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Abstract

Accurate cloud detection is an important preprocessing step for subsequent remote sensing
data processing. Traditional threshold cloud detection methods have a complex process
and require a large number of threshold tests. In recent years, deep learning has been
widely applied to cloud detection. However, annotating training datasets for deep learning
models typically requires substantial human effort and time investment. Consequently,
there are few existing manually annotated cloud detection datasets, and MODIS cloud
detection datasets are particularly scarce. To overcome this limitation, we proposed a cloud
detection method that combines radiative transfer simulations with deep learning. We first
produced a simulated cloud detection dataset using a radiative transfer model and some
existing remote sensing products, and then proposed a neural network for training the
cloud detection model. Compared with other deep learning models for cloud detection, our
method has achieved satisfactory results on the simulated dataset overall. Furthermore, we
conducted cloud detection experiments on real satellite imagery. For comparative analysis,
we trained other deep learning models on a real satellite image dataset and compared their
performance with that of models trained on our simulated dataset. The cloud detection
results on real satellite images demonstrate that the models trained on the simulated dataset
we proposed achieve performance comparable to those trained on real remote sensing
datasets. Specifically, for MODIS data, we compared our results with the official MODIS
cloud mask product, MOD35. The results indicate that our method achieves lower false
detection rates on mixed surfaces of snow and bare land.
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1. Introduction
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Clouds cover more than 50% of the earth’s surface and have a significant impact
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on the atmospheric radiation balance and climate change [1,2]. Clouds affect energy
transfer by obstructing radiation between the sun and the earth, causing information
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Vegetation Index) [5]. In land cover change detection, clouds and their shadows may lead
to misclassification [6]. Ocean color remote sensing is highly sensitive to atmospheric
conditions, where the presence of clouds can introduce significant errors. Furthermore,
thermal infrared data used for monitoring sea surface temperature must be computed
exclusively on cloud-free pixels [7]. Therefore, before using remote sensing data for the
quantitative inversion of clouds, land surfaces, oceans, etc., high-precision cloud detection
is a necessary preprocessing step to ensure the reliability of subsequent inversion products.

Current widely used cloud detection methods can be categorized into threshold-based
methods and machine learning-based methods. Threshold-based cloud detection methods
select different thresholds in different spectral bands to recognize cloud targets according
to the difference in spectral characteristics between clouds and ground objects. Figure 1
shows the differences in apparent reflectance between clouds and typical ground objects
derived from AVIRIS (Airborne Visible/Infrared Imaging Spectrometer) hyperspectral data.
The APOLLO (AVHRR Processing scheme Over cLouds, Land and Ocean) algorithm [8]
and CLAVR (Clouds from the Advanced Very High Resolution Radiometer) algorithm [9]
developed for NOAA/AVHRR data, as well as the global cloud cover detection algorithm
in the International Satellite Cloud Climatology Project ISCCP) [10], are some of the classic
threshold-based methods. Irish et al. designed a series of spectral threshold tests based on
the spectral differences between clouds and objects in the bands of Landsat and proposed
an algorithm for automatic cloud cover estimation for Landsat TM and ETM+ data [11,12].
Oreopoulos et al. proposed a cloud detection method for Landsat ETM+ images based
on the LTK (Luo Trishchenko Khlopenkov) [13] MODIS cloud detection method, utilizing
blue band, red band, near-infrared band and shortwave infrared band [14]. Zhu et al.
proposed a cloud and cloud shadow detection method called Fmask (Function of mask),
which establishes multiple cloud probability models based on the characteristics of clouds
in different spectral band combinations to distinguish between clouds and clear sky [15].
This method can adapt to Landsat data in different environments. Due to its high accuracy
and simplicity, Fmask has become the most widely used Landsat cloud detection algorithm
and has been applied by the USGS (U.S. Geological Survey) in the production of Landsat
satellite cloud mask products [16,17]. Wei et al. proposed a dynamic threshold method for
detecting clouds in MODIS and Landsat imagery that simulates the relationship between
apparent reflectance and surface reflectance under different conditions through radiative
transfer [18].
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Figure 1. Reflection spectra of clouds and typical surfaces from AVIRIS data.

