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Abstract: A landslide displacement prediction model considering time series analysis is proposed for the
landslides with step-like deformation in the China Three Gorges Reservoir area. The model first employs the
Complementary Ensemble Empirical Mode Decomposition (CEEMD) method to decompose the cumulative
landslide displacement into trend and fluctuation components. A regression model is then used to fit the trend
displacement. Based on the response analysis between landslide deformation characteristics and triggering
factors, a Long Short-Term Memory (LSTM) model is adopted to predict the fluctuation displacement.

Finally, the predicted displacements of each component are superimposed to achieve cumulative landslide
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displacement prediction. In this paper, the CEEMD-LSTM model is applied to predict the displacement of
Muping landslide in the Three Gorges Reservoir area. Taking the step-like the Muping landslide in the Three
Gorges Reservoir area as an example, this study applies the CEEMD-LSTM model for displacement
prediction and conducts a comparative analysis with the prediction results of other models, including
Convolutional Neural Networks (CNN); Random Forest (RF) and the improved Particle Swarm Optimization-
Support Vector Machine (PSO-SVM) models. The results demonstrate that compared to other common
machine learning and deep learning models, the time series-aware CEEMD-LSTM model achieves higher
prediction accuracy and more prominent prediction advantages at step points. This model could provide
theoretical foundations and data support for real-time displacement prediction and early warning of a step-like
landslide in the Three Gorges Reservoir area.

Key words: step-like landslide; time series; Complementary Ensemble Empirical Mode Decomposition;

Long Short-Term Memory; the Muping landslide; the Three Gorges Reservoir area
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Fig. 3 The layout of monitoring points (a) and 1-1’ cross section (b) of Muping landslide
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Fig. 4 The relationship curve of accumulative displacement-daily reservoir water level-daily rainfall

F1 EFERARMRTEMENME., BW. EKLBRGEITR
Table 1 Statistical table of displacement, rainfall, and reservoir water level indicators at the step-like

deformation stage of the Muping landslide monitoring points

AR E] SETRI 1) kgt RPUER EEEINE ] BT AL JE K-35

5

(%F/H/H) (4/R/H) (mm) (mm) (mm) (m) AAEH A (m/d)
a 2021/5/10 2021/5/22 277.8 46.7 18.9 157.76~152.35 -0.42
b 2021/6/4 2021/6/23 248.6 573 21.8 148.77~146.57 -0.11
c 2021/8/9 2021/8/31 198.5 154 41.6 146.17~157.14 0.5
d 2022/3/20 2022/3/29 256.6 84.8 45.1 165.28~165.39 0.11
e 2022/5/15 2022/6/3 520.9 22.9 8.5 164.04~147.41 -0.83

b. 2021 4F 6 H 2 HZE 6 H 27 HE /KA
149.5 m T [%Z 146.39 m, -3 T s k5] 0.12
m/d. 20214 6 H 9 HZE 6 H 19 H RFIFEW &
K 573 mm, 6 A 19 H 5§ H BN 2k 8 ok,
» ; H21.8 mm, RFNFHETE6H 4 HFEl 6] 23 H
S SRR A K, 5% 248.6 mm,

Fig. 5 Deformation of the rear tensile cracks in c. 20214 8 H 9 H = 8 A 31 HIEKALH
the Muping landslide 146.17 m FF+% 157.14 m, -3 I F-i %355 0.5
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m/d, 20214 8 H 9 HZE 8 H 27 H BRI =
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SRS = A VST N 351 I 4 SR v Al 5
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(4l 6 fr /R ) o K RES 43 & AF ke $00, 6 4%
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Fig. 6 The decomposition results of Muping landslide

cumulation displacement based on CEEMD

5H 1 HZE20224 8 A 1 Hif AKX K shm
L% B s B RV 24, 202242 8 2 H &
2024 4 7 H 29 H I K K R B sh WA 7% 8
R AL AR, AR B B U0 B A A L MR AR R
2 FE i [] ) 371 £ LSTM A J60 500 35z 5 3543 7%
BB T 25 5 5 RF B | i ) PSO-SVM
PR A DL ST CNN TR B 2 S A
T A S RS B A TR b . el 7 RN 2 P
TR T DA AN [RIABE R AS 21 0 35 S0 500057 B Tl 45
X RRG X H . NIRRT DL MY, LSTM A5
Y B S0 45 R T 423 S PR L, RMSE 2R 2.139,
MAE 4 1.056, MBE A 0.162, Al F# WL L&

®2 BB ST R B R Xt L

Table 2 The precision comparison of periodic

displacement prediction for Muping landslide

S AE 7
s _ Rl _
LSTMAA! CNN#H RFFEA! PSO-SVMAR I
RMSE 2.139 6.163 2514 4241
MAE 1.056 3.254 1.474 1.592
MBE 0.162 -1.386  —0.231 -0.281
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