaged SSI (Jiang et al. 2019; Quesada-Ruiz et al. 2015; Shi et al.
2023; Verbois, Saint-Drenan, Libois, et al. 2023). Initially, the model is trained to emulate
a radiative transfer model (RTM) using the Heliosat-3 SARAH-3 dataset. The most similar
methodology was implemented by Ma et al. (2020) wherein they emulate an RTM
instantaneous output but use level-2 products as inputs instead of directly retrieving
the SSI from level-1.5 products here. None of the previous works have first tried to
emulate an RTM and subsequently fine-tuned the model using a ground station dataset
that spans only a subset of the domain. This approach aims to address the generalizability
challenges of deep learning-based retrieval methods by leveraging the broad applicability
of the RTM while maintaining the high performance of a direct retrieval network trained
on ground stations.

3. Data
3.1. Meteosat

Visible and infrared radiances from Earth that are measured by geostationary satellites
provide the basis of SSI retrieval products. The Meteosat Second Generation (MSG)
satellite at 0° E, 0° N is monitoring the regions of interest in our study - Europe and
North Africa — with the Spinning Enhanced Visible and Infrared Imager (SEVIRI) that scans
from East to West by rotating its sensor’s view. After each rotation, the sensor resets and
scans the next line from North to South. One line scan is close to an instantaneous capture
of longitudinal pixels, but individual scan lines have a delay associated with them, so an
entire scan of the satellite’s disk takes approximately 12 min (Schmetz et al. 2002). The
ground resolution of the sensor is 3x3 km at nadir. All 11 visible and infrared channels are
included as input to the emulator model training.

3.2. Heliosat SARAH-3

Heliosat SARAH-3 (Pfeifroth et al. 2023) provides Meteosat-derived estimates of surface
solar irradiance and other atmospheric variables related to clouds and radiation. It spans
Meteosat First Generation (1977-2017) and MSG (2002-present) satellite retrievals from
their respective instruments MVIRI and SEVIRI. The MVIRI is the predecessor of SEVIRI.
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SARAH-3 employs only the visible channels to keep the SARAH-3 record homogeneous in
time.

The SARAH-3 algorithm draws on the cloud index method of the original
Heliosat-1 algorithm by Cano et al. (1986) to derive an estimated effective cloud
albedo CAL. The cloud index method calculates the ratio between measured
broadband reflectance p, clear-sky reflectance p., and maximum reflectance p,,,,
as CAL :f%. The clear-sky and maximum reflectance are estimated from the

max —Pcls

frequency distribution within a month, where the maximum reflectance is taken as
the 95 quantile in the month, and the clear-sky reflectance as a stationary variate
of lowest p values. The lowest reflectance in the month is not taken as clear-sky
reflectance due to cloud shadows which give low reflectance outliers in the tail of
the distribution. The effective cloud albedo is converted to a cloud index with
a smooth piecewise function defined in Dagestad (2004). The observed pixel-wise
cloud index serves as input to a radiative transfer look-up table to retrieve SSI
(Mueller et al. 2012). Instantaneous SSI from SARAH-3 is published with a two-week
delay at a frequency of 30 min, so every second SEVIRI capture.

3.3. Grid data preprocessing

The research domain of our study was selected as 29 N-62 N and 9 W-28 E to
include most of Europe and parts of Northern Africa. Given the availability of high-
quality measurements from IEA-PVPS in the years 2016-2022, we chose SARAH-3
and SEVIRI images from 2016 to 2023 for this study. The SEVIRI Level-1.5 data was
acquired from the EUMETSAT datastore. We utilized 11 visible and infrared SEVIRI
channels. The SEVIRI Level-1.5 data corresponds to image data that is corrected for
unwanted radiometric and geometric effects. The Level-1.5 VIS006, VIS008 and
IR0O16 reflectivity radiances were converted to bidirectional reflectance factor. The
Level-1.5 emissivity radiances for channels IR039, WV062, WV073, IR087, IR097,
IR108, IR120 and IR134 were converted to brightness temperature using the
Satpy module (Raspaud et al. 2024). The conversions homogenized the record
between different MSG satellites and corrected the reflectivity channels for chan-
ging Sun-Earth distance. The images were reprojected to the geographic SARAH-3
grid with the nearest neighbourhood interpolation.

Table 1. Datasets of SSI ground station measurements. All years are included in the training/
validation.

Details
Measurement
frequency
Dataset Quality control Stations (minutes) Years
IEA-PVPS Yes 14 1 2016-2022
DWD Automatic 99 10 2016-2022
KNMI No 34 10 2016-2022

MeteoSwiss Automatic 135 10 2016-2022
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3.4. Ground stations

Our SSI emulator models were validated on ground-based SSI sensors.
Pyranometers measure the total amount of solar radiation from a half-dome in
segments of one to 10 min. These sparse ground observations represent only
a single point in space whereas the SEVIRI imager measures an average reflectivity
over a ground area of approximately 3x3km. The ground station datasets for
validating the SSI emulators are summarized in Table 1. They include SSI measure-
ments from the Royal Netherlands Meteorological Institute (KNMI), the German
Weather Service (DWD) and the Swiss Federal Office for Meteorology and
Climatology (MeteoSwiss). Additionally, SSI measurements from the International
Energy Agency Photovoltaic Power Systems Programme (IEA-PVPS) worldwide
benchmark were gathered. They contain quality controlled SSI measurements
from across Europe and North Africa (Forstinger et al. 2022). The IEA-PVPS dataset
comprises 14 stations from different operators. Six stations — CAB, CAR, CEN, PAL,
PAY and TOR - form part of the Baseline Surface Radiation Network (BSRN,
(Driemel et al. 2018)). Two stations — TAB and MIL - belong to the Centre for
Energy, Environmental and Technological Research (CIEMAT) and Research on
Energy Systems (RSE), respectively. The Swedish Meteorological and Hydrological
Institute (SMHI) provided two additional stations, NOR and VIS. Finally, the
EnerMENA project contributed four stations located in Northern Africa: GHA, MIS,
OUJ and TAT (Schiiler et al. 2016). All stations of the IEA-PVPS dataset are
equipped with three thermophile radiometers measuring SSI, direct normal irradi-
ance and diffuse irradiance at 1-min intervals (Forstinger et al. 2022).