The improvement in computing power and the development of machine learning
technology have led to the increasing application of machine learning algorithms such as
random forests, support vector machines, and neural networks in cloud detection. Cloud
detection methods based on machine learning can utilize spectral reflectance, spatial texture,
and contextual information within the imagery to train cloud detection models and reduce
the workload of threshold testing compared to traditional threshold methods. D. Mazzoni
et al. constructed a pixel classifier based on support vector machine for MISR multi-angle
sensor data in 2007, using spectral information, angle information and texture information
from the MISR data to distinguish between clouds and clear sky [19]. Yuan et al. proposed
a cloud detection method based on image features. The method first performed superpixel
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segmentation on the image, then used support vector machines to distinguish cloud and
non-cloud regions preliminarily, and thereafter used the GrabCut algorithm to extract
accurate cloud masks [20]. Wei et al. first selected cloud and cloudless pixels based on
the world’s land cover types to construct a database. They then used spectral bands of
different land types to calculate spectral indices as training data for the random forest
model to train the preliminary cloud detection model. Finally, they employed the SEEDS
(Superpixels Extracted via Energy Driven Sampling) method to process the preliminary
results to obtain the final cloud detection results [21]. There are also some neural network-
based methods, including multi-scale convolutional feature fusion (MSCFF) proposed by
Li et al. [22], CDnet proposed by Yang et al. [23], multi-modal cloud detection method
based on CNN proposed by Michal et al. [24], and multifeature fusion for cloud detection
network (MFFCD-Net) proposed by Li et al. [25].

Snow-covered areas pose significant challenges in cloud detection tasks—for instance,
high-latitude regions and high-altitude areas. When the underlying surface is a mixture
of snow and other surface types, the reflected signal received by the sensor is complex.
In particular, surfaces composed of snow and bare land are very difficult to distinguish
from clouds because their spectral characteristics are very similar. Due to the above
difficulties, threshold-based methods require a large number of spectral bands as input,
and the cloud identification process is very complex and difficult to understand. Thus,
threshold-based methods take a lot of time to develop. While machine learning methods
and deep learning methods do not require a large number of threshold tests, they do
require highly accurate labeled training datasets. Sun et al. proposed a cloud detection
method that utilizes AVIRIS hyperspectral data to simulate imagery for different satellite
sensors, thereby generating training datasets suitable for various satellite sensors [26]. They
trained a cloud detection model using a backpropagation neural network based on the
dataset and achieved satisfactory cloud detection results. However, their method still
requires the manual interpretation of AVIRIS hyperspectral data to obtain ground-truth
cloud masks. Data labeling is a time-consuming and laborious task, and it is difficult to
ensure that the labeled datasets can cover most of the surface types and cloud optical
depths. The drawbacks limit the scope of application of the learning-based methods to
some extent. In this study, we propose a cloud detection method combining radiative
transfer and deep learning called RTCD (Radiative Transfer-based Cloud Detection), which
enables the automated generation of cloud detection datasets without the need for manual
interpretation. This method utilizes surface reflectance products and cloud products to
generate a simulated dataset for cloud detection. Here is what our method needs to generate
simulated datasets:

* A radiative transfer model. The radiative transfer model is used to simulate the
apparent reflectance in different spectral bands.

*  Spatial continuous multispectral surface reflectance product and spatial continuous
cloud optical depth product. The spatial continuity of surface reflectance products
and cloud optical depth products preserves the texture information of the underlying
surfaces and clouds, thereby enabling the simulated images to more authentically
reproduce satellite images.

This paper is organized as follows. Section 2 describes the process of creating the
simulated dataset, presents sample images from the dataset, and elaborates on the neural
network we designed for it. Section 3 presents the experimental results of different methods
on the simulated dataset and real remote sensing imagery, evaluates the accuracy of the
methods, and then analyzes the impact of the dual-decoder design. Section 4 summarizes
the results of different methods, analyzes their strengths and weaknesses, and discusses
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the reasons behind them. Section 5 concludes the work and contributions of this paper, and
suggests potential directions for future research.

2. Cloud Detection Method

In this section, we provide a detailed introduction to the RTCD method workflow,
including the radiative transfer model, the data required for simulation, dataset construc-
tion, and the design of the neural network. The flowchart of the RTCD method is shown in
Figure 2. The cloud phase includes ice clouds and water clouds, while the aerosol types
comprise rural, oceanic, and tropospheric aerosols.

[ Surface reflectance

Radiative transfer
simulation

[ Cloud parameters

Simulated dataset ( Satellite L1 data J

Deep learning Preprocessing

[Cloud detection model]——( TOA reflectance ]

[ Aerosol parameters

[ Observation geometry

[ Cloud mask }

Figure 2. Flowchart of the RTCD method.

2.1. Radiative Transfer Model

In this paper, we used SBDART (Santa Barbara DISORT Atmospheric Radiative Trans-
fer, https:/ / github.com /paulricchiazzi/SBDART, accessed on 13 March 2026) to simulate
the apparent reflectance under given inputs. SBDART is a software developed by Ric-
chiazzi et al. [27] for calculating parallel plane radiation transfer under clear and cloudy
conditions. SBDART can simulate radiative transfer in cloudy atmospheres and has a wide
range of applications, such as cloud optical depth [28] and aerosol radiative forcing [29,30].
Therefore, SBDART is well-suited to meet the requirements of this study. The radiative
transfer equation under the condition of plane-parallel at a given wavelength is [31]

VW =u(t, 1, ¢) = S(T, 1, 9), v

where (T, y, ¢) is the radiance of the radiation along the (y,¢) direction at 7. y is the
cosine of the polar angle, ¢ is the azimuthal angle, and 7 is the optical depth calculated
downwards from the top of the atmosphere. S is the source function:

w(7)

2 / ! ! / / / /
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where w(T) is the single-scattering albedo and P(t,u,¢; 1/, ¢’) is the phase function,
which describes the probability distribution of a photon being scattered from inci-
dent direction (3, ¢’) into direction (u,¢). Q(7, i, ¢) is the source term for a paral-
lel beam striking a non-emitting medium from direction (pg, o), QP®™ (1, 1,p) =
DR p(T, 1, ¢; ~ro, o) exp(5E).

