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Fig. 1 Basic structure of GRU
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Fig. 2 Prediction model construction

KxKE R o 431 -



%20% %3 BAE G AR CE IO

2022 % 6 A

FRHREE T ) SMA-CNN-GRU H 780 %:f 15 b ¥ J5
AR S A T A 2 TAE

W BT A TN 17 5 i Tt — 20 BRI R
Rk
1.6 AEAE

KRR (Ervs) 48 0 HR 2 (Evia)
SRR 43 1R 25 (Eviae) ST FEAT VA . Ervs
Evia~Evar AN

Ervs= %Z(yifyi)z 12
i—1
o 1 n N
EMA_;Z |yi*yi | (13)
i—1
Em:%; yf;_y" % 100% (14)

ey B i W2 SCPR{EL s 5, R @ I 20 4 Y
T AE .

2 BN A

2 G S 2 P 2 )R U A — S 2K S S B T LA
K R 27 736 km®, BRI YR 464 km, IF 2%
WRMAAETLE R — S0 421K 515 km, LK
R 36 631 km*, LA PG7K 33 1959—2014 4F
(R AF A% 3L 9 RE S B 5 X 4, B 1959—2002 4F4F
BIAHE I 2R, 2003—2014 484 12 Y B 8
RIMERAE . 1959—2014 4F 22 P4 /K SCHi 4E 42 7 %
UL 3,

3 ZWEKNIHERRF

Fig. 3 Annual runoff series of Lanxi hydrological station
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Tab. 1 The central frequency corresponding to various K values

B4 ARG 6 AR TR, W
A1 3 JEUA% 0P 9 41 i 7 A 9 A T S Py e o o T 4
i B 25 4t B A 5 5 908 W 2 Ak 2 B e
JHE P, P 51 ok B R R 3 A i b B A CNN-
GRU 7 1] LS 4 MR S o f) 435 S8 O
AR .
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Tab. 2 Number of convolution kernels corresponding to

SR K /A LS/ He different convolution layers

S B SR R BB A
LRZZEE 2 — — - - —

3 31745 3219 A =Ry = B Uiy = S H111) =S

4 2 976 2771 3304 2 32 64

5 2 945 1883 3196 3986 3 16 32 64

6 2 932 1847 2773 3248 4647 4 16 32 64 128

7 1 508 1056 1901 3156 3492 4704 5 8 16 32 664 128
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Fig. 4 VMD decomposition diagrams of annual runoff at Lanxi hydrological station
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B5 H£Z%F5 ACF Bl PACF B
Fig. 5 ACF and PACF plots of annual runoff series
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Tab. 3 Optimization results of sub-sequence parameters by SMA under different schemes

, SHRLER
YIS T4 —
CNN ZJZ$ N/JZ GRU ZEM&IeA% H/ A PR E/ K FAJHE g

IMF, 4 100 400 0.005 0

IMF; ) 100 400 0. 005 0

IMF; 4 167 467 0.005 0

! IMF, 4 170 470 0. 005 0
IMF5 ) 114 436 0. 009 6

IMFs 3 165 445 0. 005 6

2 IMF;— ) 200 400 0.005 0

x4 BEBTMRETEER
Tab. 4 Calculation results of each model evaluation standard
- iR Eran |
Ervs/mm Ema/mm Emar/ % Ervs/mm Ema/mm Emap/ %

VMD-SMA-CNN-GRU; 2.18 1.74 1.93 7.77 6. 10 8. 26
VMD-SMA-CNN-GRU; 2.13 1. 64 1. 85 9.71 7.35 9.47
VMD-PSO-CNN-GRU 2.10 1. 83 2.18 11. 29 8. 28 7.47
VMD-CNN-LSTM 2. 20 1. 81 1. 99 10. 30 7.11 9.71
VMD-GRU 2.61 1. 97 2.07 13.76 9. 57 11. 83
VMD-LSTM 3.39 2.53 2.75 14. 14 9.96 12. 84
CEEMDAN-CNN-GRU 19. 87 15.72 16. 43 48. 10 34. 45 49. 02
SMA-CNN-GRU 20. 59 16. 02 16. 93 48. 87 42.53 62. 48
CNN-GRU 20. 09 15. 33 15. 97 65. 64 57.30 72. 80
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Fig. 6 Comparison between the predicted values of each model and the original sequence
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Annual runoff prediction based on VMD-CNN-GRU model optimized by slime mould algorithm
XU Dongmei, XIA Wangping, WANG Wenchuan
(College o f Water Resources, North China University of Water Resources and Electric Power , Zhengzhou 450046 ,China)

