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Abstract

With the rapid development of artificial intelligence technology, the field of geological disaster risk
prediction is undergoing a transition from traditional methods to data-driven models. Based on
CiteSpace software, this paper makes a visual quantitative analysis of the literature on “geological
disasters” and “artificial intelligence /machine learning” in CNKI and Web of Science databases from
October 2002 to October 2025, and systematically reveals the development context and frontier
trend of artificial intelligence technology in geological disaster research. It is found that the relevant
literature has increased significantly since 2018, and the application of artificial intelligence tech-
nology has gradually entered a stage of rapid development. The research hotspots mainly focus on

”» o«

“landslide susceptibility evaluation”, “machine learning model optimization” and “remote sensing
and multi-source data fusion”. Deep learning, random forest, support vector machine and other al-
gorithms have become mainstream technologies, which promote the transformation of risk assess-
ment from qualitative analysis to quantitative prediction, from empirical methods to intelligent de-
cision-making. In the future, the combination of interpretable artificial intelligence (XAI) and multi-
source heterogeneous data fusion analysis will be the key to improving the accuracy and scienti-
ficity of geological disaster risk prediction. This paper provides a useful reference for scholars to
deeply understand the evolution path and development trend of intelligent research on geological
disasters.
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Figure 1. Statistics on the number of papers published by Al in geological disaster prediction and prevention from 2002 to
2025
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Figure 12. CNKI database keyword burst map
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Figure 13. WOS database keyword burst map
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