202352 A
Feb. 2023

®13% F£2H 2 B8 it E M5 M A

Vol.13  No.2 Intelligent Computer and Applications

XEHS: 2095-2163(2023)02-0169-05 HE S ES: TN957.51 MR ERD: A

EF CNN #1 BIiLSTM Ry EX N RIRAL UL E L

ik, OB
(LBIEFAKXE BFERIESMk, i 201620)

W OE. BEECEORBRWTR R , S GPS B IE IR A R AIF 58 USUAY FA s AT M T T AR SO — e #hFE . AR SCEE
X 4t G Y e R v 8 YA ) R | AR B 23 2 R 3 Rl DCSUREAIE 1) CNIN-BALSTM 43 2S5 7Y S0 74 22 b [X /25 4 GPS i
A FEBHEAT MY o B SEtRTE/ NIk K 3 fifp )2 O PR MR AR B 52 L URT i 451 GPS 5dli #E 47 UH — A | M 55 ot B, -9l 2
R DXCBCRFAIE 1) 3 SR | S B A DN G5 O ASE A % B %) CNIN BILSTM A5 R AT 08 L, 2 B AR SO ] A A o
R, B —E W (e

KB =0 GPS; WHHIFES; MRRHUE ; MRk

Optimization algorithm for seismic detection underreporting
based on CNN and BiLSTM

ZHANG Wenhao, YIN Ling

(School of Electrical and Electronic Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] With the continuous development of positioning technology, high—frequency GPS technology has gradually become a
hot spot in the field of earthquake research. At the same time, it can make a certain supplement for earthquake early warning.
Aiming at the problem of report miss in the process of earthquake detection, the deep learning technology is introduced, and a CNN
Bi-LSTM classification model integrating regional characteristics is proposed to analyze the high—frequency GPS time series in New
Zealand. Firstly, the influence of wavelet base and decomposition layers on the noise reduction effect is explored. Secondly, the high
—frequency GPS data is preprocessed such as normalization and noise reduction, and the classification model integrating regional
characteristics is trained to realize seismic detection. Finally, by comparing with different prediction models, the results show that
the model in this paper can effectively reduce the report miss rate and has promising application value.
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Tab. 1  Table of evaluation indexes corresponding to different

wavelet bases

NI RMSE BIAS SNR

SYM2 0.002 593 8.201 1e-07 42.595 7
SYM3 0.002 586  —3.866 2e-06 42.683 8
SYM4 0.002 468  —1.055 5e-06 42.804 2
SYM5 0.002 461 4.008 7e-07 42.798 4
SYM6 0.002 401 ~1.356 2e-06 42.867 9
SYM7 0.002 581 1.820 5e-06 42.767 0
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Tab.2 Evaluation index table corresponding to different decomposition

layers

Wiy (=31 RMSE BIAS SNR
1 0.001 182 —1.575 0e—07 49.421 1
2 0.001 874  -3.629 8e-08 45.587 8
3 0.002 561 1.820 5¢-06 42.767 0
4 0.003 155 5.726 9¢—06 40.782 3
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28 P 245 — TR IR )0 B A 22 T 2% AN [] 2
AL B — S5 R R 22 I 2% LSTMfiE ] 4 FloAS [R] 1)
SEH, BN TR A A B SR H 3 A A6 O
2RIV B H K ) B LSTM BT Z5 M AN &l 1 B

E1 LSTM BT

Fig. 1 LSTM unit structure
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Fig. 2 CNN-BIiLSTM classification model integrating regional features
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Fig. 3  Schematic diagram of the calculation process of CNN —

LSTM classification model integrating regional features
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Fig. 4 Loss curve of different learning rates
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Tab. 4 Detection results of different convolution layers

EH HEBR R/ % A=/ % K%/ %
1 95.95 95.25 96.53
2 97.03 96.48 97.51
3 96.26 96.18 96.28
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Tab. 5 Comparison of detection results of different models

D7k W/ % B/ % KR/ %
ARSCRE KBRFIERY 43 25008 91.45 90.5 91.08
FE DX SCRRAE 1) 00 A5E 76 88.36 84.81 89.63
Bi-LSTM 83.06 80.38 82.73

CNN 81.44 77.53 81.66
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