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HAN Ying, et al. VMD-CNN-GRU hybrid prediction model of reservoir water level.
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Table 1 Main parameters of the proposed model
= 2R icA
Input Timestep 1
Kernel Rbf
SVR ¢ !
Cache_size 16
Gamma Auto
Alpha 0.01
VMD
K 4
Filters 32
CNN Kernel_size 32
Padding same
Activation Relu
Layers 5
Number of neurons 164,64,64,64,64}
GRU/LSTM Optimizer Adam
Batch_size 20
Epochs 80
Loss MSE
Dropout P 0.2
Layers 2
Dense Number of neurons 110,1}
Activation Relu
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HAN Ying, et al. VMD-CNN-GRU hybrid prediction model of reservoir water level.
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85.46% , 84.42% 1 82.11%; MAPE /3 Jil [% {i%
85. 58% .84.35% .83. 55%Fll 82. 51% ; NSE 43 5S4 T
13.03% .11.03% .9. 96% H1 7. 54%. % 41, GRU 1 4
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Table 2 Comparison of evaluation indexes between the

proposed model and existing models

e RMSE/m  MAE/m  MAPE NSE
SVR 1.2446 1.0765 1.3832 0.6756
LSTM 0.8012 0.7782  0.7942 0.865 6
GRU 0.7394 0.7312  0.7316 0.8855
CNN-LSTM 0.7039  0.6824  0.696 2 0. 896 2
EMD-LSTM 0.6171 0.5942  0.6548 0.920 3
VMD-CNN-GRU ~ 0.1500  0.1063  0.114 5 0.995 3
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Table 3 Comparison of evaluation indexes between

the proposed model and ablation model

A RMSE/m  MAE/m  MAPE NSE
CNN-GRU 0.6458 0.6018  0.623 1 0.912 7
VMD-GRU 0.3662 0.3498  0.378 1 0.9719

VMD-CNN-GRU ~ 0.1500  0.1063  0.114 5 0.995 3
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WA SCHERE ) VMD 431 07 1 5 oAt 3 Fh 43
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A 76. 25% LA 1 0T DL ARSCHERE VMD B3 A5 /K P2
IKASE 1) 25 M 7 b 3.

®4 TRSBH TN IEFRIT L
Table 4 Comparison of evaluation indexes

between different decomposition methods

T RMSE/m  MAE/m  MAPE NSE
EMD-CNN-GRU ~ 0.5567 0.4127 0.4821  0.935 1
EEMD-CNN-GRU ~ 0.6452  0.5215 0.5913  0.9033
CEEMDAN-CNN-GRU 0.7640  0.6129 0.7728  0.8778
VMD-CNN-GRU ~ 0.1500 0.1063  0.1145  0.9953

4.3 IBEHRSW

REH T B RCR I H AR M EM ARG IR S5 2
— TEVNRCR AR B B I B0, 8% NSE K F
0. 95 BRI BRI AT SR g0 0 L, BARSE R Aan gk
5 . 3R 5 W LVE t AEARRIZREE T, 51 GRU
FEH AR T 5] A LSTM, RMSE [41 19. 57% ,MAE [
fi% 32. 08% , MAPE [%AIX 32. 65% , NSE #£ 7} 0. 26% ,
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B 25 R L IR O BE (4 4 M, 76 U R Bd = AR K
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A,

R 5 LSTM 5 GRU ZHHE SN EXT L
Table 5 Comparison of operation efficiency and

prediction accuracy between LSTM and GRU

s RMSE/m MAE/m MAPE  NSE  IZ:mfE]/s
VMD-CNN-LSTM 0.186 5 0.1565 0.1700 0.9928  661.78
VMD-CNN-GRU 0.1500 0.1063 0.1145 0.9953  504.91
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VMD-CNN-GRU hybrid prediction model of reservoir water level
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Abstract The prediction of reservoir water level provides important decision support for reservoir operation, flood
control and water resources operation and management. Accurate and reliable prediction plays an important role in
the optimal management of water resources.Aiming at the nonlinearity , instability and complex temporal and spatial
characteristics of reservoir water level data,a hybrid reservoir water level prediction model integrating adaptive Vari-
ational Mode Decomposition ( VMD) , Convolutional Neural Network ( CNN) and Gated Recurrent Unit ( GRU) is
proposed. Among them, VMD eliminates noise by decomposing the water level sequence, CNN is used to effectively
extract the local features of water level data,and GRU is used to extract the deep time features of water level data.
Taking the daily water level prediction of Shenwo reservoir as an example,the proposed model outperforms current
deep learning models in accuracy.In terms of computing efficiency,the operation efficiency of GRU selected in this
approach is significantly improved compared with Long Short-Term Memory network ( LSTM ). Therefore, the
proposed model has high accuracy and high operation efficiency,and is more suitable for the real-time operation of
reservoir water level.

Key words water level prediction ; variational mode decomposition ( VMD) ; gated recurrent unit ( GRU) ; convolu-

tional neural network (CNN) ;deep learning



