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Abstract: To further improve the prediction accuracy of dam deformation, fully reflecting the hysteresis of the
impact of external environmental variables on dam deformation, and considering the time lag effect of variables
affecting dam deformation, a modified LSTM (long short-term memory) dam deformation prediction model was
proposed by using the LSTM algorithm. The input data was divided into delay variables passing through LSTM
storage block and non delay variables not passing through storage block, which made the model more reasonable in
physical interpretation. In order to improve the nonlinear expression ability of the prediction model, a second hidden
layer was added, so that the time effect and other non delayed variables could be directly used in the last time step

without complex transformation to form the subsequence required for the original input. The reliability and accuracy
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of the improved model were verified by calculating a specific case. The results show that the mean absolute error
(MAE) and mean square error (MSE) of the improved LSTM model are 11.94% and 25.60% lower than those of the
LSTM model, respectively, and have higher prediction accuracy.The positive and negative distribution range of the
prediction residuals of the improved model is smaller than that of the LSTM model, and the prediction values
generally change near the measured values, which can more reasonably predict the dam deformation. The prediction
results of the improved LSTM model are better than those of LSTM model, which can more reasonably predict the
dam deformation.
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Fig.2 Calculation process of dam deformation of LSTM prediction
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Fig. 3 Calculation process of improved LSTM model
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Tab.1 Prediction accuracy evaluation index and training time of LSTM model

MAE/mm MSE/mm’ R
BATIREL Yl Zx I} 18] /s
YR pULURE v YR pULURE v YR bRz A
1 1.106 1.120 1.996 2.073 0.987 0.989 339.63
2 1.034 1.593 1.612 4.902 0.990 0.977 337.36
3 1.119 1.105 1.930 2.116 0.988 0.988 336.45
4 1.296 1.124 2.529 1.860 0.987 0.989 338.44
5 0.859 1.548 1.325 3.189 0.992 0.984 328.54
- {E 1.083 1.298 1.878 2.828 0.989 0.986 336.08
F 2 Bt LSTM AR BN BT M e dR Rl 2R R 18]
Tab.2 Prediction accuracy evaluation index and training time of improved LSTM model
MAE/mm MSE/mm’ R
BT IREL - - - I 20 6] /s
YR pLURE A YIZRH pILURE A YR bR A
1 1.086 1.078 1.859 1.942 0.988 0.990 341.55
2 1.204 1.206 2.258 2.358 0.987 0.987 341.64
3 1.046 1.194 1.665 2.329 0.990 0.989 338.41
4 0.899 0.994 1.383 1.606 0.992 0.991 338.71
5 1.204 1.245 2.292 2.284 0.987 0.988 340.83
-2 {H 1.088 1.143 1.891 2.104 0.989 0.989 340.23
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