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Random forest method for predicting coal spontaneous combustion in gob
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Abstract: The accurate prediction of coal temperature plays a vital role in preventing and controlling the coal sponta—
neous combustion in coal mines.To predict the temperature of coal spontaneous combustion in a gob accurately and re—
liably a long-term observation test of temperature and gases was implemented in the gob of 40106 fully mechanized
top-coal caving face at Dafosi coal mine.A prediction model of coal spontaneous combustion in the gob based on ran—
dom forest ( RF) method was proposed and the prediction results were compared with the support vector machine
( SVM) and BP neural network ( BPNN) methods.The particle swarm optimization ( PSO) algorithm was employed to
optimize the hyper-parameters of RF and SVM for establishing the PSO-RF and PSO-SVM prediction models with opti—
mized parameters.The results indicate that RE PSO-RF SVM and PSO-SVM models all had strong generalization and
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robustness. RF possessed a wide range of parameters adaptation in the modeling process. When the number of trees

(n,..) exceeded 100 the training errors tended to be stable and the change of n,.. had no substantial impact on the
prediction performance.Although the PSO algorithm could find the optimal hyper—parameters of RF the RF model with
the default parameters could obtain a satisfactory prediction performance.The prediction results of SVM were very sen—
sitive to its hyper—parameters PSO optimization could significantly improve its prediction accuracy and its prediction
performance depended on the optimal choice of hyper-parameters.The BPNN model exhibited excellent prediction re—
sults in the training stage but it was prone to “overfitting” resulting in weak generalization and large errors in the
testing stage.Through the application of coal spontaneous combustion prediction in other mines the stability and uni-
versality of the RF method were verified and good prediction performance could be obtained without complicated pa—
rameter settings and optimization it could be further applied to other energy and fuel fields.

Key words: gob; coal spontaneous combustion; random forest; support vector machine; particle swarm optimization;
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Fig. 4 Three-dimensional distribution of temperature and gases concentration in the gob
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Table 1 Stage characteristics of temperature distribution in the gob

L/m
1 <20
2 20~80
3 80~120
4 >120




2804 2018 43
Windows8. 1 64 —bit MATLAB Ne. € 1 500
R2012a o m, e 1 M .RBF SVM
SVM C g
. C e
x o( x) 0.01 100 ge 0.01 50 ., PSO-RF  PSO-SVM
=, LIBSVM 26 Step. 1 X,
SVM SVM V;o
(RBF) 7 . SVM Step. 2
" ) P,
ﬂx):;(ai_ai)K(xxi) +b (8 pso-Rrr
flx) SVM TR Lagrange PSO-SVM
; K(x x,) b o 5 ;
BPNN P,o
B Step. 3 1) (9)
3 BPNN v; Xo
2M+1 “tan— Step. 4 °
sig”  “logsig” o Step. 5
RF
SVM o
(PSO) RF SVM Step. 6
PSO-RF  PSO-SVM o
PSO o
. D Step. 7
N, X=(X, X, Xy,) Step. 3.
X.=(x, x, = %) i D Step. 8 RF/SVM
X, . ; 2.3
v.=(v, v, v.) PSO  RF
P=(P, P, - P,) P,=(P, SVM Ny.=83 m,=5 C=
P, o Py 7.128 g=8.224,
5 5
= oy (Pl = X8) +an( P, - X) e ) PROTRE - PSO-SVM
kel ; Bl y=x ; SVM (
X =X, +v;, (i=12- Ny;d=12--D) )
(9 ,=x  ;BPNN
k o) 1C1 €y y=x
T (0 1) y=xo RF PSO-RF  PSO-SVM
o, =1.5 ¢,=1.7 200 BPNN
20 5 o
RF Miee My SVM
Abhishek Jaiantilal “ran— . 6
domforest—matlab” ( https: //github. com/jrderu— RF PSO-RF PSO-SVM
iter /randomforest—matlab) RF SVM © BPNN
n,.=500  m, =M/3 .,



10 2805
15. 76% BPNN “ 7
4.41% o
5
Fig. 5  Scatter plot of predicted results for different models at the training and testing stages
6
Fig. 6 Box plot of absolute percentage error for different models at the training and testing stages
2 BPNN MAE
. 2 MAPE RMSE R’
m,, RF PSO-RF SVM PSO-SVM BPNN “
MAE MAPE RMSE R’ 7
2
Table 2 Comparison of predictive performance indicators for different models
mm,
) MAE/C MAPE /% RMSE R?

