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ABSTRACT

Accurate discrimination among clouds, dust aerosols, and bright surfaces remains challenging
because these targets exhibit substantial spectral overlap. Fixed-threshold algorithms often lack
regional transferability, whereas data-driven models are constrained by sparse and potentially biased
reference labels. This study presents a physics-guided transfer-learning framework based on a
stochastic differential equation network (SDE-Net) for joint cloud and dust aerosol identification
from MODIS multispectral observations. Radiative transfer simulations spanning a broad range of
atmospheric, surface, and viewing conditions were used for model pretraining, and collocated
MODIS-CALIPSO observations were used for regional fine-tuning. The proposed method achieved
overall accuracies of 93.81% and 85.68% for daytime and nighttime classification, respectively. For
dust aerosol identification, the overall accuracy was 91.96%, and the daytime and nighttime F1
scores were 87.80% and 77.04%, respectively, exceeding those of the evaluated benchmark methods
by 3.22% to 27.01%. Cloud recall reached 95.09% during daytime and 92.61% at night. Case studies
showed that the retrieved spatial patterns were more consistent with MODIS imagery and CALIPSO
vertical feature observations than the comparison products. The stochastic formulation further
enabled uncertainty quantification. Mean epistemic uncertainty remained low at 1.71% during
daytime and 5.69% at night, whereas mean aleatoric uncertainty increased from 14.96% to 31.40%.
The proposed framework provides an effective approach for cloud-dust discrimination over bright

surfaces and supports subsequent environmental and climate analyses.

Keywords: Cloud detection; Dust detection; Satellite remote sensing; Radiative transfer
simulation; Transfer learning; Stochastic differential equation network
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1. Introduction

Reliable cloud and dust masks are essential for many downstream satellite products. This task
is particularly challenging in the arid regions of Central Asia, where dust sources coexist with
seasonal snow, complex terrain, and frequent cloud systems. Passive satellite radiances measured
at the top of the atmosphere (TOA) contain contributions from both the atmosphere and the
underlying surface. Over bright surfaces, the surface contribution can dominate the observed signal
and reduce the contrast of atmospheric features (Jiao et al., 2026, Kokhanovsky et al., 2007,
Nakajima et al., 2011; Hsu et al., 2013). Classification errors under these conditions propagate into
higher-level satellite products and can bias estimates of cloud-aerosol interactions and the regional
energy balance (Arola et al., 2022; Jia et al., 2021; Zhang et al., 2020).

Clouds and dust aerosols differ in particle size, composition, and optical behavior. The
imaginary refractive index of dust is approximately 0.0001 - 0.008, and the single-scattering albedo
generally exceeds 0.8 (Di Biagio et al., 2019; Kim et al., 2011; Wang et al., 2024). Cloud particles
are larger and nearly nonabsorbing at visible wavelengths, resulting in strong multiple scattering
and high reflectance (Platnick et al., 2017; King et al., 1997; Kindel et al., 2011). These differences
are also evident in the thermal infrared. Cloud-top brightness temperatures are often lower than
surface temperatures, whereas mineral dust exhibits a characteristic but variable silicate absorption
signature at approximately 8 to 12 um (Ackerman et al., 1998; Li et al., 2003). These spectral
contrasts provide the physical basis for many threshold-based cloud and dust detection methods
(Derrien et al., 1993; Foga et al., 2017; Gupta and Panchal, 2015; Le Borgne et al., 2013; Mahajan
and Fataniya, 2020; Park et al., 2014; Platnick et al., 2003).

Commonly used physical threshold methods include the normalized difference dust index
(NDDI), brightness temperature differences (BTDs), and combinations of multispectral thresholds
(Ackerman, 1989, 1997; Wald et al., 1998; Roskovensky and Liou, 2003, 2005; Qu et al., 2006).
However, surface reflectance and emissivity, atmospheric loading, and observation geometry all
modify the satellite signal. Consequently, thresholds calibrated for one region or atmospheric state
may perform poorly elsewhere. For example, NDDI thresholds of 0.26 and 0.18 have been reported
for dust detection in Inner Mongolia and Iraq, respectively (Li and Song, 2009; Albarakat and
Lakshmi, 2019). Threshold-based methods are therefore physically interpretable but difficult to
generalize across heterogeneous surfaces and observing conditions.

Machine-learning methods provide flexible solutions for complex pattern-recognition tasks
(Gui et al., 2024; Kussul et al., 2017; Zhang et al., 2016; Zhu et al., 2017). Deep neural networks
(Hou et al., 2020), support vector machines (Shi et al., 2020), random forests (Souri and Vajedian,
2015), generative adversarial networks (Wu et al., 2019; Xu et al., 2022), and transformer models
(Zhang et al., 2022; Zhen et al., 2024) have been applied to cloud and dust aerosol identification
and often outperform spectral-index tests. These methods can learn nonlinear interactions among
the atmosphere, surface, and viewing geometry. Nevertheless, greater model capacity does not by
itself ensure reliable generalization because the learned decision boundary ultimately depends on
the quality and representativeness of the training data.

