‘/@}NDERSCIENCE PUBLISHERS

Linking academia, business and industry through research

| ——
Information and
Communication

ik International Journal of Information and Communication
Technology

ISSN online: 1741-8070 - ISSN print: 1466-6642
https://www.inderscience.com/ijict

Multi-scale adaptive graph convolution-based thick cloud
removal method for optical remote sensing images

Honghua Qiu, Kaili Zhang

DOI: 10.1504/1JICT.2025.10071097

Article History:

Received: 10 March 2025
Last revised: 28 March 2025
Accepted: 28 March 2025
Published online: 27 May 2025

Copyright © 2025 Inderscience Enterprises Ltd.


https://www.inderscience.com/jhome.php?jcode=ijict
https://dx.doi.org/10.1504/IJICT.2025.10071097
http://www.tcpdf.org

Int. J. Information and Communication Technology, Vol. 26, No. 15, 2025

57

Multi-scale adaptive graph convolution-based thick
cloud removal method for optical remote sensing

images

Honghua Qiu*

School of Applied Technology,
Zhumadian Preschool Education College,
Zhumadian, Henan,

463000, China

Email: 10271@zyz.edu.cn
*Corresponding author

Kaili Zhang

Henan Institute of Surveying and Mapping,
Zhengzhou, Henan,

450003, China

Email: 18737167540@]163.com

Abstract: Cloud occlusion challenges remote sensing image processing by
degrading quality and analysis accuracy. Existing cloud removal methods
capture local features but struggle with global dependencies and cloud
morphology, limiting detail restoration and consistency. To address this, we
propose a multi-scale adaptive graph convolution generative adversarial
network (MAGC-GAN), integrating a multi-scale adaptive graph convolution
network (MAGCN) and an adaptive patch discriminator (APD). MAGCN
enhances spatial dependencies using adaptive graph convolution, effectively
reconstructing cloud-covered regions by capturing global contextual
relationships. A multi-scale feature fusion mechanism enables adaptation to
varying cloud thicknesses. APD improves fine-detail recovery by evaluating
multiple local patches individually, using an adaptive affine transformation
matrix. It also incorporates texture-aware and global consistency losses to
restore high-frequency details while maintaining coherence. Compared to
existing methods, MAGC-GAN significantly enhances cloud-occluded region
restoration, particularly in detail recovery and precise cloud edge

reconstruction.
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1 Introduction

Remote sensing imagery has wide-ranging applications in geographic information
systems, environmental monitoring, disaster assessment, and other fields (Zhou et al.,
2024a; Ebel et al., 2023; Ji and Zhong, 2024). However, cloud occlusion remains a
significant challenge that affects both image quality and analytical accuracy (Zhao and
Jia, 2023; Zheng et al., 2023; Jing et al., 2023). Clouds not only obscure ground objects,
leading to data loss, but also interfere with subsequent image analysis and pattern
recognition tasks. In cases of thick cloud coverage, cloud removal becomes particularly
difficult, as it involves complex image restoration and detail reconstruction (Liu et al.,
2023a; Li et al., 2023b; Zhao et al., 2023). Traditional cloud removal methods primarily
rely on pixel-based techniques, filtering approaches, or physical models. However, these
methods exhibit limitations in handling the complex morphology of clouds, restoring fine
details, and maintaining global consistency in the reconstructed images (Liu et al., 2024b;
Dou et al., 2024; Zhou et al., 2022). In recent years, deep learning, particularly generative
adversarial networks (GANs) and convolutional neural networks (CNNs), has emerged as
a promising solution for cloud removal tasks (Jin et al., 2024; Zhou et al., 2024b; Ma
et al., 2025; Han et al., 2024).

Existing cloud removal methods can be broadly classified into traditional image
processing-based approaches and deep learning-based approaches. Traditional methods
primarily rely on image segmentation (Wang et al., 2024a), filtering (Liu et al., 2023b),
and multispectral information fusion (Li et al., 2024a) to identify and remove cloud
cover. While effective for simple cloud occlusion scenarios, these techniques struggle to
handle the complex nature of cloud interference. On the other hand, deep learning
methods, including CNNs (Ma et al., 2023; Zi et al., 2023) and GANs (Zhang et al.,
2023; Li et al., 2023a), have shown superior performance in cloud removal by learning
image feature representations automatically and leveraging multi-level feature extraction.
However, despite their advantages in restoring local details, these methods face two
major challenges:

1 Due to the limited receptive field of CNNs, they struggle to model global spatial
dependencies between pixels, making it difficult to reconstruct complex cloud
structures accurately.

2 GAN-based methods, while excelling in global image generation, often fall short in
restoring fine details and ensuring global consistency, particularly in heavily
cloud-covered regions (Hao et al., 2023).

