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ARTICLE INFO ABSTRACT

Edited by Menghua Wang Geostationary Earth Orbit (GEO) satellites offer unique capabilities for capturing diurnal variations and
providing valuable insights into aerosol cycles. However, publicly available hourly aerosol products with suf-
Keywords: ficient accuracy remain scarce across Europe, Africa, and West Asia, primarily due to the lack of shorter-
MSG-1/SEVIRI wavelength (< 0.6 pm) channels on the Meteosat Second Generation (MSG) satellite series. Therefore, we
E:E:Z:Ifzmin developed a novel “AeroTrans” deep learning framework to retrieve hourly aerosol optical depth (AOD) at 550
Dust storm g nm over land in 2021 from MSG-1/SEVIRI imagery, which offers wider spatial coverage through Indian Ocean
Wildfire Data Coverage (IODC). This framework integrates an advanced time-sequence Transformer architecture with
Urban haze transfer learning, utilizing pre-training and fine-tuning techniques. The eXplainable Artificial Intelligence (XAI)
analysis revealed that satellite observations across multiple wavelengths contribute 38% to the AOD retrieval,
followed by viewing geometry (34%). In comparison with ground-based AOD measurements, our model achieves
high accuracy, with an average ten-fold cross-validation (CV) R? of 0.88 and a root mean square error (RMSE) of
0.079. Additionally, our model maintains strong predictive performance in areas and periods lacking ground-
based measurements, as evidenced by strong spatial- and temporal-based CV-R? values ranging from 0.71 to
0.86. The model performance is significantly improved when withholding each continent, with accuracy
increasing markedly (R = 0.71-0.78) compared to models trained without transfer learning (R = 0.23-0.47).
Using the generated reliable 3-km-resolution AOD datasets, we capture pronounced diurnal aerosol variations,
characterized by a gradual increase after sunrise, a peak around 10:00 UTC, and a decline by late afternoon, with
average magnitude changes of approximately 26% =+ 15% relative to the daily mean level (0.22 + 0.14) on an
annual scale, especially during the Northern Hemisphere summer, reaching 30% =+ 19%. More importantly, we
successfully tracked the rapid dispersion of aerosols and their transport process throughout the day during highly
polluted events, driven by both natural and anthropogenic emissions, including dust storms, wildfires, and urban
haze. These findings emphasize the unique value of our study for advancing aerosol research over under-
monitored regions, particularly focusing on diurnal variations during extreme events.

1. Introduction suspended in the atmosphere, can both directly scatter and absorb solar
radiation and indirectly alter cloud formation processes and thus impact
Aerosols, consisting of fine solid particles and liquid droplets weather and climate (Ramanathan et al., 2001; Stier et al., 2007; Li
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et al., 2016; Watson-Parris and Smith, 2022). Aerosol Optical Depth
(AOD), which quantifies aerosol loading in the atmosphere and exhibits
significant temporal variability, is a critical parameter for understanding
such impacts (Dong et al., 2024; Ha et al., 2020; Yang et al., 2023).
While polar-orbiting satellites, such as the widely used Terra and Aqua
MODIS (Hsu et al., 2013; Levy et al., 2013; Lyapustin et al., 2018), the S-
NPP VIIRS (Hsu et al., 2019; Sawyer et al., 2020), and the Sentinel series
(Mei et al., 2018; Chen et al., 2024), have enabled global monitoring of
AOD, they observe the Earth only once during daytime, limiting their
ability to capture the pronounced diurnal variability of aerosols, espe-
cially during dynamic pollution events such as dust storms, biomass
burning, and urban haze episodes (Arola et al., 2013; Wang et al., 2015;
Zhang et al., 2012).

In contrast, geostationary-orbiting (GEO) satellites offer unprece-
dented opportunities for high-frequency monitoring that enhance tem-
poral resolution from daily to hourly/minutely (Ceamanos et al., 2023;
Fan et al.,, 2023; Kang et al., 2022; She et al., 2024). Recently, an
increasing number of GEO satellites are available to track the diurnal
aerosol variations and transport processes covering specific regions,
including GOES-R series over the Americas and Pacific (Zhang et al.,
2020), Himawari-8 over East Asia and the Western Pacific (Yoshida
et al., 2018), and FengYun-4 over China (Si et al., 2024). Currently,
operational aerosol products are available for these satellites with
aerosol retrieval algorithms tailored for applications with specific sen-
sors aboard geostationary satellites operated by the National Oceanic
and Atmospheric Administration (NOAA), Japan Meteorological Agency
(JMA), and China Meteorological Administration (CMA). These prod-
ucts are open-access and available to all users, making them particularly
valuable and beneficial to a wide range of applications, including but not
limited to air pollution monitoring and climate research, especially for
estimating surface-level particulate matter concentrations (Wei et al.,
2021; Xia et al., 2023; Zhang et al., 2022).

The Meteosat geostationary satellite series, including the Meteosat
Second Generation (MSG) and the Meteosat Third Generation (MTG)
missions, has been operated over Europe, Africa, and West Asia,
collectively covering approximately 45% of the global land surface. A
primary sensor aboard MSG is the Spinning Enhanced Visible and
InfraRed Imager (SEVIRI), which is uniquely valuable for monitoring air
quality across this vast region where air pollution is driven by diverse
emission sources and meteorological processes. For example, many
European countries, such as Poland, Italy, Bulgaria, and Spain, have
suffered poor air quality primarily due to intense anthropogenic emis-
sions and frequent wildfires (Chowdhury et al., 2024; de Hoogh et al.,
2018; Dupuy et al., 2020; Guerreiro et al., 2014). In Africa, air pollution
often results from a combination of persistent wildfires in the Congo
Basin, the world's second-largest rainforest (Wimberly et al., 2024a),
and substantial anthropogenic emissions from densely populated coun-
tries such as South Africa (Wei et al., 2023). Besides, northern Africa,
especially the Saharan Desert, is especially vulnerable to frequent dust
storms that impact surrounding regions and exacerbate air pollution in
nearby metropolitan areas such as Agadir, Nouakchott, and Timbuktu
(Engelstaedter et al., 2006). Therefore, enhanced monitoring of aerosol
loadings and their diurnal variations across this region is crucial for
advancing air quality and environmental research and management.

Many attempts have been made to retrieve high-temporal-resolution
AOD from MSG/SEVIRI satellite observations. Popp et al. (2007)
introduced a background analysis approach that uses the minimum
apparent reflectance at 0.64 pm over a 31-day moving window to esti-
mate surface reflectance and retrieve hourly AOD at a 25 km resolution
for central Europe. Bernard et al. (2011) retrieved hourly AOD at a 3 km
resolution over Europe by assuming surface reflectance. Two-channel
methods were also developed and applied to retrieve AOD at 5 km
over Central-eastern Europe (Zawadzka and Markowicz, 2014), which
were later refined to 3 km over the entire region (Xie et al., 2020).
Luffarelli and Govaerts (2019) employed the Combined Inversion of
Surface and Aerosol (CISAR) algorithm, which continuously varies all
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state variables in the solution space, for the joint retrieval of surface
reflectance and aerosol properties from instantaneous SEVIRI imagery.
Ceamanos et al. (2023) further refined the AERUS-GEO algorithm,
originally developed by Carrer et al. (2014), by enhancing the temporal
resolution of AOD retrievals from daily to instantaneous at 3 km reso-
lution, across Europe, Africa, and the Middle East. However, these
studies may suffer from large uncertainties in AOD retrievals, especially
over bright surfaces (e.g., urban and deserts), primarily due to the lack of
short-wavelength channels (e.g., blue or deep-blue), which are partic-
ularly important for improving aerosol-surface contrast in such high-
reflectance regions (Hsu et al., 2013; Lyapustin et al., 2018).