Reliable reference labels remain a major constraint on machine-learning approaches to cloud-
dust discrimination (Aybar et al., 2024; Foga et al., 2017; Wang et al., 2024). In computer vision,
benchmark datasets are commonly established through expert annotation (Rasmussen et al., 2022).
For satellite observations, however, clouds, dust, snow, and bright soil can have similar visual and

spectral characteristics, making expert interpretation uncertain even when HSV composites or
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thermal-infrared RGB imagery are available. At night, the absence of reflected solar measurements
further limits visual verification (Boloorani et al., 2023; Fuell et al., 2016). Secondary satellite
products, such as aerosol optical depth or aerosol index products, can assist label generation, but
this strategy can propagate errors from the cloud and aerosol screening procedures used to generate
those products (Rivas-Perea et al., 2013; Shi et al., 2019; Souri and Vajedian, 2015).

Spaceborne lidar provides a valuable alternative because it resolves vertical atmospheric
structure and is less sensitive to surface radiance. The Cloud - Aerosol Lidar and Infrared Pathfinder
Satellite Observation (CALIPSO) mission combines backscatter and depolarization measurements
to distinguish clouds from dust and provides reference classifications during both daytime and
nighttime (Chen et al., 2012; Hagihara et al., 2010). CALIPSO labels have been used to train dust
classifiers for the Visible Infrared Imaging Radiometer Suite (Lee et al., 2021) and Himawari-8 (Jin
et al., 2023). However, spaceborne lidar provides only narrow along-track sampling. Consequently,
collocated datasets may underrepresent rare surface types, viewing geometries, and atmospheric
states.

Radiative transfer models have been used to generate large simulated datasets that improve the
physical coverage of model training. These simulations can reproduce satellite TOA observations
over a wide range of surface and atmospheric conditions, and simulation-based classifiers have
shown promising performance for cloud and haze detection from MODIS observations (Jiao et al.,
2023). Nevertheless, simulated radiances remain approximations of actual measurements. Aerosol
mixtures, cloud microphysics, three-dimensional radiative effects, and surface anisotropy cannot be
represented completely. A classifier trained exclusively on simulations may therefore perform
poorly on satellite observations because of residual differences between the simulated and observed
domains.

Transfer learning provides a direct means of combining radiative transfer simulations with lidar
measurements. A model can first learn general spectral relationships from simulations and then
adapt these relationships to real measurements using a smaller observational dataset (Weiss et al.,
2016; Torrey and Shavlik, 2010; Zhuang et al., 2020; Pan and Yang, 2009). Similar strategies have
improved satellite retrievals when only limited ground-based observations were available for
training (Fu et al., 2024; Tang et al., 2025). However, the potential of this approach for joint cloud
and dust aerosol detection across the full diurnal cycle has received limited attention.

This study proposes a transfer-learning framework that combines the broad physical coverage
of radiative transfer simulations with the observational constraints provided by CALIPSO to
identify clouds and dust aerosols over bright surfaces. Solar-reflective and thermal-infrared MODIS
observations were simulated for clouds and dust under diverse surface types and viewing geometries.
These simulations were used to pretrain a classifier based on SDE-Net, which was subsequently
fine-tuned using CALIPSO vertical feature classifications collocated with MODIS. The continuous
stochastic formulation of SDE-Net further enabled quantitative assessment of predictive uncertainty.

2. Study area and data

2.1. Study area

The study domain covers the major arid and semiarid regions of Central and East Asia,
extending approximately from 60°E to 110°E and from 25°N to 50°N (Fig. 1). It includes several
major dust source regions, including the Karakum, Moiynkum, Taklimakan, and Qaidam deserts,
where extensive bare soil and sparse vegetation produce high surface albedo. The Tibetan Plateau,
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known as the "Asian Water Tower," is also included and is characterized by complex terrain,
extensive seasonal snow cover, and frequent clouds. The coexistence of active dust sources, bright
surfaces, and variable atmospheric conditions provides a challenging environment for evaluating

cloud and dust aerosol detection.
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Fig. 1. Study area. Red labels indicate important geographical regions, including deserts and

plateaus. The background shows the 2017 annual mean surface albedo derived from the MODIS
MCD43C3 product.

2.2. Data

The datasets used in this study comprise 2017 Aqua MODIS products, CALIPSO lidar
products, and ERAS reanalysis. The MODIS products include MYDO021KM, MYDO03, MCD12Q1,
and MYD35, which provide radiometric measurements, geolocation and viewing geometry, land-
cover classification, and cloud-mask information, respectively. The CALIPSO vertical feature mask
(VEM) product provides cloud and aerosol classifications, whereas ERAS5 skin temperature

characterizes surface thermal conditions. Table 1 summarizes these datasets.

