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Abstract A Transformer-based short-term landslide displacement prediction model is proposed by combining
temporal convolutional network (TCN) with a Transformer decoder. This model takes the preprocessed displace-
ment and rainfall sequences as input and outputs the displacement predictions for the next three days in a time-
series autoregressive manner. The experimental results show that the model achieves higher prediction accuracy
than support vector machine (SVM) and long short-term memory (LSTM), and performs particularly well during
predicting rapid deformation periods. At the same time, through the analysis of the attention mechanism of the
model, it is found that the model focuses on the peak of displacements and heavy rainfalls, indicating that the
model is reasonably reliable.
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F1 BEABTMNEE
Table 1  Accuracy evaluation of landslide displacement predictions
B %1H %2 H %30
LT
RMSE R RMSE R’ RMSE R
PSO-SVM 1.865 0.818 2.620 0.645 2.617 0.643
LSTM 2.499 0.672 3.031 0.524 3.591 0.328
Transformer 1.708 0.847 1.768 0.838 1.592 0.868

UL AT RN RIS R, TR

F2 REETHIABITNEE

Table 2 Accuracy evaluation of landslide displacement predictions during the period of accelerating deformation

$1H $2H #3H
R
RMSE R? RMSE R? RMSE R?
PSO-SVM 2.160 0.815 3.328 0.554 3.270 0.557
LSTM 2.986 0.646 4013 0.352 5.066 -0.063
Transformer 1.980 0.845 2.046 0.831 1.784 0.868
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Table 3 Timeliness evaluation of landslide displacement predictions during the period of accelerating deformation

®1H %2 H %3 H
i
t RMSE _shift t RMSE _shift t RMSE _shift
PSO-SVM 0 2.160 2 2.759 0 3.270
LSTM 1 2.812 2 3.575 2 4.155
Transformer 0 1.980 0 2.046 0 1.784
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