To address these limitations, we developed a hybrid deep-learning
model, AeroTrans, which significantly advances hourly AOD (550 nm)
retrievals over land from MSG-1/SEVIRI imagery, based on recent
studies using deep learning to retrieve AOD with GEO satellites (Fan
et al., 2023; She et al., 2024; Tang et al., 2025; Yeom et al., 2022), and
our study using the Landsat high-resolution Imagery of long-term re-
cords (Wei et al., 2024). It is applied to all MSG-1 data from 2021 over
the Indian Ocean Data Coverage (IODC) region to retrieve hourly AOD at
550 nm. This model mitigates the limitations of sparse ground moni-
toring stations by employing an advanced time-sequence Transformer
architecture that fully leverages the multi-wavelength, high-frequency
MSG-1/SEVIRI observations and incorporates transfer learning to
improve performance in regions and periods with limited measure-
ments, using prior knowledge learned from simulated model outputs.
The model is first pre-trained on physically consistent AOD reanalysis
data to embed prior information about aerosol distribution patterns and
then fine-tuned using ground-based AOD measurements to capture re-
gion- and sensor-specific characteristics, thereby enhancing general-
ization and predictive capability across different locations and time
periods. Designed specifically for land, the model addresses the greater
challenges of aerosol retrieval over complex terrestrial surfaces and at-
mospheres. It was trained exclusively with land-based measurements
and is not intended for ocean conditions due to limited monitoring data.
Independent spatiotemporal validation shows that AeroTrans-MSG
achieves superior accuracy in hourly AOD retrievals and provides crit-
ical insights into diurnal AOD evolution and the transport dynamics of
major pollution episodes. Section 2 introduces the data used; Section 3
describes the developed deep-learning framework; Section 4 presents
and discusses the results; and Section 5 summarizes the study.

2. Materials
2.1. MSG-1/SEVIRI observations

MSG-1 (Meteosat-8), the first MSG satellite, began observing the
Earth in 2002 and underwent three orbit changes, with the final
adjustment made in 2020 (Ceamanos et al., 2021). The MSG-1 satellite is
selected in our study because it is located at 41.5° E and has a wider
spatial coverage, i.e., named as Indian Ocean Data Coverage (I0DC),
covering Europe, Africa, and especially West Asia (which is very
important for studying its air quality), compared to other MSG satellites.
The SEVIRI sensor carried by MSG-1 observes approximately a quarter
of the Earth's surface (67.5°N-67.5°S, 22°W-113°E) every 15 min, with
a spatial resolution of ~3 km at the nadir. However, it provides obser-
vations only across wavelengths from red (0.64 pm) to longwave
infrared (13.4 pm) (Table S1), lacking shorter-wavelength channels (e.
g., blue). In this study, we collected all available hourly MSG-1/SEVIRI
images during daylight hours (~16 h per day) in 2021, totaling about
5840 images, which were used to develop the aerosol retrieval algorithm
due to the substantial data volume. For independent validation, data
from 2020 and 2022 were also included. Unsuitable pixels were filtered
out using the cloud-snow-ice mask products from the Nowcasting and
Very Short Range Forecasting Satellite Application Facility (NWCSAF,
version 2018; Kniffka et al., 2014), as potentially cloud-contaminated
observations could introduce uncertainty and lead to AOD
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Fig. 1. Study region observed by the geostationary MSG-1/SEVIRI satellite, covering Europe, Africa, and West Asia, along with the locations of ground-based aerosol
monitoring networks, including AERONET (red dots), SONET (purple stars), and SKYNET (blue triangles). The rectangles show selected regions experiencing extreme
environmental events, including dust storms from the Sahara and Taklimakan deserts, urban haze in South Asia, and wildfires in southern Europe and central Africa.
The base map is the MODIS land-use cover (MCD12Q1) product (Fried! et al., 2010). (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

overestimation.

2.2. Ground-based measurements

Three ground-based networks, AERONET, Sun-sky radiometer
Observation NETwork (SONET), and SKY Radiometer NETwork (SKY-
NET), are utilized for the development and validation of our algorithm.
AERONET and SONET AOD measurements serve as ground-truth AOD
values for constructing the training samples. AERONET is a well-known
global aerosol observation network (Holben et al., 1998) that uses solar
photometers to measure AOD for a long period of time, for over 20 years
at many stations of high frequency (typically 15 min) at multiple
channels. In this study, we utilized quality-assured level 2.0 AOD data
with an average uncertainty of approximately +2% (Giles et al., 2019)
from 205 sites across the study domain, including 109, 44, and 52 sites
located in Europe, Africa, and Asia (Fig. 1). SONET, a regional network
similar to AERONET, comprises long-term observation sites across China
(Fig. 1), which uses solar photometers to measure AOD, with an average
maximum uncertainty of +0.5% across different spectral bands (Li et al.,
2018). Similarly, we collected the SONET AOD data from 5 sites within
our study domain from central to western China to supplement the
training samples in Asia, especially western China, where AERONET
coverage is sparse.

Furthermore, SKYNET AOD measurements are employed as inde-
pendent validation samples to evaluate model performance. SKYNET
utilizes standardized instruments, like sun-sky radiometers, to monitor
AOD at 105 sites across various regions, including Europe and Asia

(Nakajima et al., 2020), following specific analysis protocols to produce
standard aerosol products (Takamura et al., 2009; Campanelli et al.,
2012). Here, we selected SKYNET AOD measurements from six sites in
Europe and two sites in Asia (Fig. 1), which have a minimal average
difference of approximately +0.3% compared to AERONET measure-
ments (Nakajima et al., 2020). However, these aerosol networks do not
provide AOD measurements at 550 nm, so we converted the available
440 nm measurements to 550 nm using the Angstrom Exponent method
(Wei et al., 2019a, 2019b).

