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A CNN-LSTM Landslide Displacement Prediction Model Based on Multi-

Source Data Fusion
Wang Pingjun, Guo Yangyang, Hao Qi, Gao Yugui, Qiu Yi
Tianjin Railway Technical and Vocational College, Tianjin 300240

To address the limitations of existing landslide displacement prediction models, such as limited data
sources and insufficient robustness, this paper proposes a novel approach based on multi-source data
fusion and a CNN-LSTM architecture.First, a landslide along a railway in North China was selected
as the study area. Monitoring data from January 2018 to January 2023 were acquired, including
Sentinel-1 INSAR (monthly), GNSS displacement (hourly), rainfall (hourly), and pore—water pressure
(hourly). These datasets were resampled to an hourly temporal resolution via linear interpolation and
subsequently aligned using Z—score standardization to generate a unified input sequence containing
all features.Second, a spatiotemporal coupled CNN-LSTM model was constructed. A 1D-CNN layer
was employed to extract spatial features from the multi-source monitoring data, while an LSTM
network captured the temporal evolution patterns of the landslide. The features derived from these two
components were fused at the output layer to predict displacement for the next time step. Furthermore,
the Huber loss function (& = 1.0) was adopted in place of Mean Squared Error (MSE) during training to
enhance the model's robustness against outliers and abrupt changes.The dataset was partitioned into
a training set (70%, approximately 7,000 samples) and a test set (30%, approximately 3,000 samples).
The performance of the proposed method was compared with that of Support Vector Regression (SVR)
and a standalone LSTM model. Results indicate that the proposed method achieved a Mean Absolute
Error (MAE) of only 1.87 mm, a Root Mean Square Error (RMSE) of 2.34 mm, and an R* of 0.968.
These metrics significantly outperformed those of the SVR and LSTM models (p < 0.05).The proposed
method is structurally simple, easy to implement, and provides a reliable predictive tool for landslide
early warning systems.
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