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A B S T R A C T

Thin cloud interference presents a significant challenge for the semantic segmentation of optical satellite im-
agery, which directly degrades the model accuracy and causes difficulties in sample selection. This paper
generated a dataset named Populus euphratica and Tamarix chinensis discrimination (PTD), containing both
cloudless and thin cloud scenarios. Based on this PTD dataset, an enhanced Atmospheric Scattering Model with
Nonlinear Optimization (ASM_NL) was proposed to simulate high-fidelity thin clouds by incorporating two vital
nonlinear terms: the point spread function and the Perlin noise. Additionally, we adopt a strategy of mixing
simulated thin cloud-covered images (STCI) into the training set at a certain proportion to improve the semantic
segmentation accuracy in thin cloud-covered scenarios. The conclusions are as follows: 1) ASM_NL can simulate
high-fidelity clouds at an average Jensen-Shannon distance of 0.0699. 2) When dealing with medium- and high-
cloud density datasets, mixing STCI proved to be more effective than cloud removal in mitigating thin cloud
interference, resulting in average macro F1 score improvements of 0.164 and 0.094, respectively. 3) The se-
mantic segmentation accuracy improved significantly by mixing STCI with a minimal proportion of 1/60,
demonstrating the activation of model transfer capabilities. This study provides a concise and efficient meth-
odology for effectively mitigating thin cloud interference in deep learning-based optical satellite imagery
analysis.

1. Introduction

Cloud cover presents challenges for various optical remote sensing
applications, including resource exploration, forest management, and
environmental monitoring (Sun et al., 2021). Research indicates that

more than 50 % of satellite images are partially or fully obscured by
clouds (Mahajan, 2020). Cloud absorption and scattering can easily
distort the land surface spectral characteristics, and the extent of this
distortion depends on the thickness of the clouds (Hassan et al., 2022).
Thick clouds block the reflectance from land surfaces, making it hard to
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identify the ground objects. In comparison, thin clouds are transparent,
and the contaminated ground features can be restored and mapped,
while the mapping accuracy and reliability are easily affected by spec-
tral distortion and contrast loss caused by cloud contamination (Li
et al.,2020b).

Numerous methods have been proposed to improve the mapping
accuracy under thin cloud interference conditions, which include
traditional and deep-learning methods. The traditional methods are
developed to reconstruct cloud-free images (Shen et al., 2014), which
can be classified into multi-image and single-image methods. The multi-
image methods restore images with thick clouds by replacing cloud
pixels with other temporal images (Jia et al., 2023; Tseng et al., 2008;
Zheng et al., 2023), and the single-image based methods usually
enhance the cloud-contaminated images when the land features are
visible (He et al., 2011; Singh and Komodakis, 2018; Xu et al., 2022).
The traditional methods improve image interpretation by restoring
image visual effects (Hassan et al., 2022), but they could not achieve the
expected performance as the cloud removal process will produce spec-
tral distortion (Pei et al., 2021). Hassan (Hassan et al., 2022) analyzed
and identified two key reasons. Firstly, cloud removal enhances the
existing image information without adding new information. Secondly,
image restoration can hardly transfer the thin cloud images to their
cloudless state, causing local spectral changes in the cloud areas of the
satellite images. Therefore, the traditional methods mainly focus on
restoring cloud-contaminated images to cloudless images, which

produces uncertainties in information extraction (Ma et al., 2022).
In contrast, the deep-learning methods selected the manually

labelled training samples directly from the thin cloud images, and the
cloud-contaminated land features can be delineated by models (Pei
et al., 2021; Song et al., 2023). Labelling samples from thin cloud images
is usually time-consuming and demands a high interpretation ability
(Sun et al., 2021). In order to improve the robustness and performance,
Zhang (Zhang et al., 2021) used simulated thin cloud samples for
training, and these simulated samples were derived from the cloudless
parts of the thin cloud image. As making the training samples with
cloudless images is more effortless, many thin-cloud samples with
different cloud scenarios can be generated through cloud simulation
with several manually-labelled cloudless samples. However, deep
learning models trained on simulated images often experience sub-
stantial performance degradation when applied to the real domain (Shao
et al., 2020), primarily due to the domain gap (Zhou et al., 2023) be-
tween the simulated cloud images and the natural cloud images.

