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Remote Sensing Image Change Detection Method Based on Attention

Mechanism and Deformable Convolution

DATI Shitao', ZHANG Jing'
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Abstract: Aiming at the problems of poor segmentation accuracy and inaccurate edge segmentation in traditional semantic segmentation meth-
ods for remote sensing image transformation detection, we proposed a remote sensing image change detection method based on deformable con-
volution and attention mechanism. Taking PSPNet as the base model, the backbone network chooses the lightweight MobileNet, which can re-
duce the number of parameters of the model at first. And then, deformable convolution is introduced into the pyramid pooling module, which is
able to adaptively acquire the before and after change feature information of remote sensing images by deformable receiving field. Finally, the in-
troduction of Attention Mechanism module enables irrelevant background information to be greatly ignored. The method was validated on CDD,
LEVIR-CD remote sensing image change detection dataset. The cross-merger ratio was improved by 1.45% and 2.01%, respectively, over the base
model. The results show that compared with the classical semantic segmentation methods, this method incorporates the advantages of deformable
convolution and dual attention mechanism, and can extract the information of change detection in remote sensing images more accurately.
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