Since SBDART does not directly output the apparent reflectance, we use the following
formula to calculate the apparent reflectance:

Toa _ 7l
- 3
Fopo ©)
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where [ is the radiance at the top of the atmosphere simulated by the radiative transfer
model under given inputs, and Fj is the solar irradiance at the top of the atmosphere, which
can be obtained from the output of the radiative transfer model. y is the cosine of the
user-defined solar zenith angle.

2.2. Surface Reflectance

In order to make our simulated dataset closer to reality, it is crucial to obtain spatially
continuous surface reflectance. During the training of cloud detection models, the model
learns the deep semantic features of the clear sky surfaces or the clouds. The contextual
information and texture features of the whole image provided by the spatially continuous
reflectance are crucial for the accuracy of cloud detection. In order to obtain the required
surface reflectance for the experiment, we used the MOD09AL1 surface reflectance product,
which is synthesized from MODIS data every eight days and provides seven bands of
surface reflectance after atmospheric correction. MODO09A1 can be applied to aerosol
quantitative retrieval [32,33], carbon emission and environmental monitoring [34], and
land cover classification [35], demonstrating its strong versatility. Therefore, we selected it
as the surface reflectance product for this study.

2.3. Cloud

Consistent with the principle for selecting the surface reflectance product, we use
the MODIS cloud product (MODO6) as the input cloud parameters for the simulated data
to simulate the contextual and textural information in real remote sensing data as fully
as possible.

2.4. Simulation Results

The data we select from MODO09A1 covers various surface types include bare land,
vegetation, snow, and mixtures of different surface types. We combine them with different
cloud optical depths to generate a simulated dataset. The range of each parameter is shown
in Table 1. Figure 3 shows some of the simulated images. It should be noted that we not only
display the false-color images synthesized from MODO09A1 bands 6, 2, and 1 used for training
the neural network, but also present, for comparison, the true-color images synthesized from
MODO09A1 bands 1, 4, and 3 (with wavelength ranges of 0.620-0.670 um, 0.545-0.565 pm,
and 0.459-0.479 um, corresponding to the red, green, and blue bands, respectively). The
underlying surface types in the pictures include snow, bare land and vegetation.

Table 1. Parameters and their ranges in the simulated data.

Parameter Range Unit Comment
SR 0-1 - Surface Reflectance
Cloud Optical
COD 0-100 - Depth
CPH water, ice - Cloud Phase
Aerosol Optical

AOD 0-3 - Depth
SZA 0-85 Degrees Solar Zenith Angle
VZA 0-85 Degrees View Zenith Angle

Relative Azimuth

RAA 0-180 Degrees Angle
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COD RGB:143 RGB:621 RGB:143 RGB:621
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Figure 3. Figures (a—f) present the simulation results. The images contain some typical types
of underlying surfaces and cloud types. The underlying surface types include snow, bare land,
vegetation, and water. The cloud types include thick clouds, thin clouds, and broken clouds. From
left to right: True-color images composed of MOD09A1 bands 1, 4, and 3; false color images composed
of MODO09A1 bands 6, 2, and 1; cloud optical depths; true-color images composed of MOD09A1
bands 1, 4, and 3 when clouds are in the liquid phase; false-color images composed of MOD09A1
bands 6, 2, and 1 when clouds are in the liquid phase; true-color image composed of MOD09A1
bands 1, 4, and 3 when clouds are in the ice phase; false-color image composed of MOD09A1 bands 6,
2, and 1 when clouds are in the ice phase.

2.5. Training of the Cloud Detection Models

In this study, we treated cloud detection as an image segmentation task. Pixels in
the remote sensing images are classified into two categories: cloud and cloud-free. Some
of the simulated images are presented in Figure 3. We proposed a specialized network
architecture, as illustrated in Figure 4. The network employs a dual-decoder design: two
task-specific decoders share a common encoder, facilitating the cross-task sharing of low-
level features.
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Figure 4. The network architecture used in this study. Black arrows represent the outputs and inputs
of the modules, while rectangles of different colors denote different modules.

