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Abstract: The traditional dam deformation prediction method based on back propagation (BP) neural network has the problems of low predic-

tion accuracy and poor noise robustness. We proposed an improved water cycle algorithm (IWCA) optimized BP neural network (IWCA-BP)

model to realize high-precision prediction of building deformation trend. Firstly, we used empirical mode decomposition (EMD) to decompose

high-dimensional complex deformation data into a series of intrinsic mode function (IMF) and the sum of residual terms. Then, we used the

IWCA-BP neural network to model and predict each IMF separately. As a heuristic optimization algorithm, IWCA could quickly and accurately

realize the global optimization of initial value of BP neural network, and improve the prediction performance. Finally, we used the actual defor-

mation data of a concrete dam to carry out experiment. The results show that compared with Kalman filter, support vector machine, BP neural net-

work and the latest particle swarm optimized random forest method, the proposed EMD-IWCA-BP method can achieve higher prediction accura-

cy and noise robustness, and has a higher application prospect.
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