Abstract: Medium and long-term hydrological forecasting is an essential link in management, optimization of water resources,

flood control,drought relief,and reservoir optimal operation. With the rapid development of science and technology, many mod-

ern artificial intelligence (AI) models have been applied to hydrological forecasting, such as back-propagation artificial neural
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network, support vector machine and long short-term memory neural network. Among the Al models, convolutional neural net-
work (CNN) is a unique deep network,which can fully excavate the correlation between data. Gated recurrent unit neural net-
work (GRU),a kind of the recurrent neural network,is a variant of long short-term memory neural network (LSTM). GRU is
often used in time-series data prediction and can solve the problem of gradient disappearance. The combined model of convolu-
tional neural network and gated recurrent unit neural network (CNN-GRU) was applied in various fields except runoff predic-
tion. Additionally, for the setting of the parameters of CNN-GRU hybrid neural network, most people used the control variable
method for trial calculation, which was not only low in efficiency and low in accuracy. Hence, a combined prediction model
(VMD-SMA-CNN-GRU) based on convolutional neural network and gated recurrent unit neural network was proposed by in-
troducing slime mould algorithm (SMA) and variational mode decomposition (VMD).

The four main steps of the present VMD-SMA-CNN-GRU forecasting model can be summarized as follows: The original
runoff series was decomposed by VMD to obtain several intrinsic mode functions and a residual. The slime mould population size
n and the maximum iteration M was set. Subsequently, SMA was used to optimize key parameters such as the number of convo-
lution layers, the number of neurons in the hidden layer of GRU, training times and learning rate. The mean square error
(MAE) was chosen as the objective function of the optimization algorithm. SMA-CNN-GRU model was used to predict all the
subseries. The predicted values obtained above were accumulated to deduce the ultimate prediction results.

Lanxi hydrological station was selected as an example to illustrate the advantages of VMD-SMA-CNN-GRU model using
annual runoff data from 1959 to 2014. The data from 1959 to 2002 was selected as a training set while from 2003 to 2014 took
as a test set. The proposed hybrid model was compared with CEEMDAN (Complete ensemble empirical mode decomposition
with adaptive noise)-CNN-GRU model, VMD-CNN-LSTM model, VMD-LSTM model, VMD-GRU model, VMD-PSO (Particle
swarm optimization)-CNN-GRU model, SMA-CNN-GRU model, and CNN-GRU model. Additionally, three standard statistical
performances measures,namely root mean squared error (RMSE) , mean absolute error (MAE) and mean absolute percentage
error (MAPE) were employed to evaluate the performances of the six models mentioned above. In the training phase,all models
except the CEEMDAN-CNN-GRU model achieved a better fit. In the validation phase, the VMD-SMA-CNN-GRU model pre-
dicted significantly better than several other models, especially in the case of predicted peaks. Results show that the SMA opti-
mized VMD-CNN-GRU model has the best fitting effect, and the prediction accuracy is greater than that of the above seven
comparison models.

According to the results, there are several conclusions as follows: Runoff series has the characteristics of nonlinearity and
non-stationarity. Therefore, VMD can decompose the original sequence into several relatively stable sub-sequences, which can be
better fitted while increasing data. Low efficiency of manual trial calculations is avoided by SMA to determine the parameters of
CNN-GRU model. The CNN-GRU model has the advantage of utilizing two neural networks simultaneously. The VMD-SMA-
CNN-GRU model established effectively improves the accuracy of runoff prediction and provides a new method for annual runoff
prediction.

Key words: variational mode decomposition; slime mould algorithm; convolutional neural network; gated recurrent unit; runoff

prediction
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