In terms of the loss function, we adopted a multi-task framework that includes losses
for cloud mask prediction and cloud optical depth (COD) prediction. The total loss Ly, is
the weighted sum of the two component losses:

‘Ctotul = )\m‘cmask + )\c['codr (4)

where A;; and A are weighting coefficients. The cloud mask loss combines Binary Cross-
Entropy (BCE) loss and Dice loss:

Emask = D‘L:bce + ,B‘Cdicer (5)
1 N
[

-V,

1=

Lpee = yilog(p:) + (1 —y;)log(1 — pi)], (6)

—_
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where y; € {0,1} denotes the ground-truth binary label, p; € [0, 1] represents the predicted
probability for pixel i, and N is the total number of pixels.
The COD loss incorporates four components:

Leoa =1L+ ’)’Z'Cgmd + '73£lup + 74‘Cbg- 7)

They are introduced below.
The L1 reconstruction loss measures the pixel-wise absolute difference between the
predicted COD and the ground truth:

LYl
L= ) 14 —ail, (8)
Nl:1 1 1

where 4; and a; denote the predicted and ground-truth COD values at pixel i, respectively.
This loss component ensures accurate value estimation at each pixel location while being
robust to outliers compared to L2 loss.

To preserve fine edge structures and boundaries in the COD prediction, we introduce

the gradient edge loss:
1
Egmd = E(ﬁgmd + Egmd)' (9)
1 . .
grad = 37 2llinj = il = laipa; —ail], (10)
L]
1 R R
Loraa = 75 L1 = aig] = laijir —aijl] (11)
L]

To capture structural discrepancies across different spatial scales, we employ the
Laplacian pyramid decomposition loss:

K-1
Liap = Y wi- [1L5(X) = Li(D)]1, (12)
=0

where £ (-) denotes the k-th level of the Laplacian pyramid decomposition. wy = 27 is
the scale-dependent weighting factor. K represents the total number of pyramid levels. I
and I represent the ground-truth COD and predicted COD respectively. This multi-scale
approach enables the model to simultaneously learn both fine-grained local details and
global structural patterns.

To specifically address false-positive predictions in cloud-free regions, we incorporate
a background-aware Binary Cross-Entropy loss:

1 R
Lyg=—v Y log(1—a), (13)
iGng

where O, = {i | a; = 0} denotes the set of pixel indices belonging to the background
region in the ground truth. This loss term penalizes non-zero predictions in areas where the
ground truth indicates completely cloud-free conditions, thereby significantly suppressing
the network’s prediction errors in non-cloud regions. In the experiments conducted in
this paper, we set the ratio A;;:A. to 20:1, the ratio a:p to 1:1, and the ratio y1:y2:73:74 to
10:5:1:10.

3. Experimental Results and Analysis

In this section, we conducted cloud detection experiments on both the simulated
dataset and real satellite imagery (MODIS, MERSI-RM) using different methods and per-
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formed a comparative analysis of the results. We selected U?-Net [36], CDnetV2 [37],
MFFCD-Net [25], SwinUnet [38], and MK-UNet [39] as the networks for training the cloud
detection models on the simulated dataset. It should be noted that we trained U?Net, CD-
netV2, MFFCD-Net, SwinUnet, and MK-UNet not only on our simulated dataset but also on
the Landsat 8 CCA (Cloud Cover Assessment) dataset [16,40] for comparative analysis. The
results of networks trained on this dataset are marked with an asterisk (*) after the network
name in the figures and tables of the paper. The network we proposed was not trained on
this dataset because the dataset does not contain cloud optical depth information. Some of
the results are shown in Figure 5, and quantitative accuracy assessments are presented in
Table 3.

We selected some MODIS images and MERSI-RM images to validate the cloud detec-
tion performance of different methods on real satellite imagery. The spectral bands of the
data we used are shown in Table 2. These images, along with their corresponding cloud
detection results, are provided in Figures 6 and 7, and quantitative accuracy assessments
are presented in Tables 4 and 5.

Table 2. Spectral bands of the data used.

Data Band Spectral Data Band Spectral Data Band chrlltl;ilth
Range (1um) a Range (um) a a‘(’fufl)g
1 0.620-0.670 1 0.620-0.670 1 0.650
MODO09A1 2 0.841-0.876 MODIS 2 0.841-0.876  MERSI-RM 2 0.865
6 1.628-1.652 6 1.628-1.652 5 1.64

3.1. Evaluation Metrics

We manually annotated cloud masks on MODIS data and MERSI-RM data as ground
truth for comparison with the experimental results of different methods. We select the
hit rate, missing rate, error rate, and F1 score as the cloud detection accuracy evaluation
metrics, which are defined as follows:

. TP+ TN
Hit rate = 14
BT = TP Y TN + FP+ EN’ (14

FN
[SS1 = 15
Missing rate TP+ EN’ (15)

FpP

E = — 16
rror rate TN LD’ (16)

