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Tab. 1 Water diversion plans and data setl]

EYIES i i) 2% /d ALK/ m ABiHE/ (m? 57 1) i/ (mfee s~ 1) KA/ m AR AL/ m
1 4 31.8 112. 34 73.22 33.27 30.75
2 6 31.8 112. 34 73. 84 33.27 31. 04
3 10 31.8 112. 34 75.11 33.27 31. 38
4 6 31.7 112. 34 73. 84 33.21 29. 99
5 10 31.7 112, 34 75.11 33. 20 30. 95
6 15 31.8 17000 125. 00 33.32 30. 96
7 18 31.8 170. 00 125. 00 33. 32 31.52
8 20 31.8 170. 00 125. 00 33.32 31.74
9 15 31.7 170. 00 109. 38 33. 44 31.22

10 15 31.7 170. 00 116. 67 33.27 30. 77
11 18 3L.7 170. 00 125. 00 33. 26 31. 06
12 20 3.7 170. 00 125. 00 33.26 31.43
13 18 31.6 170. 00 125. 00 33. 20 30. 57
14 20 31. 6 170. 00 125. 00 33. 20 30. 91
15 13 31.8 182. 02 125. 00 33.32 30.73
16 15 31.8 182. 02 125. 00 33. 36 31.29
17 15 31.7 182. 02 125. 00 33.29 30. 56
18 20 315 182. 02 125. 00 32.94 30. 67
19 11 31.8 200. 00 125. 00 33. 54 30. 58
20 13 31.8 200. 00 125. 00 33.57 31. 22
21 13 31.7 200. 00 125. 00 33.51 30. 57
22 15 31.7 200. 00 125. 00 33. 54 31.17
23 13 31.6 200. 00 125. 00 33.47 30. 54
24 15 31.6 200. 00 125. 00 33.48 30. 57
25" 9 31.9 182. 02 116. 67 33. 50 30. 91
26* 14 31.8 169. 59 125. 00 33. 34 30. 58
27 15 31.7 176. 16 125. 00 33.28 30. 54
28" 17 31.6 183. 24 125. 00 33.29 30. 58
29* 19 3L.5 195. 02 125. 00 33.44 30. 94
30* 22 31. 4 170. 00 116. 67 32. 88 30. 61
31 24 31.3 136. 52 92.11 33.16 30.73
32% 30 31.2 112. 34 82.16 32. 87 30.76

TE: x "FRIRBIREA
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Fig. 1 Average relative error of different kernel widths
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TR 7K TR AR R 38 22 35 /N F SCHR L6 ] BP il 8
PO 4% 14 SN 1 25 o TOU DG B O vy REAARRICR T AT, O
AP GRS RRIEEBIZ 1 b/, BP b 2 W) 45 $5)
iR 24 2 min/ ¥R, 1 RVM R F B[R] 25 2 s/
RVM 0 A5 75 FE s A% 21 1 B340 23 AH X A A 7R
PEE 2 99. 9%, A% BP L4 X 4% 45 A 3 5 4
98.3% . MLhr TREH Tt ZA K I A7 Mt
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Tab. 2 Comparison of prediction results of maximum water level by different methods

BP 41 2 5 2% T RVM il
LV e =R B {E/m IR/ m
T E /m IKGAIHRZE / Y T/ m IKERARAT IR/ Y
25 33.50 6. 20 33.73 271 33. 44 0. 94
26 33. 34 5. 84 33.52 2.98 33.34 0.07
27 33. 28 5.78 33,47 3.18 33.29 0.19
28 33.29 5.79 33.59 5.01 33.28 0. 17
29 33. 44 5.94 33. 64 3.26 33. 25 3.12
30 32. 88 5.58 33.20 5.73 33.16 5. 10
31 33.16 5. 86 33. 45 4. 95 33.01 2.55
32 32.87 5.°57 33. 20 5.92 32.95 1. 43
FEyiR 4.34 1.70
* 3 AEFERIEAKEMTNEREEE
Tab.'3._Comparison of prediction results of minimum water level by different methods
BP 12 [ 4 T ] RVM il
WK RS BEHIME/m BR/NKH/m
T &/ m K GARNF 2/ %% T/ m K GARNF 2/ %%
25 30. 91 3.61 31. 13 6.09 30. 76 3.19
26 30. 58 3.28 30. 62 1. 22 30. 74 3.24
27 30. 54 3.24 30. 62 2.47 30. 73 3. 87
28 30. 58 3.28 30. 88 9.15 30. 74 3. 44
29 30. 94 3. 64 31. 17 6. 32 30. 75 3.19
30 30. 61 3.61 30. 85 7.25 30. 77 2.02
31 30. 73 3.31 30. 91 5. 25 30. 76 1. 45
32 30.76 3.43 30. 85 2. 60 30. 76 2.27
PR 5.04 2.84

T B L 2 RO L K BP #
22 9 245 TN ASE 2R 55 0 5 [ S AL NS B T 45 2R K
ORI AP iE o B 7 s T X L

MIE 2.3 7] LA s RVM A5 7Y 150300 {EORS i 2
S i ELTIEIN 45 28 S0 3 5 100 BP o 22 19 2% ) 45
SR BE B A R (EL 45 2R BT g b s