Table 1. Data used in this study

Spatial/temporal
Name Description Source
resolution
MODIS land-cover product
MCD12Ql1 . . 500 m/yearly
(IGBP classification)
MYDO021KM Aqua MODIS Level-1B product
. . NASA
MYDO03 Aqua MODIS geolocation product 1 km/daily
MYD35 Aqua MODIS cloud-mask product
CALIPSO VFM  CALIPSO Level-2 333-m feature-layer product 333 m/daily
ERAS skin
Temperature of the Earth’s surface 0.25° /hourly ECMWF
temperature

2.2.1. MODIS products

The Aqua MODIS instrument was launched on 4 May 2002 as part of the NASA Afternoon
Constellation and provides continuous multispectral observations for Earth observation. The Aqua
MODIS Level-1B product (MYDO021KM) contains calibrated radiances for 36 spectral bands
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spanning the visible to thermal-infrared regions. MODIS reflectances and brightness temperatures
used in this study were derived from MYD021KM.

The MYDO3 geolocation product provides pixel-level geographic and observation-geometry
information for Aqua MODIS, including latitude, longitude, solar zenith and azimuth angles, and
sensor zenith and azimuth angles. These variables were used to geolocate MYDO021KM pixels and
to support spatial collocation with the other datasets.

The MCD12Q1 land-cover product provides annual global land-cover classifications at 500 m
resolution based on combined Terra and Aqua MODIS observations. The International Geosphere—
Biosphere Programme classification was used in this study to describe surface types.

The MODIS cloud-mask product (MYD35) was used to evaluate the proposed model. The
MYD35 algorithm estimates cloud and clear-sky confidence through a series of visible and infrared
threshold tests combined with spectral and spatial consistency checks. As a widely used operational
cloud-screening product, MYD35 provides an independent benchmark for the proposed

identification method.
2.2.2. Lidar and reanalysis data

The CALIPSO VFM product was used for model fine-tuning and validation. Launched in April
2006, CALIPSO carries the Cloud—Aerosol Lidar with Orthogonal Polarization, which measures
vertically resolved backscatter and polarization signals from clouds and aerosols. The VFM product
classifies atmospheric features along the CALIPSO ground track and therefore provides a physically
meaningful reference for distinguishing clouds from dust aerosols. Reference labels were generated
by decoding the CALIPSO VFM flags according to the following criteria.

a. Spatial collocation: MODIS pixels were matched to CALIPSO VFM observations using a
nearest-neighbor search within a 500-m radius. Only VFM observations with a quality-
assurance value of 3 and a cloud-aerosol discrimination score of at least 75 were retained.

b. Cloud label: A profile was labeled as cloud when it contained only cloud features or when the
uppermost atmospheric layer was identified as an opaque cloud.

c. Dust label: A profile was labeled as dust when it contained only dust or polluted-dust features.
Clear-sky label: A profile was labeled as clear sky when it contained only clear air or features
that were classified as neither cloud nor dust.

e. Consistency check: When multiple CALIPSO VFM observations were matched to one MODIS
pixel, a label was assigned only if all retained observations indicated the same class. Samples
with mixed or inconsistent CALIPSO labels were excluded from training and evaluation.
ERAS skin temperature data were obtained from the European Centre for Medium-Range

Weather Forecasts and used as auxiliary surface thermal information. Skin temperature represents

the temperature of the uppermost surface layer and is closely related to surface radiation and heat

exchange. It was used to characterize the surface thermal state corresponding to each satellite

observation.
3. Method

Fig. 2 summarizes the proposed workflow. Multiscenario MODIS observations of clouds and
aerosols were generated with a radiative transfer model and used as source-domain data for
pretraining. Collocated MODIS-CALIPSO samples were then used as target-domain data to fine-
tune the pretrained model, thereby adapting the simulation-informed representation to real satellite

observations.
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Fig. 2. Workflow of the proposed method. Radiative transfer simulations generate source-domain
spectra using dust aerosol, cloud, atmospheric, surface, and observation-geometry parameters (Step
1). MODIS, CALIPSO, and ERAS products are collocated to construct the target-domain dataset
(Step 2). SDE-Net is pretrained on the simulated data and subsequently fine-tuned using the target-
domain dataset to classify clear sky, dust, and cloud and estimate uncertainties (Step 3).

3.1. Radiative transfer simulation

The libRadtran package was used to calculate MODIS TOA reflectances and brightness
temperatures for the channels selected as model inputs. libRadtran is an open-source radiative
transfer package developed for simulating solar and thermal radiation in the atmosphere (Emde et
al., 2016; http://www.libradtran.org). Table 2 summarizes the atmospheric conditions, surface
parameters, and associated optical properties used in the simulations.

Table 2. Types of atmospheric and surface parameters selected for simulation

Configurations Selection Source Optical properties

U.S. Standard
Atmospheric trace

atmosphere constituent Anderson et al., 1986
gases o :
profiles Extinction coefficient
Water clouds Mie - Debye theory Mishchenko et al., 2002 Single scattering
General habit albedo
Ice clouds ) Baum et al., 2011 )
mixture model Scattering phase
Molecular scattering Rayleigh scattering function
. Stamnes et al., 2018 )
optical depths cross section Reflectance function
) Loveland and Belward,
Surface properties IGBP library

1997

The U.S. Standard Atmosphere (Anderson et al., 1986) was used to construct the atmospheric
profiles. It specifies pressure, temperature, air density, and the concentrations of H,O, NO,, Oy, CO»,
03, and CH4. Rayleigh-scattering cross sections were calculated from the pressure profiles in the
atmospheric parameter files. Mie calculations were used for liquid-cloud particles, with liquid water
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content and effective radius converted to optical properties using precomputed lookup tables
containing the complete scattering phase matrices. These lookup tables are available from the
libRadtran website.