2.3. Atmospheric reanalysis data

MERRA-2 hourly aerosol product in 2021 is collected to provide AOD
simulations over land for transfer learning as pre-training in our study
(GMAO, 2015). MERRA-2 is the NASA Global Modeling and Assimila-
tion Office (GMAO)’s current advanced global atmospheric reanalysis
for the satellite era, produced with the Goddard Earth Observing System
(GEOS-5.12.4) data-assimilation system (Randles et al., 2017). Aerosols
are simulated via the Goddard Chemistry Aerosol Radiation and
Transport (GOCART) aerosol module (Chin et al., 2000) and assimilate
observations from MODIS, MISR, and other satellite and in situ mea-
surements (Gelaro et al., 2017). It shows good global accuracy, with
typical biases of ~0.2%-6% and RMSE of ~0.108-0.159 compared with
AERONET, though uncertainties may be larger in regions with fewer
observations (Su et al., 2023). In particular, MERRA-2 can provide
initial background aerosol information by providing more samples with
richer scenes than ground-based measurements, thereby enhancing the
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Fig. 2. Spatial distribution of pre-training samples with (a) different sampling frequency and (b) percentages for different land types during 02:00-17:00 UTC in

2021. The land cover types are sourced from the MCD12Q1 product.

generalization ability of deep learning models.

2.4. Other auxiliary data

During the deep learning modeling, we also incorporated multiple
auxiliary factors that influence aerosol retrieval, accounting for varying
atmospheric conditions and land surface characteristics. First, two key
gases, hourly total ozone (TCOs, unit: Dobson) and total precipitable
water vapor (TCWV, unit: kg m~?), were included, both collected from
the MERRA-2 reanalysis. The Digital Elevation Model (DEM) from the
ETOPO Global Relief Model 2022 at 0.015° x 0.015° resolution was
employed to account for altitude-related effects (She et al., 2024).
Additionally, the normalized differential vegetation index (NDVI) in the
shortwave infrared (NDVIy;;) is not sensitive to aerosol changes and is
employed to capture surface information, which is calculated using TOA
reflectance at 0.81 pm and 1.64 pm, for the absence of 2.3 pm on MSG-1/
SEVIRI (Vermote et al., 2016).

3. Methods
3.1. MSG aerosol retrieval framework

This study proposes a novel hybrid framework for aerosol retrieval,
combining a Transformer-based deep learning model for MSG-1/SEVIRI
imagery (AeroTrans-MSG), driven by the transfer-learning technology to
provide prior knowledge, supporting and improving the model's
adaptability in hourly AOD retrieval over land. In our framework, the
Transformer architecture and transfer learning serve complementary
but distinct roles, and their combination is essential for robust AOD
retrieval from geostationary satellite observations. Specifically, the
Transformer is used to model the nonlinear relationship between TOA
reflectance and AOD. Its self-attention mechanism is well-suited for
high-frequency geostationary observations, allowing the model to cap-
ture long-range dependencies and complex temporal-spectral patterns.
Transfer learning addresses the limited and uneven distribution of
ground-based AOD observations. The model is first pretrained using

AOD reanalysis to learn a generalized reflectance-AOD relationship, and
then fine-tuned with ground-based measurements to correct biases and
improve realism. Overall, the Transformer provides strong representa-
tion and sequence-learning capability, while transfer learning improves
model generalization under data-scarce conditions.

3.1.1. Deep learning: Transformer

Deep learning relies on multi-layer artificial neural networks that
learn hierarchical feature representations from data. Its core compo-
nents include neurons, stacked layers, nonlinear activation functions,
and training via backpropagation (LeCun et al., 2015). Transformer, a
powerful time-series deep learning model, excels in processing temporal
sequential data, demonstrating significant advantages in capturing long-
range dependencies and feature patterns through its unique self-
attention mechanism (Vaswani et al., 2017). Additionally, it in-
corporates advanced residual connections and layer normalization
mechanisms, which enhance both training efficiency and inference ac-
curacy when processing large-scale structured data (She et al., 2024).
This is particularly valuable for datasets with high-frequency imagery,
long time periods, and large spatial distances, as demonstrated in our
previous study on AOD retrieval from Landsat imagery, which provides
16-day data records spanning several decades at a very high 30 m res-
olution (Wei et al., 2024). More importantly, this capability holds even
greater potential for geostationary satellites like MSG/SEVIRI, which
provide much higher-frequency imagery, observing the Earth every 15
min and delivering around 96 images per day. This robust time series of
images allows for continuous observations throughout the day under
varying weather conditions, effectively capturing dynamic AOD
changes. This makes it the ideal model for our study and is expected to
enhance AOD retrieval accuracy for GEO satellites.

3.1.2. Transfer learning

Machine learning has proven to be highly effective in capturing
nonlinear relationships between target values and predictors in air
pollutant modeling. While models perform well at observation sites,
their estimation accuracy in unobserved regions declines as the distance
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from these locations increases (Fu et al., 2024; Tang et al., 2025; Wei
et al., 2023), with the degree of degradation strongly influenced by
station density. This is particularly evident for AOD, given the sparser
and more uneven distribution of ground-based monitoring stations
(Fig. 2), which can significantly limit the model's performance, espe-
cially in remote areas. To minimize this challenge, we integrate transfer
learning into our aerosol retrieval framework, facilitating the transfer of
acquired knowledge (e.g., learned features and model weights) from
source domains to target tasks, thereby improving model generalization
in unobserved areas (Fu et al., 2024; Tan et al., 2018; Tang et al., 2025).
Transfer learning is a machine-learning framework that improves per-
formance on a target task by leveraging knowledge gained from a
related source task or domain. Unlike conventional methods that assume
identical data distributions across training and test sets, transfer
learning allows domains, tasks, or distributions to differ (Pan and Yang,
2010). Common strategies include using a pretrained model as a fixed
feature extractor or partially fine-tuning its layers. This prior knowledge
is highly valuable, as it enables the model to learn aerosol dynamics
across complex atmospheric and surface conditions by incorporating
data such as AOD simulations from atmospheric reanalysis, thereby
providing essential background constraints on air pollution in regions
lacking ground-based observations. More importantly, transfer learning
can effectively extract and transfer this prior knowledge through its two-
stage operation, pre-training and fine-tuning, enhancing the model's
spatiotemporally predictive capabilities. Fine-tuning is the process of
continuing the training of a pretrained network on a target dataset, with
a lowered learning rate and selective layer updates, to adapt general
representations to specific task characteristics (Zheng et al., 2025). In
this study, we pre-train the Transformer on MERRA-2 AOD simulations
and subsequently fine-tune it using in situ AOD measurements, thereby
enhancing its generalization and enabling continuous, accurate AOD
retrieval.

