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Application of Logistic regression model based on rough set in
recognition of mine water inrush pattern

WANG Jiangrong', HUANG Jianhua', LUO Zigin®, WEN Hui'

(1. Department of Information Processing and Control Engineering, Lanzhou Petrochemical College of Vocational
Technology, Lanzhou 730060, China; 2. Department of Petroleum Chemical Engineering, Lanzhou Petrochemical
College of Vocational Technology, Lanzhou 730060, China)

Abstract: The mine water bursting pattern recognition is a non normal, nonlinear and high dimensional data proc-
essing problem, but also a binary-class problem. The attribute reduction algorithm of rough set was used to reduce
the dimension of the sample data, to establish Logistic regression model, and particle swarm algorithm was used to
optimize model parameters. The recognition accuracy of the model was 90% for water inrush mode of the modeling
samples and 100% for water inrush mode of the testing samples, the effect was better than that of the Logistic re-
gression model without dimensionality reduction. The model overcomes the shortcomings of the linear regression analy-

sis for the solution of the binary-class problem, provides a new method for pattern recognition of mine water inrush.
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Table 1 Factors affecting water inrush in Zibo coal mine and actual yield of water inrush (training sample)

/MPa /m /m /m /(m*h™)
1 0.5 1.48 33 0.64 0.5 0.8 0.5 30 142 0 0
2 0.5 0.85 26.6 0.51 0.5 0.5 0.5 30 80 0 0
3 0.5 3.32 63.32 0.59 0.5 0.5 0.5 30 150 0 0
4 0.5 2.22 35 0.74 0.5 0.5 0.5 30 60 0 0
5 0.5 3 40.32 0.99 0.5 0.5 0.5 30 130 0 0
6 0.5 1.08 27.79 0.54 0.5 0.5 0.5 30 85 0 0
7 0.5 1.46 29.7 0.82 0.5 0.3 0.5 30 120 0 0
8 0.5 1.34 30.43 0.7 0.5 0.3 0.5 30 120 0 0
9 0.5 1.14 25.85 0.71 0.5 0.3 0.5 30 100 0 0
10 0.5 1.52 25.5 0.72 0.5 0.5 0.5 30 50 0 0
11 0.5 1.52 28 0.84 0.5 1 0.5 5 142 1 156
12 0.5 0.87 17.66 1.14 0.5 0.5 0.5 30 100 1 120
13 0.5 1.13 24.1 0.81 0.5 0.5 0.5 32 120 1 54
14 0.5 1.91 25.5 1.03 0.8 0.5 0.5 40 85 1 330
15 0.5 2.19 28.4 0.98 0.5 0.5 0.5 45 66 1 15
16 0.5 1.86 26.4 0.88 0.5 0.5 0.5 30 45 1 51
17 0.5 1.48 29 0.87 0.5 0.3 0.5 30 110 1 12
18 0.5 2.18 24.5 1.28 0.5 0.5 0.5 30 80 1 60
19 0.5 4.25 49 1.15 0.5 0.5 0.5 84 120 1 195
20 0.5 2.86 48.02 0.79 0.5 0.5 0.5 30 75 1 60
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Table 2 The influence factors of water inrush in Zibo coal mine after rough set reduction and the actual yield of water inrush
(training sample)

/m /m Logistic
1 0.64 0.5 0.8 0.5 30 142 0 0
2 0.51 0.5 0.5 0.5 30 80 0 0
3 0.59 0.5 0.5 0.5 30 150 0 0
4 0.74 0.5 0.5 0.5 30 60 0 0
5 0.99 0.5 0.5 0.5 30 130 0 1
6 0.54 0.5 0.5 0.5 30 85 0 0
7 0.82 0.5 0.3 0.5 30 120 0 1
8 0.7 0.5 0.3 0.5 30 120 0 0
9 0.71 0.5 0.3 0.5 30 100 0 0
10 0.72 0.5 0.5 0.5 30 50 0 0
11 0.84 0.5 1 0.5 5 142 1 1
12 1.14 0.5 0.5 0.5 30 100 1 1
13 0.81 0.5 0.5 0.5 32 120 1 1
14 1.03 0.8 0.5 0.5 40 85 1 1
15 0.98 0.5 0.5 0.5 45 66 1 1
16 0.88 0.5 0.5 0.5 30 45 1 1
17 0.87 0.5 0.3 0.5 30 110 1 1
18 1.28 0.5 0.5 0.5 30 80 1 1
19 1.15 0.5 0.5 0.5 84 120 1 1
20 0.79 0.5 0.5 0.5 30 75 1 1
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Table 3 Diagnostic results and comparison of test samples of water inrush
Logistic Logistic
X1 X2 X3 X4 Xs X6
1 0.91 0.5 0.5 0.5 30 120 1 0 1
2 0.67 0.5 0.5 0.5 30 75 0 0 0
3 1.13 0.5 0.5 0.5 30 110 1 1 1
4 4 0.8 0.8 0.8 28 70 1 1 1
5 2.5 0.5 0.5 0.5 12 110 1 1 1
6 1.04 0.5 0.5 0.5 30 28 1 1 1
3 8 100%
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