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Fig. 8 Loss function statistics (a) and each feature importance (b) for the best feature combination model
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Fig. 13 Landslide recognition results of the early recognition model in the test area
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Fig. 16 Early recognition results of slope hazard points (a) and distribution of surveyed hazard points (b) in Wuping County
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Abstract: In recent years, influenced by global warming, the southeast coastal provinces of China have frequently
experienced super typhoons, heavy rainfall, and prolonged monsoon rains, triggering numerous shallow landslides
the pose serious threats to local lives and property. [Objective] To rapidly obtain more accurate disaster information
for support emergency response and scientific decision-making, [Methods] this study developed an automatic
recognition model for shallow landslides using a machine learning approach, the LightGBM decision tree algorithm.
The model targets clustered shallow landslides developed in highly weathered granite layers induced by heavy
rainfall in high vegetation coverage area. High-resolution aerial images and DOM data from Wuping County, Fujian
Province, were used, with feature parameters including slope, elevation, plane curvature (SOA), profile curvature
(SOS), and R, G, and B bands selected to construct, train and test the recognition model. [Results] The results
indicate that: (DThe multi-feature combination model achieves higher accuracy in landslide recognition compared to
single-feature models; @The rapid recognition model incorporating slope, elevation, plane curvature, profile
curvature, and R, G, and B bands accurately identifies existing landslides, with both Accuracy and Recall exceeding
0.99; @Even after removing the visual layer, the model maintains an Accuracy and Recall of 0.86 for early landslide
recognition in high vegetation coverage area. When extended to the entire Wuping County, Accuracy reached 0.80,
demonstrating high recognition performance; @The model achieves and Flscore of 0.86, and when generalized to
the entire county, the Flscore remains as high as 0.84, indicating strong generalization capability and reliable
performance in automatically recognizing landslide hazards in similar geological environments. [Conclusion] This
research provides a novel approach for early recognition of rainfall-induced landslides in high vegetation coverage
area and offers scientific and technological support for risk prevention and disaster response decision-making in
typhoon-related and rainstorm-affected areas such as Haixi.
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