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Table 1 Quantitative comparison of different method for
cloud removal on the RICE1 dataset

Model PSNR SSIM

HALP 22.8498 0.9033
Cloud GAN 24.2811 0.8349

Pix2Pix 25.5491 0.8793
SpA GAN 29.0656 0.9569
AtM GAN 32.4921 0.9746
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Fig.7 Comparison of cloud removal results by different methods on the RICE2 dataset
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Table 2 Quantitative comparison of different method for
cloud removal on the RICE2 dataset

Model PSNR o SSIM
‘,"

HALP a@ 0.7397

Cloud GAN 24.0205 0.7336

wnﬂ % 23.4597 0.7006

«@pA GAN 28.1401 0.9037
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Fig.8 Spatial distribution of cloud generated on the RICE

dataset
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Table 3 Ablation experiments on‘fge RICEI1 dataset

Model PN e (g SSIM
WECS $“9§’27 0.9149

S % 31.9559 0.9748
«@ 30.8383 0.9670
FC 30.7825 0.9508
FCs 32.4921 0.9670

*4 FERICE2HIFEE FRYERIETE
Table 4 Ablation experiments on the RICE1 dataset

Model PSNR SSIM
WFCS 27.4215 0.8196
FS 305933 0.9349
s 28.8533 0.9220
FC 30.9827 0.8638
FCS 313331 0.9359
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Abstract: High-resolution satellite remote sensing images are often compromised by cloud interference due to constraints such as imaging
conditions and sensing equipment. This significantly degrades image quality and hinders intelligent interpretation. In recent years, deep
learning has been extensively applied to cloud removal in remote sensing images, thanks to its powerful feature learning capabilities. This
paper presents an attention-based generative adversarial network for cloud removal in remote sensing images, which aims to address the
challenge of preserving textures. Initially, a Fourier residual block is designed to integrate both low-frequency and high-frequency of cloud
images. Subsequently, attention mechanisms are employed from both channel and spatial to capture the spatial distribution information of
clouds that guides the network in effectively removing clouds. Finally, the model is trained to minimize the joint loss function, ensuring the
coherence of generated images with real images in terms of content. Experimental results derived from the RICE dataset substantiate that the
proposed cloud removal method, which integrates attention mechanisms and generative adversarial networks, is capable of effectively
eradicating clouds while preserving textures.The following conclusions can be drawn (1) The proposed Fourier residual block plays a pivotal
role in adeptly capturing the details of both low-frequency and high-frequency residual information present in cloud images. By merging
these diverse features, the block bolsters the network’s ability to extract rich features; (2) The attention mechanisms utilized extract features
from both spatial and channel dimensions. This enables the model to discern the significance of various features across different digagnsions.
Moreover, the cloud informatign O@Qd through these attention mechanisms allows the model to adaptively present the cjwan Lﬁcloud,
thereby enhancing the ASS et‘%m sion and efficiency in cloud removal; (3) Experimental results on the RICE {, $fovide compelling
evidence of th m thod e%%’uﬁeness in terms of cloud removal and texture preservation. %

Key Wg?&iﬁe@@sﬂnﬁn i%ery cloud removal, Fourier residual block, channel-spatial a ngSe tative adversarial networks,
spatial istril%' ofgfqh&\ §
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