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Abstract: In order to improve the performance of dam deformation prediction model, the residual neural network model (Res-
Net) is introduced into the field of dam deformation prediction, and a dam deformation prediction model based on ResNet is es-
tablished. Taking 200 monitoring data of 30 # dam section of Fengman Dam from January 4, 1985 to July 13, 1988 as an exam-
ple, the fully connected neural network and traditional convolution neural network are compared with ResNet in this paper. The
research shows that the dam deformation prediction model based on ResNet in this paper has fast convergence speed and high

prediction accuracy, which can provide reference for dam monitoring data analysis.
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