AODuyzrra-2 = Transformer,, iing

3.1.3. AeroTrans-MSG framework

3.1.3.1. Feature selection. Aerosols exhibit different effects on top-of-
the-atmosphere (TOA) reflectance at various wavelengths, especially
at shorter wavelengths (Hsu et al., 2013). However, the MSG-1/SEVIR
lacks the widely used deep blue (typically around 412 nm) or blue
band, which is highly sensitive to aerosol variations and widely
employed in aerosol remote sensing, such as in MODIS (Hsu et al.,
2013). To address this, we employ multiple channels, including the
available shortest-wavelength channel (red: 0.64 pm) as the primary
predictor, along with near-infrared (NIR: 0.81 pm) and shortwave
infrared (SWIR: 1.64 pm) channels. These channels are converted to
TOA reflectance (TOAo6-1.6) via radiometric calibration provided by the
SATMOS (Service for Archiving and Meteorological Processing of Sat-
ellite Observations) data and services center. Additionally, the mid-
infrared channel (MIR: 3.92 pm) is included to enhance aerosol detec-
tion, particularly for coarse-mode particles like dust (Zhang et al., 2006),
and is converted to brightness temperature (BTs9) using SATMOS cali-
bration data. This multi-channel information not only facilitates aerosol
detection but also enables the differentiation of various aerosol types
over land surfaces (Wei et al., 2018). Observation geometry (Angles)
plays a crucial role in aerosol retrieval, with five main angles consid-
ered: solar zenith angle (SZ), solar azimuth angle (SA), viewing zenith
angle (VZ), viewing azimuth angle (VA), and scattering angle (SCA).
Furthermore, the effects of two key gases (Gases), water vapor and
ozone, on TOA reflectance are corrected using TCWV and TCOg3 data. We
focused on water vapor and ozone because their absorptions dominate
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the gas-phase influence in the short-wavelength channels relevant to
aerosol retrieval, while contributions from other gases are much weaker
and can be negligible (Hsu et al., 2013; Wei et al., 2019a, 2019b). The
DEM is included to account for topographic variation impacts on aerosol
retrieval, while the NDVI,;, is used to represent land surface charac-
teristics and changes (Wei et al., 2024).

3.1.3.2. Pre-training. In our approach, the Transformer is first pre-
trained in the source domain using hourly MERRA-2 AOD at 550 nm
as the supervisory labels. For each MSG-1/SEVIRI observation time
(02:00-17:00 UTC), we construct an input vector x = [S, 0, G, L],
including multi-channel reflectance S, solar-sensor geometry @, atmo-
spheric gases G (e.g., water vapor, and ozone), and land-surface de-
scriptors L. (DEM, and NDVlIgy;) (Eq. 1). All features are min-max
normalized, and samples with invalid observations (e.g., cloud
contamination or extreme viewing geometry) are excluded. Extreme
view geometry refers to observations in which either the satellite or
solar zenith angle exceeds 80°. Such geometries increase atmospheric
path length, scattering, and absorption, and may introduce projection
distortions and topographic shading, reducing the reliability of radiance
measurements and cloud masks (Laszlo and Liu, 2016). Machine-
learning models cannot fully account for these extreme-view cases
because training samples under such conditions are scarce, limiting
model performance and generalization. Therefore, excluding these ob-
servations improves the quality of training and validation datasets,
supporting better overall model performance. Pre-training is optimized
with a standard regression loss (MSE) and scalable training strategies,
including distributed optimization, learning-rate scheduling, gradient
accumulation, and mixed-precision. This large-scale pre-training com-
pensates for the scarcity of ground observations and provides physically
informed representations of AOD-reflectance relationships.

([TOAo6-16,BTs9,Angles, Gases, DEM, NDVIy,;]) (@)

Using 5850 MSG-1 images, we generated ~1.5 billion training ex-
amples that span diverse surface types (i.e., barren: 31%, grassland:
24%, forest: 14%, cropland: 13%; Fig. 2), enabling the model to learn
the radiative response to varying atmospheric and surface conditions.
The pre-training samples were extracted by matching MERRA-2 AOD
with MSG-1/SEVIRI images on an hourly, 2° x 2° grid. The spatial
distribution of pre-training samples varies diurnally because they are
constructed from hourly collocation of MSG-1/SERIVI observations with
MERRA-2 AOD during 02:00-17:00 UTC. This pattern is largely driven
by diurnal changes in the solar zenith angle, as only valid daytime ob-
servations are retained. Regions at high latitudes and near the edge of
the MSG-1 field of view have fewer training samples due to limited
availability of valid satellite observations (e.g., low sun angles or geo-
metric constraints). The pre-training dataset spans a broad range of
surface types, which is important because machine-learning models
often inherit surface-type biases from the limited land-cover diversity of
ground monitoring stations, which can reduce performance in regions
with different surface characteristics. Our large-scale pre-training col-
lects samples covering nearly all land-cover types within the MSG-1
region, improving the model's robustness and generalization in areas
without ground monitoring stations.

3.1.3.3. Fine-tuning. In this stage, the in situ AOD measurements at 550
nm (AODj, si,) serve as target values, with the same input features fed
into the Transformer model to fine-tune the last two hidden layers of the
pre-training model while keeping the other model parameters
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unchanged. In comparison, the in situ AOD measurements constitute a
much smaller sample size (only ~0.15 billion samples) with dense
coverage in urban areas (31%) but sparse coverage in barren regions
(9%), which dominate much of North Africa and West Asia, under-
scoring the importance of pre-training (11 times more data samples).
Finally, the nonlinear relationships between the actual AOD values and
the input predictors (x,;) same with in the pre-training stage are refined
and constructed by the Transformer based on these data samples:

AODin situ = Transf Omerﬁne—nming{MOdelpre—tmining([xall]) } (2)

Here, we use an hourly time series of 13 predictors to generate AOD
retrievals across a 17-h daytime period. To further enhance spatiotem-
poral modeling, we replace the conventional positional encoding with a
multi-dimensional spatiotemporal encoding scheme (SF and TF) devel-
oped in our previous study (Wei et al., 2024). In this work, we introduce
minor improvements by incorporating three additional helix-shaped,
hour-based trigonometric sequence vectors to more effectively capture

diurnal AOD variations:

HOD . HOD

cos (Zn N, ) ,sm(Zrz N, )} 3)
where HOD is the hour of the day, and N, is the total hours of one day
used for aerosol retrieval in 2021, equal to 17 in this study. The trigo-
nometric terms are used solely to generate time-dependent features as
inputs for the model. They do not constrain AOD to follow any specific
functional form, but encode diurnal timing and solar-geometry infor-
mation (e.g., hour-of-day effects) to help model capture time-related
variations. Transformer remains free to learn arbitrary mappings from
all inputs, including satellite signals, atmospheric state, land-cover, and
these time features, to AOD. These trigonometric bases simply provide
continuous and differentiable features that facilitate the learning of
diurnal patterns.

Subsequently, our model employs the Transformer encoder archi-
tecture of Vaswani et al. (2017), enabling efficient extraction of latent

HOD
Thour = |:Th’
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Fig. 4. SHAP-based XAI analysis of the AeroTrans-MSG framework for hourly AOD retrieval, showing (a) SHAP feature importance (%), with “(+)” and “(-)” after
the black numbers indicating positive or negative impacts, and (b) the total contributions aggregated by four predefined feature categories.

aerosol features from the multi-dimensional input space while miti-
gating overfitting (Wei et al., 2024). The encoder comprises stacked
layers, each containing a masked multi-head self-attention mechanism
(to prevent access to future information), an encoder-decoder cross-
attention module (to incorporate relevant input representations), and
a position-wise feed-forward network, with residual connections and
layer normalization applied to each sub-layer. The key hyper-
parameters, including the number of neurons and layers, number of
attention heads, and feed-forward hidden size, were determined through
systematic trial-and-error to balance model capacity and computational
cost (Fan et al., 2023; Yeom et al., 2022). Rectified Linear Unit (ReLU)
activation functions are applied between hidden layers to enhance
learning efficiency and improve sparse feature extraction. Mean Squared
Error (MSE) is used as the loss function to quantify the discrepancy
between predicted and target AOD values, ensuring effective optimiza-
tion and stable gradient propagation during backpropagation. Table S2
provides the hyperparameter settings for our AeroTrans-MSG model. In
this study, we selected an hourly temporal resolution for AOD retrievals,
as it aligns with the MERRA-2 hourly AOD simulations used for pre-
training. Moreover, hourly AOD retrievals are sufficient for studying
the diurnal variations of AOD within the study region.