To overcome these limitations, this paper proposes a multi-scale adaptive graph
convolution generative adversarial network (MAGC-GAN), which integrates a
multi-scale adaptive graph convolution network (MAGCN) and an adaptive patch
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discriminator (APD). The core strength of MAGCN lies in its adaptive graph convolution
mechanism, which significantly enhances global spatial dependencies among pixels,
overcoming the limitation of traditional CNNs that rely solely on local convolution for
feature extraction. Compared to existing GCN methods, MAGCN introduces two key
breakthroughs. First, conventional GCNs typically construct graphs based on static or
predefined adjacency matrices, making it difficult to dynamically adapt to the complex
and variable spatial structures within images. In contrast, MAGCN incorporates an
adaptive weighting mechanism that automatically adjusts adjacency relationships based
on image content, enabling more accurate modelling of pixel-level spatial dependencies.
This mechanism not only builds the graph structure according to pixel similarity but also
integrates cloud-edge awareness, empowering the network with stronger perceptual and
structural understanding in cloud-covered regions. Second, MAGCN  integrates
multi-scale feature extraction and weighted fusion, greatly improving its adaptability to
cloud layers of varying thickness and distribution. Traditional GCNs often construct
graphs at a single scale, which limits their ability to simultaneously capture fine-grained
local features and broader structural context. MAGCN addresses this by constructing
graph convolution branches at multiple scales and fusing the extracted features through
adaptive weighting, allowing the network to achieve a better balance between fine detail
restoration and global consistency. The APD is introduced to address the shortcomings of
traditional discriminators in detail restoration. Conventional GANs use a global
discriminator that evaluates the entire image for authenticity. However, this approach
often neglects local details, leading to overly smooth or distorted regions in the generated
images. APD generates multiple local patches through an adaptive affine transformation
matrix and evaluates the authenticity of each patch separately. By independently
assessing the realism of each local patch, APD ensures more refined and accurate detail
restoration. This design significantly enhances the restoration of fine details, preventing
the detail loss commonly seen in traditional methods. Furthermore, APD integrates
texture-aware loss and global consistency loss, guiding the generator to restore
high-frequency details in cloud-covered areas while ensuring consistency between local
details and overall image structure.
The primary contributions of this paper are as follows:

1 Proposing the MAGCN, which enhances the global spatial dependencies between
pixels through adaptive graph convolution operations. By integrating a multi-scale
feature fusion mechanism, it improves the modelling capability of cloud-covered
regions, overcoming the limitations of traditional CNNs in global modelling.

2 Proposing the APD, which generates multiple local patches and evaluates their
authenticity, enhancing local detail recovery and solving the problem where
traditional discriminators fail to restore fine details accurately.

3 Proposing a GAN combining MAGCN and APD, significantly improving cloud
removal performance, particularly in handling complex cloud occlusion and detail
recovery, providing an effective solution.
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2 Related work

2.1 GAN-based cloud removal

GANSs have demonstrated significant potential in cloud removal tasks for remote sensing
images. Compared to traditional CNNs, GANs can better model global information and
handle the complex structures of clouds. Dou et al. (2024) proposed a cloud removal
method based on multi-scale spatial information perception. By employing convolutional
kernels of various scales and integrating global semantic and local detail information, the
method utilises an attention mechanism to dynamically adjust channel weights,
enhancing feature reconstruction performance. However, despite its effectiveness in local
detail restoration, this method still falls short in global modelling of cloud structures.
Baskar et al. (2024) introduced an unsupervised cloud removal approach that incorporates
variational mode decomposition (VMD) to enhance key image information. The method
extracts high-information-content regions using VMD and then employs UVCGAN to
generate images with thin clouds removed, significantly improving cloud removal
effectiveness, particularly in the case of thin cloud occlusion. To address more complex
cloud structures, Bie and Su (2024) proposed a multi-scale context-guided feature
enhancement cloud removal network (MCGFE-CR). This method utilises a multi-scale
context attention-guided module and a residual channel attention module to enhance the
fusion of global and local information, thereby improving the quality of cloud removal.
Similarly, Xiao (2024) proposed a thin cloud removal method based on multi-scale
feature fusion, designed to enhance the network’s ability to extract details, achieving
excellent results in fine detail restoration. Although these methods have achieved
promising results in removing thin clouds, their effectiveness in handling thick clouds
remains limited. To address this challenge, Li et al. (2024b) proposed a unified
framework for processing both thin and thick clouds. Their method employs a residual
structured network to restore image information in thin cloud regions, while leveraging
synthetic aperture radar (SAR) images to assist in thick cloud removal. This approach
significantly enhances cloud removal quality and visual consistency, achieving
remarkable progress, particularly in the restoration of thick cloud-covered areas.

2.2 GCN in remote sensing images

Graph convolutional networks (GCNs) have increasingly demonstrated their unique
advantages in remote sensing image analysis, particularly in handling spatial structures
and contextual information. Compared to traditional methods, GCNs exhibit superior
performance in these aspects. Wang et al. (2024b) proposed a change detection network
(CF-GCN), which constructs a coordinate-space graph convolutional network (GCN_C)
and a feature-interaction graph convolutional network (GCN_F) in the encoder and
decoder, respectively. This approach successfully models spatial relationships and feature
interactions within the image, enhancing the perception of image boundaries. Their
results indicate that GCNs offer significant advantages in transmitting and precisely
extracting boundary information. Zhang et al. (2024) proposed a U-GCN-based method
for mining area extraction. By leveraging graph structure propagation and multi-level
feature aggregation, the method effectively captures global spatial relationships and
contextual information. This demonstrates the potential of GCNs in handling complex
spatial structures and multi-level feature information in remote sensing images,



Multi-scale adaptive graph convolution-based thick cloud removal method 61

particularly for high-precision target extraction. Lu et al. (2024) introduced the BI2Net
method, which employs graph convolution and soft clustering techniques to effectively
extract boundary information of target areas. Additionally, their graph interaction module
(GIM) enhances the correlation between boundary and internal information. This method
highlights the advantages of GCNs in processing image boundaries and complex
structures, especially in dynamic and intricate scenes. Song et al. (2024) developed the
CSAGC method, which integrates CNN and GCN by designing multiple enhancement
modules to process contextual information in remote sensing images. By fusing local and
global features, this approach improves change detection performance, demonstrating the
strong capability of GCNs in multi-scale spatial information fusion. Liu et al. (2024a)
proposed the RDPGNet method, which utilises GCNs for automatic road extraction.
Their approach adopts a multi-view information fusion strategy, enhancing the network’s
ability to perceive complex road structures. This method showcases how GCNs can
effectively handle diverse spatial relationships and adapt to remote sensing images with
intricate features.