Table 3. Configuration of the radiative transfer simulation model

Parameter Range Description
SZA 0-80° Solar zenith angle
VZA 0-80° Viewing zenith angle
RAA 0-180° Relative azimuth angle
AOD 0-5 Aerosol optical depth
antarctic, continental Acrosol optical properties specified in
Aecrosol type
average/polluted, desert, urban the OPAC library
CODw 0-15 Water cloud optical depth
COD; 0-15 Ice cloud optical depth
Surface type 1-16 IGBP-defined land cover types

Used to calculate the thermal infrared
Surface temperature 250-305 K
emission from the surface

The Baum ice-cloud parameterization was used to convert microphysical properties, including
effective radius, into extinction coefficients, asymmetry factors, and single-scattering albedos.
Aerosol optical properties were obtained from the optical properties of aerosols and clouds (OPAC)
database by combining particle-size distributions with refractive indices. Surface anisotropy was
represented using the Rahman-Pinty-Verstraete bidirectional reflectance distribution function
available in libRadtran. Surface classes were specified using the embedded IGBP database derived
from the NASA Clouds and the Earth’ s Radiant Energy System surface-property dataset. Sixteen
IGBP surface classes (classes 1 to 16) were included in the simulations. Table 3 lists the complete
simulation configuration, and Fig. S1 and S2 show representative TOA reflectance and brightness

temperature spectra, respectively.

3.2. Deep learning model

3.2.1. Feature encoding

The inputs were divided into spectral variables (reflectances and brightness temperatures) and
auxiliary variables (observation geometry and surface properties), which were processed by two
independent encoders. A one-dimensional convolutional neural network (1D-CNN) was used to
represent correlations among spectral bands. For the spectral input X,..ER®, where S denotes the
number of spectral bands, a channel-attention module was used to assign a weight to each band:

@ = a(Conv1Dy(s)) (1
where ¢ denotes the sigmoid function, and Conv1D, represents a one-dimensional convolution
with kernel size k. Specifically, the attention weight for channel i, denoted by w; was calculated
from the interaction between s; and its k& neighboring channels:

k
Jj=1

where Qf-‘ denotes the set of & channels adjacent to z;. The kernel size & determines the extent of
local cross-channel interaction and was adaptively calculated from the spectral dimension C:
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The channel-attention weights were applied to the spectral features by channel-wise multiplication:
Xipee =0 O Xypee 4
where (O denotes element-wise multiplication with broadcasting along the spectral dimension.
The reweighted spectral features Xspec were then processed by three stacked 1D convolutional
blocks, each comprising a convolutional layer, layer normalization, and a rectified linear unit
activation. A fully connected network subsequently produced the spectral representation hgpec.
Land-cover classes were one-hot encoded and concatenated with observation geometry and
skin temperature to form the auxiliary input vector. A three-layer fully connected network encoded
this vector as hy,. The spectral and auxiliary representations were concatenated and mapped
through a fully connected layer to the initial state of the stochastic dynamical system:
X0 = W [gpec 3 ] + (6)

3.2.2. Stochastic differential equation network

Following the stochastic differential equation network framework of Kong et al. (2020), the
hidden representation was modeled as a continuous-time stochastic process. The initial state x,
was evolved over the time interval [O, T] according to

dx, = f(x,,:0,)dt + g(x0:0,)dW, (7)
where the drift function f [;Gf } takes a d-dimensional state vector and time ¢ within the interval
from 0 to 7. The diffusion function gﬁco;ﬁg ) takes the initial state x, as input and returns a dxm
matrix that controls the magnitude of the m-dimensional Brownian motion W,.

The SDE was solved using the Euler—Maruyama method on the fixed time grid #y<¢;<...<t,=T,
with K=10. The discrete update was
Xy, = X F 0D AL + g(x030,V ALZ, At = Tlk (8)
where Z,~N(0, 1) is a standard Gaussian random variable. The final state x; was passed through
a linear classifier and softmax function to obtain the probabilities of clear sky, cloud, and dust
aerosol.

The stochastic formulation enables separate characterization of epistemic and aleatoric
uncertainty. Epistemic uncertainty reflects limitations in model knowledge caused, for example, by
insufficient or unrepresentative training samples. Aleatoric uncertainty reflects ambiguity in the
observations or class definitions, including sensor noise, mixed pixels, and interference from bright
surfaces. This component represents classification ambiguity that cannot be fully eliminated through
model training.

