H41% 53 £ MO R Vol .41,NO.3
20214709 J1 SOUTH CHINA JOURNAL OF SEISMOLOGY Sept., 2021

LA SR E G MM AR A5 BP 3 20 X 45 1 1l 7 M s Y0 TR A v 1 g ). A g g, 2021,41(3) 0 116-121. [WU Lihua,ZHANG Baojian, LIN
Binhua, et al, Application of BP Neural Network in Seismic Noise Waveform Detection[J]. South China journal of seismology,2021,41(3): 116-121]

BP 22 ) 45 7 3t 7= MR 7 O i A il Hp B . A

B A RES, MM, B4, KW
(fREE =R, &I 350003)

FEE: Sy A ShAR I b R RS TR A S, RN BP s 0 45 AR A T R MRS A 3 B A
T 0 88 MIIFE B 0 2018-2019 47 ¥ M FB W P I AR I Y, TR0k T (1% o 28 2 ) 635 4% 18 (PSD ) {ELYVE by 1t 4 I 45 114
il ANFFIEAE, 7E MATLAB thAs) ¢l BP 1 22 W 25 A7 2% S N ki 0 B MRS UE T U255 (09 BP 1 22 ) 46 50080 5L
B 7 ) B M TR A Y SR BRI AE ST o O FH BP 8 I 45 A R MR RS R S 25 T N TR R T, S
e H AL, S TRIECR, A S MR s R i A SRR TR B AR D

KRR BPHAMLS; RN IR SR, R

RESZES: U452.28 XERARRFF: A XEHS: 1001-8662(2021)03-0116-06

DOI: 10.13512/j.hndz.2021.03.16

Application of BP Neural Network in Seismic Noise
Waveform Detection
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Abstract: In order to automatically detect whether the seismic noise waveform is normal, the paper proposes the
application of BP neural network technology to detect seismic noise waveform. The paper chooses seismic noise
waveform of 88 seismic stations in Fujian Seismic Network from 2018 to 2019, calculates acceleration power
spectral density (PSD) as input characteristic value of neural network, and constructs BP neural network in
MATLAB for training and simulation.The result of simulation verifies that the trained BP neural network model has
reliable ability to detect whether the seismic noise waveform is abnormal.The method of detecting seismic noise
waveform using BP neural network avoids the work of manual judgment, realizes automatic processing, improves
the detection efficiency, and provides a new technical method for automatic monitoring of seismic noise waveform
quality in the future.
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