Numerous scholars have studied domain adaptation to minimize the
domain gaps and improve the authenticity of simulated clouds (Atapour-
Abarghouei and Breckon, 2018; Chen et al., 2018b; Li et al., 2023; Long
et al., 2013; Yuan et al., 2022). Their research involves the application of
adversarial learning strategies on feature space, image-to-image trans-
lation learning, and style transfer methods (Shao et al., 2020), which
showed the effectiveness of producing high-fidelity simulated clouds.
However, these methods are structurally complex and require

Fig. 1. Illustration of the PTD dataset: (a-d): PTD-CLEAR, PTD-H1, PTD-H2 and PTD-H3, respectively. For each subset, the first column contains the images with a
Red-Green-Blue band combination, the second column shows the images with a NIR2-Red-Green band combination, and the third column stipulates the corre-
sponding labels.
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independent sample labelling andmodel training, presenting substantial
challenges for deep learning-based remote sensing applications. There-
fore, it is crucial to develop a cost-effective and high-fidelity strategy for
simulating thin clouds and integrating simulated cloud generation with
semantic segmentation.

This study proposes a strategy of mixing high-fidelity STCI in the
training set to mitigate thin cloud interference. Firstly, we constructed a
semantic segmentation dataset with category labelling for thin cloud
and cloudless scenes. Secondly, we provided the mathematical
description of the proposed strategy and developed a high-fidelity
method for simulating thin clouds using ASM_NL. Thirdly, a series of
experiments were conducted to verify the validity and reliability of the
proposed strategy. Finally, we discussed some issues of concern.

2. Dataset

This study requires class-labeled datasets with cloudless and thin
cloud scenarios. We reviewed relevant open-source datasets and divided
them into two categories:

(1) Class-labeled datasets only with cloudless scenarios: This dataset
directly selects cloudless images or uses cloud removal as a pre-
processing step, resulting in no thin-cloud contamination in the pub-
lished dataset. Examples of this type of dataset include GID (Tong et al.,
2020) and WHDLD (Cheng et al., 2023).

(2) Cloud removal (de-hazing) datasets: These types of datasets focus
on the cloud removal effect, typically containing clear and thin cloud
(fog)-contaminated image pairs but without category labels. Examples
of this dataset include T-CLOUD (Ding et al., 2023) and RESIDE (Li et al.,

2019).
Therefore, we created a dataset called Populus euphratica

(P. euphratica) and Tamarix chinensis (T. chinensis) discrimination (PTD)
to support our research, which is the first class-labeled dataset with
cloudless and thin cloud-interfered scenarios. All images come from the
WorldView-2 satellite, equipped with eight spectral bands (CoastalBlue-
427.3 nm, Blue-477.9 nm, Green-546.2 nm, Yellow-607.8 nm, Red-
658.8 nm, RedEdge-723.7 nm, NIR1-832.5 nm and NIR2-908 nm) and
have a spatial resolution of 0.5 m after pan-sharpening (Zhang, 2004) by
the PCI Geomatics software.

All dataset images illustrate desert landscapes in the Tarim River
Basin. They only contain three categories: Background (label 0),
P. euphratica trees (label 1), and T. chinensis shrubs (label 2). We chose
this dataset because it is hard to distinguish P. euphratica from
T. chinensis due to their similar spectral characteristics. By visually
examining the NIR2-Red-Green band combination, it is evident that
P. euphratica displays a more vivid red color, intricate textures, and
prominent shadows in its vicinity. In contrast, the T. chinensis shows a
slightly lower red color, more uniform textures, and an absence of
nearby shadows.

Based on the level of thin cloud interference, we divided the PTD into
four subsets (Fig. 1): PTD-CLEAR, PTD-H1, PTD-H2, and PTD-H3. Then,
we split them later into training, validation, and testing sets in a 3:1:1
ratio. There are 720, 336, 288, and 288 image pairs and labels in the
PTD-CLEAR, PTD-H1, PTD-H2 and PTD-H3, respectively.

Fig. 2. Flowchart of the methodology. (a) Mixed training set generation; (b) model training and semantic segmentation on a thin cloud-interfered image; (c)
illustration of the ASM; (d) the ASM_NL.
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3. Methodology

3.1. Outline of the methodology

This study introduces a novel strategy to improve the accuracy of
semantic segmentation in thin-cloud scenarios by mixing simulated
cloud-covered samples in the training set, which consists of two main
parts. The first part in Section 3.2 is mixed training set generation, and
the mixed proportion of the simulated and natural cloud samples is
determined through a proportion experiment in Section 4.3 to balance
the strategy performance and computational cost. As the fidelity of the
simulated clouds is essential for the mapping accuracy of semantic
segmentation models, the second part of Section 3.3 focuses on gener-
ating high-fidelity simulated thin clouds. Compared with the simplified
Atmospheric Scattering Model (ASM), which is commonly used in cloud
simulation (Lv et al., 2016), we proposed a nonlinear optimized ASM
(ASM_NL) to incorporate two nonlinear components to minimize the
distortions between thin clouds and ground objects. The method for
parameter inversion is provided in Section 3.3.3. Fig. 2 shows the
flowchart of the methodology.

