40 5 Vol.40 No.5
2015 5 JOURNAL OF CHINA COAL SOCIETY May 2015

SVR J . 2015 40( 5) : 1103 - 1108. doi: 10. 13225/].
cnki. jees. 2014. 0913

Chen Tongjun Wang Xin Guan Yongwei. Quantitative prediction of tectonic coal seam thickness using support vector regression and seis—

mic attributes J . Journal of China Coal Society 2015 40( 5) : 1103 - 1108. doi: 10. 13225/j. enki. jees. 2014. 0913

SVR

1 2 1
(1. 221116;2. 221116)
(SVR) SVR .
SVR SVR :
SVR .
' P631. 4 ‘A £0253.-9993( 2015) 05 - 1103 - 06

Quantitative prediction of tectonic coal seam thickness using
support vector regression and seismic attributes

CHEN Tong5un' WANG Xin** GUAN Yong-wei'

(1. School of Resource and Earth Science China University of Mining & Technology Xuzhou 221116 China;2. School of Computer Science and Technology
China University of Mining & Technology Xuzhou 221116 China)

Abstract: In order to improve the precision and reliability of thickness prediction the authors combined the Support
Vector Regression ( SVR) which is good at.dealing with nonlinear issues and seismic attributes together to build a
model for the prediction of tectonic coal seam thickness. During model building the authors first of all optimized the
key parameters of SVR model through training and testing forward model’ s data then combined those optimized pa—
rameters with in situ near-well traces to build a SVR predicting model. Through inputting the real attributes of spectral
decomposition and sweetness into this model the authors achieved a prediction of tectonic coal seam thickness in the
study area. By comparison with true thickness at wells the thickness prediction of the model has a higher precision and
lower absolute error than that with the prediction using traditional seismic attributes. Setting RBF ( Radial Basis Func—
tion) as kernel and spectral decomposition attributes and sweetness attribute as inputs the model generates its best re—
sults. Since the influence of signal-o-noise ratio of seismic data was not considered during the model development the
model could not overcome its corresponding uncertainty.
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Table 1 True and predicted information of No. 15 coal
m
3-133 626. 8 6.3 2.80 2. 87 0.07
3-137 669. 3 7.1 3.00 2.89 0.11
3 -1381 587.2 6.3 4.30 4.56 0.26
3-139 575.9 8.6 0 0.29 0.29
3 -144 643.3 10.4 0. 60 0.76 0.16
3 -146 603. 6 8.3 2. 60 2.62 0.02
3 -147 597.5 9.6 0 0.14 0.14
3-148 633.1 6.3 0 0.25 0.25
3-157 634.9 8.5 2.40 2.30 0.10
3-158 628.2 8.1 0 0.29 0.29
3-51" 640.9 7.8 2.00 2.93 0.93
3-58" 631.6 10.2 0 0.55 0.55
3-59 637.6 6.5 3.00 2.91 0.08 3.3
623.8 8.0 1.57 1.70 0.17
3.2

15

5 15
Fig. 5 General geology of No. 15 coal in study area
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