Although the aforementioned methods are not specifically designed for cloud removal
tasks, they highlight the significant advantages of GCNs in processing spatial structures,
global information, and boundary perception in remote sensing images. These advantages
provide valuable insights for cloud removal, suggesting that GCNs can play a crucial role
in modelling relationships between clouds and ground information, as well as improving
the accuracy of cloud boundary extraction.

3 Proposed method

To ensure detail restoration and address the issue of global consistency, we propose a
MAGC-GAN. The workflow of MAGC-GAN is illustrated in Figure 1.

Figure 1 Workflow of the proposed MAGC-GAN (see online version for colours)

Fake?  Fake?
Real?  Real?

1 Qutput
i
1
I

______

This method is based on a GAN and achieves thick cloud removal through an encoder-
decoder structure. The GAN encoder consists of three branches and three stages. In the
first branch, the pixel-level features of the input image H,is are extracted. In the second
branch, the cloud structure information Heous is extracted, describing the cloud’s
distribution, occlusion intensity, and hierarchical structure. In the third branch, the
contextual information Heoner 1S extracted, providing environmental features surrounding
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each pixel. After feature extraction, the first stage merges the pixel-level features and
cloud structure information to form the first-round fusion features Hyion1 = [Hpivet, Hetoud)-
The second stage concatenates this fusion feature with the contextual information to
obtain the final input feature matrix Hiypuw = [Husion1, Heomex]. This is then fed into the
MAGCN for further processing, where MAGCN enhances the global spatial
dependencies of the image through graph convolution operations, particularly focusing
on structured feature extraction in cloud-covered regions. Next, the decoder restores the
image and generates the cloud-removed image /generared. This image, along with the real
cloud-free image (ground truth), is input into the discriminator for comparison.
Furthermore, the generated image Igenerared 1S passed through the APD, which evaluates
the authenticity of the generated image at multiple granular scales. This guides the
network to optimise the generated results, ensuring that the generated image performs
well in detail restoration and structural consistency.

3.1 Multi-scale adaptive graph convolution

In the task of thick cloud removal in remote sensing images, the complexity and diversity
of cloud occlusion pose challenges for traditional CNNs in handling global dependencies
and cloud details. To overcome this issue, this paper proposes a MAGCN, which
enhances the network’s global modelling capability by integrating adaptive graph
convolution operations, multi-scale feature fusion, and cloud structure modelling. The
workflow of MAGCN is illustrated in Figure 2.

Figure 2 Workflow of the MAGCN and APD (see online version for colours)
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The process of MAGCN is shown in equation (1):

oS, ) »

where HY represents the node feature matrix at layer /, with each node corresponding to a
pixel in the image, and the feature vector containing information such as colour and
texture. W is the learnable weight matrix of the layer, o denotes the ReLU activation
function, and N; represents the neighbourhood of node j, which is the set of pixels
adjacent to pixel j in the image. To better model the global spatial dependencies of the
image, particularly the complex structures in cloud-covered regions, we further introduce
the adaptive weight ¢, which dynamically adjusts the adjacency matrix to reflect the
spatial dependencies between nodes. Its calculation is given in equation (2):
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where ||x; — x;||> represents the Euclidean distance between nodes i and j, which measures
the spatial similarity between pixels. o controls the attenuation range of similarity,
determining the influence of neighbouring pixels. |[Vxi — Vxj, is the edge-aware
function, designed to enhance feature extraction in cloud edges or complex structural
regions. The adaptive weighting mechanism increases the weight of cloud edges,
enabling the network to focus more on feature extraction in complex structural regions,
thereby improving cloud removal performance.

Additionally, MAGCN employs a multi-scale feature fusion mechanism to enhance
the network’s adaptability to multi-scale variations of clouds. Specifically, the feature

matrix H{" at each layer is extracted at different scales and, after weighting, forms the
final feature matrix. The calculation process is given in equation (3):

0) _\ 0
Hmulti-scale - 23:1 Wy - HJ‘ (3)

where H® represents the feature matrix extracted at scale s in layer /, w, denotes the

weighting coefficient for each scale, indicating the contribution of different scale features
to the final result, and S is the total number of scales. By weighting and fusing features
from multiple scales, MAGCN can adapt to clouds of varying thickness and complex
occlusion, enabling the network to capture richer feature information at multiple scales
and thereby improving the performance of thick cloud removal.

In the design of input features, MAGCN integrates multiple information sources to
optimise the construction of the input feature matrix H®. Specifically, the input feature

matrix consists of three components: pixel-level features H'!) cloud structure

pixel >

information H . and contextual information H'") ..., as shown in equation (4):

cloud >
1 1 1
H(l) = I:Hl(w.lel, Hilzud’ Hc('ozztext] (4)
where H g&d captures the detailed information of the image, primarily including low-

level features such as colour and texture. H;) , describes the distribution, occlusion
intensity, and hierarchical structure of clouds, enhancing the modelling capability of
cloud-covered regions. HD . provides environmental information surrounding each

pixel, aiding in the understanding of long-range dependencies, especially in regions with
complex cloud occlusion. By integrating these multi-source information components,
MAGCN can more comprehensively model the spatial and contextual structure of the
image, significantly improving the effectiveness of thick cloud removal.
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3.2 Adaptive patch discriminator

To enhance the quality of the generated images and improve detail restoration, we
propose a novel discriminator network, the APD. The workflow of APD is illustrated in
Figure 2. This method integrates CNNs with adaptive affine transformation matrices to
generate multiple local patches and evaluate the authenticity of each patch.