For each input, 20 stochastic forward realizations of the trained SDE-Net were generated.
Aleatoric uncertainty U was calculated as the normalized expected predictive entropy of the three-

class output:

E
U= p(xrio, O58) [Jf[p(yle)]] x100% ®
logN

where y indexes the predicted classes (clear sky = 0, cloud = 1, and dust aerosol = 2), and N is

the number of classes. The entropy was normalized by the maximum value logN and expressed
on a scale from 0% to 100%.
Epistemic uncertainty is commonly represented by the variance of the terminal state Var(xr).

Because variance is less intuitive as a percentage measure, predictive entropy for out-of-distribution
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samples along the diffusion trajectory was used as a surrogate measure of epistemic uncertainty,
with N set to 2 for this calculation.

3.3. Model evaluation

The collocated MODIS-CALIPSO samples were divided into training, validation, and test
subsets at a ratio of 2:1:1, corresponding to 50%, 25%, and 25% of the samples, respectively. The
proposed model and all benchmark methods were evaluated using the same data split. Separate
models were trained and evaluated for daytime and nighttime because the available input variables
differed. Performance was assessed using overall accuracy; class-specific precision, recall, and F1
score; macro- and weighted-F1 scores; the area under the receiver operating characteristic curve
(ROC-AUC); and confusion matrices. For comparison with MYD35, cloud recall and cloud F1
score were calculated under two definitions of cloudy pixels based on the MYD35 confidence levels.
Cloud-to-clear, clear-to-cloud, and dust-to-cloud error rates were also calculated. Supplementary

Methods S1 and S2 provide the corresponding equations.
3.4. Feature importance analysis

Shapley additive explanations (SHAP) were used to quantify the contributions of variables from
the two input branches. The spectral branch comprised MODIS reflectances and brightness
temperatures, whereas the auxiliary branch comprised observation geometry, land-cover class, and
ERAS skin temperature. Although the branches were encoded independently and subsequently
fused, SHAP attributed the final output to the original variables, allowing all contributions to be

compared on a common scale. The SHAP value of feature i was defined as

! — S| = D!
po=y P D s+ - pis) (10)
SCF_;
where F is the complete input feature set; F_; is the set excluding feature i; S is a subset of F_;;
S +1i is the subset after adding feature i to S; and f(-) is the model output. Global feature
importance was calculated as the mean absolute SHAP value across the test samples; a larger value
indicates a greater average contribution to classification.

4. Results and discussion

4.1. Overall performance evaluation

Fig. 3 summarizes performance on the independent test subset. During daytime, the overall
accuracy was 0.94, and recall values were 94.94% for clear sky, 95.09% for cloud, and 84.98% for
dust aerosol. At night, the overall accuracy decreased to 0.86. Cloud recall remained high at 92.61%,
whereas dust and clear-sky recall decreased to 81.32% and 81.78%, respectively. The dominant
daytime confusion occurred between clear sky and dust aerosol, indicating that dust identification
was more sensitive than cloud identification to interference from the underlying surface.

The ROC curves in Fig. 3b further demonstrate the discriminative capability of the model.
Daytime AUC values were 0.984, 0.993, and 0.987 for clear sky, cloud, and dust aerosol,
respectively; the corresponding nighttime values were 0.943, 0.988, and 0.953. Although all
nighttime AUC values were lower than their daytime counterparts, they remained high, indicating
that the model retained strong probabilistic discrimination when solar-reflective information was
unavailable.
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The summary metrics in Fig. 3¢ show that the daytime model achieved an accuracy of 0.94, a
macro-F1 score of 0.92, and a weighted-F1 score of 0.94; the corresponding nighttime values were
0.86, 0.85, and 0.86. Cloud was the most stable class across the diurnal cycle, with the F1 score
decreasing only from 0.96 during daytime to 0.94 at night. By contrast, the dust F1 score decreased
from 0.88 to 0.77, confirming the greater difficulty of nighttime dust identification. The land-cover-
stratified results in Fig. 3d further indicate that daytime performance remained high over vegetated,
urban, bare, and snow/ice surfaces, whereas nighttime performance showed a stronger surface

dependence, particularly for clear sky and dust aerosol over bare surfaces.
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Fig. 3. Test performance of the proposed model. (a) Confusion matrices, (b) ROC curves, (c)
overall and class-wise metrics, and (d) surface-dependent performance.

4.2. Identification case studies

Representative cases were selected to examine the spatial behavior of the model (Fig. 4). Each
classification map was compared with the corresponding MODIS imagery, MYD35 cloud mask,
and CALIPSO VFM profile. Fig. 4a shows a dust storm over the Taklimakan Desert. In region A,
the MODIS RGB composite contains a distinct yellow-brown dust signature. MYD35 classifies
much of this region as cloud, whereas the proposed model retrieves a spatially continuous dust
plume. Region B illustrates cloud detection over the snow-covered Tibetan Plateau. MYD35
identifies the bright surface as cloud, whereas the proposed model substantially reduces this false
detection. The collocated CALIPSO VFM profile confirms the absence of a corresponding cloud
layer in region B.