The DWD dataset comprises SSI measurements from 99 radiometers including 70
scanning pyrheliometers (ScaPP) and 19 Kipp & Zonen CM11 or CM21 pyranometers
(Becker and Behrens 2012). The ScaPP instruments operate within a wavelength range
of 0.3 to 1.1um based on a silicon detector. The MeteoSwiss dataset includes SSI
measurements from 135 weather stations across Switzerland, all equipped with Kipp
& Zonen CM21 pyranometers, with multiple stations located in Alpine regions. The
KNMI dataset consists of 34 automatic weather stations, each featuring a single radio-
meter. This dataset is provided without quality control. All measurement stations are
depicted in Figure 1.

Due to its extensive spatial coverage and stringent quality control, the IEA-PVPS
dataset served as the reference dataset for validating models and comparing their
performance. The other datasets receive less weight in the analysis. The exact date ranges
of observations may vary across ground stations to some extent for each of the four
datasets (Table 1) because some stations were commissioned or decommissioned during
the timeframe. Filtering on quality control can leave significant gaps in the data record as
well.

4, SSI retrieval model

We trained five retrieval models in total. All models were trained on the same predictors:
The Meteosat visible and infrared channels and the above scalar variables. The models are:
E) a model trained only on DWD ground station data as target variable (section 4.2); A) an
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DWD train (80)
DWD validation (19)
KNMI (34)
MeteoSwiss train (50)
MeteoSwiss validation (85)
IEA-PVPS (14)

0

q.OO...

Figure 1. Ground station measurements collected for this study. Bold-named stations are part of the
BSRN network. Gray-bordered stations indicate sites within the DWD and MeteoSwiss training
datasets. The domain shown corresponds to the domain of this study, 29 N-62 N and 9 W-28 E.

emulator model trained on the Heliosat SARAH-3 SSI as surrogate (section 4.3); and B-D)
Three fine-tuned models, which trained to emulate SARAH-3 first and then fine-tuned on
ground station data (section 4.4). The models are summarized in Table 2. An example case
of SSI retrieved across the entire domain is shown in Figure 2 for Heliosat and all five
models.

The following first section describes the network architecture for all models. Section 4.2
details the training on ground station measurements and introduces the SSI retrieval
model. Section 4.3 details the emulator training with SARAH-3 as a target variable and
lastly section 4.4 shows the subsequent fine-tuning of the emulator on ground station
data.

4.1. Architecture

We implemented a convolutional residual network (ConvResNet) similar to the one of
Jiang et al. (2019) with the following adjustments, as shown in Figure A1 in the Appendix.
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SARAH-3 (a) Emulator (b) Finetuned DWD

(d) Finetuned >> |IEA-PVPS (e) Trained on DWD

0 100 200 300 400 500 600 700 800
SSI [Wm~2]

Figure 2. Model comparison for the instantaneous SSI retrieval on 2022-08-20 at 15:30 UTC.

Instead of 16 x 16 we defined patches of 15x 15 pixels so that the centre pixel corresponds
to the retrieved SSI pixel using all 11 visible and infrared channels. The output of our
network is instantaneous SSI instead of hourly averaged SSI. Jiang et al. (2019) argued
against including the solar zenith and azimuth angles in the network, suggesting that the
spatial information is inherently captured by the convolutions. However, we find no
compelling reason to exclude these variables, as they are strongly correlated with SSI
and can be easily precomputed. What's more, is that we applied batch normalization
between each convolutional layer to prevent overfitting of the model. Lastly, extra
geographical information was given by the digital elevation model (DEM) from
Copernicus GLO-90 (ESA, AIRBUS 2024) coarsened to the same grid as MSG.

The first part of the CNN is the feature mapping part where the spatial size is kept
constant within the first two convolutional mappings (Figure A1). Channel features were
extracted from the patches by the CNN. Further features included the day of the year, the
latitude, longitude, solar zenith angle and solar azimuth angle and were appended to the
channel features and fed through a two-layer fully connected neural network (FCN).
The second part consists of a 2x2 max pooling (MP) step to reduce spatial size followed
by a convolutional residual block. The third part is the same where a 2x2 MP is followed
by a convolutional residual block. The output of the CNN is first global average pooled
(GAP) and then flattened to serve as input to the FCN. The kernel size in each convolu-
tional layer is 3x3. Each convolutional layer in the network is followed by a 2D batch
normalization and RelLU activation function. Each of the two FCN layers is followed by
a 1D batch normalization and ReLU activation.
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The scalar output for the DL network is the SSI and was clipped for validation and
inference to zero when estimating negative SSI. The input features SZA and solar azimuth
angle (AZl) were computed at DEM altitude and nominal capture time. The retrieval with
ConvResNet takes 15 s to run on a single Nvidia Tesla P100 GPU for a domain size of
Europe (658 x736 pixels). The retrieval could be linearly parallelized for larger domains or
lower inference times. A newer and faster GPU than the Nvidia Tesla P100 (2016) would
speed up the inference as well.

4.2. Training on ground stations

Colocated samples in time and space were created between the ground station and
images to train a retrieval model on ground stations. The IEA-PVPS ground observa-
tions were averaged to 10 min from the start of each nominal satellite capture time.
For the ground observations from KNMI, DWD and MeteoSwiss which already mea-
sured 10-min averages, the SEVIRI nominal capture times were matched with ground
observation measurement start times. This meant that non-quarterly observation times
at the 10/20/40/50 min marks were disregarded. All available matching observations
between 2016 and 2022 were used. Patches of 15x15 pixels with the centre pixel
overlapping the ground station were selected. Scalar input features latitude, longitude,
SZA and AZl were calculated for the exact locations of the respective stations. The
DWD stations were split randomly into 80 training and 19 validation stations. The
density of the MeteoSwiss network is so high that we could afford to keep more
validation stations than training stations, and they were randomly split into 50 training
and 85 validation stations. The KNMI stations were left out of training due to the lack
of quality control. The station data were filtered for SZA < 85° to select daytime
periods only. When training on ground stations, the samples of different sites were
first merged and then randomly shuffled to ensure that training, validation and test
sets have similar statistical characteristics. The model (E) was trained only on the DWD
dataset for 15 epochs with a mean squared error loss with an Adam optimizer with
weight decay (Kingma and Ba 2014).