Specifically, given an input image /e R¥7*C where H and W represent the height
and width of the image, respectively, and C denotes the number of channels, the
discriminator first extracts global features using a CNN, obtaining a feature map
F e R where H and W are the dimensions of the feature map, and C’ is the
number of channels. Next, the discriminator applies a set of adaptive affine
transformation matrices 4, 4, ..., 4, € R?3 to the feature map F, performing spatial

transformations to generate n different local patches. For the ;% patch, the
affine-transformed patch P; is obtained using equation (5):

Py = A;F 5)

where P, e R7»"»*C" represents the j patch, with H, and W, denoting the height and

width of the patch, respectively, and C” being the number of channels in the feature map.
Each generated patch P; is fed into a small CNN for local authenticity evaluation,
producing a scalar output D(P;) € [0, 1]. This scalar value represents the authenticity of
the patch, where a value closer to 1 indicates a more realistic patch, while a value closer
to 0 indicates a more synthetic or fake patch. The process of authenticity evaluation by
the discriminator is described in equation (6):

D(P;)=0(CNN puer (7)) Q)

where ¢ is the sigmoid activation function, and CNN,u.; represents the discriminator
network applied to each patch. To optimise the network’s performance, a binary
cross-entropy loss function is used to measure the authenticity of each patch between the
generated and real images. The specific form is given in equation (7):

Ly = Y[ Tog(D(Pt)) +1og(1-D(P/*)) | @

where P/ and P/"k‘? represent the real and fake patches, respectively. The loss function

trains the discriminator by maximising the authenticity of real patches while minimising
the authenticity of fake patches.

Additionally, cloud occlusion often results in the loss of fine texture details, making
the generated images appear overly smooth. To address this issue, this paper introduces a
texture loss, with the specific process described in equation (8):

Liexture = Bixe pgoa () ["T exture(G(x)) — Texture( Xeioud- free )

1 ®

where Texture(x) represents the texture features extracted using the Gabor filter, and ||-||;
denotes the L; norm, which measures the texture difference between the generated and
real images.

To ensure the global consistency of the generated images, we further introduce a
global consistency loss Lgiopq. This loss function optimises the restoration of the overall
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structure in the generated image, ensuring consistency in the overall composition. The
calculation process is given in equation (9):

Lglobal = Ex~pdm,, (x) I:"G(X) — Xcloud - free H :' (9)
where ||-|]2 denotes the L, norm, which measures the difference between the generated and
real images in terms of global structure.

Finally, the total loss function of the entire network integrates texture-aware loss,
global consistency loss, and the loss from the APD. The specific expression of the total
loss function is given in equation (10):

Lﬁnal = aLtexure + ﬂLg/obal + pratch (10)

where Liexure Tepresents the texture-aware 1oss, Lgopa 1S the global consistency loss, and
Lpuen is the loss computed by the APD. The coefficients ¢, 5, and y are the weighting
factors for each loss term. By optimising this total loss function, the model can
simultaneously enhance local detail restoration, cloud region reconstruction, and global
structural consistency, thereby generating high-quality cloud-free images.

4 Experiment

4.1 Experimental setup and environment

This experiment was conducted on a computer equipped with an Intel Core i9-10900K
processor, an NVIDIA GeForce RTX 3090 GPU, and 64GB of RAM. The operating
system was Ubuntu 20.04 LTS, and the implementation was based on PyTorch 1.10.0
with Python 3.8. The model was trained using the Adam optimiser with an initial learning
rate of 2 x 1074, a batch size of 16, and a total of 200 training epochs. The learning rate
was decayed every ten epochs. MAGCN employed a three-layer GCN network, with each
layer containing 1,536 feature channels. Additionally, the discriminator network adopted
the APD, generating a total of 256 patches, each with a size of 32 x 32 pixels. The loss
function combined texture 10ss Liewurer global consistency loss Lgiosa, and adaptive patch
loss Lpaich, With weight coefficients of 0.5, 0.3 and 0.2, respectively, to balance detail
restoration and global structure consistency.

4.2 Dataset and evaluation metrics

This experiment utilises four datasets: RICE1, RICE2, T-CLOUD, and WHUS2-CR.
RICE1 and RICE2 are from the RICE dataset, where RICE1 is a thin cloud dataset
containing 500 image pairs. The data is sourced from Google Earth, with an image size of
512 x 512 pixels, primarily focusing on thin cloud removal tasks. In contrast, RICE2 is a
thick cloud dataset containing 736 image pairs, sourced from Landsat 8, with the same
image size of 512 x 512 pixels. It is mainly used for handling thick cloud occlusion
scenarios. To verify the generalisability of our algorithm, in addition to experiments on
the RICE1 dataset, we also conducted experiments on RICE2 to evaluate the algorithm’s
performance in more complex cloud conditions. T-CLOUD is a thin cloud dataset
acquired by the Landsat 8 satellite, consisting of 2,939 real image pairs. The time interval
between image pairs is 16 days. The dataset is divided into a training set with 2,351 pairs
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and a test set with 588 pairs, with an image size of 256 x 256 pixels. The distinctive
characteristic of the T-CLOUD dataset is its long-time interval, which results in more
complex cloud variations, making it suitable for studying cloud removal over extended
time spans. WHUS2-CR is a dataset acquired by the Sentinel-2A satellite, using the
satellite’s visible light bands to construct true-colour images. The time interval between
image pairs corresponds to the satellite’s revisit period. WHUS2-CR is also a thin cloud
dataset, containing 3,776 image pairs for training and 944 image pairs for testing, with an
image size of 256 x 256 pixels.

