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Abstract: Objectives: The dynamic coupling of rainfall and reservoir water level triggers step—like defor-
mation and creep—mutation transitions in Three Gorges Reservoir landslides. Existing prediction methods
can’t adequately capture the lagged attenuation prediction method for reservoir bank landslides. Methods:
To address these issues, we propose a novel dynamic displacement prediction method for reservoir bank
land-slides. The proposed method integrates a new lagged—attenuation—based dominant factor screening
strategy with a combined model utilizing grey wolf optimizer (GWO), bidirectional temporal convolutional
network (BITCN), bidirectional gated recurrent unit (BIGRU), and attention mechanism. The model aims

to simultaneously capture time—series features and high-dimensional dynamic spatial features. Using the
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Xinpu and Baishuihe landslides in the Three Gorges Reservoir area as case studies at different temporal
scales, we first decompose cumulative landslide displacement into trend and periodic components, using
complete ensemble empirical mode decomposition with adaptive noise. Trend displacement is predicted by
the double exponential smoothing method. Subsequently, we conduct an in—depth analysis of the dynamic
response of landslide deformation to rainfall and reservoir level variations, explicitly considering their
lagged attenuation effects on displacement evolution. Building on this, we employ a comprehensive ap-
proach combining recursive feature elimination with cross validation-extreme gradient boosting, classifica-
tion and regression tree, and the maximal information coefficient to screen for the dominant factors control-
ling displacement evolution, identifying the antecedent precipitation index as the core factor. Finally, the
GWO-BITCN-BIGRU-Attention model is applied to predict the periodic displacement component. Re-
sults: Case studies on the Xinpu and Baishuihe landslides demonstrate that the proposed method outper-
forms existing approaches. It achieves higher correlation coefficients and lower root mean square error. Con-
clusions: Model evaluations and ablation experiments confirm that the method effectively characterizes the
time—varying nature of lagged attenuation effects. It also captures long—term evolutionary dynamics across
different time scales. This leads to a substantial improvement in displacement prediction accuracy.

Key words: displacement prediction; antecedent precipitation index; lagged attenuation; feature selection

strategy; deep learning; reservoir landslide
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Fig. 4 Landslide Displacement Prediction Process
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Fig. 5 Displacement Monitoring Data of Xinpu Landslide in the Three Gorges Reservoir Area
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Fig. 6 Displacement Monitoring Data of Baishuihe Landslide in the Three Gorges Reservoir Area
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Table 2 Screening Results of Main Control Factors
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Fig. 7 Results of Trend and Periodic Terms for X-05, X-10 and ZG-118
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Prediction Results of Trend Term Displacement
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Table 3 Displacement Prediction Index of Trend Term

W R R? RMSE/mm MAE/mm  MAPE
X-05 1.00 0.26 0.23 4.39
X-10 1.00 0.71 0.60 5.21
7G-118 0.99 2.78 2.58 0.13
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Fig. 9 Prediction Results of Periodic Term Displacement
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Table 4 Displacement Prediction Index of Periodic Term

RS LA S RS
ey RMSE/  MAE/ ‘ RMSE/  MAE/ ., RMSE/ MAE/
MAPE R* MAPE R MAPE
mm mm mm mm mm mm
X-05 0.99 0.49 0.35 0.23 0.98 0.51 0.37 0.69 0.98 0.48 0.37 0.29
X-10 0.99 0.71 0.55 0.18 0.99 0.76 0.55 0.16 0.98 0.79 0.58 0.12
7G-118  0.98 3.41 3.22 0.19 0.99 4.12 4.03 0.21 0.98 4.44 4.31 0.20
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Fig. 10 Prediction Results of Cumulative Displacement for Monitoring Points X-05, X-10 and ZG-118
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Table 5 Evaluation Results of Comparative Experiments for X-05
VE S LN S HRERES
B , RMSE/ MAE/ . , RMSE/ MAE/ . , RMSE/ MAE/ .
R? MAPE  R* MAPE R MAPE
mm mm mm mm mm mm
AR SCHE A 0.99 0.49 0.35 0.23 098 0.51 0.37 0.69  0.98 0.48 0.37 0.29
SVR 079  2.61 2.09 1.98 084 231 1.81 141 070 247 2.00 1.60
BPNN 0.89 1.87 1.69 .20 0.88 197 1.83 0.73  0.89 1.78 1.58 1.52
BITCN-Attention  0.89 1.90 1.53 1.28  0.80  2.29 1.75 0.88  0.83 1.75 2.50 0.83
BIGRU-Attention  0.89 1.84 1.42 0.96  0.90  2.52 1.95 232 0.86 1.85 1.43 0.71
BITCN-BIGRU ~ 0.94  1.36 1.05 1.01 092 1.50 1.12 0.54  0.91 1.52 1.14 1.02
F*6 ZG-1183tLE XWITHEAR
Table 6 Evaluation Results of Comparative Experiments for ZG-118
Pl S B EgE WA 4
L , RMSE/ MAE/ ., RMSE/ MAE/ . , RMSE/ MAE/ .
R MAPE R MAPE R MAPE
mm mm mm mm mm mm