4.3. Emulator training on Heliosat

The emulator model (A) was trained on Heliosat SARAH-3 SSI. SARAH-3 provides SSI fields
for every second capture of the SEVIRI imager. The SARAH-3 SSI as target variable and the
SEVIRI images and scalar features (latitude, longitude, SZA, AZI, day of the year) as predictor
variables were merged at nominal capture time to form a dataset to train, validate and test
our SSI emulator model. The scalar features were calculated at the centre of each pixel. We
split the SEVIRI images and SARAH-3 retrievals into training (years 2016-2021), validation
(2022) and test set (2023). Daytime locations were defined as pixels where SZA <85°.
Images with less than 50% daytime pixels were dropped. The images were shuffled
randomly for training. A sample consists of 15x15 patches of each grid input and the five
scalar features from the centre pixel. The inputs and outputs were min-max normalized for
all training and fine-tuning steps. A training batch consisted of 2048 uniformly distributed
samples per image. Only the daytime pixels were sampled from images containing
both day- and nighttime pixels. A single epoch consisted of cycling through all images
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with 2048 samples per image. The network was trained for two epochs on a mean squared
error loss with an Adam optimizer with weight decay (Kingma and Ba 2014). The validation
loss was monitored to prevent overfitting the training dataset. A learning rate of 10~*
dropping to 10~ in the second epoch yielded a balance between training time and
recognizing of overfitting. Every 10% of a full training epoch, the equivalent of half a year
of SEVIRI captures, the validation metrics were calculated and a checkpoint was made. From
those checkpoints, the best model was picked.

4.4. Fine-tuning on ground stations

The pre-trained emulator (A) was further fine-tuned on ground station data, yielding
our three fine-tuned retrieval models (B-D). The fitted weights found in section 4.3,
optimized to emulate Heliosat SARAH-3 SSI, were the starting point for fine-tuning the
first retrieval model (B). Fine-tuning in machine learning is the process of adapting
a pre-trained model to statistically similar but somewhat different target datasets and
tasks. While, in principle, that somewhat different dataset could be directly trained on,
training a large model from scratch on a comparatively small dataset, such as a ground
station dataset, risks overfitting: the model might learn to perform well on the training
examples but generalize poorly to new data and locations. In the context of SSl retrieval,
the ground stations are available over a limited subregion, while the Heliosat SARAH-3
SSlis available across the entire SEVIRI disk. Here, the goal of fine-tuning is to increase
the SSI retrieval’s precision to ground station measurements without becoming biased
toward them.

We applied three techniques to prevent the fine-tuned emulator from overfitting the
ground station observations. First, the validation loss and bias on the original Heliosat
SARAH-3 data were monitored every tenth of a training epoch. The frequency was adjusted
depending on the number of samples in the fine-tuning set. Second, a proximal loss
function for the weights was added, Lyox(6, 60) = § 1|6 — 6ol|,, which punishes the model
for deviating from the weights learned in the previous domain. The 8y weights specify the
best-fit model for the Heliosat SARAH-3 emulation task and 6 the weights after fine-tuning
the task of estimating SSI for ground stations. The proximal loss intends to regularize
overfitting on the ground observation constrained by the best-fit model for the emulation
task (model B). Third, the FCN part of the model was frozen, meaning the FCN weights were
fixed for fine-tuning. This aims to keep the relationship between SZA and SSI stable because
the SZA is only appended to the model inputs before the FCN.

In total, we trained three fine-tuned models (rows B, C and D in Table 2). To arrive at the
first fine-tuned retrieval model (B), we fine-tuned the emulator on the DWD ground
stations training set with a proximity loss (a = 5000), a frozen FCN and a decreased
learning rate Ir= 107°. In the second stage of fine-tuning, which yielded the second fine-
tuned model (C), the previous model fine-tuned on DWD (B) was further fine-tuned on the
MeteoSwiss training set with a higher proximity loss (a = 10000), a frozen FCN and the
same learning rate. In the last stage of fine-tuning, which yielded the third fine-tuned
model (D), the model previously fine-tuned on DWD and MeteoSwiss ground stations (C)
was further fine-tuned on the IEA-PVPS SSI measurements without a frozen FCN and with
a smaller learning rate Ir= 10~7. For each stage, the previous model weights were set as
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the 6y in the proximity loss, as shown in column ‘Weights 6’ in Table 2. In the first two
stages of fine-tuning, the validation loss and MBE per station on IEA-PVPS were monitored
ten times per epoch to signalize a change in bias or overfitting to the stations on which
the model was being fine-tuned. In the third stage, the validation loss and MBE on
MeteoSwiss and DWD validation stations were monitored for the same reason. Each fine-
tuning stage lasted at most two epochs on their respective training set or shorter when
the model showed signs of overfitting or bias shifts.

SSI SARAH-3 [Wm~2]
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Figure 3. Scatter plot of the instantaneous SSI (‘SSI retrieval’) compared to the SSI of the heliosat
SARAH-3 validation set (‘'SSI'). The dashed lines indicate the 45° line (green) and a linear regression fit
(blue), respectively. The plot comprises 19.3 million SSI retrievals across Europe and North Africa from
2022.
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Figure 4. Instantaneous mean bias deviation (a) and instantaneous root-mean-square deviation (b) of
instantaneous SSI estimates of the emulator model with regard to SARAH-3 SSI averaged pixel-wise
during daytime periods of 2023 on the test set. Samples were binned in 0.25x0.25 pixels to estimate
regional MBDs and RMSDs.
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5. Results and discussion
5.1. Characterisation of the SSI emulator

The emulator model trained in section 4.2 was compared to the Heliosat SARAH-3 SSI on
the test set and to the ground stations SSI to characterize its performance. Instantaneous
root-mean-square deviation (RMSD) and mean bias deviation (MBD) were only calculated
pixel-wise and over daytime periods. We found that the emulator follows the SARAH-3 SSI
remarkably closely, as shown in Figures 3 and 4. It emulates SSI with high accuracy and
with biases negligibly small for solar energy applications such as resource assessments
and forecasting. Specifically, the emulator model has a small positive MBD of 10.2 Wm 2
by somewhat overestimating low Heliosat SARAH-3 SSI values (Figure 3). The emulator
generates an RMSD of 51.7 Wm~2 with regard to the SARAH-3 SSI on the test set.