Fig. 4b presents nighttime cases, for which the 11-pm brightness temperature provides a visual
reference because visible reflectances are unavailable. In region C, CALIPSO detected a distinct
dust event over Central Asia. The proposed model retrieved a spatially consistent dust region and
separated the plume from the background more clearly than MYD35. Regions D and E illustrate
classification under more complex nighttime conditions. MYD35 omitted cloud features identified
by CALIPSO in region D and classified a dust layer as cloud in region E, whereas the proposed
model correctly identified the corresponding cloud and dust features.
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Collectively, these cases demonstrate that the proposed method distinguishes dust aerosol,
cloud, and clear-sky backgrounds under diverse illumination and surface conditions. The retrieved
cloud and dust patterns are consistent with the corresponding MODIS imagery and CALIPSO
observations in both daytime and nighttime scenes.
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Fig. 4. Representative classification cases. (a) Daytime cases illustrating dust-cloud discrimination
(region A) and cloud detection over snow-covered surfaces (region B). (b) Nighttime cases
illustrating dust identification (region C), cloud-background discrimination (region D), and dust-
cloud discrimination (region E) using thermal-infrared observations.

4.3 Uncertainty analysis

The uncertainty analysis separates ambiguity associated with the observations and reference
data (aleatoric uncertainty) from limitations in model knowledge (epistemic uncertainty; Fig. 5a).
Across the complete test subset, mean aleatoric uncertainty was substantially higher than mean
epistemic uncertainty and increased from 14.96% during daytime to 31.40% at night. Mean
epistemic uncertainty remained low, increasing from 1.71% to 5.69%. This combination indicates
that the dominant limitation arises from the inherent difficulty of distinguishing clouds, dust aerosol,
and bright surfaces from MODIS observations rather than from insufficient model knowledge.

Although epistemic uncertainty remained low overall, it was higher at night and reached its
largest values over snow- and ice-covered surfaces, indicating less complete model knowledge for
these relatively uncommon conditions. To investigate this pattern, encoded features from the
radiative transfer simulations and MODIS-CALIPSO collocations were extracted from the final
fine-tuned SDE-Net and jointly projected using one principal component analysis transformation
(Fig. S3). The substantial class-conditional overlap between the two domains indicates that most
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observations are represented within the simulation-informed feature space, consistent with the low
overall epistemic uncertainty. Nevertheless, localized differences remain, and some observations
occupy regions that are less adequately represented by the source-domain simulations.

The uncertainty maps for representative MODIS scenes support this interpretation (Fig. S4).
Aleatoric uncertainty was spatially widespread and increased over heterogeneous cloud fields and
transitions among atmospheric and surface classes, where spectral overlap and mixed pixels make
the observations intrinsically ambiguous. Epistemic uncertainty was lower and more localized, with
elevated values occurring primarily near class boundaries and under complex or sparsely
represented conditions. Homogeneous and well-represented regions generally exhibited low
epistemic uncertainty even when some observational ambiguity remained.

The perturbation experiment examined the response of the model to inputs that progressively
departed from the training distribution (Fig. 5b). As perturbation magnitude increased, classification
accuracy decreased monotonically from approximately 90% to 95% to 40% to 50%, whereas
epistemic uncertainty increased from near 0% to almost 100%. At a perturbation level of
approximately 5%, the daytime and nighttime models retained accuracies of approximately 80%
and 70%, respectively. The concurrent decrease in accuracy and increase in epistemic uncertainty

demonstrate that the model reports greater uncertainty for increasingly unfamiliar inputs.

(a) Uncertainty characteristics (b) Sensitivity to perturbations
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Fig. 5. Uncertainty characteristics of the proposed model. (a) Epistemic and aleatoric uncertainty
for daytime and nighttime samples stratified by surface type. (b) Classification accuracy and
epistemic uncertainty as functions of input perturbation magnitude.

4.4 Comparison with other methods

Because few existing methods identify clouds and dust aerosols simultaneously, dust and cloud
performance was evaluated separately using binary metrics. Dust aerosol identification was
compared with representative physical-threshold and machine-learning methods, whereas cloud
identification was compared quantitatively with the operational MYD35 cloud-mask product.

4.4.1. Comparison with commonly used dust detection methods

Table 4 compares dust aerosol identification by the proposed model with representative
threshold-based and machine-learning methods. The proposed model achieved the highest overall
accuracy (91.96%), corresponding to relative improvements of 3.22% and 14.72% over the random
forest and support vector machine, respectively. It also provided the most balanced performance
across the diurnal cycle, with daytime and nighttime recall values of 84.98% and 81.32% and F1
scores of 87.80% and 77.04%, respectively.

12

100

Epistemic uncertainty (%)



The threshold-based methods showed clear limitations in balancing detection completeness
against false alarms. For example, NDDI achieved a daytime recall of 93.68% but an F1 score of
only 34.73%, indicating substantial overestimation. middle east dust index (MEDI) achieved a
daytime recall of 78.87%, but its F1 score remained low at 43.12%. The BTD11-12 pm method
supported nighttime detection, but its highest nighttime F1 score was 62.41%. These results
demonstrate the sensitivity of fixed-threshold methods to the selected index, threshold, and
illumination conditions. By contrast, the proposed model learned a multivariable decision boundary
from spectral, thermal, geometric, and surface information and therefore provided more stable dust

O 0 3 N O B W N~

aerosol identification.

