H39% 3w W oE T B ¥ i Vol. 39 No.3
2017 %6 H CHINA EARTHQUAKE ENGINEERING JOURNAL June, 2017

AR BB 5K . 45 R T BP-Adaboost 77125 9 K AR i 58 RN T KF AR B A 5 40 26 B 72 [0 . e TR 27 4, 2017,
39(3):0557-0562.doi:10.3969/j.issn.1000 —0844.2017.03.0557

ZHAO Gang, HUANG Han-ming, LU Xin-xin,et al. Research on the Classification of Seismic Wave Signals of Earthquakes and
Explosion Events Based on BP-Adaboost[ ] ].China Earthquake Engineering Journal,2017,39(3) :0557-0562.doi:10.3969/j.issn.
1000—0844.2017.03.0557

E F BP-Adaboost 77 %I R A B F1 A TIRHE
EHRTESSEIRINFR.

AR, K, Bk, IR, B
PGS KA B AR 55 B TR B, 0 bk 541004)

WEBPAWZM %A IHOENSVMI AR AN »LRANFT & A FRARBERALREF
PR BAE T 2 R RANHIRZTRIFHHE, 2BPAZERNEELEDGARHRZKREEH G E
WOEH G I A ABKIEE AL T R R TR s L@ BA(SVM) 7 i 0 8 2 A 2 F &
RLREEGE DI AT RRERIFT RIS 5%, A RABERATREFHATAZ S
S ERA FA LI P K LR AR kAR F T BP-Adaboost 7 i # 47 T sF b AR . 3
X Pk R 69 Mo B R YE F AR R S 5 KB R 69 > £ R A 45 R & W . BP-Adaboost k132 T 98%
VA B AR G AR EE . AR T BP A2 M % 4 PCA—SVM 7 % ,BP-Ad-
aboost FE M THELEN X S FRANLERALA T EHE, LA TRARE R A TBIEF 4K
W45 5 o KR A e, TIAF P 45097 3 2 R, Rl o, £ 4 Adaboost 7 % %9 R 3, ] £ T BP-Ada-
boost 7 kA FAF 5 kR F 2L AR A,

Xgi|. o £R A WERMAEF; BP-Adaboost; £ F IJ; BPAZ ML ; LHEZH(SVM)
FE S ES:P315 XEARERD A XEHS: 1000—0844(2017)03—0557—07
DOI:10.3969/5.issn.1013—0019.2017.03.0557

Research on the Classification of Seismic Wave Signals of Earthquakes
and Explosion Events Based on BP-Adaboost

ZHAO Gang, HUANG Han-ming, LU Xin-xin, GUO Shi-hao, CHAI Hui-min

(College of Computer Science and Information Engineering s Guangxi Normal University , Guilin 541004, Guangxi, China)

Abstract: Back-propagation neural-networks (BP-NN) and the support vector machine (SVM)
are the two mainstream methods for classification of seismic wave signals of earthquakes and ex-
plosion events used in this research. The two methods achieved accurate and effective results.
However, when training the BP-NN, it is inevitable that it can be easily trapped in a local opti-
mum; in addition, the optimal numbers of hidden layers and numbers of nodes in each layer are

heavily dependent on the distribution configuration of the training samples data, and cannot be
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consistently determined in advance. Furthermore, when training the SVM, there is a shortage of
effective means to select suitable kernel function(s); hence, the ordinary SVM cannot be easily
extended to multiclass problems. Aiming at the classification of seismic wave signals of earth-
quakes and explosion events, this paper investigates and compares the BP-NN and the SVM,
along with the BP-Adaboost ensemble learning method. Using the dataset of seismic wave signals
of earthquakes and explosion events in the experiments of this paper, the classification results
show that the BP-Adaboost method can achieve the overall correct recognition rate of not less
than 98% , with excellent generalization ability. Compared with BP-NN and SVM, the two main
traditional classification methods, it has been shown that the BP-Adaboost method is more robust
for different dataset partitions and corresponding classification, which implies more robust gener-
alizability and better classification of seismic wave signals of earthquakes and explosion events. In
the meanwhile, the theory of the Adaboost method is applied to explain the reasons for the better
classification results and the generalizability of the BP-Adaboost method.

Key words: classification; seismic wave signal; BP-Adaboost; ensemble learning; BP neural net-

works; support vector machine (SVM)
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Fig.1 Structure diagram of ensemble learning method
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Table 2 Experimental results on different data sets (misclassified numbers)

Il ZRFE AR L 41 BP #fi 28 [ 4% Avg PCA-SVM Avg BP-Adaboost Avg
10% 13,14,9,10,28,11,18,23,38,8  17.2 4,7,5,8,6,5,20,3,5,9 7.2 0,0,0,0,0,0,0,0,0,0 0

20% 19,8,10,9,8,12,10,11,19,7  11.3 3,6,6,7.4,4,4,2,4,2 4.2 0,8,0,0,0,0,1,7,0,0 1.6

30% 6,9,8,5,4,7,8,5,6,9 6.7 2,4,7,3,7,5,5,4,5,3 4.5 0,0,0,4,0,0,5,4,0,0 1.3

40% 8.6,5.8,6,6,10,6,6,9 7.0 3,2,3,5,1,4,4,4,5,4 3.5 2,0,3,0,3,0,2,0,0,0 1.0

50% 4,6,3,13,7,4,3,2,6,6 5.4 3,1,3,3,2,3,3,2,4,3 2.7 0,3,0,0,0,5,0,1,0,0 0.9

60% 3,4,7,3,6,5,10,3,6,5 5.2 2,2,2,3,3,4,4,3,3,2 2.8 2,0,0,0,0,0,2,0,1,1 0.6

70% 4,5,4,2,3,4,2,2,6,3 3.5 2,3,1,1,3,2,1,2,2,2 1.9 0,0,2,2,0,2,1,2,0,1 1.0

80% 2,2,0,4,1,3,2,1,2,3 2.0 3,1,0,1,2,3,2,0,1,2 1.5 1,1,0,1,0,0,0,1,2,0 0.6

90% 3,0,0,3,0,0,2,1,0,2 1.1 0,0,0,2,0,0,0,0,0,1 0.3 1,0,0,0,0,0,1,0,0,0 0.2

100% 3,3,4,3,3,14,3,3,2,4 4.2 1,1,1,1,1,1,1,1,1,1 1.0 2,1,2,2,2,2,2,1,1,1 1.6
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Table 5 Three kinds of classifiers Performance Evaluation

B2 S RTS Pi/% Py/% R/% R»/% Fi/% Fy/% ACC/%
BP Hft 22 % 4% 93.02 99.34 97.56 98.05 95.24 98.69 97.95
PCA-SVM 97.56 99.35 97.56 99.35 97.56 95.35 98.97
BP-Adaboost 97.56 100 100 99.35 98.76 99.67 99.49
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Table 6 Three kinds of classifiers average running time
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