For the evaluation metrics, we selected three commonly used image quality
assessment standards: PSNR, SSIM, and NIQE. The calculation processes are shown in
equations (11), (12) and (13), respectively.

MAX?
PSNR =10-1 ’j 11
Oglo( MSE (11)
2uu, +C ) (20, +C
SSIM (x, y) = (2‘”? 1)(2‘” 2 2) (12)
(,ux+py+C|)(0'x+0y+C2)
> +3, )"
NIQE:\/('“"M)T( 12 pj (1) (13)

Peak signal-to-noise ratio (PSNR) is used to measure the quality of image reconstruction,
where a higher value indicates a greater similarity between the reconstructed image and
the original image. Structural similarity index measure (SSIM) evaluates image quality
based on structural similarity, with values closer to 1 indicating a higher structural
resemblance between images. Natural image quality evaluator (NIQE) is a no-reference
quality assessment method that measures the naturalness and visual quality of an image,
where a lower value corresponds to better image quality. By using these three metrics, we
can comprehensively evaluate our method’s performance in cloud removal from different
perspectives.

4.3  Results and analysis

4.3.1 Ablation study

To further verify the contribution of each module to the performance of MAGC-GAN,
we conducted an ablation study on the RICE2 and WHUS2-CR datasets. By
progressively removing the multi-branch encoder, MAGCN, APD, and texture loss
module, we analysed the impact of each component on image quality. A quantitative
comparison was performed using PSNR, SSIM, and NIQE as evaluation metrics. The
experimental results are shown in Table 1.

It can be observed that MAGC-GAN achieves the best performance on the RICE2
dataset, with a PSNR of 38.26, SSIM of 0.94, and NIQE of 3.12. The removal of any
module leads to varying degrees of decline in these metrics. In particular, after removing
the MAGCN module, PSNR drops to 34.98, SSIM decreases to 0.89, and NIQE rises to
3.50, indicating that MAGCN plays a crucial role in capturing image structures and
details. Similarly, removing the multi-branch encoder results in a decrease in PSNR to
36.15 and SSIM to 0.91, while NIQE increases to 3.35, demonstrating its importance in
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handling complex image details and multi-scale information. After removing the APD
module, PSNR drops to 35.76, SSIM to 0.90, and NIQE rises to 3.45. Although the
overall performance remains relatively good, there is a noticeable decline in image
contrast and detail restoration. Removing the texture loss module results in PSNR of
36.45, SSIM of 0.92, and NIQE of 3.30. While the performance is still competitive, the
naturalness of the image and preservation of texture details are significantly affected.

Table 1 Impact of each module in MAGC-GAN on model performance

RICE2 WHUS2-CR
Methods
PSNR SSIM NIQE PSNR SSIM NIQE

w/o multi-branch encoder 36.15 0.91 3.35 30.85 0.88 4.05
w/o MAGCN 3498 0.89 3.50 29.67 0.85 4.18
w/o APD 35.76 0.90 345 30.10 0.87 4.12
w/o texture loss 36.45 0.92 3.30 31.50 0.89 4.00
MAGC-GAN 38.26 0.94 3.12 32.67 0.93 3.76

On the WHUS2-CR dataset, MAGC-GAN achieves a PSNR of 32.67, SSIM of 0.93, and
NIQE of 3.76, still outperforming the models with removed modules. After removing the
MAGCN module, PSNR drops to 29.67, SSIM decreases to 0.85, and NIQE rises to 4.18,
showing a significant change. This highlights MAGCN’s critical role in restoring image
details and structures in this dataset. The removal of the multi-branch encoder also leads
to a decline in PSNR and SSIM, though the impact is less pronounced compared to
removing MAGCN, yet still not negligible for image quality. Removing APD results in a
significant drop in PSNR and SSIM, reflecting the importance of APD in enhancing
image contrast and colour restoration. After removing texture loss, the PSNR is 31.50,
SSIM is 0.89, and NIQE is 4.00, leading to slight losses in image details and naturalness.

4.3.2 Comparison experiments

To verify the advantages of MAGCN, we compare it with several commonly used graph
neural network methods, including GCN (Kipf and Welling, 2016), GNN (Scarselli et al.,
2008), and GAT (Velickovic et al., 2017). Experiments were conducted on the RICE2
and WHUS2-CR datasets, and the results are shown in Table 2.

Table 2 Performance comparison between the proposed MAGCN and other graph neural
network methods

RICE?2 WHUS2-CR
Methods
PSNR SSIM NIQE PSNR SSIM NIQE
GNN 35.65 0.91 3.36 31.35 0.89 3.91
GCN 34.12 0.89 3.47 30.45 0.86 4.01
GAT 36.08 0.92 3.25 31.85 0.90 3.83
MAGCN 38.26 0.94 3.12 32.67 0.93 3.76

From the experimental results, it can be observed that MAGCN achieves the best
performance on both the RICE2 and WHUS2-CR datasets, significantly outperforming
other methods in terms of PSNR, SSIM, and NIQE. On the RICE2 dataset, MAGCN
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surpasses GCN, GNN, and GAT in all metrics, with the lowest NIQE value, indicating
that it can restore more details and structural information while maintaining the most
natural appearance of the images. In contrast, GCN exhibits weaker performance, with
PSNR and SSIM values significantly lower than those of other methods, and a higher
NIQE value, reflecting its limitations in cloud structure modelling and detail restoration.
On the WHUS2-CR dataset, MAGCN maintains its superiority, achieving a PSNR of
32.67, SSIM of 0.93, and NIQE of 3.76, all of which remain the highest among the
compared methods. Although GNN and GAT show some improvements, with PSNR
values of 31.35 and 31.85, respectively, they still fall short of MAGCN. Moreover, their
NIQE values are higher than that of MAGCN, indicating that they are less effective in
detail recovery and preserving the natural appearance of images. Overall, MAGCN, with
its innovative graph convolution mechanism and multi-scale feature fusion, demonstrates
clear advantages over GCN, GNN, and GAT in terms of detail restoration and the
naturalness of image reconstruction. In particular, in complex cloud occlusion scenarios,
MAGCN better captures global dependencies, thereby enhancing the visual quality and
realism of the generated images.