3.2. Mixed training set generation

Acquiring sufficient cloud samples to include various thin cloud
scenarios with limited remote sensing images is difficult, while cloud
simulation with cloudless images can solve this problem. In order to
generate the mixed training set, the simulated cloud samples with
various densities and spatial distributions are added to the cloudless
samples at a certain proportion. The following is the mathematical
description of this process.

The thin cloud image xcloud was simulated with the simulation
function F, which takes a cloudless image xcloudless and a cloud density
parameter α as inputs. The cloud density parameter α is randomly
sampled from a user-defined distribution D . The simulated cloud
function F refers to any simulated cloud generation function such as the
ASM:
xcloud = F(xcloudless,α),α ∼ D (1)

The training dataset is defined as (Xcloudless,Ycloudless), consists of the
images x and the labels y:
(Xcloudless,Ycloudless) = {(x, y)|x ∈ Xcloudless, y ∈ Ycloudless} (2)

The simulated thin cloud images are generated based on cloudless
images with a probability of p. The probability parameter p is a user-
defined parameter to determine the probability of cloud simulation
occurrence:

(Xcloud,Ycloud) = {(F(x, α), y)|x ∈ Xcloudless, y
∈ Ycloudless, with probability p} (3)

Finally, the mixed training set (Xmixed,Ymixed) is the union of (Xcloudless,
Ycloudless) and (Xcloud,Ycloud):
(Xmixed,Ymixed) = (Xcloudless,Ycloudless) ∪ (Xcloud,Ycloud) (4)

3.3. The nonlinear optimized atmospheric scattering model

3.3.1. The linear atmospheric scattering model
The Atmospheric Scattering Model, known as Mitchell’s imaging

model (Mitchell et al., 1977), was proposed to simulate how light in-
teracts with the atmosphere (Lv et al., 2016; Sakaridis et al., 2018), and
it has been widely used in simulating thin clouds (Lv et al., 2016). This
ASM model (Fig. 2 (c)) is expressed as follows:
s(x, y) = aLt(x, y)r(x, y)+ L(1-t(x, y) ) ≤ L (5)

where (x, y) represents the position of the pixel, r(x, y) is the reflectance
of the target object, t(x, y) is the attenuation due to the clouds, L is the
solar illumination, and a is the attenuation constant. The values of
r(x, y), t(x, y) and a range from 0 to 1.

The ASM in the Eq. (5) requires the parameter inversion of a, L, and
t(x, y). As calculating these parameters is complicated, the ASM is usu-
ally simplified as a linear model in cloud simulation applications. The
Eq. (5) could be restated as:
s(x, y) = k(x, y)r(x, y) + c(x, y) (6)

where c(x, y) represents the non-target object information component,
such as the solar radiation reflected by the clouds and k(x, y), which
denotes the proportion of the target object information received by the
sensor. Eq. (6) is a linear equation that only requires the inversion of two
parameters, k(x, y) and c(x, y), to the simulated clouds.

The simplified linear ASM effectively simulates clouds on homoge-
neous surfaces (Sakaridis et al., 2018). However, as natural scenarios are
usually heterogeneous, distortions are inevitable along the side of the
simulated clouds (Hassan et al., 2022).

3.3.2. Nonlinear optimization
The natural thin clouds do not have purely linear effects on the light,

and these nonlinear factors include (1) excessive acuteness due to
neglecting scattering and (2) homogeneous thickness distribution due to
neglecting spatial distribution inhomogeneity (Pei et al., 2021). There-
fore, we added two nonlinear factors into the ASM model: the point
spread function and the Perlin noise.

Fig. 3. The distribution of the radiation transmission coefficient: (a)-(c) demonstrates different kernel centers; all values are rounded to five decimal places.
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(1) Point Spread Function
When a cloud is added to a cloudless image, the radiation of the

neighboring pixels around the cloud will be distorted due to cloud
scattering, which can be modeled with the point spread function (PSF)
(Niu et al., 1997). In the PSF model, the target radiation r(x, y) can be
separated into the sum of the target radiation r0(x, y) and the cross-
radiation rc(x, y), as shown in the Eq. (7).
r(x, y)= (1− wcr)r0(x, y)+wcrrc(x, y) (7)

where wcr is the cross-radiation’s weight, the weights of the two com-
ponents add up to 1. The cross-radiation rc(x, y) is computed as follows:

rc(x, y) =
∫∫

Ωp
r0(xʹ, yʹ)T(xʹ, yʹ : x, y)dxʹdyʹ (8)

