538 % M) 2 Cs R 2 i
20134 9 A

Vol.38  Supp.2
JOURNAL OF CHINA COAL SOCIETY Sep. 2013

XEHS:0253-9993 (2013 ) S2-0518-06

E F ASGSO-SVR &= BY B FL B 4% B 25 #U [& 12 I

R EY TAEN N B E

(1 ZRINTRAE GRS Lap e, B MR 232001 ;2. R DIV HOR B (RrUAR 2B M 23200153, RRIE TR AR, 2R HEr
232001)

W E AT RS ERE T LG FE EBFUE, ZA TR ENE S SR
RN Gk A0 FUAT IR B TR LAY | F 4w B 5T ve i TR B A A B A AR R AR AF oy ik A
ASGSO H-ik 8 & mARAL Z &) ZALTRM AL A A28 Fook | AR A TR 48 R 5 037 52 ) RO AT IR B AR
WERAFR K £ 6, 0 T RMAER B UGS, AR EHMIENZH xR ITEE5 L F% 17
FRERTH LML, BEAFLSG ML, FIN AR EZEA THRERE, 4R AW, ASGSO
Foik A BARACKTIEZ SVR FRM AL A 69 k5 B A AR KA B, sb 7y i 3T UM% Rk B 09 % T 69347 7 52
EAR Fa g 28y

SRR BT R 35 S4BT S ASGSO ik X a2 A

FE 4S5 . TP212;TD67 MEARERD A

Gas sensor fault diagnosis based on ASGSO-SVR
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Abstract: For the common faults in the current coal mine gas sensor such as jamming,impact or drift, the gas concen-
tration prediction model of multi-sensor data fusion was used, which was established by the support vector regression
machine. Meanwhile, the related parameter selection method which influences the prediction model accuracy was
worked up in detail and then the arithmetic was proposed to adaptively optimize the forecasting model parameters of
the support vector machine through the Self-Adaptive Step Glowworm Swarm Optimization algorithm compared between
the results of model prediction and the field measured gas concentration, the residual 6 for gas sensor fault diagnosis
was got. Upon the field monitoring data got through this method, the simulation experiment in Matlab was done to get
residual signal change curve. Fault diagnosis was implemented by fault threshold selection. The results indicate that the
parameter optimization by the AGSO algorithm is helpful to improve the support vector machine regression prediction
model precision and it is correct and effective for this method to the common gas sensor fault diagnosis.
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Fig. 1  Set-up diagram about gas sensor of the coal face
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Table 1 Data of training set

L M/ R T, BT T, B ocowk T R

L (m-s™") < W/ % WE/%  E/ % HeE/%
1 1.31 24.2 0. 81 0.58 0. 04 0. 65
2 1.31 24.1 0. 82 0.56 0. 05 0. 66
3 1.32 24.4 0.79 0.55 0. 05 0. 64
4 1.30 24. 4 0. 80 0.59 0. 04 0.63
5 1.32 24.1 0. 84 0.61 0. 06 0.67
6 1.31 24. 4 0. 81 0.63 0. 06 0.62
7 1.35 24.2 0.76 0.61 0. 04 0.59
8 1.37 24. 1 0. 81 0. 66 0.03 0.72
9 1.25 24.5 0.79 0. 67 0.05 0. 66
10 1.34 24.6 0.78 0.58 0.09 0. 65
11 1.31 24.5 0.76 0.58 0. 04 0. 66
12 1.32 24.7 0.78 0.55 0.05 0. 66
13 1.32 24. 4 0.75 0.57 0.05 0. 67
14 1.20 24.7 0.71 0.52 0. 06 0.53
15 1.12 24.7 0. 67 0. 46 0. 05 0.45
16 1. 14 25.3 0.63 0.42 0. 06 0. 46
17 1.20 25.3 0.58 0.35 0. 05 0.54
18 1.36 24.6 0. 61 0. 47 0.07 0.71
19 1. 10 24.7 0.58 0.53 0. 04 0. 46
20 1.25 24.7 0. 56 0.54 0. 04 0. 54
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Table 2 Data of test set

L R/ REE/ ToWET T, WHT cowk T R

T e T WE W B W%
1 1.17 24.8 0.57 0.52 0.03 0.48
2 1.38 24.7 0.71 0.54 0.05 0.73
3 1.35 24.7 0.78 0.57 0. 06 0.72
4 1.27 24. 4 0.83 0. 63 0. 06 0.74
5 1.22 24.5 0.79 0.62 0.07 0.52
6 1.33 24.7 0.73 0. 60 0.09 0. 64
7 1.35 24.7 0.74 0. 64 0. 04 0. 65
8 1.23 25.4 0. 67 0.57 0.05 0.55
9 1.34 25.3 0.61 0.51 0. 04 0. 68
10 1.24 25.7 0.67 0.43 0. 06 0.58
11 1.20 25.7 0. 60 0.43 0.05 0. 54
12 1.22 25.5 0. 65 0.37 0.05 0.52
13 1. 14 25.6 0. 65 0.34 0.03 0.53
14 1.23 25.8 0.67 0.36 0. 04 0.54
15 1.30 25.6 0.72 0.41 0. 06 0.63
16 1.30 25.7 0.71 0.45 0.07 0. 65
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Table 3 Parameter optimization of ASGSO

prited MBS BEEZ WERIE PIHEX

Bk e e 7% (MSE) RE(P)

SVM 3.0 0.1 0.089 3 0. 89
ASGSO-SVM 2.4 4.7 0.0350 0.94
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Fig. 8 The residual signal change curve of the impact fault
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