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Landslide Detection Method Using Improved ResU-Net of Medium
Resolution Remote Sensing Images
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Abstract; Aiming at the problem of low accuracy of landslide detection based on medium resolution remote sensing images, we propose
an improved ResU-Net model based on attention mechanism,and multi-feature model input combination that is beneficial to landslide
detection is obtained based on multispectral remote sensing imagery dataset. The original dataset used has a total of 14 features. Firstly,
the invalid features are removed,and the normalized difference vegetation index and the normalized difference water index are added to
generate a new dataset. Secondly,The new dataset is applied in the comparative experiments of the improved ResU-Net with U-Net,
ResU-Net, Attention U-Net, BiSeNet, Semantic FPN,U-Net++. It is showed that the improved ResU-Net can obtain the F1 score of
76.91% on the test set, while the precision and recall are 77. 34% and 76. 49% , respectively , which are better than that of other
comparison models in this task, and it is 0. 43 percentage points higher than the F1 score of the ResU-Net model, which effectively
improves the landslide detection accuracy based on medium resolution remote sensing images. Finally,the normalized difference moisture
index and aspect features are added to the dataset in turn,and the detection accuracy of different feature combinations is compared. The
results show that adding aspect features can maximize the accuracy of landslide detection,and the F1 score reaches 77.03% .
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