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Forecast of water inrush quantity from coal floor based on genetic
algorithm-support vector regression

CAO Qing-kui' ,ZHAO Fei'?

(1. School of Economics and Management , Hebei University of Engineering ,Handan 056038 , China;2. Dongling School of Economics and Management , Uni-
versity of Science and Technology Beijing ,Beijing 100083 , China )

Abstract ; The problem of water inrush from coal floor was characterized by small samples,nonlinear,and using support
vector regression algorithm avoided the limitations of qualitative analysis to predict the water inrush quantity. Support
vector regression parameters optimization method was proposed based on genetic algorithm using the advantages of the
global search capability of the genetic algorithm,and established genetic algorithm-support vector regression model of
water inrush quantity prediction from coal floor. First,the model got the optimal support vector regression parameters by
genetic algorithm to learn the training samples,and then used genetic algorithm-support vector regression model to pre-
dict the water inrush quantity of test samples. The test results show that,compared with the predictive values of neural
network and the traditional support vector regression,the genetic algorithm-support vector regression model has higher
prediction accuracy and good generalization ability.
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Table 1 Standardization of the raw data

e TAETH £ Fx K TIKE WRKZIREE GRS R B W2 % 2 ZE7K it
1 YEr I —1" 33 SRIX 0.305 01 0 0.612 36 0.411 76 0. 100 00 0. 198 62
2 EVEJLE LT 12031 0.261 44 0 0.731 90 0.367 65 0 0.33573
3 JIE 3R B FHB™ 9901 0 0 0. 834 36 0. 095 59 0.533 33 0.198 10
4 B3R A 9204 0. 104 58 0 0.842 90 0. 676 47 0.213 33 0.337 78
5 JIE 3R B FHB™ 9906 0.178 65 0 0. 685 79 0. 580 88 0 0.028 19
6 IR A 1007 1..000 00 1 0.170 08 0.713 24 0. 466 67 0.947 21
7 FEVETHT 1441 0. 108 93 0 0.783 13 0. 088 24 1. 000 00 0.704 77
8 e — 5 2682 0.501 09 0 0. 441 60 1. 000 00 0 0.142 23
9 BICHNEDT 31104 0.152 51 0 0.612 36 0. 808 82 0. 326 67 0.422 86
10 e R 149 0.753 81 1 0 0.639 71 0. 666 67 0.308 05
11 AC 3% ¥ BH 1™ 9903 0.054 47 0 0.730 19 0.485 29 0.026 67 0
12 WALy 1617 0. 546 84 0 0.368 17 0. 522 06 0.233 33 0. 728 60
13 WA — 5 1532 0.370 37 1 1. 000 00 0 0 1. 000 00
14 W16 — " 2671 0. 479 30 0 0. 441 60 0.566 18 0. 400 00 0.256 28
15 B A FE 7505 0. 089 32 0 0.817 28 0.323 53 0 0.070 94
16 FEVERE T8 2131 0. 108 93 0 0.851 43 0.051 47 0 0.151 20
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Fig. 2 The fitting curves of predictive values to
training target vector
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Table 2 Comparison of predictive values of water inrush from coal floor based on different models
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