The RMSD with regard to SARAH-3 is the largest in mountainous regions such as the
Alps, the Pyrenees and the Scandinavian mountains, with RMSD values of up to 125
Wm=2. Stations in mountainous regions tend to be affected by larger SSI retrieval
uncertainties due to complex terrain, local clouds and snow cover (Carpentieri et al.
2023). Snow cover can be challenging to distinguish from clouds due to the similarity of
visible reflectivity, which leads to underestimation when snow cover is mistaken for
clouds (Carpentieri et al. 2023). Non-moving highly reflective pixels are flagged and
treated either as fog or snow cover by Heliosat SARAH-3 (Pfeifroth et al. 2023). This
inadvertently can lead to the opposite problem of overestimating SSI where it accurately
identifies snow cover but does not consider clouds covering a snowy region.

Deviations with regard to Heliosat SSI are also somewhat elevated across North Africa
with RMSD values of around 75 Wm—2. The lowest regional RMSD of around 45 Wm~2 can
be found over large water bodies, such as the North Sea, the Atlantic and the
Mediterranean Sea. The common denominator for elevated RMSD is the persistent surface
albedo during the year. Snow cover but also the bare surfaces of North African Sahara
show increased reflectivity most of the year (Bierwirth et al. 2009). Water bodies on the
contrary show a low amount of backscatter for most incidence angles and thus have
generally low albedo (Jin et al. 2011). A high uncertainty of the Heliosat method comes
from large clear-sky reflectances (Pfeifroth et al. 2023). Large clear-sky reflectances lower
the contrast between clear-sky and cloudy reflectance which linearly impacts the uncer-
tainty in CSI and subsequently SSI of SARAH-3. The heightened RMSD in these regions
might be mostly due to the ground truth being noisy or inaccurate.

5.2. Retrieval over Europe

Figure 2 illustrates differences and similarities across our five SSI retrieval models (Table 2)
and Heliosat SARAH-3 on a randomly selected day and time. Overall, the five retrieval
models mimic all cloud features seen in SARAH-3 at remarkable quality. When examining
the retrievals closely, some differences become apparent. First, the boundaries between
clouds and clear-sky SSI tend to be somewhat sharper in SARAH-3, whereas the deep
learning models exhibit moderate smoothing compared to SARAH-3. This may be attrib-
uted to the 16x16 pixel inputs which likely blend the SSI with neighbouring pixel
information. However, it is important to note that determining which level of smoothness
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is more accurate is challenging due to the absence of spatially extensive SSI measure-
ments over large areas as ground truth.

Second, both SARAH-3 and the emulator reveal a gradient from high SSI in the west to
low SSlin the east in clear-sky regions. This gradient, which is caused by varying incident
angles of sunlight, appears more gradual in SARAH-3 compared to our five data-driven
models. For example, the emulator shows moderate deviations in this gradient over the
Iberian Peninsula and Northern Africa, while models A and C-E display more pronounced
deviations in the clear-sky gradient. We also note that the emulator-based models (A-D)
appear to exhibit fewer artefacts than the model trained on only ground stations (E) which
features spatially correlated structures of excessive SSI in the Alps, across the Iberian
Peninsula and on the western parts of North Africa. These artefact structures appear to be
correlated with orography.

5.3. Validating SSI retrieval models on ground stations

We validated our SSI retrieval models on multiple ground station networks across Europe
and North Africa. To compare the models to actual SSI measurements rather than Heliosat
SSI, we investigated root-mean-square errors (RMSE) and mean bias errors (MBE) with
regard to the ground stations. The RMSE and MBE were calculated as averages over all
matched ground station measurements from 2016 to 2022 including training set. Nominal
start times HH:15 UTC and HH:45 UTC of the SEVIRI scan were excluded from the RMSE
and MBE analysis to match the 30-min frequency of the Heliosat SARAH-3 record. In
Figures 5 and 6, the MBE and the difference in RMSE with regard to SARAH-3 were plotted
by station. The IEA-PVPS dataset provides the largest coverage of the considered domain
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Figure 5. The instantaneous mean bias error (MBE) on all observation ground station sets, averaged
over all observations with a SZA <85°.
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Figure 6. The instantaneous root-mean-square error difference (RMSE4i) between the SSI estimated
by our retrieval models and Heliosat SARAH-3, averaged over all observations per ground station with
a SZA <85°.

and is used for the analysis. The numeric values of MBE and RMSE for the IEA-PVPS dataset
are given in Tables B1 and 2.

As shown in Figure 5, the MBE of the SARAH-3 SSl is on the order of —10 to 10 Wm™2
except for mountainous sites. The emulator generates somewhat higher biases than
SARAH-3. Fine-tuning on DWD stations accomplished a bias reduction compared to
SARAH-3 SSI on a majority of DWD stations but also increased the biases in mountain
regions. Subsequently, fine-tuning the emulator fine-tuned on DWD also on the
MeteoSwiss stations reduced the biases in the Alps, but left the biases across the southern
sites at a similar level. The accuracy and generalization of the fine-tuned model can be
further increased by fine-tuning it also on the IEA-PVPS stations, yielding model E). This
reduces the biases in the North African sites to near zero without affecting the biases
across the KNMI, DWD and MeteoSwiss validation sets. However, note that due to the
small number of ground stations in the IEA-PVPS dataset, fine-tuned model E was fine-
tuned and validated on the same IEA-PVPS stations, so model E may to some extend be
affected by overfitting. To exclude this, efforts to collect a large Europe-wide dataset of
high-quality SSI ground measurements are needed which also include strongly under-
represented regions.

