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Design and implementation of seismic
precursor data analysis algorithm based on LSTM

WANG Yuanyuan, SUN Keke

(School of Emergency Management, Institute of Disaster Prevention, Sanhe Hebei 065201, China)

[ Abstract] Earthquake precursor data have short—term, medium—term and long—term changes. Studying the change rule of
earthquake precursor data is of great significance for earthquake prediction. This paper uses the most popular LSTM model of deep
learning technology to learn the massive precursory data, learn its short—term, medium—-term and long—term change rules, establish
the depth model of precursory data, and predict the precursory waveforms according to the model. In this paper, the predicted
precursory waveform is compared with the actual observed waveform data. Experiments show that the LSTM algorithm can well fit

the observation data.
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Sfi=o(W, = [h_,,x]+0b), (1)
(D) MIATT s BIATTHI— tanh PRV D 3k
R AMIFEEEE . tanh BRECT LT H T —51

kIR C, WATTH C, HA s — I A i — M
L ZE [0, 1] P, BR 460 80 7 135 1 00
W T LA R TR S, TR A b —
SEME AR AR | RN L5 AT TR0 £, PR
LI £ S BB TR IR |, TR AR AL BT
eI AR,
C =f*C_ +i*C, (2)
i, =c(W, - [h,_,,x, +b]), (3)

—

C, =tanh(W, - [h,_, ,x,] +b,.), (4)
(3) a1 T o Hmth 1T e i 24w iy FROTRAS
A Z/pad us e Sols BT IR i ] o H
HRE—T A — AN FE [0, 1] PR, 2 3 B ook 24
Yot uE R FEAKXWT .
o,=0(W,[h,_ ,x]1+0b,), (5)
h, = o, * tanh(C,) . (6)
(4) FITIRES (cell state) , X J& LSTM F) 4
R 1 23R B K B ZOk KR | T UK B
M E—AHITE R B T — AN HOT, R — R BE L
A —RE BT EAE R S R T P A Bt Y (] e
SRR I AR Y B OTR A R S G
Kl 2 Fis .
2 SR HEIETALE
HI T80 A B B A B R AR, B8 Se it 53 AT
A=A o BUE 2538 3 =7 . AR R
Kot b Ao PR g G A R RS | A AR BREE LN
R S T R BOR I 25 R P AR B RAE . R 1 ORIIE
i FBURRCHIE 11 576 1 T T 45 R 1) S e, X e

FAHATAE B . FEARBTTE A DR Bl A AR 5T, 7
PEATEAE 3AT o W IR e IR AR

o

=
T

B2 LSTM HiikEE
Fig. 2 LSTM unit status diagram
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