4.3.3 Hyperparameter experiment

To further verify the performance of the APD, we conducted experiments with different
numbers of patches, specifically using 4, 16, 64, and 256 patches. The performance of the
model under different patch numbers was compared on the RICE2 and WHUS2-CR
datasets, and the experimental results are shown in Figure 3.

Figure 3 Impact of different patch numbers in the APD module on model performance
(see online version for colours)

RICE2 RICE2

39 — 0.95 4 -

38 A N 3.8 N g5 S
Z n o~ 00 2 < 3° IS g
g / / wv z 34 \ 75 &

20 = 3.2 NS &

35 v 0.85 3 65

4 16 64 256 4 16 64 256
—o—PSNR —e—SSIM —o—NIQE Params (M)
WHUS2-CR WHUS2-CR

33 . 0.95 44 80
L ® A 5 B 4-2 = 60 &
Z 31 & -2 \\\ 0 £
B an eé// 085 « < 0 3

30 — 3.6 “&m

29 0.8 3.4 0

4 16 64 256 4 16 64 256
——PSNR —e—SSIM ——NIQE FLOPs (B)

It can be observed that as the number of patches increases, the model’s performance
improves significantly. On the RICE2 dataset, when the number of patches is only 4,
PSNR is 35.10, SSIM is 0.88, and NIQE is relatively high at 3.95. This indicates that
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with too few patches, the model fails to fully capture local image details, resulting in poor
cloud removal performance, blurry cloud edges, and detail loss. A similar trend can be
observed on the WHUS2-CR dataset, where with only four patches, PSNR is 29.78,
SSIM is 0.84, and NIQE is as high as 4.25. This suggests that at higher resolutions, a
small number of patches cannot ensure the naturalness and consistency of image
reconstruction. When the number of patches increases to 16, PSNR and SSIM improve
moderately, while NIQE decreases, indicating that more patches allow the model to focus
more precisely on local textures and contrast. However, certain limitations remain. With
64 patches, the performance improves further, particularly in SSIM and NIQE,
demonstrating that the model can better restore details in cloud-covered regions,
producing images that more closely resemble real ground textures. When the number of
patches is further increased to 256, the model achieves its best performance on both the
RICE2 and WHUS2-CR datasets, with PSNR values of 38.26 and 32.67, SSIM values of
0.94 and 0.93, and NIQE values dropping to 3.12 and 3.76, respectively. This indicates
that using 256 patches allows the model to fully leverage local discrimination
information, enhancing the detail quality in cloud-removed areas while maintaining
overall image consistency. However, although increasing the number of patches improves
model performance, it also significantly increases computational cost. The number of
parameters grows from 65.32 M at four patches to 92.10 M at 256 patches, while FLOPs
increase from 12.50 G to 58.75 G, indicating that computational complexity increases
exponentially with the number of patches. Therefore, in practical applications, the choice
of patch number should balance computational resources and model performance. When
computational resources are limited, 256 patches may be a more cost-effective choice,
providing high image quality while controlling computational cost.

4.3.4 SOTA comparison experiment

To comprehensively evaluate the performance of MAGC-GAN, we compared it with
state-of-the-art (SOTA) cloud removal methods across four datasets. The comparison
results on RICE1 and RICE2 datasets are shown in Table 3, while the results on
T-CLOUD and WHUS2-CR datasets are also presented in Table 3.

Experimental results show that MAGC-GAN achieves consistently superior
performance on both the RICE1 and RICE2 remote sensing datasets. Its PSNR and SSIM
scores are significantly higher than those of existing methods, while its NIQE is the
lowest among all, indicating that the images generated by MAGC-GAN are visually
closer to real cloud-free images and exhibit a more natural and realistic appearance
overall.

In comparison with mainstream methods, MS-GAN demonstrates strong performance
on the RICE1 dataset, achieving a PSNR of 32.50 and an SSIM of 0.93, validating the
effectiveness of its multi-scale generation architecture for detail restoration. However, on
the more challenging RICE2 dataset, MS-GAN’s NIQE rises to 5.31, suggesting that it
still produces noticeable artefacts when dealing with thick cloud occlusion, and struggles
to accurately reconstruct ground objects, thereby limiting the overall image quality.

Another method, RCAN, also shows some advantage in SSIM, but its PSNR scores
are only 26.68 on RICE1 and 19.39 on RICE2 — both considerably lower than those of
MAGC-GAN. This indicates that although RCAN utilises a residual channel attention
mechanism to enhance feature extraction in cloud-covered regions, its ability to
reconstruct information under complex cloud conditions remains limited, especially in
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thick cloud areas where the reconstruction quality is poor and the overall image fidelity is
low.