where Ωp denotes the surrounding pixels involved in the calculation;
T(x́ , ý : x, y) denotes the radiation transmission coefficient of (x́ , ý ) to
(x, y). The cross-radiation intensity is inversely proportional to the
square of the distance to the target pixel, so the peripheral cross-
radiation intensity decays rapidly. We tested various convolution
sizes, including 3 × 3, 5 × 5, 7 × 7, and 9 × 9, to determine the optimal
kernel size that balances the precision of the model with its computa-
tional cost. Our findings indicate that a 5 × 5 convolution kernel pro-
vides a satisfactory level of detail for capturing the spatial interactions
relevant to calculating the radiation transmission coefficient without
incurring the excessive computational load associated with larger ker-
nels. Therefore, the radiation transmission coefficient was calculated
using a discrete 5 × 5 convolution to improve computational efficiency.
The weight assigned to the center of the kernel is (1− wcr), while the
weights of other positions is wcr. The weights are determined by the
squared distance from each position to the kernel center. Fig. 3 illus-
trates the distribution of the radiation transmission coefficient in the
convolution kernel with different kernel centers (0.95, 0.9 and 0.85).

(2) Perlin noise
Thin clouds display an uneven spatial distribution caused by airflow,

which constitutes a significant nonlinear effect. This effect can be
considered a type of spatial noise characterized by its continuous and
non-uniform nature. To address this issue, we implemented Perlin noise
(Perlin, 2002), a well-established method for representing the uneven
distribution of cloud thickness (Zhang et al., 2021). The generation of
Perlin noise (pn) can be represented by the following equation:

pn(x, y) =
∑n−1

i=0 ai⋅gradienti(x, y) (9)

where ai is the random coefficient, gradienti(x, y) is the difference be-
tween the i th vector and position (x, y). Moreover, n denotes the vector
number. Fig. 4 displays the generation of Perlin noise with different
parameters. The degree of intensity and distribution fragmentation is
determined by the discretization and scale parameters, which are indi-
cated in the upper right corner of each subplot. Deeper red (blue) in
Fig. 4 indicates more significant positive (negative) disturbances.
s(x, y) = k(x, y)r(x, y) + c(x, y) + pn(x, y) (10)

The Perlin noise is used as a mask on the image during the calcula-
tion. However, this method is only suitable for scenes with low distur-
bances. Typically, the upper and lower limits of the disturbances
(±discretization/2) should not exceed one-tenth of the scene average
radiation to avoid noticeable color distortion. Therefore, by substituting
Eq. (5) and Eq. (3) into Eq. (2), the final equation of ASM_NL will be the
following:

s(x, y) = k(x, y)
[

(1− wcr)r0(x, y) + wcr
∫∫

Ωp
r0(xʹ, yʹ)T(xʹ, yʹ : x, y)dxʹdyʹ

]

+c(x, y) +
∑n−1

i=0 ai⋅gradienti(x, y)
(11)

3.3.3. Parameter inversion
To obtain the parameters of the simulated cloud model, we propose a

statistical analysis method to minimize the gap between the actual and
simulated clouds. The process begins by identifying and labeling sam-
pling points in the thin-cloud and cloudless areas. The simulated cloud
sampling points were generated based on the points identified in the
cloudless areas. Finally, the parameter inversion was performed by
minimizing the difference in the discrete probability distribution be-
tween the sampling points of real and simulated clouds. The specific
strategy can be outlined as follows:

Define ER, EC and ES = EC→S
θ

as the sets of the natural cloud points,
clear points and simulated cloud points, obtained based on the clear
points and parameter space θ. {eRi,j}, {eCi,j} and

{

eSi,j
}

represent the sets of
the radiance values for the land cover category i and spectral band j (this
also means inverting each band individually) in the natural, cloudless,

Fig. 4. Perlin noise with a different discretization and scale (marked in the upper right corner of each subplot); deeper red (blue) represents more substantial positive
(negative) perturbations. The original ASM model generates a stochastic disturbance through the multiplication of the Perlin noise with the cloud thickness d(x, y).
However, the simplified ASM does not account for the variations in target and non-target information components caused by the cloud thickness. Therefore, we
include the Perlin noise as an independent noise term in ASM.
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and simulated cloud points. The discrete probability distributions for
{eRi,j}, {eCi,j} and

{

eSi,j
}

are then calculated using the same approach. For
example, the discrete probability distribution PRi,j(x) for {eRi,j} is obtained
as follows:

PRi,j(x) =
1
NRi,j

∑NRi,j
k=1δ(x− eRi,j,k) (12)

where NRi,j denotes the number of elements in eRi,j,k. δ(x) is the Dirac delta
function, which takes the value of 1 when x = 0 and 0 otherwise.