3.2. Validation approaches

We implement two distinct validation frameworks: 10-fold cross-
validation (CV) and independent spatiotemporal validation. The 10-
fold CV method incorporates three specific validation strategies to
comprehensively assess model performance: sample-based, temporal-
based, and spatial-based CV (Wei et al., 2023). These strategies involve
randomly partitioning (1) all data samples, (2) temporal units at
increasing time scales (hourly, daily, and monthly), and (3) spatial units
at increasing space intervals (grids of 1° x 1°, 5° x 5°, and 10° x 10°)
into ten subsets. In each iteration, nine subsets are used for model
training, while the remaining subset serves as the validation set. This
process is repeated ten times, ensuring each subset is used exactly once
for validation, thereby providing a robust evaluation of the model's
overall estimation accuracy, as well as its temporal and spatial predic-
tive accuracy.

The independent spatiotemporal validation consists of three com-
plementary components: monthly, continental, and SKYNET-based
validation. For monthly validation, we employ a temporal splitting
strategy where odd-numbered months are used for training and even-

numbered months for testing alternately, thereby evaluating the
model's temporal extrapolation capability. Continental validation as-
sesses spatial generalization by designating each specific continent
(Europe, Africa, or Asia) as an independent test region. The model is
then trained using one region (e.g., Asia) and validated on the others.
We performed continent-holdout validation to assess the model's spatial
generalizability. Training on some continents and testing on another
exposes the model to different aerosol regimes, surface types, and
viewing conditions, revealing whether it has learned broadly applicable
relationships or only region-specific patterns. Although not fully repre-
sentative of the operational domain, this approach provides valuable
diagnostic information. Additionally, we leverage ground-based mea-
surements from the SKYNET network as a fully independent validation
dataset, further assessing the model's ability to generalize across
different networks and spatiotemporal conditions.

To assess model performance, we employ the correlation coefficient
(R), coefficient of determination (R?), root mean square error (RMSE),
mean absolute error (MAE), and mean bias (MB). Furthermore, we
incorporate the expected error (EE) of AOD retrievals from the MODIS
DB algorithm over land, defined as + (0.05 + 20% x AOD;) (Hsu et al.,
2013). We also involve the stringent accuracy requirements for AOD
retrievals set by the Global Climate Observation System (GCOS), defined
as + max(0.03, 10% x AOD,) (GCOS, 2010). Notably, we applied the
selection criteria by constraining AOD retrievals to the physically
plausible range of 0 to 5, thereby removing outliers before validation
and subsequent analysis. Fig. 3 illustrates the flowchart of our study,
showcasing the proposed AeroTrans-MSG model for hourly AOD
retrieval from MSG-1/SEVIRI imagery.

4. Results and discussion
4.1. Model interpretability

We applied the SHapley Additive exPlanations (SHAP) approach
(Lundberg and Lee, 2017), which leverages gradient information within
deep learning architectures, as part of the eXplainable Artificial Intel-
ligence (XAI) technology to interpret our AeroTrans-MSG model. The
results revealed that TOA observations from the MSG-1/SEVIRI satellite
at 0.64 pm show the largest positive impact (i.e., the feature increases
the model's output relative to the baseline) on aerosol retrieval,
contributing approximately 18% to the model output (Fig. 4). In
contrast, the TOA observation at 1.64 pm has a negative influence and
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Fig. 5. Spatial pattern of overall accuracy and uncertainty of hourly AOD retrievals from MSG-1/SEVIRI imagery using the AeroTrans-MSG model, assessed through
the sample-based ten-fold cross-validation approach in terms of (a) coefficient of determination (Rz), (b) mean bias (MB), (c) mean absolute error (MAE), (d) root
mean square error (RMSE), percentage of retrievals within the (e) expected error (EE), and (f) Global Climate Observing System (GCOS). Red numbers indicate mean
values (number of samples, N = 168,333). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

contributes about 12%. The negative influence of the 1.64 pm channel
occurs in conditions where surface reflection or cloud contamination
dominates, such as low-AOD scenes over bright surfaces or near clouds,
reducing or reversing the channel's sensitivity to aerosols. This effect can
be further modulated by viewing and solar geometry. Overall, TOA
reflectance and BT across four channels together account for about 38%
of the total feature importance. Angle information is important for sun
photometers and radiative-transfer-based satellite retrievals, and it also
plays a significant role in our deep-learning approach, collectively ac-
counting for ~34% of feature importance. Both solar and viewing angles
remain physically important, as they modulate the observed radiative
signal and drive aerosol information content, contributing approxi-
mately 13% and 19%, respectively. In addition, NDVI;, has a strong
negative effect on the model, contributing approximately 12%. Water
vapor positively while ozone negatively affects AOD retrieval, together
contributing ~13%, likely due to increased aerosol hygroscopicity
under high humidity conditions and ozone's absorption effects of solar
radiation at shorter wavelengths (Cheng et al., 2025; Li et al., 2014). The
SHAP results confirm the physical basis of AeroTrans-MSG and highlight
key auxiliary inputs that could inform future radiative-transfer-based
retrieval algorithms.

4.2. Model validation

4.2.1. Overall accuracy

We first evaluated the model performance at the individual site scale
across the domain using the sample-based 10-CV approach (Fig. 5). Our
model effectively estimated hourly AODs across most sites, showing
good agreement with ground-based measurements at ~77% of the sites,
which had moderate to high sample-based cross-validation coefficients
of determination (CV-R? > 0.5; Fig. 5a). Mean biases were generally low,
within +2% for about 77% of the sites (Fig. 5b). Notably, higher accu-
racy was observed in densely populated regions with elevated pollution,
including central and southern Africa and South Asia (CV-R2 > 0.8),
which are of greater public concern. The lower correlation over Europe
is primarily attributed to generally lower AOD loadings (average =
0.13), reflecting cleaner conditions compared with other continents
such as Asia (average = 0.35) and Africa (average = 0.19). Retrieval
uncertainties were consistently low at most sites, with ~73% and 77% of
sites exhibiting MAE and RMSE values below 0.06 and 0.09, respectively
(Fig. 5c-d). Exceptions occurred at a few individual sites along the
eastern boundary of the domain, primarily due to limited satellite ob-
servations (e.g., large viewing angles). Overall, more than 95% of the
sites demonstrated substantial retrieval accuracy, with over 70% of the
retrievals falling into the EE envelope (Fig. 5e). In addition, approxi-
mately 73% of the sites had at least 40% of retrievals meeting the GCOS
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Fig. 6. Density scatter plots of our (a) pre-trained (N = 1,492,079) and (b-d) fine-tuned (N = 168,333) hourly AOD retrievals against ground-based AOD mea-
surements, evaluated using (a-b) sample-based (9 folds of all samples for training, 1 fold for validation), (c) hour-based (time-CV; 9 folds of hours for training, 1 fold
for validation), and (d) site-based (space-CV; 9 folds of stations for training, 1 fold for validation) ten-fold cross-validation methods, respectively. In each panel, the
black dotted line represents the expected error range, the black solid line indicates the 1:1 line, and the red solid line represents the linear regression line. The
numbers in the top-left corner of the subfigure represent the coefficient of determination (Rz), slope of the regression line, mean absolute error (MAE), root mean
square error (RMSE), percentage of retrievals within the expected error (EE), and Global Climate Observing System (GCOS). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)

requirements (Fig. 5f).

