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Abstract: To enhance the generalization ability of machine learning models in the assessment of landslide susceptibility, this
paper takes the city of Tianshui as an example and employs an incremental learning model based on LightGBM. By utilizing the
Autogluon automated machine learning framework, the model's hyperparameter optimization and mdoel stacking are implemented.
Additionally, the SHAP explainable framework is used for feature selection and data anomaly analysis. By using the above methods we
construct an incremental learning model suitable for landslide susceptibility assessment. Model validation using landslide disaster data
collected from various regions in Tianshui city demonstrates that the incremental learning model for landslide susceptibility can
effectively identify and predict landslide-prone areas. It adapts to new datasets by self-adjusting the model and improves model
performance.
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s DEM NDBI NDVI NDwI  #lE#hiZ  tHAE R HURRE HOBHE  sIBR(R REmEb
1 188251  —0.44 0.81 -0.71 -0.31 2 8 5.14 1.14 50.57 0
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1029 1549.01  —0.29 0.63 -0.59 0.16 1 1 6.11 1.10 53.96 1

1030 1585.05  —0.18 0.46 —0.46 0.01 1 1 4.83 111 55.04 1

1031 1540.65  —0.25 0.56 —0.54 -0.08 1 1 5.46 1.07 44.02 1
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Fig. 7 SHAP feature clustering plot (a) and SHAP feature ranking plot (b)
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Fig. 12 Landslide susceptibility assessment map of Tianshui City
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