Precision x Recall
F1 =2 17
score % Precision + Recall’ (17

where
Precision = L
~ TP+FP’
and P
Recall == m

True positive (TP) represents the number of pixels classified as cloudy by both the
reference mask and the cloud detection result. True negative (TN) represents the number of
pixels classified as clear by both the reference mask and the cloud detection result. False
positive (FP) represents the number of pixels classified as clear by the reference mask
but classified as cloudy by the cloud detection result. False negative (FN) represents the
number of pixels classified as cloudy by the reference data but classified as clear by the
cloud detection result. Tables 3, 4 and 5 show the quantitative accuracy evaluation of
different methods on the simulated data, MODIS data, and MERSI-RM data respectively.
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When calculating the missing rate, error rate, and F1 score, the value of the denomi-
nator may be zero, which leads to meaningless results. We adopt the following criterion
to handle such cases: if the denominator for the missing rate or error rate is zero, we
return a value of 0. A zero denominator in the missing rate or error rate indicates that their
numerator (FN or FP) is also zero, meaning that no cloud pixels were falsely detected as
clear sky, or no clear sky pixels were falsely detected as clouds. Thus, the missing rate
or error rate is set to 0. The F1 score is calculated based on precision and recall. If the
denominator of precision or recall is zero, this implies that their numerator (TP) is also zero,
indicating that no cloud pixels were correctly detected. In this case, the F1 score is set to 0.

3.2. Experimental Results on the Simulated Data

We first evaluated the performance of different networks on the simulated dataset,
which consists of 1000 training images and 900 test images. The cloud detection results are
summarized in Table 3. As shown in Table 3, our method achieved a hit rate, missing rate,
error rate, and F1 score of 97.06%, 5.83%, 0.29%, and 96.84%, respectively, on the simulated
dataset. In terms of hit rate, missing rate, and F1 score, our method outperformed the
comparative methods, while its error rate ranked second, higher than that of U2-Net.
Examples of cloud detection results on the simulated dataset are illustrated in Figure 5.
From Figure 5, it can be observed that clouds over bright surfaces or fragmented clouds are
prone to being missed, as particularly evident in Figure 5b,f. Although our method also
missed a small number of clouds, the number of missed detections was lower than that
of other methods. Misclassifications of surface features as clouds frequently occurred at
the boundaries between different land cover types, such as the land-sea interface in the
upper-left corner of Figure 5g, whereas our method exhibited almost no false alarms in this
region. Overall, our method achieved excellent results across all evaluation metrics and
demonstrated the best comprehensive performance among the compared methods.

Table 3. Quantitative evaluation of cloud detection results of different methods on the simulated data.

Method Hit Rate (%) Mlsstf,;f) Rate Error Rate (%) F1 Score (%)
U2-Net 96.66 6.81 0.15 96.39
CDnetV2 96.22 6.88 0.93 95.93
MFFCD-Net 96.65 6.38 0.56 96.40
SwinUnet 96.48 7.02 0.30 96.20
MK-UNet 95.97 7.62 0.72 95.65
RTCD 97.06 5.83 0.29 96.84

3.3. MODIS Experimental Results

Figure 6 shows the cloud detection results on MODIS data. The false-color images are
composed of MODIS bands 6, 2, and 1. In the false-color images, clouds appear white or
light cyan, while snow appears cyan. MODZ35 is the cloud mask product of MODIS. The
algorithm for producing this product is described by Ackerman et al. [4] and Frey et al. [41].
In order to evaluate the accuracy of the cloud detection methods, the corresponding MOD35
product was selected for comparison.
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Figure 5. Figures (a-1) present the results on the simulated data. The images contain some typical
types of underlying surfaces and cloud types. The underlying surface types include snow, bare land,
vegetation, and water. The cloud types include thick clouds, thin clouds, and broken clouds. For
all cloud detection results, light gray represents clouds, and black represents clear sky. “RGB: 621”
represents false-color image composed of MOD09A1 bands 6, 2, and 1; “Ground truth” represents
manually annotated cloud mask; the other columns represent the outputs of different neural net-
works. It should be noted that “RTCD(COD)” represents the cloud optical depth generated by the
RTCD method.

Figure 6a—c shows a comparison of the cloud detection results in winter near Northeast
China. As can be seen in the images, the surface is a mixture of snow, bare land, and
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vegetation. The spectral characteristics of this type of surface are very similar to those
of cloud and could be misjudged as clouds. This type of surface represents the key and
difficult part of the cloud detection tasks. Figure 6d shows the Loess Plateau region of
China, with a broken thin cirrus cloud at the bottom of the picture. Figure 6e shows
the Ob River Basin. The composition of the underlying surface in this scene includes
snow, vegetation, sea water and sea ice. The underlying surface of Figure 6f is snow and
vegetation. Figure 6g shows a scene in the north central United States, where the underlying
surface consists of snow mixed with bare land, covered by a thin layer of clouds. Figure 6h
shows the cloud detection results over northern Kazakhstan, where the surface is almost
entirely covered by snow. Figure 6i shows the detection results of thin cirrus clouds near
the Taihang Mountains in China. Figure 6j shows the Loess Plateau in China. The clouds in
the upper left corner of the picture are thin and broken, and the underlying surface is bare
land and vegetation. Figure 6k shows Eastern Siberia. Figure 61 shows Northeast India,
where the underlying surface is composed of bare land and vegetation, covered by a small
number of thin and broken clouds. Figure 6m shows Lena River Basin. Figure 6n shows
Zhejiang Province, China, and the East China Sea. Figure 60 shows the cloud detection
results in the southern Gulf of Mexico. Figure 6p shows the cloud detection results over
southern Canada, where the underlying surface is almost entirely snow-covered.