Without fine-tuning, the emulator has a moderately higher RMSE (about 6-16 Wm~2)
than Heliosat SARAH-3, as shown in Figure 6. Importantly, fine-tuning on any ground
station network allows the emulator to outperform SARAH-3 SSI in terms of RMSE with
regard to IEA PVPS ground stations. The initial stage of fine-tuning demonstrated perfor-
mance improvements, as evidenced by reduced RMSEs when compared to the non-fine-
tuned emulator across European stations (Table B1). The second and third stages of fine-
tuning (on the MeteoSwiss and IEA PVPS stations) achieved a significant reduction in
RMSE at nearly all sites of the four ground station networks, as shown in Figure 6. Remote
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stations such as in Tunisia, Algeria and Morocco exhibited RMSE reductions of 10-20
Wm=2 compared to SARAH-3. These improvements in RMSE and relatively stable MBE
values suggest that our retrieval models generalize well to diverse geographical locations
after fine-tuning on multiple ground station networks.

In most of Central Europe, the MBE of model E (‘Trained on DWD’) is low and its RMSE is
close to that of the fine-tuned models, but for the stations to the south — the Spanish and
four North African sites — it shows a bias of 50-100 Wm~2 (Table B2) and worse accuracy
than SARAH-3 at 30-47 Wm—2 higher RMSE (Table B1). The model that was fine-tuned on
the DWD stations (‘Finetuned DWD’, model B) did not show these large biases in the North
African stations and improved in accuracy compared to the emulator.

5.3.1. Alpine validation
The emulator demonstrates a significant enhancement in performance across Alpine
ground stations, as presented in Figures 5 and 6, particularly in regions with large
RMSD relative to SARAH-3 (Figure 4). Some of the ground stations, such as Gornergrat
(GOR) at 3129 m a.s.l, are located at high altitudes on mountain ranges. Even though the
emulator was trained solely on SARAH-3 SSI without any ground stations data, it achieves
RMSE reductions of up to 50 W/m? compared to SARAH-3, indicating an improvement in
retrieval accuracy.

Comparing SSI from Alpine stations such as Gornergrat to Heliosat SARAH-3 reveals
a systematic underestimation of SSI by SARAH-3, as indicated by a pronounced off-
diagonal frequency peak in Figure C1(a). This underestimation, which likely results from
the misclassification of snow cover as clouds by Heliosat SARAH-3 (Carpentieri et al. 2023),
affects the majority of Alpine stations (not shown). Notably, the emulator does not
replicate this pattern, even without fine-tuning (Figure C1(b)), which suggests that the
spectral signatures of snow cover differ sufficiently from those of clouds to allow for
improved distinction.

Two anomalies in the retrieval of Alpine SSl are evident in Figure 5, involving models
B (‘Finetuned on DWD’) and E (‘Trained on DWD’). Both models were trained on DWD
stations and display significant biases at certain Alpine stations. Model B, which was
fine-tuned on DWD data, exhibits a bias exceeding 150 W/m? across the entire Alps. The
scatter plot for model B (‘Finetuned on DWD’) at GOR (Figure C1(B)) shows that this bias
stems from an overestimation at low SSI values. Conversely, model E (‘Trained on DWD’)
exhibits a substantial negative bias (<-150 W/m?) at some Alpine stations, including
GOR, as reflected by the underestimation in the scatter plot (Figure C1(E)). Similar
patterns are observed at other high-altitude stations. One possible explanation for the
underestimation with model E is that the spectral signature of Alpine surfaces under
clear-sky conditions differs markedly from the surfaces predominant in the DWD
training set.

5.3.2. Representativeness error

Meteosat SEVIRI Level-1.5 data are provided at a typical grid size of 3x3 km, so the SSI
estimates represent instantaneous values of the mean SSI in a 3x3 km area. In contrast,
SSI ground observations provide point measurements that are averaged over periods of
1-10 min and have limited spatial representativeness. Huang et al. (2016) evaluated the
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representative errors for an SSI product on a grid scale of 5x5 km. Seventeen pyran-
ometer stations within a 5x5 km area at a location in Northern China measured subgrid
scale deviations. At a 10-min averaging of ground observations, they found the average
representativeness error of 0.05° grid-scale products to be 13.4% with an average RMSE
of 93.2Wm~2 for the SSI product. With increasing cloud cover fraction, this error increases
to around 32.5% with an RMSE of 113.8Wm~2. Clouds increase the representativeness
error due to subgrid inhomogeneity, but also solar retrieval products do not take into
account 3D radiative transfer effects within clouds (Huang et al. 2016). While representa-
tiveness errors may, in principle, affect our validation, we have demonstrated above that
fine-tuning our retrieval models of instantaneous SSI on 10-min averaged ground obser-
vations still increases the performance by up to 20Wm~2. This shows that, despite
potential representativeness errors, our deep-learning retrieval models learn systematic
spatial SSI patterns to provide more accurate representative SSI retrieval.