Table 3 Quantitative comparison of different SOTA cloud removal methods on the RICE1 and

RICE2 datasets
RICEI RICE?
Methods
PSNR  SSIM  NIQE PSNR  SSIM  NIQE

DCP (He et al., 2010) 18.79  0.76 4.83 1699 0.64 4382
SPA-GAN (Pan, 2020) 29.60 091 491 3093  0.87 5.03
YUV-GAN (Wen et al., 2021) 23.45 0.88 5.22 1823  0.81 7.29
MS-GAN (Xu et al., 2021) 32.50 093 3.87 32.34  0.88 5.31
RCAN (Wen et al., 2022) 26.68 0.93 4.27 19.39  0.84 3.87
CVAE (Ding et al., 2022) 33.05 0.88 5.63 35.54 0091 5.52
CMNet (Liu et al., 2024b) 37.59  0.96 4.19 37.56 092 5.21
Patch-GAN (Ma et al., 2025) 3572 094 3.96 36.11 0.91 3.48
SRG-GAN (Yang et al., 2024) 36.38 095 3.88 36.67 092 3.29
Cloudformer-CycleGAN (Fang, 2024) 36.91 0.95 3.65 3723 093 322
MAGC-GAN 3834 097 336 3826 094 312

In contrast, MAGC-GAN achieves a significant breakthrough in modelling spatial
dependencies within images. Its introduction of the MAGCN not only overcomes the
limitations of traditional CNNs constrained by local receptive fields, but also outperforms
existing GCN-based approaches through dynamic graph modelling and multi-scale
feature integration. MAGCN captures both fine-grained local details and global structural
information across multiple scales and fuses them using adaptive weighting, enabling
more accurate cloud structure modelling and ground object restoration — particularly
effective in scenes with thick cloud cover.

Unlike MS-GAN, which relies on synthetic cloud generation strategies for training,
MAGC-GAN directly learns cloud removal features from real remote sensing data,
avoiding potential domain bias and enhancing generalisation and restoration quality in
real-world scenarios. Moreover, the APD adopted in MAGC-GAN addresses the
shortcomings of RCAN, which relies solely on global information. By combining global
structural optimisation with localised cloud-edge refinement, APD significantly improves
detail restoration in heavily cloud-covered areas, enhancing both the realism and
structural consistency of the generated images.

Experimental results demonstrate that MAGC-GAN outperforms existing mainstream
methods on both the T-CLOUD and WHUS2-CR remote sensing cloud removal datasets.
It achieves the highest scores in PSNR and SSIM, while also delivering the best
performance in NIQE evaluation. These results indicate that the cloud-free images
generated by MAGC-GAN surpass other methods in detail preservation, structural
reconstruction, and visual naturalness, resulting in superior overall image quality.

Among the compared methods, CMNet achieves SSIM scores close to those of
MAGC-GAN, suggesting that its use of the Swin Transformer architecture is effective in
modelling global information and enhancing cloud removal. However, CMNet falls
slightly behind MAGC-GAN in terms of PSNR and NIQE, indicating that its generated
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images still contain blurry regions — especially in thick cloud-covered areas — where it
fails to fully recover the details of occluded ground objects.

Table 4 Quantitative comparison of different SOTA cloud removal methods on the T-CLOUD
and WHUS2-CR datasets

Methods T-CLOUD WHUS2-CR
PSNR  SSIM  NIQE PSNR  SSIM  NIQE
DCP (He et al., 2010) 17.55  0.67 7.37 15.08  0.59 5.44
SPA-GAN (Pan, 2020) 2741  0.82 5.37 027.72  0.83 5.83
YUV-GAN (Wen et al., 2021) 2291 081 6.06 17.75 0.76 5.72
MS-GAN (Xu et al., 2021) 28.05  0.83 4.93 22.63 0.77 5.18
RCAN (Wen et al., 2022) 25.06  0.86 4.99 2136 0.75 5.38
CVAE (Ding et al., 2022) 29.67  0.89 491 2950  0.85 5.82
CMNet (Liu et al., 2024b) 31.89  0.90 4.94 30.84 090 4.81
Patch-GAN (Ma et al., 2025) 3135 091 4.52 30.65 0.89 4.05
SRG-GAN (Yang et al., 2024) 32.04 092 4.31 31.15 0.91 391
Cloudformer-CycleGAN (Fang, 2024)  32.77  0.92 4.15 32.05 0.92 3.83
MAGC-GAN 3348 0.93 3.83 32.67 0.93 3.76

The CVAE method utilises a conditional variational autoencoder to generate multiple
candidate cloud-free images for improved accuracy. However, its NIQE score on the
WHUS2-CR dataset reaches 5.82, revealing the presence of noticeable artefacts that
compromise visual quality. This is particularly evident in complex cloud conditions,
where the single encoder-decoder architecture of CVAE struggles to balance global
structural consistency with local detail reconstruction.

In contrast, MAGC-GAN demonstrates significant advantages in restoring regions
affected by thick cloud coverage. Although CMNet incorporates a local information
memory module (LIMM) and a global information assistance module (GIAM), it still
relies primarily on the transformer structure for global modelling. This results in limited
performance in accurately recovering cloud boundaries, thus constraining further
improvement in PSNR. MAGC-GAN addresses this issue by introducing the MAGCN,
which models pixel relationships across multiple scales. Through graph-based spatial
modelling, MAGCN enhances the recognition and reconstruction of cloud-covered
regions, achieving a balance between global consistency and local detail restoration.

Furthermore, the APD in MAGC-GAN further improves the precision of local detail
recovery, particularly in heavily clouded regions. Unlike CVAE, which depends on a
single network to generate cloud-free images, MAGC-GAN incorporates multi-scale
feature fusion and edge-aware weighting strategies. These mechanisms enable the
network to effectively model and restore clouds of varying thickness and complexity,
ultimately producing clearer, more natural, and higher-quality cloud-free images.