Table 4. Quantitative evaluation of cloud detection results from different methods on MODIS data.
Model names marked with an asterisk (*) indicate that the corresponding models were trained on the
Landsat 8 CCA dataset.

Method Hit Rate (%) Mlsstf,;f) Rate Error Rate (%) F1 Score (%)
MOD35 83.35 6.23 19.71 71.89
U2-Net* 84.46 6.32 18.25 73.25
CDnetV2* 81.66 6.14 21.92 69.92
MFFCD-Net* 84.19 7.33 18.30 72.69
SwinUnet* 80.90 4.10 23.51 69.51
MK-UNet* 91.34 7.75 8.93 82.86
U2-Net 93.95 14.31 3.63 86.54
CDnetV2 92.96 12.14 5.54 85.00
MFFCD-Net 93.47 12.18 4.87 85.93
SwinUnet 93.58 9.96 5.38 86.43
MK-UNet 94.01 15.54 3.19 86.49
RTCD 95.14 12.05 2.75 89.15

We can summarize from Figure 6 and Table 4 that our method generally demonstrates
higher accuracy than the MOD35 product and other deep learning methods trained on
the cloud detection datasets. In some scenarios, our results show a higher missing rate
but a lower error rate compared to the MOD35 product. This indicates that, while the
MOD35 product has higher sensitivity to clouds, it also misclassifies a large number of
bright surfaces, particularly those with mixed snow and bare land, as clouds. However,
it should be noted that the MOD35 product occasionally misses cloud pixels. The reason
why some deep learning methods, including ours, are less likely to misclassify surfaces
mixed with snow and bare land as clouds is that the textural and deep semantic features of
these bright surfaces are distinct from those of clouds. These differences can be captured
by neural networks to distinguish them from clouds. The accuracy of networks trained on
the Landsat 8 CCA dataset is lower than that of networks trained on our simulated dataset.
This is primarily because the Landsat 8 CCA dataset contains relatively few mixed surface
types of snow and bare land. This limitation results in models trained on this dataset being
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unable to effectively learn the spectral and textural features of such surfaces, leading to the
misclassification of a large number of these surface pixels as clouds.

MK-UNet RTCD(mask RTCD(COD
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\HI(
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Figure 6. Figures (a—p) present the results on MODIS data. For all cloud detection results, light gray
represents clouds and black represents clear sky. “RGB: 621” represents false-color image composed
of MODIS bands 6, 2, and 1; “Ground truth” represents manually annotated cloud mask; “MOD35”
represents the MODIS cloud mask product (MOD35), where light gray represents “cloudy” and black
represents “uncertain clear”, “probably clear”, and “confident clear”; the other columns represent
the outputs of different neural networks. Those marked with an asterisk (*) indicate that the neural
network was trained on the Landsat 8 CCA dataset, while those without an asterisk were trained
on the simulated dataset. It should be noted that “RTCD(COD)” represents the cloud optical depth

generated by the RTCD method.
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3.4. MERSI-RM Experimental Results

Figure 7 shows the cloud detection results on MERSI-RM data. The underlying
surfaces of the scenes in Figure 7 are mainly composed of snow and bare land. The clouds
in Figure 7a,b are broken and scattered, and the underlying surface is an irregular mixture
of snow and bare land. The scene shown in Figure 7c is in Northwest China. The area
shown in Figure 7d is located in the northern part of the Aral Sea. Figure 7e shows the cloud
detection results over southwestern Russia in winter. Figure 7f shows thin and thick clouds
covering snow. The area displayed in Figure 7g is located in the southeast of Lake Baikal,
with thin and broken clouds. The regions in Figure 7h,i are located in the Qinghai-Tibet
Plateau and northern India respectively. The snow-covered area in Figure 7j is located in
central and southern Russia and is covered by thin clouds.

CDnetV2* MFFCD-Net* et MIC-UNet * 2Net CDnetV2 MFFCD-Net SwinUnet MIK-UNet RT mask) RTCD(COD)

. fk\ _...'...
Lododododododod dododododod
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F"’”"'”'
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Figure 7. Figures (a—j) present the results on MERSI-RM data. For all cloud detection results, light
gray represents clouds and black represents clear sky. “RGB: 521" represents false-color image
composed of MERSI-RM bands 5, 2, and 1; “Ground truth” represents manually annotated cloud
mask; The other columns represent the outputs of different neural networks. Those marked with an
asterisk (*) indicate that the neural network was trained on the Landsat 8 CCA dataset, while those
without an asterisk were trained on the simulated dataset. It should be noted that “RTCD(COD)”
represents the cloud optical depth generated by the RTCD method.