5.4. Cloudy versus clear-sky conditions

The performance of our SSI retrieval models is discussed for different cloudiness condi-
tions in the following. SSI retrieval errors depend on the level of cloudiness present.
Quesada-Ruiz et al. (2015) showed that the RMSE of Heliosat-2 SSI with regard to ground
stations depends on the CSI. They presented a retrieval method that achieved the largest
reductions in RMSE in overcast conditions, where the Heliosat retrievals had the highest
RMSE. Likewise, Verbois, Saint-Drenan, Becquet, et al. (2023) accomplished the largest
improvements in RMSE for samples with CSI < 0.6. We investigate the performance of our
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Figure 7. Instantaneous SSI residual boxplot on the IEA-PVPS dataset binned on the clear-sky index,
551 — SSI. The red horizontal line specifies the mean bias error for each bin.
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five retrieval models in clear-sky and cloudy conditions by separating the ground station
measurements into CSI classes. The clear-sky index was calculated from measured SSI at
the ground stations and using the Ineichen-Perez clear-sky surface radiation model (Perez
et al. 1990). Figure 7 shows SSI error statistics for different levels of cloudiness as
expressed by the CSI. Heliosat SARAH-3 underestimates SSI by around —25 Wm~2 in clear-
sky index larger than 1 and overestimates SSI by around 27-90 Wm~2 for CSI < 0.8. The
large systematic biases in SARAH-3 and other radiative-transfer-based SSI retrievals
(positive for CSI < 0.8 and negative for CSI > 1) (Ineichen et al. 2009) may partially be
related to fractional clouds (Jorg Trentmann, pers. comm.). Clouds that partially cover the
grid cell are measured at a point location while the satellite observes an average. The
clear-sky index defined on the basis of ground observations and not over the entire grid
cell can result in these biases. The emulator and the fine-tuned models mimic the
negative and positive biases of Heliosat SARAH-3 (Figure 7). While the emulator generates
somewhat larger residuals, fine-tuning on ground stations effectively decreased the
residual spread for CSI < 0.8 compared to SARAH-3.

Interestingly, solely training on ground stations without any Heliosat emulation (model
E ‘Trained on DWD’) generates the smallest biases in cloudy conditions (CSI < 0.8). The
model trained only on ground stations (model E) also features the best generalizability to
locations that are remote from its training set sites. Therefore, in cloudy conditions, the
model trained solely on DWD stations provides SSI estimates with the smallest biases and
RMSEs even at out-of-domain locations compared to the other models and with large
performance improvements over Heliosat (Figure 7). The superior SSI retrieval perfor-
mance of model E is exemplified in Figure C2 for the Moroccan IEA-PVPS station. Even
though the model was trained only on ground stations in Germany without any training
data from any other regions, it shows the best SSI retrieval performance in cloudy
conditions even in countries such as Morocco that are thousands of kilometres from the
training set domain and feature very different climates and surface albedos. The model
shows the best performance with an improvement of 40 Wm~2 in RMSE with respect to
SARAH-3. The other North African and Spanish stations exhibit the same effect. The
respective performance in terms of MBE and RMSE on the IEA-PVPS dataset for cloudy
CSI < 0.8 and clear-sky CSI > 0.8 samples is depicted in Tables B1 and 2. Models trained
on ground stations of DWD and MeteoSwiss show in general a worse RMSE on the North-
African and Spanish stations in clear-sky conditions than SARAH-3, while in cloudy
conditions the performance improves compared to SARAH-3. In cloudy conditions, the
model trained solely on DWD stations (model E, ‘Trained on DWD’) has the lowest RMSE
and lowest absolute MBE for all IEA-PVPS stations (Figure 7), demonstrating the model’s
generalizability to out-of-domain locations.

Our results indicate that the generalizability of a data-driven SSI retrieval model is not
only related to the model training data or method, but also depends on the level of
cloudiness present in the location for which SSl is retrieved with the data-driven model.
This observation can provide additional explanation for the insufficient SSI retrieval
generalizability seen by Verbois, Saint-Drenan, Becquet, et al. (2023) and X. Yang et al.
(2022).

Based on the validation on ground station observations in section 5.3 (Figures 5 and 6),
we find that if a model is trained on ground station SSI data from a given region, it can
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estimate clear-sky SSI effectively with similar performance as Heliosat for that region, but
not necessarily for other regions. In contrast, in cloudy conditions, a model trained on only
DWD stations can estimate SSI accurately even in locations far away from the training set
domain (out-of-domain generalization), achieving large performance gains compared to
Heliosat. In clear-sky conditions, data-driven SSI retrieval models predict SSI based of
reflectivity and emissivity from the surface. Different land classes have different backscatter
properties in the reflectivity bands and different brightness temperature signatures in the
emissivity bands. The surface characteristics seen by SEVIRI differ largely from region to
region and the relationship between observed irradiances and SSI is complex. It seems that
for generalizable retrieval in clear-sky conditions all different surface characteristics need to
be represented in the training dataset. We hypothesize that clouds, on the other hand, have
more similar spectral signatures across different latitudes and that, therefore, data-driven
SSl retrieval models tend to generalize better to regions outside their training set domain in
cloudy conditions than in clear-sky conditions.

5.5. Importance of SEVIRI channels for estimating SSI

Shi et al. (2023) showed first the importance of individual channels and attributes to the
retrieval of SSI. As the channels relate to different wavelength bands, they differ in their
relative importance for capturing atmospheric composition aspects and surface proper-
ties (Schmetz et al. 2002). For example, the visible VIS006 and VIS008 are more relevant for
cloud opacity due to reflectivity whereas WV062 and WV073 mainly sense tropospheric
water vapour. Here, we continue the trend of explaining the importance of features but
for neural network-type models. We quantified the relevance of the individual SEVIRI
channels in an observations-based, data-driven manner based on the permutation feature
importance of the predictor variables of each of our five SSI retrieval models. Permutation
feature importance methods assess the importance of each predictor variable (feature) in
a machine learning model based on how much the predictor variable contributes to the
model’s performance (Fisher, Rudin, and Dominici 2019). Permutation feature importance
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Figure 8. Permutation feature importance in increased instantaneous mean absolute error (MAE) on
the IEA-PVPS dataset.
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quantifies how the model performance changes when the values of a predictor variable
are randomly permuted while keeping the values of the other predictor variables
unchanged. If the random shuffling leads to a significant drop in model accuracy, the
predictor variable whose values were shuffled is important for the model’s performance.
After permuting a predictor variable over the entire validation set, we calculated the
model performance in terms of the mean absolute error (MAE) and compared it to the
model performance without permutation. The 15x 15 grids represent a single feature per
channel in the feature importance.