In order to minimize the differences between the probability distri-
butions of natural and simulated clouds, it is essential to measure their
dissimilarities quantitatively. This study uses the Jensen-Shannon dis-
tance (JSD) (Nielsen, 2019) to capture the differences in shape and
position between the discrete probability distributions. The JSD be-
tween PRi,j and PSi,j can be calculated as follows:

JSD(PRi,j‖PSi,j) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅1
2DKL(P

R
i,j‖M) +

1
2DKL(P

S
i,j‖M)

√

(13)

where M is the average probability distribution of PRi,j and PSi,j. DKL is the
KL divergence (Kullback and Leibler, 1951), which could be calculated
as follows:

DKL(P‖M) =
∑n−1

i=0 pilog
pi
mi

(14)

where pi and mi represent the probabilities of P and M, respectively. n
represents the number of the image grey levels.

Afterward, the parameters of each band are independently calcu-
lated (in this study), and the objective of the parameter solution for band
j is:

minθj=

∑nclass
i=1 JSD

(

PRi,j‖PSi,j
)

nclass (15)

where nclass is the number of feature classes involved in the calculation.
However, the Perlin noise is not involved in the parameter inversion

process as a noise component. Therefore, based on Eq. (11), three pa-
rameters need to be inverted: k, c and wcr, with value ranges of [0, 1], [0,
n-1] and [0, 1] respectively. We divide the value ranges into 0.01, 0.5,
and 0.01, thereby ensuring full parameter space coverage. As the image
data type is an 8-bit unsigned integer, the change of the output value
should be less than or equal to 1 when any parameter of k,wcr, c is
adjusted with its minimum discrete interval. However, searching for all
three parameters would have an impractical computational cost, with a
search upper limit of 5.12 × 106. Because the intensity of the cross-
radiation in the thin clouds is relatively low, we assume that its shift
effect on the discrete probability distribution is smaller than the grey-
level quantization. Therefore, we initially set wcr to 0 and focused
solely on the inversion of the parameters k and c, and then perform a
separate inversion for wcr. The maximum limit for the optimized search
is 5.13 × 104, which poses a manageable computational load.

3.4. Accuracy evaluation

The evaluation indicators include the macro precision (MP), macro
recall (MR) and macro F1 score (MF). These indicators represent the
arithmetic average of precision, recall and F1 score across all classes,
respectively. The calculation formulas are as follows:

MP =

∑k
i=1Precisioni

k , Precision =
TP

TP+ FP (16)

MR =

∑k
i=1Recalli
k , Recall = TP

TP+ FN (17)

MF =

∑k
i=1F1i
k , F1 = 2⋅

Precision× Recall
Precision+ Recall (18)

where k represents the number of the classes, which is 3 for the PTD

Fig. 5. Visual comparison of different cloud simulation methods: (a) the cloudless image for generating simulated clouds; (b) the natural cloud images including even
thin cloud (mist) and uneven thin cloud as a reference; (d-j) simulated clouds generated using different methods. The top right corner of each image indicates the
simulated cloud method and density. For the SpA-GAN, ASM and ASM_NL with even mode, the JSD between their discrete probability distribution and the natural
cloud is shown in the lower left corner. Lower JSD indicates better simulation.
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dataset, including desert, P. euphratica and T. Chinensis. TP represents
the number of true positive samples, FP represents the number of false
positive samples, and FN represents the number of false negative
samples.

4. Results

The experimental section is organized into three subsections. Section
4.1 assesses the disparities between the simulated clouds and the real
clouds. Section 4.2 comprehensively evaluates the performance of
adding STCI to the semantic segmentation training set and compares it
with the cloud removal strategy. Section 4.3 investigates the influence of

the proportion of STCI in the training set.

4.1. Cloud simulation realness evaluation

We conducted a comparative experiment to evaluate the commonly
used cloud simulation algorithms. These algorithms are divided into
three categories: inverse image enhancement techniques (IIET), deep
learning-based techniques (DPT), and physical modelling techniques
(FMT):

IIET: Image enhancement techniques (IET) are employed to enhance
the image features and eliminate noise without relying on any physical
image degradation model (Singh et al., 2022). As clouds are known to

Fig. 6. Accuracy comparison results of different methods on the PTD dataset. Each row corresponds to different models. Each column from left to right corresponds
to PTD-H1 ~ H3. The gray background is the control method. The blue background is the cloud removal method. The gold background is the STCI mixing method.
The MF value for each accuracy evaluation experiment is labeled on the graph.
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degrade image quality, IET is usually applied to mitigate their influence,
with some techniques in this category implementing inverse trans-
formations suitable for cloud simulation. For this study, we selected the
inverse histogram equalization (IR-HIST) method (Aboshosha et al.,
2019) and the inverse frequency transformation (IR-FREQ) method (RL.