10  Table 4. Comparison between the proposed method and other dust identification algorithms

Daytime Night
Method Description Threshold Accuracy
Recall F1 Recall F1
-0.20 79.93 78.71 46.16 80.45 62.41
BTD11-12 um (Ackerman, 1997) Dust aerosol with BT11 <BT12
-0.30 81.10 70.45 45.37 69.75 60.30
Normalized Difference 0.00 72.40 93.68 34.73 - -
Dust Index (NDDI) NDDI = (p23 — p047) / (p2.3 + po.a7)
(Qu et al., 2006) 0.20 83.46 67.07 38.87 - -
Middle East Dust Index (MEDI) 0.85 85.33 30.44 24.54 - -
o MEDI = (BTD11-s.5) / (BTD12-8.5)
(Karimi et al., 2012) 0.95 83.60 7887  43.12 - -
Normalized Dust Layer Index Hybrid index method integrating
0.4 75.05 37.74 19.16 - -
(NDLI) (Kazi et al., 2019) visible, NIR and IR information
Random Forest Ensemble algorithm with multiple
) o o - 89.09 67.41 74.34 71.52 69.29
(Souri and Vajedian, 2015) decision trees
Support Vector Machine Supervised algorithm with an
- 80.16 42.73 54.38 70.15 60.81
(Shi et al., 2020) optimal separating hyperplane
Transformer Self-attention-based neural network
- 88.42 65.96 74.61 71.08 68.47
(Vaswani et al., 2017) for modeling feature dependencies

) Transfer learning based on radiative
This study - 91.96 84.98 87.80 81.32 717.04
transfer simulations

11 Two dust events over Mongolia and North China were selected for qualitative comparison;
12 both contained substantial spatial mixing between cloud and dust. For the Mongolian event on 4
13 March 2016 (Fig. 6), the physical-threshold methods differed markedly in retrieved spatial coverage.
14  BTDI11-12 um (Fig. 6b), Brightness temperature adjusted dust index (BADI) (Fig. 6d), and NDLI
15 (Fig. 6f) identified broad dust regions, whereas MEDI (Fig. 6¢) produced a more fragmented
16 distribution and omitted part of the plume. The proposed model (Fig. 6g) produced a more coherent
17  dust pattern that agreed more closely with the visible dust structure in the MODIS RGB composite
18  (Fig. 6a).
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Fig. 7 presents a strong dust storm over North China on 3 May 2017. The MODIS RGB
composite shows a distinct brown dust signature and a clearly identifiable plume. With the exception
of NDLI, which substantially overestimated the dust-affected area, the comparison methods and the
proposed model generally captured the principal plume structure. Differences were more evident in
cloud-dust transition zones and along plume margins, where the proposed method resolved finer
dust structures within spectrally mixed pixels. The case therefore demonstrates an advantage in
representing spatial detail under complex mixed conditions, even when the methods agree at the

regional scale.

(a) MODIS RGB (4 March 2016) (b) BTD11 —124m (c) NDDI (d) BADI
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Fig. 6. Dust detection for the Mongolian event on 4 March 2016 using different methods. (a)
MODIS true-color RGB composite. (b) Brightness temperature difference between 11 and 12 pm
(BTD; threshold: —1 K). (c¢) Normalized difference dust index (NDDI; threshold: 0.26). (d)
Brightness temperature adjusted dust index (BADI). (e) Middle east dust index (MEDI). (f)
Normalized dust layer index (NDLI). (g) Transformer. (h) Random forest. (i) Support vector
machine (SVM). (j) Classification produced by the proposed method.
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Fig. 7. As in Fig. 6, but for the dust event over North China on 3 May 2017.
4.4.2. Comparison with the operational MODIS cloud mask

The MODIS cloud-mask algorithm estimates the confidence that each pixel is clear or cloudy
using a sequence of threshold tests and assigns one of four labels: 0, confident cloudy; 1, probably
cloudy; 2, probably clear; and 3, confident clear. Two evaluation configurations were defined. In
the strict configuration, only pixels labeled confident cloudy (class 0) or confident clear (class 3)
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were retained. In the relaxed configuration, classes 0 and 1 were grouped as cloud, whereas classes
2 and 3 were grouped as clear sky.

Fig. 8 compares cloud identification by the proposed model with the two MYD35
configurations. During daytime, the proposed model achieved a cloud recall of 95.09% and a cloud
F1 score of 96.35%, compared with F1 scores of 91.54% for the confident-only configuration and
87.43% for the relaxed configuration. These values correspond to relative improvements of 5.25%
and 10.20%, respectively. Clear-to-cloud and dust-to-cloud errors were limited to 2.64% and 0.49%,
indicating fewer false cloud detections over clear-sky and dust-affected pixels. At night, the
proposed model maintained a cloud F1 score of 94.26%, compared with 89.12% and 80.90% for
the two MYD35 configurations, corresponding to relative improvements of 5.77% and 16.51%.
Cloud-to-clear and dust-to-cloud errors were 7.39% and 0.73%, respectively.