The permutation feature importance is shown in Figure 8 based on the IEA-PVPS
dataset. Shuffling a predictor variable that does not affect the retrieval model’s perfor-
mance, such as WV062, leaves the MAE practically unchanged. Shuffling features essential
to the retrieval model - such as the VIS006 channel and the SZA - cause large perfor-
mance decreases of around 100 and 200 Wm~2 in MAE, respectively. The predictor
variables latitude, longitude, azimuth, DEM and day of the year were left out from
Figure 8 as permutation feature importance showed they had no significant effect on
the model performance. In Shi et al. (2023) the solar azimuth angle shows significant
importance. The difference might be that the surrounding pixel information given to the
CNN might make the solar azimuth angle redundant. The emulator effectively disregards
the VIS008 channel. However, the other deep learning retrieval models retrieve informa-
tion and gain performance from the VIS008 channel. The emulator shows the lowest
feature importance for all channels but attributes the largest importance to the SZA,
compared to the other models, which suggests it does not yet make optimal use of the
information contained in the SEVIRI channels.

Figures B1 and B2 illustrate predictor importance for clear-sky and cloudy conditions.
As expected, our SSI retrieval models rely mostly on SZA in clear-sky conditions, because
the SZA includes the majority of information to estimate SSI without cloud attenuation. In
cloudy conditions, the visible, near-infrared and infrared channels gain importance. For
model E (‘Trained on DWD’), the IR087 channel plays a significant role in the clear-sky
conditions compared to the other retrieval models. IR087, and a combination of IR108 and
IR120, are important for distinguishing ice clouds from water clouds (Schmetz et al. 2002)
and may be helpful in distinguishing snow cover from clouds in clear-sky conditions. We
expect that a data-driven evaluation of channel importance can contribute to further
improvement of radiative-transfer-based models.

6. Conclusions

Our study introduced a machine-learning-based satellite retrieval for instantaneous
surface solar irradiance and demonstrated its capability to provide accurate and
generalizable SSI estimates across Europe. Our retrieval models were trained on multi-
ple years of Meteosat SEVIRI observations in 11 visible and infrared channels. Heliosat
SSI estimates and SSI from ground station networks were used as target variables in
the machine learning model development. Instantaneous SSI is not averaged in time
and primarily of interest in short-term forecasting, such as intra-hour solar forecasts for
applications in solar energy production and building control. Our study is the first to
emulate a radiative-transfer-based retrieval model. We introduced a deep learning
emulator of a Heliosat SSI retrieval (SARAH-3) and showed that the emulator is an
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accurate surrogate of thereof. By including SSI measurements from ground stations in
the model training, our SSI retrieval model outperformed Heliosat in terms of accuracy
and biases in cloudy conditions (CSI < 0.8). When trained on ground station SSI, our
retrieval models generalized well to regions with other climates and surface albedos.
Our results indicate that the generalizability of a data-driven SSI retrieval model is not
only related to the model training data or training method, but also depends on the
amount of cloudiness present in the location at which SSI is retrieved with the data-
driven model. We found that, in cloudy conditions, a model trained only on ground
stations can estimate SSI accurately even in locations with different surface character-
istics, far away from the training test domain. Our SSI retrieval model trained on
ground stations provides out-of-domain generalization and achieves large perfor-
mance gains compared to Heliosat. Moreover, we found emulation is helpful but not
necessary to achieve good generalizability. In fact, for cloudy conditions (CSI < 0.8),
better generalizability (the lowest bias and RMSE) was achieved by direct model
training on ground stations. While transfer learning did not increase performance for
cloudy conditions, it did help with spatial generalization in clear-sky conditions where
the model trained solely on ground stations predicted SSI with large biases.

We also showed that the SSI of Heliosat SARAH-3 exhibits large biases in mountain
regions, and that training and fine-tuning our retrieval models on ground station SSI
strongly reduces these large biases, outperforming Heliosat. Further, our study quantified
the relevance of the Meteosat channels and other predictor variables, such as solar zenith
angle and time of year, for the model accuracy in different cloud conditions. Permutation
feature importance showed that in cloudy conditions, multiple near-infrared and infrared
channels enhance performance. Our results can facilitate the development of more
accurate radiative-transfer-based SSI retrieval models. Future research should investigate
additional predictor variables and their impact on the retrieval quality, notably to improve
the performance in clear-sky conditions or to replace the clear-sky retrieval with a physical
model to create a hybrid model.

Our study shows it is possible to emulate a RTM-based retrieval model with DL.
Finetuning this base model on ground stations will lead to a better generalizable model
with high performance but there are limitations and difficulties to the methodology.
Finetuning requires quite a bit of trial and error and advanced training methods from the
field of transfer learning to not overfit the new type of dataset. Unforeseen biases in
particular climates, such as mountainous regions of the domain, can still occur using
a finetuned model. The general accuracy gain of up to 20% compared to SARAH-3 in
cloudy samples should prove the usefulness of DL retrieval since those are most impor-
tant for short-term solar forecasts. We expect our contribution will facilitate faster, better
and more generalizable SSI retrieval with better knowledge of the pitfalls DL retrieval
brings.
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APPENDICES

Appendix A. Architecture

Dayofyear
Latitude
Longitude

128x7x7

3.

261-> 256 -> 64 -> 1

256x3x3

Figure A1. The architecture of the convolutional residual network. MP stands for 2x2 max pooling
and GAP for global average pooling in the spatial dimensions.

Appendix B. Cloudy and clear-sky comparisons

Table B1. Instantaneous root mean square error (RMSE) [Wm~2] calculated on all IEA-PVPS stations in
the dataset. Clear-sky and cloudy are defined as CS/ > 0.8 and CSI < 0.8°.

