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Automatic extraction of earthquake-induced landslides
based on deep learning

ZHANG Ming-peng, ZHANG Shuai, LV Yun-hong
(College of Civil Engineering and Architecture, Zhejiang University, Hangzhou 310058, Zhejiang, China)

Abstract: Extracting earthquake-induced landslides is foundational for engineering risk assessment in seismic regions and
holds significant importance for reconstruction efforts. Traditional machine learning methods require complex data
preprocessing and feature extraction. In contrast, deep learning methods enable direct input of image data for end-to-end
learning, facilitating automatic extraction of earthquake-induced landslides. This work investigates the automatic
recognition of regional earthquake-induced landslides using U-Net and LinkNet convolutional neural networks.
Experimental results show that U-Net and LinkNet exhibit significant extraction capabilities in automatically identifying
earthquake-induced landslides. The recall coefficient, F1-score and precision of evaluation indexes all exceed 0.8. LinkNet
outperforms U-Net overall, with improvements in the recall coefficient (2.0%~8.0%), F1-score (4.0% ~8.0%), and
precision (8.0%~10.0%). The U-Net network structure is well-suited for extracting large landslides in simple background
images, whereas the LinkNet network structure is better suited for extracting landslides in complex background images and
small landslides in simple background images.
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