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Abstract : As one of the most frequent and destructive geological hazards in mountainous and reservoir areas,
landslide evolution is controlled by the coupling of multiple factors such as geological conditions,
rainfall infiltration, reservoir water level fluctuation, and human disturbance. Traditional statistical
regression and static machine learning methods are difficult to effectively capture the step — like and
non — stationary displacement characteristics. In recent years, deep recurrent neural networks have
shown excellent modeling capabilities in landslide prediction. Among them, the Gated Recurrent Unit
(GRU) has application potential in engineering deployment due to its advantages of fewer parameters,
fast training, and stable convergence. This paper proposes a method framework of "trend — cycle
decomposition + GRU prediction", and conducts application verification combined with two typical
landslide cases: Wuanxi in Quanzhou, Fujian and Erdaohe in Chongqing. The results show that the
method has an R? of = 0.995 in trend term fitting, an RMSE of approximately 1.7 - 3.4 mm in cycle
term prediction, and a MAPE controlled within 8% - 12%, which is superior to the SVM and some
integrated models. The research indicates that the GRU — based prediction framework can significantly
improve the stability and interpretability of geological hazard early warning, and provide support for
the safe operation of key projects in reservoir areas and river courses.

Keywords : landslide displacement prediction; GRU model; time series decomposition; GNSS
monitoring; geological hazard early warning
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