5544 FH 3 1)
Vol. 44 No. 3

KM K B Bt R

Advances in Science and Technology of Water Resources

2024 45 H
May 2024

DOI;10. 3880/j. issn. 1006 -7647.2024.03.016

JE P LIRBEA S TR RIGEE 2 2J 10 R 30U AR TS 1 A 76

XA, X /N 5K R

(VTEVEBE T R22 ARSI TRE2ABE 7108 B 341000)

HE. A RBEKRIE N BN $ g0 3 KA FAAMAFIE  REILIBRE T E1E BB X &,

AR B TR B &ﬁ? Fp I T RS 5 i A B B ARAL B R 0 ey K AZ BT AY 2 & K
MEFFRAMABER | ZERINIANRES AERRF ZEERZERE S BA T )RS SB ZRES
PRt B BAT I | A 2 K5 3R 3 P AL 58 2T TR Jﬁ‘ﬁ* 8 R A H vk | S A A BEBREAL S ok
X218y K AL HA T NCAY 2 P 45 BEAT AR FHRARBEATIR KON T HIB A LA 8, AEREIEXR
M Ay ) Kz AR TR LR L S A F AR GG TR 4 RIATT I oA, & R A A Z AR T A iz Ik
KN TR B Je 0 AF KPR AE | TN A4S B BAL T b be A B dE T AR A 2 KON & T
B ST AT 5 A AR

KR KM E TG IRN ; = RAEE 5 SEIAAL T % s Wy KAz BT ieAy 2 W

FE 4 ES . TV69S. 1 MRS A XEHS 1006 77647(2024)03 -0101 -06

Dam deformation prediction model based on quadratic modal decomposition and deep learning//LIU Xiangjie, LIU
Xiaosheng, ZHANG Longwei ( School of Civil and Surveying Engineering, Jiangxi University of Science and Technology,
Ganzhou 341000, China)

Abstract: In order to fully extract the nonlinear and non-stationary characteristics of the dam deformation monitoring data,
deeply mine the topological relationship between the preceding and following information, effectively improve the prediction
accuracy, a bidirectional long short-term memory ( LSTM) neural network dam deformation prediction model based on
quadratic modal decomposition and dung beetle optimization algorithm is proposed. The model introduces a quadratic modal
decomposition that combines adaptive noise-complete integrated empirical modal decomposition and variational modal
decomposition to preprocess the data, which effectively reduces the negative influence of high-frequency non-stationary
components on the prediction accuracy, and utilizes dung-beetle optimization algorithm to search for the optimal hyper-
parameters of bidirectional LSTM neural networks to deeply explore the effective information of the deformation data of the
dams. Taking a hydropower dam as an example, the prediction results of the model are compared with those of several
commonly used models, and the experimental results show that the model can effectively exploit the complex nonlinear
features of dam deformation data, and its prediction accuracy is significantly better than its counterparts, and the feasibility
and superiority of the model in the prediction of dam deformation is verified.

Key words: dam deformation prediction; secondary modal decomposition; dung beetle optimization algorithm; bidirectional
LSTM neural network
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