At the domain level, our model, initially pre-trained on MERRA-2
AODs, showed limited capability in retrieving AOD values from in situ
measurements, yielding an average sample-based CV-R? of 0.63 (slope
= 0.63) and RMSE (MAE) of 0.138 (0.085). Only 67% of its retrievals fell
within the EE envelope, and just 33% met the GCOS threshold (Fig. 6a).
However, after fine-tuning, the model performance improved signifi-
cantly, achieving a sample-based CV-R? of 0.88 with a strong slope of
0.89, and reduced MAE (0.051) and RMSE (0.079) values. Approxi-
mately 86% and 49% of the AOD retrievals conform to the EE and GCOS
criteria, respectively (Fig. 6b). In comparison, the directly trained model
(without pre-training and fine-tuning) showed poorer performance (e.g.,
CV-R? = 0.85 and RMSE of 0.087), along with a smaller proportion of
retrievals within EE (83%) and GCOS (47%) ranges (Fig. S1a). Notably,
our model demonstrated enhanced training efficiency, achieving
convergence in approximately 100 epochs (about twice as fast as the
direct model) and maintaining lower loss values (6%o vs. 8%o)
throughout the training process (Fig. S1b). These results highlight the
advantages of transfer learning in accelerating training and improving
convergence stability.

4.2.2. Spatiotemporal prediction accuracy

Subsequently, we evaluated the model's predictive performance
using a range of spatiotemporally independent validation strategies.
Temporally, our model demonstrated strong predictive capability dur-
ing hours without available measurements, achieving an hour-based CV-
R? of 0.86 and an RMSE of 0.085; additionally, over 83% and 46% of
retrievals met the EE and GCOS criteria, respectively (Fig. 6¢), which
were slightly inferior to those observed in sample-based cross-validation
(Fig. 6b). More importantly, as the time interval used for cross-
validation increased from hourly to daily to monthly scales, our

model's accuracy showed only a slight decline (CV-R? from 0.83 to 0.77)
while consistently outperforming the direct model (Fig. S2). Further-
more, by withholding data from all odd and even months separately to
minimize monthly correlations and seasonal cycles between training
and validation sets, our model continued to perform robustly in
retrieving AODs during the remaining months, showing considerable
accuracy (e.g., R = 0.87-0.88, RMSE = 0.11-0.12) and improvements
over the direct models (Fig. S3).

The model's improvements were more pronounced at the spatial
level: it demonstrated strong ability in predicting AODs in unmonitored
areas, with a station-based CV-R? of 0.74, RMSE of 0.119, and approx-
imately 72% and 37% of results meeting the EE and GCOS criteria,
respectively (Fig. 6d). In addition, our model's prediction accuracy (CV-
R?) slightly decreased from 0.72 to 0.71 as the grid size increased from
1° x 1° to 10° x 10°, showing significant improvements compared to the
direct model, which decreased from 0.67 to 0.56 (Fig. S4). More
importantly, by withholding data from three continents separately, the
direct model exhibited very poor performance in retrieving AODs from
the remaining continent, with low R values ranging from 0.23 to 0.47
and large uncertainties (e.g., RMSE = 0.15-0.41) (Fig. 7a-c). In contrast,
our model demonstrated much better performance across diverse con-
tinents, increasing the R by 51-230% and reducing the RMSE values by
46-49% (Fig. 7d-f). Additionally, the fractions within the EE and GCOS
criteria were 1.3-1.7 and 1.3-1.6 times higher. This discrepancy arises
because conventional machine-learning models often struggle to
generalize from conditions learned in one region to another, leading to
significant performance degradation. In contrast, our integrated
transfer-learning and deep-learning framework leverages prior knowl-
edge from MERRA-2 AOD simulations, substantially improving pre-
dictions in extensive regions with limited or no observations.

We conducted additional validation of our model on independent
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line. The numbers in the top-left corner of the subfigure represent the correlation coefficient (R), slope of the regression line, mean absolute error (MAE), root mean
square error (RMSE), percentage of retrievals within the expected error (EE), and Global Climate Observing System (GCOS). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 9. Diurnal variations in AOD at a spatial resolution of 3 km from 02:00 to 17:00 UTC over Europe, Africa, and parts of Asia, along with daily average and diurnal

variation magnitude maps for the entire year (2021).

years not used for training. Specifically, we evaluated AOD retrievals for
2022 and 2020 using the model trained on 2021 data (Fig. 8a-b). The
model performs well on the 2020 holdout data despite the strong im-
pacts of the COVID-19 pandemic, showing good agreement with ground-
based measurements (R = 0.88, RMSE = 0.119), with ~82% of re-
trievals within the EE range and ~ 47% meeting the GCOS standard.
Performance remains robust for 2022, with slightly higher correlation
(R = 0.92), the same RMSE (0.119), ~83% of retrievals within the EE
range, and 48% satisfying the GCOS criteria. These results demonstrate
that our model is robust and adaptable under unseen aerosol conditions.

SEVIRI observations are affected by systematic biases of up to 10%,
which can vary over time and across different MSG units (Meirink et al.,
2013). It is worth noting that statistical approaches, particularly ma-
chine learning, are generally more susceptible to biases than physically
based methods. In our study, the combined Transformer and transfer-
learning framework mitigates some of these systematic effects by
learning generalized TOA reflectance-AOD relationships from reanalysis
and ground-based observations, as supported by strong independent
validation results for different years (2020 and 2022). Nevertheless,
residual biases may still exist, contributing to uncertainties in regions
with limited ground validation.

Lastly, we validated our model's performance using the SKYNET
network (Fig. 8c), providing a spatiotemporally independent assessment
that further confirmed its ability to retrieve AOD at unseen locations and
new times. The validation results showed a moderate correlation with
SKYNET AOD measurements (R = 0.72, number of samples = 5527) and
an RMSE of 0.084. Moreover, 76% of the collocated samples fell within
the EE envelope, and 32% met the more stringent GCOS criteria.