Easton.Jr, 2010) for comparison.
DPT: The DPT typically utilizes a Generative Adversarial Network

(GAN) structure to transfer images from the cloudless to the haze
domain, producing impressive outcomes. The GAN consists of the
Generator and Discriminator blocks. The Generator creates the

Fig. 6. (continued).

Fig. 7. Visualization of semantic segmentation results of UNet, rows 1–3 corresponds to T1, T2 and T3 from PTD-H1, H2 and H3, respectively. For each column: (a)
the original images with all sizes at 256 × 256 pixels; (b) labels manually created based on visual interpretation; (c-k) visualization of prediction results based on
different methods.
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simulated thin clouds that look realistic and have statistical similarities
with natural cloud styles. The Discriminator learns by distinguishing
between the real and the simulated thin clouds. This adversarial process
continues until the simulated thin clouds are visually identical to real
thin clouds, making it difficult for the Discriminator to differentiate
between the natural and simulated images. State-of-the-art architec-
tures, such as CircleGAN (Zhu et al., 2017) for the unpaired training and
SpA-GAN (Emami et al., 2021) for the paired training, are used for
comparison.

FMT: The FMT methods establish image degradation models based
on the physical effects of the clouds. The ASM and the ASM_NL belong to
the FMT category and are included in the comparison.

The images in Fig. 5(b) are used as a reference to visually compare
different simulated clouds in Fig. 5(c-h). Each simulated cloud method
generated clouds at different levels (LV1-LV3 correspond to PTD H1-H3,
respectively), and the most realistic results in the parameter space were
selected using a traversal strategy. The simulated clouds based on IIET
(Fig. 5 (c-e)) show noticeable visual differences compared to the refer-
ence natural clouds. On the other hand, the simulated clouds based on
DPT and FMT (Fig. 5 (f-i)) display higher fidelity. The Circle-GAN-based
simulated cloud shows noticeable artefacts due to using an unpaired
training set. However, the simulated clouds generated by SpA-GAN,
ASM, and ASM_NL are visually indistinguishable from the real clouds.

Furthermore, we examined their discrete probability distributions
through statistical analysis. The quantitative results are presented in the
lower-left corner of the sub-figure of Fig. 5, which shows the JSD be-
tween the discrete probability distributions of the simulated clouds
(SpA-GAN, ASM and ASM_NL) and the natural clouds. The parameter
inversion covers the entire parameter space, and the JSD values are the
minimum of each inversion. The result shows that the JSD values of the
ASM_NL are consistently lower than those of ASM, with differences
amounting to 0.0256, 0.0598 and 0.1244 for the cloud densities LV1,
LV2 and LV3, respectively. Additionally, we noticed that an increasing
cloud density leads to higher JSD values between the simulated and

natural clouds, indicating that the inherent deviation between the
simulated and the natural clouds is amplified as the cloud density
increases.

4.2. STCI mixing effectiveness evaluation

This section compared the performance of various methods for
mitigating interference from thin clouds. Ten methods were compared
and divided into three groups. The first group contained only one
method, CLEAR_ONLY, as a control, where the model was trained with
PTD-CLEAR and no cloud removal measures were applied. The second
group consists of four cloud removal methods: Dark channel prior
(Kaiming et al., 2009), Contrast-limited adaptive histogram equalization
(CLAHE) (Pizer et al., 1990), ChaIR (Cui and Knoll, 2023), and SpA-
GAN-dehaze (Dash et al., 2024). The third group contained all simu-
lated thin cloud-covered images (STCI) mixing methods. The natural
thin-cloud images (NTCI) were derived from the training sets of PTD-H1
~ H3, and the STCIs were generated based on SpA-GAN-haze, ASM, and
ASM_NL. All these NTCI and STCI were randomly mixed with the PTD-
CLEAR according to a 20 % additional ratio. The accuracy evaluation
was performed on the test set of the PTD-H1 ~ H3.

Moreover, the commonly used CNN-based and Transformer-based
semantic segmentation models, including UNet (Ronneberger et al.,
2015), Une++ (Zhou et al., 2018), UNetFormer (Wang et al., 2022),
DeepLab-v3+ (Chen et al., 2018), DABNet (Li et al., 2020), FCN8S
(Shelhamer et al., 2017), and Segformer (Xie et al., 2021) were involved
in the comparison to demonstrate the generalizability of the proposed
method. None of these models utilized pre-trained models to prevent
interference from external data. All models involved in the comparison
achieved the highest accuracy in 10 independent trainings with different
random number seeds. To ensure consistency, the FocalLoss loss func-
tion(Lin et al., 2020) and the ADAM optimizer (Kingma and Ba, 2014)
used the same set of hyperparameters.