My =1 0.753%/0. 863" 2.242%/2.528" 0. 869" /1. 048" 0. 966 0% /0. 949 8"
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PSO-RF 0. 445% /0. 525" 1.330/1. 539" 0. 647 /0. 740" 0.981 2%/0.974 9"
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9
Fig. 9  Scatter plot of predicted results for different models in the application
3
Table 3 Comparison of predictive performance indicators for different models in the application
MAE/C MAPE/% RMSE R
RF 0.905*/0. 774" 1.839%/1. 842" 1.2074/1. 037" 0. 985 0¢/0. 983 2"
SVM 1.990* /1. 044" 4.070"/2. 528" 3.174%/1. 265" 0. 8965*/0. 974 9"
PSO-SVM 0.769* /0. 599" 1.588"/1.451" 1.431%/0.784" 0.979 0*/0. 990 4"
BPNN 0.250*/1. 246" 0.556"/2.957" 0.322*/1. 696" 0.998 9*/0.955 0"
2014 133:72-99.
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p
50 J. 2016 41( 2) : 444-450.
RF ° LI Lin CHEN Junchao JIANG Deyi et al. Experimental study
Nyee 100 RF on temporal variation of high temperature region and index gas
n . of coal spontaneous combustion J .Journal of China Coal Society
tree
2016 41( 2) : 444-450.
(3) SVM SVM (2)
HU X C YANG S Q ZHOU X H et al.Coal spontaneous combustion
PSO o . . o
prediction in gob using chaos analysis on gas indicators from up—
SVM ; per tunnel J . Journal of Natural Gas Science and Engineering
BPNN 2015 26: 461-469.
“« ”

( References) :

RF

1 SONG Z Y KUENZER C.Coal fires in China over the last decade:

A comprehensive review ] .International Journal of Coal Geology

J. 2014 42(1) :55-59.
DENG Jun LI Bei LI Zhenbao et al.Experiment study on gas inde—
xes optimization for coal spontaneous combustion prediction J .
Coal Science and Technology 2014 42( 1) : 55-59.
DENG J] MA X F ZHANG Y T et al.Effects of pyrite on the sponta—
neous combustion of coal J .International Journal of Coal Science &

Technology 2015 2( 4) : 306-311.

J. 2014 31( 11) : 416-420.
WANG Lei WU Shujing LI Changqing. Coal spontaneous combus—
tion prediction based on grey—Markov model J .Computer Simula—

tion 2014 31( 11) : 416-420.



2808

2018 43

9
I 2004 14(5) : 15-17.
WU Jianming WANG Junfeng. A non-linear prediction of coal self-
ignition based on neural network J .China Safety Science Journal
2004 14(5) :15-17.
10 . BP

I 2010 27(4) :494-498 504.

ZHOU Fubao LI Jinhai.Prediction model for reignition of fire zone
after unsealing based on BP neural networks J .Journal of Mining
and Safety Engineering 2010 27( 4) : 494-498 504.

11 . J.

2013 43( 18) : 122-128.

JIN Yuping. Forecasting of coal spontaneous combustion based on
algebra neural networks J .Mathematics in Practice and Theory
2013 43( 18) : 122-128.

12

J. 2010 38(2) :50-54.

GAO Yuan QIN Muguang LI Mingjian. Analysis on prediction of
residual coal spontaneous combustion in goaf based on support vec—
tor machine J .Coal Science and Technology 2010 38( 2) : 50—
54.