Unlike traditional radiative-transfer-based approaches that rely
heavily on blue-band sensitivity to aerosol scattering, our method em-
ploys a time-sequence deep-learning framework that jointly leverages
information from multiple spectral bands and their temporal evolution.
This allows the model to infer aerosol signals from correlated spectral-
temporal features rather than relying on a single wavelength. In addi-
tion, the model is pretrained on simulated samples spanning diverse
land-use types and atmospheric conditions, providing strong prior
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knowledge that helps mitigate the typical limitations of sensors lacking
blue bands, such as SEVIRI. We further applied the same framework to
Himawari-8/AHI observations and conducted experiments with and
without the blue channel, demonstrating only minor differences in the
accuracy of AOD retrievals (Fig. S5).

4.3. Diurnal variations in aerosol optical depth

Fig. 9 presents the annual mean diurnal distribution of AOD in 2021.
Elevated AOD levels persist throughout the day over West Africa,
particularly across the Sahel region, and over the Taklamakan Desert in
China. These patterns are especially pronounced during the Northern
Hemisphere winter (December—February) (Fig. S6) and spring (March-
—May) (Fig. S7), when dust transport is most active, showing substan-
tially higher AOD loads but relatively low diurnal variation magnitudes.
Capturing such diurnal cycles, as shown over the Sahara, can substan-
tially affect weather forecasts and climate model outputs (Kocha et al.,
2013), while similar considerations apply for modeling volcanic plumes
(Pluetal., 2021). Elevated AOD is also evident in parts of Central Africa,
such as Gabon and the Congo, where biomass burning, particularly
wildfires (Giglio et al., 2018; Wimberly et al., 2024b), peaks during the
Northern Hemisphere summer (June-August) (Fig. S8). In South Asia,
especially in Pakistan and northern India, high aerosol loads remain
high year-round, driven by continuous anthropogenic emissions and
persistent pollution buildup. In contrast, Europe generally exhibits low
AOD values, with slightly elevated levels in the Mediterranean and
Eastern Europe during midday. Similarly, low AOD loads are observed in
southern Africa and southwestern China, highlighting regional differ-
ences in emissions, land use, and atmospheric conditions.

Overall, AOD tends to rise gradually after sunrise, peak around 9:00
to 10:00 UTC, and decline by late afternoon, following the daily cycle of
aerosol loading and atmospheric mixing. Similar diurnal variations are
observed across different seasons (Figs. S6-S9). The magnitude of
diurnal variation reveals that, while hourly changes are less dramatic
than those seen in single-day analyses, certain regions, especially Cen-
tral and West Africa, as well as parts of the Middle East, still exhibit
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Fig. 10. Diurnal distribution and variation of AOD from 08:00-17:00 local time (UTC + 5:00) in India (70°E-90°E, 10°N-30°N) during a severe urban haze event on
November 8, 2021. Colored dots represent ground-based AOD measurements, and arrows indicate 10 m wind direction from the ERA5-Land reanalysis.

notable fluctuations (> 50%) in AOD throughout the day, indicating the
influence of dynamic emission sources and varying meteorological
conditions. On average, the annual diurnal variation in AOD is 26% +
15% relative to the daily mean level (0.22 + 0.14) across the domain,
with clear seasonal differences. The largest variations occur during the
northern summer, contributing 30% + 19% of the mean AOD (0.27 +
0.19), while the northern winter exhibits the smallest fluctuations, at
24% =+ 18% of the mean (0.19 + 0.16). The average variation is 30% +
17% (mean AOD: 0.23 £ 0.17) in northern spring and 27% + 15% (0.20
+ 0.14) in northern autumn (September-November), reflecting the
combined effects of seasonal emissions and atmospheric dynamics.

4.4. Diurnal AOD variations during extreme events

Fig. 10 presents the hourly variation of AOD at 550 nm from 08:00 to
17:00 local time (UTC + 5:00) during a severe urban haze episode over
northern India on November 8, 2021. In the early morning
(08:00-10:00), the AOD values generally increased, peaking near
10:00-11:00, especially over the densely populated states of Uttar Pra-
desh and Bihar. This morning's peak maximum reflects the combined
effects of boundary-layer dynamics, local emission patterns, and
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meteorological conditions (e.g., winds) that limit aerosol dispersion. As
the day progressed (10:00-17:00), the AOD distribution expanded and
shifted, while overall haze diminished. AOD values decreased signifi-
cantly, and the aerosol plume spread northwestward into eastern Punjab
and Haryana, and northeastward into West Bengal. The 10-m wind
vectors reveal a clear shift from weak and variable winds in the morning
to more organized southeasterly and easterly flows around midday. This
shift appears to facilitate the horizontal advection of haze from eastern
Uttar Pradesh and Bihar toward Delhi and neighboring regions, exac-
erbating pollution in already burdened urban regions. The haze plume
maintains broad spatial coverage, and there is a weak but discernible
westward extension of aerosols into Haryana and parts of eastern
Pakistan, consistent with continued but relatively slow east-to-west
transport indicated by the wind field. During this haze event, our re-
trievals capture the morning increase and afternoon decline in AOD,
peaking around 11:00 UTC, with strong agreement with ground-based
measurements (R = 0.86; Fig. 11a). A similar heavy haze pattern and
transport pathway was observed in Pakistan on November 20, 2021 (Fig.
S10).

Fig. 12 shows the diurnal evolution of AOD during a severe wildfire
event on August 4, 2021, over central and western Africa. In the morning
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Fig. 11. Time series of our AeroTrans-MSG AOD (550 nm) retrievals (bule) and AERONET AOD measurements (red) from 08:00-18:00 local time for four repre-
sentative events: (a) a severe urban haze event over India (67°E-89°E, 11°N-33°N) on November 8, 2021; (b) a typical wildfire event over central and western Africa
(10°E-35°E, 17°S-8°N) on August 4, 2021; and (c-d) typical dust-storm events over the Sahara Desert (2°E-22°E, 7°N-24°N) on February 5 and 6, 2021. The gray
dashed lines indicate the hour of peak daytime AOD. Statistics are derived from all available stations in the region using 3 x 3-pixel windows for AeroTrans-MSG
images. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

hours (08:00-09:00), the region experiences generally low AOD values,
with high concentrations found in central regions around the dense fires.
However, an intense wildfire broke out, causing a sharp increase in AOD
values around the fire location. Thickening smoke plumes, visible in the
false-colour satellite images, are indicated by red fire markers from
MODIS fire products, and the and the plume continued to grow and emit
smoke during 10:00-11:00. Prevailing winds drove the smoke north-
westward, and by afternoon (14:00-17:00), the smoke plume gradually
dissipated, leading to a significant reduce in AOD, which reached its
minimum in the late afternoon (around 17:00). However, wind-driven
smoke caused a significant increase in aerosol loading in the north-
west during the afternoon (14:00-17:00), despite the shrinking fires. For
this wildfire event, our model reproduces the observed bimodal pattern
with peaks near 11:00 and 18:00 UTC, showing excellent correlation
with ground measurements (R = 0.97; Fig. 11b). A similar spatial
pattern and temporal evolution were observed during another wildfire
event in Greece on August 8, 2021 (Fig. S11). These results demon-
strated our model's ability to capture localized aerosol diurnal variations
driven by both anthropogenic and natural emission sources.

