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Seepage Pressure Prediction of Dam Foundation Based on ELM

ZHANG Meng, YU Heping, CHEN Yujiang
(School of Hydraulic Engineering, Changsha University of Science and Technology, Changsha, Hunan 410004, China)

Abstract: In order to more accurately predict the seepage pressure variation trend of a concrete dam foundation, the

seepage monitoring data of concrete gravity dams are used to establish the extreme learning machine (ELM) model. ELM

model is compared with traditional stepwise regression and BP neural network. The results showed that the ELM model

could accurately reflect the uncertainty non-linear relationship of dam foundation seepage system, compared with stepwise

regression model, ELM model can reduce the root mean square error( A .. ) by at least 34.1% and error interval by

36.5% . Obviously, the ELM model is better than the other 2 models in accuracy and stability, and its simulation curve

is basically consistent with the measured seepage pressure. The ELM could be used as a recommended model to predict

seepage pressure.

Keywords: concrete dam; seepage pressure; neural network; extreme learning machine; forecasting
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