The cloud detection results of networks trained on the Landsat 8 CCA dataset exhibit
greater instability compared to those of networks trained on the simulated dataset. The
reason for this is consistent with the explanation previously provided for the cloud detection
results on MODIS imagery;, i.e., the Landsat 8 CCA dataset contains relatively few mixed
snow and bare land surface types. A more detailed discussion can be found in Section 4.
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Table 5. Quantitative evaluation of cloud detection results from different methods on MERSI-RM
data. Model names marked with an asterisk (*) indicate that the corresponding models were trained
on the Landsat 8 CCA dataset.

Method Hit Rate (%) Mlssgzg) Rate Error Rate (%) F1 Score (%)
U2-Net* 93.26 12.82 4.64 86.90
CDnetV2* 84.26 11.07 17.35 74.33
MFEFCD-Net* 93.46 14.60 3.76 87.00
SwinUnet* 85.09 7.34 17.52 76.11
MK-UNet* 94.17 12.67 3.48 88.47
U2-Net 93.99 19.73 1.29 87.25
CDnetV2 93.23 21.04 1.86 85.66
MFFCD-Net 92.52 18.88 3.55 84.76
SwinUnet 93.72 18.24 2.16 86.96
MK-UNet 92.82 19.12 3.06 85.24
RTCD 94.46 18.30 1.14 88.32

3.5. Ablation Experiment

To validate the impact of the dual-decoder in the proposed network, we conducted an
ablation experiment on the simulated dataset. Table 6 presents a comparison of the per-
formance from the ablation experiment. As can be seen from the table, after incorporating
the COD branch, the model’s performance in hit rate, missing rate, and F1 score improved.
However, the error rate is inferior to the performance when using the cloud mask branch
alone. This indicates that the COD branch enhances the model’s sensitivity to clouds but
also introduces a higher rate of false positives.

Table 6. Cloud detection accuracy of the ablation experiments.

Description Hit Rate (%) Mlss:f;g) Rate Error Rate (%) F1 Score (%)
Mask 96.69 6.68 0.22 96.43
Mask + COD 97.06 5.83 0.29 96.84

4. Discussion

As shown in Tables 4 and 5, our method demonstrates higher overall detection ac-
curacy compared to the MOD35 product, particularly in snow and bare land areas. This
improvement stems from the fact that our algorithm utilizes not only the spectral re-
flectance characteristics of clouds but also their textural features to distinguish between
cloudy and cloud-free regions. In high-altitude or high-latitude regions with extremely
low temperatures, the surface is typically composed of bare land or snow. These surfaces
exhibit low brightness temperatures and high reflectance, closely resembling the spectral
characteristics of clouds. However, their textural features differ significantly from those of
clouds. The MOD35 product performs pixel-by-pixel cloud detection and cannot utilize
textural features to distinguish between clouds and non-cloud regions; thus, it exhibits high
error rates in these areas. Our method, on the other hand, fully leverages textural features,
enabling higher accuracy in cloud detection over high-altitude or high-latitude regions.
The cloud detection models trained on the Landsat 8 CCA dataset generally show lower
cloud detection accuracy on both MODIS and MERSI-RM data compared to the cloud
detection models trained on our simulated dataset, especially on the MODIS data. This
is because the Landsat 8 CCA dataset encompasses a less diverse range of surface types
compared to our simulated dataset. In particular, the L8 CCA dataset lacks a sufficient
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representation of mixed snow and bare land surfaces, which are prone to being misclassi-
fied as clouds and constitute one of the challenging aspects in cloud detection. However,
the L8 CCA dataset also offers unique advantages over our simulated dataset, which is
elaborated upon subsequently. In the areas with thin cloud cover, such as the scenarios
illustrated in Figures 6d and 7g, our method exhibits a higher rate of missed detections for
very fragmented clouds compared to MOD35 or cloud detection models trained on the
Landsat 8 CCA dataset. Other cloud detection models trained on our simulated dataset
also show a similar trend. This is because thin clouds or small, fragmented clouds over
surfaces often exhibit spectral reflectance features similar to those of bright surfaces, and
the textural features of thin clouds are less pronounced compared to thick clouds. The
MOD35 product employs a complex detection process, including visible, infrared, and ther-
mal infrared bands, to perform pixelwise cloud detection on MODIS data. Since thermal
infrared bands are highly sensitive to clouds, the MOD35 product can detect more thin
clouds. In contrast, our method utilizes only visible and shortwave infrared bands for cloud
detection and does not incorporate thermal infrared bands, resulting in relatively weaker
detection capability for thin clouds and thus a higher missing rate compared to the MOD35
product. Furthermore, for cloud detection tasks, cloud shadows serve as a crucial indicator
for identifying clouds. In the absence of thermal infrared channels, certain extremely thin
clouds, such as cirrus clouds, are particularly challenging to distinguish. In such scenarios,
cloud shadows play a crucial role in cloud detection, as they are often more discernible
than the clouds themselves in remote sensing imagery. Moreover, cloud shadows typically
accompany clouds and exhibit a high degree of shape consistency with them. Additionally,
cloud shadows and clouds display a distinct spatial relationship, which is governed by
observation geometry and the height of the clouds above the ground. In real remote sensing
datasets, such as the Landsat 8 CCA dataset, the aforementioned relationship between
cloud shadows and clouds is authentically represented. This relationship can be effectively
captured by cloud detection models trained on real remote sensing datasets, thereby sig-
nificantly reducing the missing rate for thin and fragmented clouds. In contrast, although
our simulated dataset can accurately replicate the clouds in remote sensing images, it does
not incorporate the simulation of cloud shadows. Consequently, cloud detection models
trained on our simulated dataset are more prone to missing thin and fragmented clouds
compared to those trained on real remote sensing datasets.