Fig. 13 illustrates the diurnal variation of AOD during a typical dust
storm event over the Sahara Desert spanning February 4-7, 2021. On
February 4, the region exhibits generally low AOD values, indicating
relatively clean air conditions. By February 5, however, high AOD values
(> 1) appear over the southwestern part of the domain between 10:00
and 15:00, suggesting strong surface dust emissions. In addition, a new
dust source emerges in the eastern part during the morning hours, with
AOD values beginning to rise around 10:00, intensifying by 13:00, and
further spreading westward by 15:00. This evolution coincides with
northeasterly winds that facilitate the westward transport of the newly
lofted dust toward the central and southwestern regions, contributing to
elevated AOD levels. On February 6, the dust intensity gradually
weakens throughout the day, particularly in the southwestern region,
where concentrations drop to nearly half of the previous day's levels.
Despite this reduction, the spatial extent of the dust-affected area re-
mains broad, continuing to cover much of the domain, which may reflect
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persistent long-range transport or lingering suspended dust. By February
7, both the intensity and spatial coverage of the dust storm exhibit a
marked decrease. The central region shows significant cleaning, with
AOD values falling below 0.4, indicating that much of the dust has
dissipated. Only a few localized areas, such as the southwestern corner
and portions of the eastern dust source region, still retain relatively high
AOD values. For the Sahara dust event (Fig. 11c-d), showing an almost
perfect correlation on February 5, 2021 (R = 0.99) and similarly high
agreement on February 6, 2021 (R = 0.96), accurately capturing both
the daytime increase and the abrupt decline in AOD. A similar sequence
of dust generation, outbreak, transport, and subsequent weakening was
also observed over the Taklimakan Desert in China on March 6, 2021
(Fig. S12). We further compared our retrievals with MERRA-2 AOD and
found that the two results do not appear overly similar, indicating that
the model does not simply replicate the MERRA-2 data, even though it
has more merit under such unfavorable conditions for remote sensing of
AOD due to low contrast (Fig. S13). To some extent, our approach en-
hances aerosol retrieval by providing higher spatial resolution and more
detailed AOD information over deserts.

Lastly, we compared our results with AOD retrievals from MSG-4/
SEVIRI AERUS-GEO (Carrer et al., 2014), Terra and Aqua MODIS DB,
and NOAA-20/VIIRS DB for the extreme events (Fig. S14). In addition,
the available daily-average SEVIRI AODs are substantially lower than
the instantaneous MODIS retrievals, likely due to strong diurnal vari-
ability; moreover, AERUS-GEO AOD is measured at 635 nm, while other
products are at 550 nm, so lower values are expected at the longer
wavelength. Our retrievals are generally consistent with the polar-
orbiting products at comparable observation hours, while explicitly
capturing the full diurnal cycle and accurately tracking the temporal
evolution of these extreme events (Fig. 10-13). Nevertheless, our model
is pretrained on MERRA-2, which has relatively low spatial resolution
and higher uncertainty in regions with sparse ground-based measure-
ments. Consequently, in such under-monitored regions, the model may
rely more heavily on MERRA-2 AOD reanalysis (Fig. S15), resulting in
increased variability in performance.
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Fig. 12. Diurnal distribution and variation of AOD from 08:00-17:00 local time (UTC + 1:00) in central and western Africa (10°E-35°E, 17°S-8°N) during a typical
wildfire event on August 4, 2021. Red points denote daily active fire detections from the MCD14A1 product. Colored dots represent ground-based AOD measure-
ments, and arrows indicate 10 m wind direction from the ERA5-Land reanalysis. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

5. Summary and conclusions

Geostationary satellites are highly valuable for monitoring diurnal
variations of aerosols. In this study, we developed a novel hourly aerosol
optical depth (AOD) retrieval framework for MSG-1/SEVIRI imagery by
integrating an advanced deep-learning Transformer model with transfer
learning (AeroTrans-MSG). This model is first pre-trained using MERRA-
2 AOD to learn broad aerosol background patterns, and then fine-tuned
with in situ AOD measurements to more accurately capture real-world
aerosol-radiance relationships, ultimately enhancing its spatiotem-
poral predictive capabilities. Explainable artificial intelligence analysis
using SHAP (SHapley Additive exPlanations) reveals that multi-band
spectral channels (~38%), observation geometry (~34%), and key
gaseous variables (~13%) play dominant roles in hourly aerosol
retrieval. Finally, the model performance is thoroughly assessed using a
variety of spatiotemporal validation strategies.

Overall, our AeroTrans-MSG model demonstrated superior perfor-
mance in retrieving hourly AOD, as indicated by an average sample-
based CV-R? of 0.88 and an RMSE of 0.079. Approximately 86% and
49% of retrievals meet the EE and GCOS uncertainty requirements,
respectively. Additionally, our model exhibited strong predictive and
extrapolative capabilities in regions and periods lacking ground mea-
surements, as evidenced by strong spatial and temporal cross-validation
evaluation metrics (CV-R? = 0.71-0.86) based on AERONET and SONET
networks, as well as independent validation against the SKYNET
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network (R = 0.72). Our model also significantly improved predictive
performance, particularly at the spatial scale, with R increasing by
51-230% when withholding each continent, compared to models
trained directly without transfer learning. Using the generated hourly
AOD dataset, we revealed distinct diurnal aerosol variations, charac-
terized by a gradual rise after sunrise, a midday peak, and an afternoon
decline, with a substantial 26% =+ 15% change relative to the daily mean
(0.22 + 0.14), especially during the Northern Hemisphere summer
(June-August: 30% + 19% relative to the mean of 0.27 + 0.19). More
importantly, our study enabled us to elucidate the rapid dispersion of
aerosols over West Asia and the Indian Ocean regions by leveraging the
unique capability of the IODC satellite.

The integrated deep-learning and transfer-learning framework
developed in this study will be extended to other platforms, such as
MSG-2 and MTG. In addition, we plan to systematically evaluate and
compare our retrievals with other satellite products to assess perfor-
mance, quantify uncertainties, and examine applicability under
different atmospheric and surface conditions. Future methodological
improvements will focus on incorporating additional ground-based ob-
servations in data-sparse regions and exploring more advanced deep-
learning architectures, such as diffusion and generative models, to bet-
ter capture complex spatiotemporal aerosol patterns. Ultimately, this
framework will be extended to a global scale using GEO-Ring observa-
tions to retrieve hourly global AOD and to investigate its diurnal vari-
ability over land.
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Fig. 13. Diurnal distribution and variation of AOD over the Sahara Desert (5°E-20°E and 10°N-25°N) during a typical dust storm event from February 4 to 7, 2021.
Colored dots represent ground-based AOD measurements, and arrows indicate 10 m wind direction from the ERA5-Land reanalysis.
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types product is available at https://ladsweb.modaps.eosdis.nasa.gov/.
The AERUS-GEO aerosol product is available at https://test.icare.
univ-lille.fr/. The MODIS DB aerosol product is available at
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