Finally, to evaluate the computational complexity of the proposed algorithm and
explore its feasibility for real-world deployment, we further compared the performance of
mainstream methods in terms of both time and space complexity. Specifically, we
considered three key indicators: the number of model parameters (Params), the number of
floating-point operations (FLOPs), and the inference speed (FPS). The comparison results
are presented in Table 5.
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Table 5 Comprehensive comparison including parameters, FLOPs, and inference speed
Methods Params (M) FLOPs (G) FPS
DCP (He et al., 2010) 1.2 3.8 62.3
SPA-GAN (Pan, 2020) 17.6 452 22.1
YUV-GAN (Wen et al., 2021) 12.9 39.5 26.4
MS-GAN (Xu et al., 2021) 257 68.9 183
RCAN (Wen et al., 2022) 15.3 51.4 20.5
CVAE (Ding et al., 2022) 34.2 74.8 14.8
CMNet (Liu et al., 2024b) 42.1 82.5 16.0
Patch-GAN (Ma et al., 2025) 355 60.2 20.3
SRG-GAN (Yang et al., 2024) 36.8 63.9 18.7
Cloudformer-CycleGAN (Fang, 2024) 37.2 66.1 18.1
MAGC-GAN 39.4 58.7 19.6

As shown in Table 5, MAGC-GAN achieves the best overall trade-off between
performance and efficiency. While maintaining a moderate model size (39.4M
parameters) and lower computational complexity than some recent methods like CVAE
or CMNet, it delivers the highest PSNR (33.48), SSIM (0.93), and the lowest NIQE
(3.83). Its inference speed of 19.6 FPS is also competitive, making it suitable for practical
deployment scenarios. These results confirm that MAGC-GAN achieves SOTA cloud
removal performance with superior balance in quality, complexity, and efficiency.

4.3.5 Visualisation experiment

To further verify the effectiveness of MAGC-GAN in cloud removal tasks, we conducted
a visualisation experiment by selecting cloud-removed images from four datasets and
comparing them with the cloud removal results of other SOTA methods, as shown in
Figure 4.

From the visualisation experiment results, MAGC-GAN demonstrates a clear
advantage in cloud removal tasks. Compared to other SOTA methods, MAGC-GAN can
better restore ground object information obscured by clouds while preserving rich details
and natural colours. Specifically, in terms of cloud removal effectiveness, MS-GAN,
RCAN, and CVAE can reduce cloud interference to some extent, but they still suffer
from varying degrees of information loss and blurring in thick cloud areas. MS-GAN
relies on synthetic data for training, which enables good recovery in thin cloud regions
but results in noticeable distortion and detail loss in thick cloud areas. RCAN employs a
channel attention mechanism to enhance feature representation; however, it tends to
introduce excessive smoothing during cloud removal, leading to the loss of fine details.
Additionally, CVAE generates multiple possible cloud-free images, but its results often
lack sharpness, causing blurred texture details. CMNet, one of the stronger-performing
methods, effectively restores ground structure information and performs better in
preserving local details than the previously mentioned methods. However, since it uses a
cascaded memory network, it still struggles in extreme thick cloud regions, where
unnatural edge transitions or partial detail loss may occur.

In contrast, MAGC-GAN achieves a more comprehensive restoration of ground
objects, depicting cloud-covered details more naturally while avoiding excessive
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smoothing and edge blurring issues. The adaptive graph convolution mechanism in
MAGCN effectively enhances spatial information modelling, making the cloud-removed
image structure more coherent. Meanwhile, APD strengthens local discrimination,
improving detail restoration and ensuring that the cloud-free image retains rich
high-frequency information and natural textures.

Figure 4 Qualitative comparison of different methods across multiple datasets (see online version
for colours)
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Additionally, to further analyse the attention distribution of MAGC-GAN during image
processing, we applied heatmap visualisation to intuitively display the areas focused on
during cloud removal. The results are shown in Figure 5.

From the heatmap visualisation experiment, it can be observed that MAGC-GAN
effectively focuses on cloud-covered areas during the cloud removal process and
accurately restores key ground object information. The heatmap illustrates the model’s
attention distribution in the cloud removal task, where red and yellow areas indicate
regions with high attention, while blue areas represent regions with low attention. The
results show that MAGC-GAN primarily concentrates on severely cloud-covered areas,
particularly along cloud edges, where it exhibits a stronger response. This indicates that
MAGCN, through adaptive graph convolution operations, effectively enhances the
modelling capability for complex cloud structures, enabling the network to accurately
locate cloud-covered areas and utilise surrounding information for better restoration.
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Figure 5 Heatmap visualisation of intermediate feature maps in MAGC-GAN (see online version
for colours)
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5 Conclusions

Thick cloud occlusion significantly affects the quality and application of optical remote
sensing images. To address this issue, this paper proposes the MAGC-GAN, which
integrates the MAGCN to enhance global modelling capability and employs the APD to
refine local detail restoration. Experimental results demonstrate that MAGC-GAN
outperforms existing methods across multiple datasets, achieving the best performance in
PSNR, SSIM, and NIQE, while also demonstrating advantages in thick cloud removal,
edge detail recovery, and visual consistency. Ablation experiments and heatmap
visualisations further verify the effectiveness of MAGCN and APD in improving cloud
removal quality. Despite its excellent performance in thick cloud removal tasks,
MAGC-GAN still has some limitations. When dealing with extremely complex cloud
structures, the model may still suffer from detail loss or reconstruction bias, and its
computational complexity remains relatively high. Future work will focus on optimising
the lightweight design of the model, exploring more efficient graph convolution
structures and attention mechanisms, and integrating multi-source remote sensing data to
further enhance the model’s stability and generalisation ability, making it more suitable
for large-scale remote sensing applications.
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