AR SCH Y 0.98 3.72 3.41 0.19  0.99 4.12 4.03 0.21 098 4.44 4.31 0.20
SVR 091 1121 844 051  0.96 7.41 6.23 0.6 072 19.00  11.01  0.47
BPNN 0.87  13.81 12.25  0.38  0.82  18.27 17.25  0.62  0.53 1890  15.92 1.62
BITCN-Attention  0.97 7.15 523 0.24  0.93 2.90 2.63  0.26  0.72 8.45 741 0.35
BIGRU-Attention ~ 0.94 8.58 6.14 035 098 4.84 435 013 096  10.14 801  0.19
BITCN-BIGRU 0.8  12.28 878 044 093  11.38 9.25  0.64  0.97 5.96 5.03  0.13

x7 HEXEHER
Table 7 Results of Ablation Experiments

W R*  MAE/mm RMSE/mm MAPE
X-05(# API) 0.94 1.02 1.31 1.08
X-05 0.99 0.35 0.50 0.29
X-10(% APT) 0.98 1.18 1.60 0.34
X-10 0.99 0.54 0.72 0.17
ZG-118(% API)  0.84 10.93 14.90 0.66
7G-118 0.98 4.24 5.40 0.19
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algorithm) & S W fi fb 5 ¥ , LSSVM (least
squares support vector machine) A fz /)y — 3¢ 3 ¥
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b R DG F UK fife BT o W - 2 7K A e e 0 L O
2 I PR AR TR S e A T SSA-PSO-SVR

FEAY{H F5 IR B2 AR T A SCRE AR SCHER[ 23 ] A3
FR[53 1R o5 Ko b 3 52 me DXL 2R 1 B ¥ 3500, 3 4
GRA ffi it £ KW F )5, 40 W & 57 7 GRU Ml
CNN-GRU-Attention B B | i 42 /i & kG B A r 4
Fb AR T 5 — GRA FRAE G 5 7 2 0 LA 2 2 A
T A AR 2k 52 BAE T, 3 BUH RMSE 43 4] 35
12.30 mm M1 17.25 mm. SCHR[32] B R KT/ %
&I R K i e M {0 B @l SSSC-EMD |
K-Means #il FOA-LSSVM % £ & 3, 45158 T
RMSE 4 7.26 mm B8 ARG R . fHILZ T, A
158 Y 38 43 B S T o TR P AR AE ) i I s PE
P T — A 22 Bl R E O 16 B8k 10 32 4% X O
PR, Jf 45 & BITCN-BIGRU-Attention B £
P B AAEDMRE [ HU RMSE 24 6.91 mm /Y 45
BRI A R E PR T 4.82%0 , R
U By 35 I
32 FRESH

e L AE R R AR SO PR B AR AE ZG-118 I
I o5 RUBE F0I e AT A 48 T3 (), S R T R
A7 7] 25 (1) CEEMD AN 4 XoF i 45 M 75 A0 Jek |
S50 B BT A R S R B RN, E T 5 B0
WM SR B L (2) A REEFEA AL 481> H | Hi AR
G o M 55 TR A X B R B O g )
WIRFIE MR PERE 1 o LA A SORERIA B PR A7 75
Jay B+ (1) B0 70 3 253 of APT A5 R 1] 32 £ AE



1436 ROBK 2 4 (fF B A D

2026 47 H

RS REMFET L &3 B KR ZG- 118 HU#5 B
ISR
Table 8 Comparison of Prediction Accuracy for
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Feature Selection Methods
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