KA AEHw o 817
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Fig. 2 Prediction results of maximum water level

3 EARAKAGLTNEE R
Fig. 3 Prediction results of minimum’ water level
[ A B A 2 b 3 10 I 4R B8 S 23 ) 1T 5 3
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REERILE 4.5,
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Tab. 4 Comparison of prediction performance

of maximum water level Bf . Y0
PR ARIE RVM BPNN
ORMSE 0.405 7 0.750 6
OMAE 0.2950 0.768 5

Hi¢ 4.5 AL 7 9 RVM i I A58 2 S5 1K 7K
{37 75 AR 2 FIOF- 14 46 %00 12 22 43 53] 249 0. 405 76 il
0. 443 26, fie R K RLI 7 L5 22 - B 268 X 18 2% )
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A 0. 443 2% F10. 427 5% iR 2= K T S3CEk[ 6]
BP it 25 ) 28 (4 i 152 25 D B RVML i 5 780 K
B U RE

®5 BIRKGHTNIERE LR

Tab. 5 Comparison of prediction performance

of minimum water level Hf . Y
PEA bR RVM BPNN
ORMSE 0.443 2 0.574 9
OMAE 0.427°5 0.561 4

4 ER5SIL

4.1 % #

i T PR K TR B KA 1 RVM 5 A58 72
IR A SRS R TR B8 15 BEAE i= S i DR AR 2
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A HEES IE L I 25 3 W, A S0 B A 5
Tia] S ATUAS BB AR 7K TR IR 5 /KA A Tl B A 14
WA, FEAFE] T LU S8

X JRE KA S Hsm 2R 2 R 24 i 3k
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TIPS A2 A RS i 8 5 /N Sk /K AR A
KAL) PE At T — SRR .

(2) X 07 FHSE 48] B T30 %of b 22 BH « BP #1458 ) 2%
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Relevance vector machine model for predicting water level regulation in water diversion project
ZHANG Yan'?,LIAO Yifu'? , WANG Pengpeng® , WU Zhekang®

(1. Guangxi Key Laboratory of Geomechanics and Geotechnical Engineering ,Guilin 541004, China;
2. School of Civil and Architectural Engineering ,Guilin University of Technology ,Guilin 541004 ,China)

Abstract; China has serious water shortage problems, and the regional distribution of water resources is very unbalanced. The

water diversion project may solve the water shortage problem and uneven spatial distribution, but also affect the water situation

in the receiving area, making the local water source and the pump station reservoir interrelated and interdependent. It is of great

significance for improving the efficiency and reducing the cost of water transfer to master the changing process and influencing

factors of water storage level in water transfer projects. As traditional methods are difficult to analyze the action mechanism of

multiple influencing factors, several scholars begin to apply the intelligent method based on the "black box" processing of map-

ping relationship to analyze the reducing water level under the influence of multiple factors and start to use intelligent algo-

rithms such as artificial intelligence algorithm, BP neural network and correlation vector machine to seek the relationship be-

tween the regulating and storing water level and various influencing factors.

« 820 -

KA L4285 7



KA. E ETAX @ EN AR ATRRE S AL FNHER

Relevance vector machine (RVM) is a sparse probability model based on Sparse Bayes, which has many advantages
such as its kernel functions without the restriction of Mercer’s conditions, and automatically determined relevance vectors.
Many factors are influencing the change of the water level before the pump, and there is a complex nonlinear relationship
with the water level before the pump. Given the limitations of the BP neural network model, through the analysis and com-
parison of a large number of experimental data, the selection of pump stations open time, adjust the water level, flow, the
analysis of the existing data collection, sorting out of the water diversion scheme fitting data set and build learning samples
and fitting training, to regulate water level and forecasting model. The RVM model predicted results are compared with BP
neural network prediction model.

By selecting reasonable kernel function and kernel width parameters, the prediction results of RVM model are obtained, the
application of example shows that the root mean squared error and mean absolute error for RVM prediction model are smaller
than BP neural network prediction model using the same sample, prediction accuracy is higher. However, due to the insufficient
number of learning samples,the RVM prediction model is not as good as the BP neural network prediction model in reflecting
the trend and amplitude in the water level prediction, but the BP neural network prediction model has greater discretization in
the result prediction because the main reason is that the model has low accuracy in predicting the samples.

Aimed at the complex nonlinear relationship between the water level and its influencing factors,a prediction model of water
level for water transfer project based on RVM is established. The model has high precision and'low dispersion, which provides a
new way for the prediction of water levels for water transfer projects. The prediction restlts show that the BP neural network
prediction can reflect the trend and amplitude, but the RVM prediction model has the advantages of higher accuracy, shorter
time consumption,and better generalization ability. In practical application, the advantages of the two different models can be
played, the BP neural network model is used to predict the overall trend of the water level,and the RVM model is used to pre-
dict the corresponding sample value,to provide more reliable referencefor engineers and technicians.

Key words: water diversion project; water level regulation; relevance-vector machine; prediction model
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