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Abstract: The essence of landslide susceptibility assessment is to use historical landslide data as a basis
and to conduct a probability assessment of landslide occurrence in a given area. Most of the results of
susceptibility evaluations depend on the resolution of the sample. The traditional sample production
method loses part of the location information of landslides, which brings uncertainty to the final

evaluation results. In this study,we propose a new method of producing grids samples to preserve the
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boundary location information of landslides as completely as possible. Different machine-learning
models (a logistic regression model and a deep neural network) are combined with the sample
production method proposed in this paper, and accuracy validation is achieved through receiver
operating characteristic (ROC) curves. The area under the curve values for the two models are 0. 878
and 0. 963, respectively. The final results of the susceptibility partitioning show that the deep neural
network is much more refined in the partitioning of very high landslide susceptibility zones. This
approach allows us to save human and material resources and focus on those areas with very high

landslide susceptibility.

Key words: landslides; susceptibility assessment; deep neural network; logistic regression model
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