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Abstract

China is seriously affected by geological disasters. Taking regional early warning is one of the im-
portant means to reduce the losses caused by disasters, and the early warning model is the key to
early warning work. This paper adopts artificial intelligence methods, based on historical disaster
data, geological environment data and inducing factor data, through training sample set construc-
tion, model training and optimization evaluation, to construct a regional early warning model for
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landslide disasters based on machine learning. The model accuracy is 0.934, the AUC value is 0.95,
and the model accuracy and generalization ability are good. Through example verification, the ac-
curacy of the artificial intelligence early-warning model is obviously improved compared with the
statistical early-warning model, and the description of the early-warning results should be more
precise, ithas a good guiding role in the refined prevention and control of regional risks of landslide
disasters.
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Figure 1. Data analysis technology process
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Figure 2. Learning curve and ROC curve of the model
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Figure 3. Warning results of Al regional warning model
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