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Abstract: Rapid and accurate landslide extraction from remote sensing images is of great significance for disaster prevention, reduction, and

emergency response. Existing remote sensing image landslide extraction algorithms have problems such as blurred boundaries, internal holes,

and overall instance discontinuity. In response to these issues, we proposed a landslide extraction network called DAR-Net. This network

introduces the dual spatial attention module and coarse-to-fine boundary refinement module on the basis of U-Net, which are respectively used to

capture global and local features and refine boundaries. Compared with the semantic segmentation algorithms, this algorithm produces the best

performance on the open source dataset.
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LAY FF L% ToU/% Fl-score/% Precsion/% Recall/% Fps
DeepLabv3+'" ResNet50 51.50 67.99 78.01 60.24 272.9
BiSeNetv2'" ResNet50 48.56 65.37 75.49 57.65 279.4
DANet'"! ResNet50 46.96 63.91 79.44 53.46 151.0
CCNet™ ResNet50 51.75 68.21 79.06 59.98 220.7
DAR-Net VGGI16 54.43 70.49 68.90 72.16 156.8
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U-Net VGGl6 52.95 69.24 78.60 61.88 175.7
U-Net+CFR VGG16 53.60 69.79 73.78 66.21 164.6
U-Net+CFR+DSA VGG16 54.43 70.49 68.90 72.16 156.8
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