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Remote sensing image cloud removal network on the basis of the attention
mechanism and generative adversarial network
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Abstract: High-resolution satellite remote sensing images are often compromised by cloud interference because of constraints, such as
imaging conditions and sensing equipment. This phenomenon considerably degrades image quality and hinders intelligent interpretation. In
recent years, deep learning has been extensively applied to cloud removal in remote sensing images because of its powerful feature learning
capabilities. This study presents an attention-based generative adversarial network for cloud removal in remote sensing images. The network
aims to address the challenge of preserving textures. Initially, a Fourier residual block is designed to integrate low- and high-frequency cloud
images. Subsequently, attention mechanisms are employed for channel and spatial dimensions to capture the spatial distribution information
of clouds that guides the network in effectively removing clouds. Then, the model is trained to minimize the joint loss function and ensure
the coherence of generated images with real images in terms of content. Experimental results derived from the Remote Sensing Image Cloud
Removing (RICE) dataset show that the proposed cloud removal method, which integrates attention mechanisms and generative adversarial
networks, can effectively eradicate clouds while preserving textures.The following conclusions are drawn. (1) The proposed Fourier residual
block plays a pivotal role in adeptly capturing the details of low- 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 spatial and channel dimensions. This extraction enables the model to discern the importance of various features across
different dimensions. Moreover, the cloud information obtained through these attention mechanisms allows the model to adaptively reveal
cloud changes, thereby enhancing the model’s precision and efficiency in cloud removal. (3) Experimental results from the RICE dataset
provide compelling evidence of the proposed method’s effectiveness in terms of cloud removal and texture preservation.

Key words: remote sensing imagery cloud removal, Fourier residual block, channel-spatial attention, generative adversarial networks,
spatial distribution of clouds
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