40 % 56 A 0 & i Vol. 40 No. 6
201946 A Chinese Journal of Scientific Instrument Jun. 2019

DOI: 10. 19650/j.cnki.cjsi.J 1904605

E T EWT_Hankel_SVD & LR E 5 S4F1E
RS ERFE

R, ZN, T BRI, FEF
(VLVEE T R2:  #&M 341000)

B A IR SRR SIE S A SR BIMER AR, 3R T 3R T2 /N A 4 Hankel 45 4 _ 7 57 (8 431 ( EWT_Hankel _
SVD) B LLTGRAR SRR SR B 0 25T o T 58 AR RRAT 5 W BRAS TR A 2 FE 1, X5 EWT 45035 43 %1 7 vk s A7 ek, 1)
P EAG SR T HERARE HR A EWT X S2ERDT LR U (OR AR IR s 5 55 061743, 18 B AR DG BT i 122 75
) f1~15 5 4> F= 408, 9617 43 3R 432 (1~ 15 #43% Hankel 505, 715345 Hankel S5 4 09 S K ar SEFI AT R0 . B e M ISAL 08
AR SR AL (GA-SVM) XU FURB (S 5 EAT 420N o 45 R IRBAR S5 540 1 11 ~ (4 193 R AR T8 Bl
BAG S (1~ 4 W3 20 R EIREIE S & (1~ 5 B RAREBERTERMBEGES & 1~ 05 WRKEHFME. Bk
EWT PBIBCRZE TE48 EWT FIZI0HS 5 , GA-SVM SISO BN T 3 K ) AL B [0 HFI Bayes H17145, HAE T EWT
_Hankel_SVD Fll GA-SVM 4> 25 MR 2R 1K 5] 94%

KB : B ILRGRIR S s BT s RAE R I 2296 /N 28 6 ; Hankel 46 [ ; A7 (B 53 %

hES#ES: THT TD76 MEARIREE: A EXRIREFERISRNKE: 440.75

Feature extraction and classification method of mine microseismic
signals based on EWT_Hankel_SVD

Cheng Tiedong, Wu Yiwen, Luo Xiaoyan, Dai Congcong, Yin Baoyong
( Jiangxi University of Science and Technology, Ganzhou 341000, China)

Abstract:To solve the difficult problem of automatic identification rock mass microseism and blasting vibration signals, a feature
extraction and classification method based on empirical wavelet transform_Hankel matrix_singular value decomposition (EWT_Hnakel _
SVD) is proposed. Firstly, EWT spectrum segmentation method is improved to adapt the transient and diversity of microseism signals. Tts
effectiveness is demonstrated by using simulation signals. Then, the improved EWT is used to decompose the microseismic and blasting
vibration signals. Five principal components of f1 ~ {5 are obtained by correlation analysis, which are utilized to formulate the Hankel
matrix. The maximum singular value and singular entropy of each Hankel matrix are calculated. Finally, the genetic algorithm-optimized
support vector machine (GA-SVM) is adopted to classify the microseism and blasting signals. Experimental results show that the singular
entropy of the blasting vibration signal component fl~ {4 is too much singular entropy of the rock mass microseismic signal component fl~
f4, and the maximum singular value of the blasting vibration signal component fl~ {5 is greater than that of the rock mass microseismic
signal component fl ~ f5. The improved EWT recognition is better than traditional EWT and empirical mode decomposition. GA-SVM
recognition effect is better than support vector machine, logistic regression and Bayes discriminant method. The method based on EWT_
Hankel _SVD and GA-SVM classification can reach accuracy rate 94% .
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Fig.9 Singular entropy and the most singular box plot
of the components of the microseismic and blasting vibration
signals of the rock mass (microseismic represented by 0,

blasting represented by 1)
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Table 2 Classification results based on Hankel maximum

singular value and singular entropy

IEFRIRBIE SR R P
SOOI ) —
- BRI RkmE R W R
(F10040) (FL1004) % %
GA-SVM 95 93 188 94.0
SVM 93 92 185 92.5
Mt EWT
LR 90 89 179 89.5
Bayes 86 88 174 87.0
GA-SVM 92 93 185 92.5
. SVM 91 91 182 91.0
fE4 EWT
LR 89 88 177 88.5
Bayes 86 87 178 86.5
GA-SVM 91 90 181 90.5
SVM 88 90 178 89.0
EMD
LR 83 87 170 85.0

Bayes 84 83 167 84.0
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Table 3 Classification results based on the improved

EWT-SVD extraction singular value features

R SRR

FRAE ) s
g OO CHIERUE BRSO R/
(FL1004) (dL1004) %
GA-SVM 92 89 181 90.5
SVM 90 86 176 88.0

Heik EWT

LR 80 84 164 82.0
Bayes 84 84 168 84.0
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Fig.13  The component waveforms of the large blasting

in the stope
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Table 4 Characteristic parameter values of large blasting

events in stope

A AR
FHES
f1 2 3 f4 5

BRARE 21.31 38.54 41.72 20. 69 16.51
A 5 8.23 6.57 5.61 5.44 2.18
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