5. Conclusions

For most remote sensing applications, cloud detection is a crucial preprocessing step.
This study proposed a novel cloud detection method that integrates radiative transfer with
deep learning. First, we constructed a cloud detection dataset. Unlike other datasets, our
cloud detection dataset is entirely simulation-based rather than manually labeled from real
remote sensing cloud images. Specifically, we input existing remote sensing products, such
as surface reflectance and cloud optical depth products, into the radiative transfer model
to generate simulated images. These remote sensing products and the radiative transfer
model are widely used in quantitative remote sensing, ensuring that the simulated remote
sensing images have practical physical significance. Subsequently, we proposed a neural
network for training a cloud detection model on the simulated dataset. The experimental
results on MODIS and MERSI-RM imagery show that our method achieves satisfactory
results, particularly in areas with mixed snow and bare land, where its performance is
significantly better than that of MOD35, demonstrating the effectiveness of our method.

In conclusion, our method provides a new perspective for cloud detection, particularly
for supervised deep learning based approaches. The main contributions of this paper are
summarized as follows:
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A method for constructing cloud detection datasets based on radiative transfer models,
existing surface reflectance products, and cloud optical depth products has been
proposed. This approach eliminates the need for the extensive manual labeling of
training data, allowing models to be trained on simulated datasets to perform cloud
detection tasks. Since surface reflectance products cover the globe and cloud optical
depth products include various cloud formations, any combination of surface and
cloud types can be utilized to produce corresponding simulated images, significantly
increasing the diversity of the dataset.

We trained different neural network models for cloud detection, including U2-Net,
CDnetV2, MFFCD-Net, SwinUnet, MK-Unet, and the network we proposed on the
simulated dataset. We evaluated the cloud detection performance of these networks
on both simulated images and real satellite images. The experimental results demon-
strate that the network we proposed outperforms other networks. Additionally, we
compared the results with the networks trained on the Landsat 8 CCA dataset. The
experimental results show that the networks trained on our simulated dataset exhibit
greater stability. The simulated dataset generation method we proposed partially alle-
viates the scarcity of cloud detection datasets, especially for specific satellite sensors,
such as MODIS.

However, there is still significant room for improvement in our method:

We assume the surface to be Lambertian. In future work, the non-Lambertian re-
flection characteristics of the surface should also be taken into account. We plan to
integrate the MCD43 product, which provides global anisotropic kernel parameters,
to characterize the angular dependence of surface reflectance. This approach would
make the simulated dataset more realistic.

Cloud shadows. When the solar zenith angle is large, cloud shadows in remote
sensing images are often obvious. As is discussed in Section 4, cloud shadows in
remote sensing imagery can assist in cloud detection and enhance the model’s ability
to detect thin and fragmented clouds. In addition, according to [42], cloud shadows
can obscure remote sensing images, making it difficult to utilize these regions for
remote sensing retrievals. Current methods for detecting cloud shadows primarily
include spectral analysis and deep learning techniques, such as [42—-45]. In future
work, we plan to explore feasible methods for simulating cloud shadows, which
would not only enhance cloud detection accuracy but also enable the models to detect
cloud shadows, thereby providing robust support for subsequent remote sensing
products.

In this paper, only the reflection spectral bands were simulated and the thermal
infrared bands were not used, which limits our method’s ability to detect extremely
thin clouds. Previous cloud detection research has shown that thermal infrared bands
also have good cloud detection effectiveness, especially for the detection of high and
thin clouds (such as cirrus) [46]. Moreover, the thermal infrared bands also have the
ability to detect clouds at night, which can enhance the applicability of our cloud
detection method.
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