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Deformation prediction of deep foundation pit of sluice
based on ESMD-FE-AJSO-LSTM algorithm

ZHANG Wei'”, DENG Binbin’, QIU Jianchun™, XIA Guochun’, YAO Zhaoren', LIU Zhanwu',
ZHU Xinyu', WANG Yujin'
( 1. Jiangsu Hydraulic Engineering Construction Co., Ltd, Yangzhou 225002, China; 2. Zhangjiagang Yangtze River Flood Control Engineering
Management Olffice, Suzhou 215600, China; 3. College of Hydraulic Science and Engineering, Yangzhou University, Yangzhou 225100, China;;
4. State Key Laboratory of Hydrology-Water Resources and Hydraulic Engineering, Hohai University, Nanjing 210098, China )

Abstract: The excavation and deformation of deep foundation pits for sluice gates were influenced by various
factors, including engineering and hydrogeological conditions, spatial dimensions of the foundation pit, type of
support structure, and excavation stage. Additionally, random environmental factors such as vibrations from
construction machinery, loads from surrounding traffic, and weather conditions play a role. The excavation-induced
deformation of these foundation pits exhibited significant nonlinearity and instability. The deformation monitoring
data acquired from the excavation site of the foundation pit consist of a series of multimodal sequences across
various temporal dimensions. Scientifically identifying key data features in different dimensions and subsequently
modelling and predicting them in a targeted manner holds significant importance.

The extreme-point symmetric mode decomposition method (ESMD) was employed for the prototype monitoring
sequences of deformation during the deep excavation of a sluice foundation pit, involving multimodal
decomposition. The deformation monitoring data of the sluice foundation pit were decomposed into several distinct
subsequence components, intrinsic mode functions (IMFs), and trend components (R.), each exhibiting unique
features. Fuzzy entropy (FE) theory was utilized, and fuzzy multimodal phase space reconstruction was applied to
each modal subsequence component and trend component, resulting in multiple reconstructed subsequence
components. Physically significant features of sluice foundation pit deformation at various time scales were
effectively discerned through this process. Subsequently, a model was constructed based on the artificial jellyfish
search optimizer (AJSO)-optimized long short-term memory (LSTM) artificial neural network. The optimization
involved training on the reconstructed subsequences, yielding an AJSO-LSTM optimized model for each
reconstructed subsequence. Finally, using the optimized AJSO-LSTM models, dynamic predictions were made for
each reconstructed subsequence at fixed time intervals. The predicted results for each reconstructed subsequence
were synthesized to obtain the overall prediction of foundation pit deformation. To evaluate the prediction accuracy
of the ESMD-FE-AJSO-LSTM model for foundation pit deformation, multiple accuracy evaluation metrics were
introduced.

Taking the excavation deformation monitoring of the Eleven Weir Riverbank Hub Reconstruction Project in
Zhangjiagang city as an example, the methods described above are employed to predict and analyse the excavation-

induced deformations in the hub project.
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