The experimental results are displayed in Fig. 6, with different color

Table 1
Results of the simulated cloud proportion experiments: (a) the proportion ranging from 0 to 1, with intervals of 0.1; (b) the proportion ranging from 0 to 0.1, with
intervals of 0.167 (1/60); (c) the proportion ranging from 0.9 to 1, with intervals of 0.167 (1/60). The accuracy indicators represent the average of 50 models in each
independent sub-experiment. Each test set’s highest (lowest) accuracy indicator is bolded with red (blue).

H. Wang et al. International Journal of Applied Earth Observation and Geoinformation 133 (2024) 104087 

9 



backgrounds assigned to different types of methods for comparison: grey
background for the control method, blue background for the cloud
removal methods, and gold background for the STCI mixing methods.

The meanMF values of the STCI mixing methods on PTD-H1, H2, and
H3 were 0.846,0.832, and 0.711, respectively, which were better than
those of the cloud removal methods (0.675, 0.668, and 0.617) and the
control method (0.812, 0.643, and 0.373). The accuracy of all methods
decreases as cloud density increases, demonstrating that the information
loss caused by thin cloud interference cannot be completely mitigated.
For PTD-H1, which has the lowest cloud density, both the control and
STCI mixing methods have high accuracy.

In contrast, the cloud removal methods have significantly lower ac-
curacy than other methods due to color distortion. Specifically, for PTD-
H2 with medium cloud density, the average MF values of the STCI
mixing methods are significantly higher than that of the control and
cloud removal methods by 0.189 and 0.164, respectively. The DPT-
based cloud removal methods (ChaIR, SpA-GAN-dehaze) perform bet-
ter than the control method, while the overall accuracy is still lower than
that of the STCI mixing methods.

As for T3, characterized by the highest cloud density, even experi-
enced experts could barely identify P. euphratica and T. chinensis under a
specific image stretching. At this stage, the highest MF of the control
method is only 0.512. The average MF of the STCI hybrid methods
declined to 0.711 but is still higher than that of the cloud removal

methods, which registered an average MF of 0.617.
The STCI mixing methods did not show a significant difference in

accuracy on PTD-H1. The ASM_NL achieved an MF of 0.849, which
closely matches the 0.8493 MF of SpA-GAN-haze, surpassing the 0.746
MF of ASM on PTD-H2. As for PTD-H3, the MF value of ASM on several
models, such as DABNet, FCN8S, etc., dropped dramatically, and the
corresponding models failed to converge correctly even after multiple
independent trainings. The MF values of ASM_NL were significantly
higher than those of ASM on all the models and were similar to those of
SpA-GAN-haze. The NTCI mixing method, which serves as the control,
had a higher MF than the STCI mixing methods on PTD-H2 and H3.

Three images, T1, T2, and T3 from PTD-H1, H2, and H3, respec-
tively, were utilized to assess model performance. We performed se-
mantic segmentation using UNet, followed by applying methods
designed to mitigate the interference of thin clouds corresponding to
Fig. 6. The results are shown in Fig. 7. For T1, which had the lowest
cloud density, all methods could accurately map the vegetation and the
desert. However, inaccuracies were observed in differentiating between
T. chinensis and P. euphratica. For T2, which had the medium cloud
density, P. euphratica and T. chinensis cannot be distinguishable with the
CLEAR ONLY method. Therefore, the STCI mixing methods demonstrate
more stable performance, with more precise vegetation contours and
higher distinguishing accuracies between P. euphratica and T. chinensis.
As for T3, which had the highest cloud density, the P. euphratica and

Fig. 8. Boxplots of proportion experiments on the test set of PTD-CLEAR: (a) the proportion ranging from 0 to 1, with intervals of 0.1; (b) the proportion ranging
from 0 to 0.1, with intervals of 0.167 (1/60); (c) the proportion ranging from 0.9 to 1, with intervals of 0.167 (1/60).
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T. chinensis can hardly be identified even under specific image stretch-
ing. At this stage, both CLEAR ONLY and IET-based cloud removal
methods have nearly lost their ability to recognize vegetation, while the
other methods also recognized significantly unstable vegetation con-
tours. Overall, the visual results in Fig. 7 align well with the quantitative
experimental result.

4.3. STCI proportion experiment

In this section, we added different proportions of STCI in the training
set to assess the model’s performance and determine the optimal pro-
portion. The experiments were conducted by mixing the ASM_NL-
generated STCI (cloud density equal to PTD-H2) proportionally into the
PTD-CLEAR and dividing those into three groups: a proportion range
from 0 to 1 with an interval of 0.1, a proportion range from 0 to 0.1 with
an interval of 0.167 (1/60), and a proportion range from 0.9 to 1 with an
interval of 0.167 (1/60). This results in a total of 21 independent sub-
experiments. The UNet model is the only semantic segmentation
model used in the sub-experiment.