(a) Daytime
1001 El MYD35 confident classes (0/3)
1 MYD35 incl. probably classes (0/1 vs 2/3)
B This study

(b) Night

100 1

Proportion (%)

14.95

—t [ | oo
o S\ S
\
=
E
\
\

Rcloud Flcloud Rcloud — clear Rclcar — cloud Rdust — cloud

Fig. 8. Cloud detection performance of MYD35 and the proposed model during (a) daytime and
(b) nighttime. Metrics include cloud recall, cloud F1 score, cloud omission, and false cloud
detections for clear-sky and dust aerosol pixels.

4.5. Feature importance analysis

Fig. 9 presents the global SHAP importance of the daytime and nighttime input variables.
During daytime, the 12.02 um brightness temperature made the largest contribution (10.6%),
followed by the 3.75 um brightness temperature (9.5%) and the 0.645-pum reflectance (8.5%). This
ranking shows that the model jointly used thermal-emission and solar-reflective information. The
combined importance of the 8.55, 11.03, and 12.02 um channels is consistent with the emissivity
contrasts of mineral dust across the 8 to 12 pm atmospheric window. The 3.75 um channel provides
complementary information because daytime radiances at this wavelength contain both reflected

solar radiation and terrestrial thermal emission.
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At night, thermal-infrared variables accounted for approximately 76.6% of the total
contribution. The 12.02 pm brightness temperature was the most influential variable (12.0%),
followed by the 13.34 pm brightness temperature (11.4%), skin temperature (11.0%), and the 8.55-
pm brightness temperature (10.9%). The 12.02 and 8.55 pm channels characterize dust-related
emissivity contrasts, whereas the 13.34 um CO; absorption channel provides complementary
sensitivity to high clouds. The contributions of skin temperature and land cover demonstrate the
importance of the surface thermal background for reducing confusion among dust aerosol, cloud,
and bare land. The contribution of the viewing zenith angle increased from 3.2% during daytime to
5.8% at night, suggesting greater sensitivity to atmospheric path length when solar-reflective
observations were unavailable. Because SHAP values quantify model dependence rather than
independent physical sensitivity, the contributions of correlated infrared channels should be
interpreted jointly.

(a) Daytime (b) Nighttime

BT12.02um BT12.02um

B8 o BT13 34um
Skin temperature

3 BTg55um
BT13340m

Skin temperature

BTgs5um

BTa.05um

Refz13um
BTy

BT13.944m

BT11.03m

BT375um

-

contribution

BT13 64

- 4»
BTa 52um

0.0 0.5 1.0 15 0.0 0.5 L0 15 2.0
Mean SHAP value Mean SHAP value

BT1364um
BT13.94um
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Fig. 9. SHAP-based feature importance and relative contributions for the (a) daytime and (b)
nighttime SDE-Net models.

5. Conclusion

This study developed a physics-guided transfer-learning framework for cloud and dust aerosol
identification over bright surfaces using MODIS multispectral observations. Radiative transfer
simulations were used for pretraining, and collocated MODIS-CALIPSO observations were used
for fine-tuning. The resulting SDE-Net discriminated among clear sky, cloud, and dust aerosol with
overall accuracies of 93.81% during daytime and 85.68% at night.

Evaluation against multiple comparison methods demonstrated consistent improvements in
both dust and cloud identification. The proposed method achieved an overall dust detection accuracy
of 91.96%, with daytime and nighttime dust F1 scores of 87.80% and 77.04%, respectively. Cloud
F1 scores reached 96.35% during daytime and 94.26% at night, exceeding those of both MYD35
configurations. The case studies further showed that the retrieved dust and cloud patterns were
spatially coherent and consistent with MODIS imagery and CALIPSO vertical feature observations.

The stochastic formulation enabled separate evaluation of epistemic and aleatoric uncertainty.
Mean epistemic uncertainty remained low at 1.71% during daytime and 5.69% at night, indicating
that most test observations were represented by the learned model. Mean aleatoric uncertainty was
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substantially higher and increased from 14.96% during daytime to 31.40% at night. This pattern
indicates that the principal limitation is ambiguity in the available MODIS observations, particularly
at night, when the absence of solar-reflective bands reduces the spectral separability of clouds, dust
aerosol, and the underlying surface.

The results demonstrate the value of combining physically comprehensive simulations with
sparse but vertically resolved lidar observations. Future work should improve the representativeness
of reference labels by incorporating observations from ground-based lidar networks, refine the
radiative transfer simulations using more detailed aerosol mixtures and surface properties, and
evaluate transferability to other satellite sensors. Extension to geostationary platforms would also
enable examination of the subdaily evolution of cloud and dust distributions.
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