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model based on grey correlation analysis
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Fig. 4 Schematic diagram of Miyun reservoir storage project
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Tab. 1 Outliers in monitoring data

FRF (] KAz /m 8] KA/ m
7H20H 20:00.00 49.52 ||9 H 17 H 14:00:00 48. 85
7 20H 22:00.00 49.59 ||10 4 7H 22:00:00 48.87
7H21H 00:00:00 49.59 [|10 H9H 04:00:00 48. 86
721 H 02:00.00 49.45 [|10 10 H 12:00:00 48. 86
9H 17 H 00:00:00 48.87 ||10 H 14 H 04:00.00 48.87
9 17H 02:00.00 48.77 ||10 15 H 08:00:00 48.87
9H 17 H 04:00.00 48.75 ||10 H 26 H 02:00:00 48. 86
9 17H 06:00.00 48.86 ||11 /] 3 H 04:00:00 48.87
9H 17 H 10:00:00 48.87 ||11 H 3 H 06:00:00 48. 86
9 17H 12:00.00 48.80 ||11 / 6 H 16:00:00 48. 87
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Tab. 2 Grey correlation grade between each influence factor and

the water level in front of the pumping station at the current time

s (SRS KR
1 i 0.651 2
2 r2 0. 945 6
3 r3 0. 866 9
4 i 0. 640 1
5 rs 0.6417
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Tab. 3 Prediction of GRA-NARX model and NARX model of three training algorithms with different time delays

- st [i] Y BR YA E LM YIZRE: SCG
HEIR R Ewus Erus R Ews Erus R Ewms Erus
2 0.984 22 2.6315X107* 0.01622 0.983 12 3.4506X10"* 0.01858 0.97045 5.6554X10"* 0.023 78
4 0.984 49 2.978 5X10~* 0.017 26  0.984 42 2.962 4X10~* 0.017 21  0.977 05 4.344 9X10~* 0.020 84
6 0.98592 2.684 8X107* 0.01639 0.983 03 3.226 1X10"* 0.01796 0.974 77 4.700 3X10"* 0.021 68
NARX 8 0.98394 2.4882X10"* 0.01577 0.984 15 3.026 8X10~* 0.017 40 0.976 37 4.452 6X10~* 0.021 10
10 0.984 24 2.4358X10"* 0.01561 0.981 23 3.5834xX10"* 0.01893 0.971 61 5.3242X10"* 0.023 07
20 0.982 64 2.1329X10"* 0.014 60 0.97991 3.9812X10"* 0.01995 0.971 23 5.3358X10"* 0.023 10
30 0.982 66 2.328 5X10°* 0.01526 0.983 41 3.091 9X10"* 0.01758 0.96861 5.8032X10"* 0.024 09
2 0.985 68 2.1458X10"* 0.014 65 0.9801 3.809 1X10~* 0.01952 0.96883 5.9022X10"* 0.024 29
4 0.986 31 1.517 2X10™* 0.01232 0.978 82  4.387X10* 0.020 95 0.97587  4.016X10°* 0. 020 04
6 0.986 62 1.348 4X10~* 0.01161 0.978 67 3.8551X10"* 0.01963 0.96913  3.922X10* 0. 019 80
ISIAQ}/Q\;( 8 0.984 32 1.3354X10"* 0.011 56 0.984 3 1.8023X107* 0.01342 0.976 09 3.023 5X10°* 0.017 39
10 0.98537 1.3112X10"* 0.01145 0.97918 3.074X10"* 0.017 53  0.951 98  7.932X10* 0.028 16
20 0.984 16 8.587 4X107° 0.009 21  0.974 68 4.311 9X10~* 0.020 77 0.974 31 4,617X10* 0.021 49
30 0.98323 7.4395X107° 0.008 62 0.978 73 3.2527X10"* 0.01804 0.977 57  3.693X10* 0.019 22
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Fig. 5 Scatter plots of measured and predicted values for two neural networks with different training algorithms

KA AL H 50

MNGA DN LM I, GRA-NARX BB R {5
0. 978 67, GRA-BP #71 R (&4 0. 970 02; 2431|124
B R SOG B, GRA-NARX R R {154 0. 969 13,
GRA-BP #RI R {H K 0. 946 71, HILE .3 Fiil
R R T ) GRA-NARX B8, 41 ¢ 2 B4 8 T



B, %E T GRA-NARX 1 £ W 45 0 F 3k 35 77 AL B0 A AL

4y GRA-NARX #AIFl GRA-BP A fEA
(I 25 5895 T 09 35 O 5% 2 R0 34 5 A iR 25 GRA-
NARX BRI R AR 3B B R 6. 255 Bom : Ml 4k
95 O BRI, GRA-NARX #6184 (4 2 77 1% 22 h
1. 348 4 X107, ¥ 5 AR 22 /0. 011 61, GRA-BP #i
U 45 77 15 25 S 8. 741 6X10° 1, # J5 ML iR 25 K
0.029 573 4NZE 3k LM Bt GRA-NARX Fi%1 11y
PR 243,855 1X10 7, ¥ 7 % 2% 4 0. 019 63,
GRA-BP BRI 7715 25 R9. 584 1X10 ", HyJrfik iR
240. 030 963 412581 SCG B, GRA-NARX #i
R 5152 A3, 922X 107, By AR 2% 40, 019 80,
GRA-BP BRI 71525 R9. 978 1X10 " H iR
24 0.031 59, Ph ESr#ridi i , GRA-NARX A 1)
051 25 FH4 5 AR 2% H GRA-BP A5 fi 34 5 1%
ZE R MR 25 4B /N, GRA-NARX-BR #5281 13 7
BRZEMB IR Z D

