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Abstract; The waveform characteristics of natural earthquakes and artificial blasting are similar
but difficult to distinguish. Combined with gray wolf optimization (GWQO) and support vector
machine (SVM), a new method for identifying the nature of seismic events is proposed in this pa-

per. The signals of seismic events during the Yushu M7.0 earthquake in Qinghai Province and
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some artificial blasting events were analyzed by the Mel frequency cepstrum coefficient (MFCC)
method. Through the pre-emphasis, fast Fourier transform, Mel filter, and discrete cosine trans-
form, the sample entropies of the static coefficient and first-order and second-order differential
coefficients were extracted as the sample feature set. GWO was used to optimize the penalty coef-
ficient and kernel radius in the radial basis kernel function of SVM to form a new GWO-SVM
classifier. Then, the GWO-SVM classifier was used to identify events. The results show that the
recognition effect of the GWO-SVM classifier is obviously better than that of other classifiers, i.e.,
SVM, RobustBoost ensemble learning, linear discriminant analysis (LDA), and probabilistic LDA. Un-
der 1 000 cycles of recognition experiments, the average accuracy of the GWO-SVM classifier increased
by 9.2% compared with that of SVM, and the standard deviation was reduced by more than 3.2. The t-
test proves that the MFCC sample entropy has a reliable earthquake event classification effect, and the
GWO-SVM and MFCC sample entropy can be used as identification methods and classification criteria
for natural earthquake events and artificial blasting events.

Keywords: Mel frequency cepstrum coefficient (MFCC) ; sample entropy; gray wolf optimization (GWO) ;

support vector machine (SVM); radial basis kernel function; automatic recognition
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Fig.2 Signals of natural earthquakes and artificial blasting
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Fig.3 The first-dimensional extraction results of MFCC from signals of natural earthquakes and blasting
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