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Deformation prediction model of concrete dams based on BO — GRU model

LI Qifeng' >, YANG Jie'”, CHENG Lin'’, TONG fei'”’
(1. State Key Laboratory of Eco-hydraulics in Northwest Arid Region of China, Xi’ an University of Technology, Xi’ an 710048, China;
2. Faculty of Water Resources and Hydroelectric Engineering, Xi’ an University of Technology, Xi’ an 710048, China)

Abstract ; Because the deformation of concrete dams has strong nonlinear characteristics, too many parame-
ters are involved when using current prediction models, and yet these models are prone to local optimum.
Here, a gated recurrent unit ( GRU) model in deep learning was combined with Bayesian optimization
(BO) to optimize the hyperparameters of the gated recurrent units, based on which the BO — GRU model
was established to predict the deformation of concrete dams. In order to test the feasibility of the model, its
prediction result was then compared with that of the extreme learning machine, the correlation vector ma-
chine and the support vector machine optimized by the genetic algorithm, based on the measured deforma-
tion monitoring data. The comparison result shows that the BO — GRU model has strong generalization ability
and high operating efficiency, and it is suitable for the deformation prediction of concrete dams.
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