Table 1 displays the quantitative results of the accuracy evaluation
for the simulated cloud proportion experiment, with the corresponding
boxplots of each independent sub-experiment shown in Fig. 8 and Fig. 9.
Firstly, we carried out experiments in the proportion range from 0 to 1. It
was observed that, except for the scenarios with a proportion of 0 and 1,

the performance of other sub-experiments was relatively stable, with no
significant differences. The performance at proportions 0 and 1 was
considerably lower than the one of other proportions on the test set of
PTD-H2 and PTD-CLEAR, respectively (marked with red ellipses in Fig. 8
and Fig. 9). These poor performance results aligned with the test image
types missing from the training set, suggesting that even with a small
inclusion of other style images in the training set, the model could
develop a recognition capability for these styles.

The refinement experiment was conducted to determine the upper
and lower limits of the simulated cloud proportion, ranging from 0 to 0.1
and 0.9 to 1. The experimental results showed a considerable
improvement in the model’s performance on the test set of PTD-H2
(PTD-CLEAR), notably when the training set incorporated even the
minimal proportion of simulated thin cloud (cloudless) images at a ratio
of 1/60. Our analysis indicates that once the proportion of simulated
thin cloud (clear) images in the training set ascended to 2/60, the
model’s performance aligned closely with that observed at other specific
proportions, as delineated by the red dashed lines in Fig. 8 and Fig. 9.
Additionally, we observed that at a proportion of 1, there was a
noticeable decline in performance in the test set of PTD-H2, as indicated
by a blue ellipse in Fig. 9 (a). This observation implies that images from
cloudless scenes also played a supporting role in the recognition of the
thin cloud-covered scenes.

Fig. 9. Boxplots of proportion experiments on PTD-H2: (a) the proportion ranging from 0 to 1, with intervals of 0.1; (b) the proportion ranging from 0 to 0.1, with
intervals of 0.167 (1/60); (c) the proportion ranging from 0.9 to 1, with intervals of 0.167 (1/60).
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5. Discussion

The research recognized that real-world scenarios involve nonlinear
factors that can cause specific differences between simulated clouds
generated by ASM and natural clouds. We have highlighted the signif-
icance of these nonlinear components and introduced the main
nonlinear effects, PSF and Perlin noise, into the linear ASM. Our ex-
periments have confirmed the effectiveness of this enhancement. The
experimental results have also shown that subtle differences between
the training and test sets can strongly impact the model’s performance.
Whether the simulated clouds are based on ASM or ASM_NL, they
visually resemble natural clouds and exhibit only minor differences in
their distribution. However, their performance differs significantly from
natural clouds, possibly due to the exclusion of additional nonlinear
factors such as quantization errors, hardware noise, and the inherent
randomness of artificial labeling. Since modeling these factors is chal-
lenging, it is crucial to balance model performance and computational
cost in future work.

The results of the STCI proportion experiment in Section 4.3 showed
that as cloud coverage increases, the mapping accuracy does not
significantly improve, regardless of whether natural or simulated clouds
are used. This means that information loss caused by data-dependent or
model-dependent methods alone cannot fully compensate for informa-
tion loss caused by clouds, and the model’s capacity is inherently limited
by its training data. Additionally, the experiment on the proportion of
simulated cloud images revealed a “catalyst effect.” Adding a small
proportion of simulated cloud images to the training set can significantly
improve the model’s ability in thin cloud scenarios. However, such a
small proportion of simulated cloud images is insufficient for the model
to recognize a thin cloud scenario. This indicates that the “catalyst ef-
fect” is driven by activating the model’s transferability.

6. Conclusion

Thin clouds would weaken the transmission of ground surface in-
formation, which affects semantic segmentation models for surface
analysis. This paper comprehensively investigates the strategy that
mitigates thin cloud interference in semantic segmentation by mixing
the STCI. The main contributions include the generation of annotated
datasets with both thin cloud and cloudless scenes, the formulaic
description of the STCI mixing strategy, and a cost-balanced ASM_NL for
generating high-fidelity simulated thin clouds. Large-scale experiments
evaluated the strategy’s feasibility and advantages compared to cloud
removal methods. Adding 1/60 high-fidelity STCI to the training set
could mitigate thin cloud interference significantly. We also demon-
strate that the STCI mixing strategy might activate the model trans-
ferability. These findings significantly contribute to designing and
optimizing deep learning-based models when mitigating the interfer-
ence caused by thin clouds.

Several challenges and issues should be addressed. These include
defining and measuring the domain gaps between simulated and natural
clouds and exploring high-fidelity simulated cloud models with appro-
priate computational costs. We would leave these challenges for future
research.
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