F4 2 MEBRRIGEENYTREMYHRIRE

Tab. 4 Mean square errors and root mean square errors for

two models of different training algorithms

e GRA-NARX GRA-BP

Bk Ewms Ervs Ewms Erms

BR 1.348 4X10~*  0.011 61  8.741 6X10~* 0.029 57

LM 3.8551X107* 0.01963 9.584 1X10~* 0.030 96

SCG 3.9220X10°* 0.01980 9.978 1X10~* 0.03159
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Prediction model of water level in front of pumping station based on GRA-NARX neural network
LIU Xiaowei''? , HA Minghu' , LEI Xiaohui'® ,ZHANG Zhao®
(1. School of of Water Conservancy and Hydroelectric Power , Hebei University of Engineering , Handan 056038 ,China;
2. Hebei Key Laboratory of Intelligent Water Conservancy , Handan 056038, China;
3. China Institute of Water Resources and Hydropower Research , Beijing 100038, China)

Abstract: The uneven distribution of water resources is a long-term and trend problem faced by many countries. The water trans-
fer project is the main way to solve this problem. When long-distance water conveyance dispatching is carried out, hydraulic
structures such as pumping stations are often set in the channels to remove the influence of topographic conditions on water con-
veyance restrictions. During operation, it is required to keep the water level balance among pumping stations as much as possible
to avoid problems caused by sharp rises or falls in water levels. If the water level changes sharply with time, it may not only
cause water abandonment among pumping stations, but also cause water supply damage or hydraulic oscillation of the whole
system, Therefore, processing the water level information and establishing an appropriate water level prediction model of the
pumping station,especially the water level prediction model in front of the pumping station,are of great significance to the man-
agement of the pumping station, water transfer, building safety and so on. However, up to now, it is still difficult to accurately
predict the water level of the pumping station due to the interaction of various hydraulic structures.

A lot of studies have reported the research progress of water level prediction based on physical mechanism and machine
learning. The water level simulation based on physical mechanism mainly uses the hydrodynamic model with Saint Venant equa-
tion as the control equation to simulate one-dimensional channel flow. It requires complete information in the study area, but
usually some data is missing. Therefore, this method has certain limitations. Machine learning methods include vector machine
RVM model, grey system GM (1,1) model, multiple linear regression model, neural network model, etc. The advantages of vec-
tor machine RVM model, grey system GM(1,1) model and multiple linear regression model are suitable for complex prediction
tasks, but the disadvantages are that the prediction accuracy of these methods need to be improved. In recent years, with the de-
velopment of artificial intelligence,neural network has got plentiful results in water level prediction. NARX neural network is a
nonlinear dynamic network structure. Based on linear regression model, it has the functions of input delay and feedback memo-
ries,and can better approximate and simulate complex multi input and multi output systems.

In order to further improve the accuracy of water level prediction, a water level prediction model based on GRA-NARX
neural network was proposed, which included grey relational analysis (GRA) and NARX neural network. At present, when
using NARX neural network to predict time series, Levenberg Marquardt (I.LM) algorithms is the most commonly used training
algorithm, while the other two algorithms are rarely evaluated. Taking Tundian pumping station of Miyun reservoir storage pro-
ject as a research case, firstly, the water level information was cleaned by boxplot method,and then interpolated by mean filling
method; secondly, the main factors were screened out by grey correlation analysis; thirdly, the water level prediction model of
NARX neural network based on grey correlation analysis was constructed; finally,an analysis was performed in order to assess
the impact on the water level prediction of different training algorithms and time delays,and compared with GRA-BP neural net-
work.

The results show that the Bayesian Regularization (BR) algorithm leads to prediction model with better forecasting accura-
cy of the highest correlation coefficient and the smallest mean square error among the three different training algorithms. In
GRA-NARX-BR model,with the increase of time delay, the correlation coefficient is basically the same, the mean square error is
smaller and smaller,and the training time is longer and longer. Compared with the prediction results of GRA-BP model, it is
found that among the three training algorithms, GRA-NARX model can comprehensively consider the influencing factors in wa-
ter level prediction, has better network prediction accuracy, and GRA-NARX-BR model has the highest prediction accuracy,
which reflects the superiority of GRA-NARX model structure and strong network generalization ability,and can be used as an
effective water level prediction method.

Key words: grey correlation analysis; NARX neural network; BP neural network; water level prediction; Miyun reservoir storage

project
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