Q
Finetuned (D) Finetuned

SARAH- (A) (B) Finetuned > > > (E) Trained on
RMSE Station  Samples 3 Emulator DWD MeteoSwiss IEA-PVPS DWD
CAB 27183 82 93 73 79 75 69
CAR 23488 81 87 68 69 65 71
CEN 24431 96 101 83 85 81 83
GHA 13496 87 101 92 97 72 141
MIL 21977 78 87 67 68 65 64
MIS 15767 91 99 83 91 79 110
NOR 29248 82 91 74 75 73 69
ouJ 35691 85 98 80 83 74 86
PAL 30438 89 98 81 81 79 80
PAY 28228 87 97 74 78 74 70
TAB 40207 81 93 81 85 74 115
TAT 25627 79 96 91 89 64 125
TOR 28262 86 96 78 83 78 74
All VIS 26770 67 80 63 67 62 59
CAB 46% 82 95 69 60 62 75
CAR 68% 63 77 62 60 55 73
CEN 56% 80 90 83 72 71 88
GHA 85% 55 83 84 90 52 146
MIL 63% 62 79 62 54 54 61
MIS 73% 63 81 65 81 61 113
NOR 47% 84 98 79 71 74 74
ouJ 74% 58 79 69 68 59 83

(Continued)
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Table B1. (Continued).

@
Finetuned (D) Finetuned
SARAH- (A) (B) Finetuned > > > (E) Trained on
RMSE Station  Samples 3 Emulator DWD MeteoSwiss IEA-PVPS DWD
PAL 47% 85 98 91 77 80 92
PAY 53% 81 88 71 61 62 70
TAB 78% 59 84 74 78 63 122
TAT 83% 55 80 90 86 52 132
TOR 43% 85 102 77 72 73 72
Clear-sky VIS 53% 65 75 55 55 56 54
CAB 54% 83 92 76 92 84 62
CAR 32% 108 106 78 85 81 68
CEN 44% 112 114 84 98 92 75
GHA 15% 182 171 129 130 137 111
MIL 37% 99 99 75 87 81 69
MIS 27% 141 136 120 114 115 101
NOR 53% 80 83 69 78 72 65
ouJ 26% 135 138 106 115 107 95
PAL 53% 93 97 71 84 77 68
PAY 47% 94 107 77 93 85 71
TAB 22% 128 119 101 103 105 87
TAT 17% 146 148 95 101 103 82
TOR 57% 87 91 79 91 82 75
Cloudy VIS 47% 69 85 71 79 69 64

300
EEE Emulator
EEE Finetuned DWD
250 | EEME Finetuned ... > Meteoswiss
B Finetuned ... >> |[EA-PVPS
Trained on DWD
200 A
&
£
= 150
w
<
=
100 A
50 1

VIS006 VIS008 IR0O16  IR039 WV062 WV073 IR087 IRO97 IR108 IR120 IR134 SZA

Figure B1. Permutation feature importance in clear-sky conditions (CSI > 0.8) in instantaneous Mean
Bias Error (MBE) concerning the IEA-PVPS dataset.
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Figure B2. Permutation feature importance in cloudy conditions (CSI < 0.8) in instantaneous Mean
Bias Error (MBE) concerning the IEA-PVPS dataset.

Appendix C. Scatter plots

Table B2. Instantaneous mean bias error (MBE) [Wm~2] calculated on all IEA-PVPS stations in the
dataset. Clear-sky and cloudy are defined as CSI > 0.8 and CSI < 0.8.

(B)

SARAH- (A) Finetuned (C) Finetuned > D) Finetuned > >  (E) Trained on
MBE Station 3 Emulator DWD MeteoSwiss IEA-PVPS DWD
CAB 2 5 5 22 16 -10
CAR 11 3 -1 -12 -7 -32
CEN 12 9 -13 -1 1 =25
GHA 21 31 -30 -27 2 -101
MIL 15 8 -8 2 1 -12
MIS 5 15 7 =25 -4 -60
NOR 6 -5 -10 1 -5 -9
ouJ 15 16 -1 1 -3 -34
PAL 5 7 -18 -1 -8 —26
PAY 2 10 0 15 12 -2
TAB 1 -10 -28 -36 -14 -74
TAT 21 29 -36 =21 -3 -89
TOR -1 1 1 14 5 3
All VIS -10 -1 1 11 -1 2
CAB -28 -38 -22 -9 -8 -37
CAR -8 -22 -27 -33 -23 —48
CEN -19 -32 —42 -37 -29 -53
GHA 4 19 —43 —41 -7 -116
MIL -5 -20 -28 -23 -19 -28
MIS -20 -7 -8 -50 -22 -80
NOR -37 —45 —43 -33 -37 -38
ouJ -7 -8 -16 -17 -19 -51
PAL -30 -41 -56 —44 —44 -59
PAY —26 -32 —26 -13 -1 -23
TAB -18 -32 —44 —-54 —28 -96
TAT 7 17 -49 -34 -11 -103
TOR -37 —48 -35 -23 -30 -26

(Continued)
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Table B2. (Continued).

(B)

SARAH- (A) Finetuned (C) Finetuned > D) Finetuned > >  (E) Trained on
MBE Station 3 Emulator DWD MeteoSwiss IEA-PVPS DWD
Clear-sky VIS -35 -34 -19 -7 =21 -14
CAB 26 42 27 49 37 13
CAR 51 56 22 33 27 1
CEN 50 61 23 44 38 10
GHA 117 102 46 52 56 -16
MIL 47 56 26 43 34 14
MIS 72 76 45 43 45 -4
NOR 23 32 19 32 23 17
ouJ 74 84 40 50 43 16
PAL 36 49 15 36 24 3
PAY 34 57 30 47 38 21
TAB 65 63 26 25 31 3
TAT 90 89 25 36 34 -23
TOR 26 37 27 42 32 25
Cloudy VIS 17 36 23 32 21 20
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Figure C1. Scatter plot of instantaneous SSI retrieval for alpine station gornergrat at 3012 m (S3)
SARAH-3, (A) emulator, (B) finetuned on DWD, (C) finetuned ...> MeteoSwiss (D) finetuned ...> >
IEA-PVPS (E) trained on DWD.
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Figure C2. Scatter plot of instantaneous SSI retrieval for IEA-PVPS station oujda (OUJ) filtered on CSI <
0.8: (S3) SARAH-3, (A) emulator, (B) finetuned on DWD, (C) finetuned ... > MeteoSwiss (D)
finetuned ...> > IEA-PVPS (E) trained on DWD.
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