13 . -

I 2010 35( 12) : 2100-2104.

MENG Qian WANG Yongsheng ZHOU Yan.Prediction of sponta—
neous combustion in caving zone based on rough set and support
vector machine J .Journal of China Coal Society 2010 35( 12) :
2100-2104.

J. 2017 27(6) : 61-66.
SHAO Liangshan LI Xiangchen. Prediction of coal spontane—
ous combustion in caving zone with unbalanced data J . Chi-

na Safety Science Journal 2017 27( 6) : 61-66.

I 2013 30(9) : 57-60.
JIN Yuping ZHANG Bing GAO Kai.Application of spheical-SVM
in forecasting spontaneous combustion of coal J .Computer Appli—
cations and Software 2013 30( 9) : 57-60.
16 . PCA-PSOSVM
J. 2016 43(5):27-31.
DENG Jun ZHOU Shaoliu MA Li et al. Research on predic—
tion method of coal spontaneous combustion degree based on PCA—
PSOSVM ] .Mining Safety and Environmental Protection 2016
43(5) : 27-31.

2018 38(2):175-180.
DENG Jun LEI Changkui CAO Kai et al.Support vector regression
approach for predicting coal spontaneous combustion J .Journal of
Xi” an University of Science and Technology 2018 38( 2):175-
180.

20

21

22

23

24

25

26

27

28

29

30

BREIMAN L.Random forests J .Machine Learning 2001 45( 1) :
5-32.
MATIN S S CHELGANI S C.Estimation of coal gross calorific val—-
ue based on various analyses by random forest method J .Fuel
2016 177:274-278.
CHELGANI S C MATIN S S MAKAREMI S. Modeling of free
swelling index based on variable importance measurements of par—
ent coal properties by random forest method J . Measurement
2016 94:416-422.
CHELGANI S C MATIN S S HOWER J C. Explaining relation—
ships between coke quality index and coal properties by random for—
est method J .Fuel 2016 182:754-760.
MATIN S S HOWER J C FARAHZADI L et al. Explaining rela—
tionships among various coal analyses with coal grindability index
by random forest J .International Journal of Mineral Processing
2016 155:140-146.
BREIMAN L FRIEDMAN J H OLSHEN R A et al.Classification
and regression trees M .Belmont ( California) : Wadsworth Inter—
national Group 1984.
CORTES C VAPNIK V. Support — vector networks J .Machine
Learning 1995 20:273-297.
SVR
I 2015 40(5) : 1103-1108.
CHEN Tongjun WANG Xin GUAN Yongwei. Quantitative predic—
tion of tectonic coal seam thickness using support vector regression
and seismic attributes J . Journal of China Coal Society 2015
40(5) : 1103-1108.
CHANG C C LIN C J.LIBSVM: A library for support vector ma—
chines J .ACM Transactions on Intelligent Systems and Technolo—
gy 2011 2(3):1-27.
PCA_Fuzzy_PSO_SVC
I 2015 40( 1) : 167-171.
SHI Longqing TAN Xipeng WANG Juan et al.Risk assessment of
water inrush based on PCA_Fuzzy_PSO_SVC ] .Journal of China
Coal Society 2015 40( 1) : 167-171.
BP
J. 2014 31(2):203-

207 231.
LI Huimin LI Zhenlei HE Rongjun et al.Rock burst risk evalua—
tion based on particle swarm optimization and BP neural network
J .Journal of Mining and Safety Engineering 2014 31( 2) : 203—
207 231.
LIAW A WIENER M. Classification and regression by random for—
est J .R News 2002 2:18-22.

XIE Z H CAI J ZHANG Y. Division of spontaneous combustion
“threezone” in goaf of fully mechanized coal face with big dip
and hard roof A .2012 international symposium on safety science

and engineering in China C .Procedia Engineering 2012: 82-87.



