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Abstract

Landslide disasters pose a severe threat to human society due to their suddenness, concealment, and
strong destructiveness. Traditional prediction methods have limitations in early warning timeliness
and accuracy under extreme conditions, while purely data-driven deep learning models face core bot-
tlenecks such as high sample dependence and weak cross-scenario generalization due to disconnec-
tion from physical mechanisms and lack of interpretability. To address this, this study proposes a
“knowledge-data-mechanism” tripartite fusion-driven framework. It integrates geological mechanics
prior knowledge (e.g., rock-soil creep constitutive equations, historical landslide identification crite-
ria), space-air-ground-deep multi-dimensional observation data (e.g., InSAR deformation sequences,
microseismic signals), and cross-scale evolution mechanisms (e.g., from microscopic pore water pres-
sure diffusion equations to macroscopic displacement acceleration mutation criteria) through a dy-
namic closed-loop coupling mechanism, breaking through the generalization bottleneck of intelligent
landslide prediction. Research shows that the knowledge layer provides physical constraint bounda-
ries for model construction (e.g., embedding the Saito creep equation into the LSTM loss function re-
duces the false alarm rate by 40%); the mechanism layer ensures the physical consistency of data
mining (e.g., seepage laws regulate the mechanical parameters of GAN-generated samples); and the
data layer drives the inversion of mechanism parameters (e.g., InSAR calibrates rock mass permea-
bility coefficients). A systematic review reveals structural defects of existing models in the dimension
of tripartite fusion (e.g., U-Net++ ignores terrain-lithology feedback mechanisms, leading to a 31%
missed detection rate for ancient landslides). It further points out that future efforts should focus on
technical paths such as knowledge graph construction (building landslide evolution knowledge
graphs), mechanism differentiability (using PINNs to convert unsaturated seepage equations into dif-
ferentiable loss terms integrated into Transformer), and neuro-symbolic fusion (e.g., the InterTris
model achieves a 92.7% causal reasoning accuracy), to realize the paradigm shift of landslide predic-
tion from data fitting to mechanism-driven. This framework provides theoretical support for devel-
oping a new paradigm of active disaster risk prevention and control, serving the strategic needs of
national major engineering safety.
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Figure 1. The proportion of geological disaster types in the country from 2018 to 2021
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Figure 2. “Knowledge-Data-Mechanism” ternary fusion framework
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Figure 3. Evolution of landslide prediction research
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Table 1. Analysis of defects of existing landslide prediction models in the three-dimensional fusion
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