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Gas emission prediction from coalface based on Least Absolute Shrinkage and

Selection Operator and Least Angle Regression
CHEN Qian' ,HUANG Lianbing’
(1.Planning & Design Research Institute of Coal Indusiry Co. ,Ltd., Bejjing 100120, China ;2. College of Elecironic Information
Engineering ,Shandong University of Science & Technology , Qingdao 266590, China)
Abstract : The correct prediction of gas emission has great practical significance for the safety production of coal mine. However, the law of
gas emission in working face is complex, and there is multicollinearity among the influencing factors of gas emission volume, which seri-
ously affects the accuracy of prediction. In order to study the relationship and characteristics between gas emission and its influencing fac-
tors, eliminate the multi-collinearity among these various factors, avoid “dimension disaster” and the over—fitting in the prediction of gas
gushing volume, the least absolute shrinkage and selection operator( Lasso ) penalized regression method was adopted for simulation predic-
tion. On the basis of the original feature space, the Least Angle Regression( LARS) algorithm was used to achieve dimensionality reduc-
tion, eliminate irrelevant and redundant features, and finally screen out 6 high—influencing factors including coal seam depth, coal seam
thickness, coal seam gas content, coal seam volatile yield, air capacity and coal seam spacing, etc.. The data set was then divided into
ten parts by using the cross—validation method, and 9 of them were used as training data and one was used as test data in turn. Finally,
the parameters of the test set with the highest recognition rate were selected to establish a prediction model to predict the coal mine field
data. Finally, Lasso method was compared with traditional principal component analysis prediction model. The study results show that Las-
so penalty regression model can better preserve the characteristic meaning of the original data set. and the mean relative error is 6.52%,

the mean relative change value is 0.006, and the root mean square error is 3.20, which are superior to the results of principal component

YrfE B H9:2021-10-02 BERE:H K DOI; 10.13199/j.cnki.cst.2019-0439
BB . B ERHE E AL BT H (2016ZX05045-007-001 ) ; 1 IR B T4 A147 B2 51 BHE Q13 A1 ¥ 4 9% Bh I H (2018MS037)
EEE N % & (1986—) , 2, WAREREAN,BIARR, MM T, E-mail:365039211@ qq.com

171



2022 4F55 7 A

HEMFHA

50 %

analysis regression model, proving that Lasso model has better prediction accuracy and stronger generalization ability. It can provide a the-

oretical reference for downhole gas prevention and control, and has important reference significance for solving the problem of high—dimen-

sional and small-sample data prediction in other engineering fields.

Key words : gas emission; feature selection; regression algorithm; prediction model ; gas emission prediction
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Table 1 Data collection of gas emission and its affecting factors in working face

R X,/ X,/ X,/ X,/ X¢/ X,/ Xy X/ X/ y/
R (m-d™) mo (mP ) % (m® - min™") t m % (m' 1) (m )
1 228 4.10 1.9 4.99 0.22 589.0 786 10 2 4.1 1.38
2 219 6.10 25 6.01 0.20 360.0 786 9 30 5.27 1.32
3 230 4.90 15 5.27 0.20 405.0 421 9 30 5.11 2.77
4 235 7.20 1.2 4.10 0.20 417.1 1 436 10 31 3.13 1.84
5 226 6.10 1.1 2.96 0.20 4472 1517 8 38 1.09 0.85
6 217 7.60 33 3.70 0.20 477.0 1 644 10 38 3.67 1.81
7 238 7.91 1.9 2.01 0.20 480.0 1616 10 38 274 0.86
8 230 8.11 1.8 3.11 0.20 462.0 1 694 10 38 3.51 0.79
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m (m-d") m (m? -1 % (m® « min™") t m % (m* -t (m? et
9 240 7.12 1.9 2.14 0.20 462.0 1 661 7 39 2.07 1.52
10 245 9.10 1.9 3.25 0.20 480.0 1 661 8 38 2.17 1.83
11 242 6.99 2.0 2.91 0.20 540.0 1553 7 38 3.06 1.00
12 257 6.72 1.1 2.16 0.20 720.0 1570 7 39 3.72 1.32
58 499 3.17 5.7 5.92 0.44 760.0 652 4 31 6.19 33.05
59 510 4.01 2.9 8.94 0.4 798.0 569 4 31 8.16 37.06
60 523 0.11 9.6 13.80 0.68 1216.8 266 3 28 12.07 60.82
61 511 0.12 9.6 15.10 0.7 1 066.0 266 3 30 14.69 56.41
62 500 1.10 9.6 8.91 0.68 1264.8 504 4 29 9.07 35.40
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Table 2 Screen results of each factor by the LASSO algorithm
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Table 3 Comparison of predictod gas emission based on

LASSO and principal component, regression
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Fig.5 Prediction of gas emission based on LASSO and

principal component regression
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Table 4 Results comparison of two prediction models
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