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Identification of Landslide in Forest Using LiDAR Data
Based on Deep Learning and Persistent Homology
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Abstract; In order to obtain the information of landslide in forest area, a high-resolution digital terrain model was
derived from LiDAR point cloud, and the data of landslide in forest area were extracted by Res-Unet network and
persistent homology. The Fenghe Experimental Forest in Washington State of USA was selected for study, among which
three areas were selected for quantitative analysis. Based on calculation, the extracted data of landslide in the forest area
show an average precision of 79.7% , an average recall rate of 70.2% , and average F, of 65.5%. The extraction method
based on Res-Unet and persistent homology can accurately identify most landslides in the research area. It is shown that
by using deep learning and persistent homology, this extraction method can make up for the weakness of traditional
remote sensing methods in extracting landslide information in vegetation covered areas, and also provide a technical
support for landslide analysis.
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