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Earthquake magnitude classification based on deep learning

Liu Tao Dai Zhijun® Chen Su Fu Lei

(Institute of Geophysics, China Earthquake Administration, Beijing 100081, China)

Abstract: In order to explore the magnitude information of the seismic acceleration time his-
tory recordings, we train a convolutional neural network to classify the seismic recordings based
on the magnitude of the earthquakes. Nearly 120 000 earthquake recordings in K-NET and KiK-
net are used as samples, and these acceleration time history recordings are used as inputs for
model training after information screening and normalization. Taking the magnitude M5.5 as
the classification standard, we train a deep learning model of convolutional neural network to
classify large and small earthquakes. The results show that the model has an accuracy rate of
93.6% on the training set and 92.3% on the test set, which has a good classification effect.
This suggests there are some fundamental differences between large earthquake recordings and
small ones. Thus, earthquake magnitude information may be revealed from acceleration time
history recordings of earthquakes.

Key words: deep learning; seismic recording analysis; convoluion neural network; magnitude

information
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N T4 28 ) 4% (artificial neural networks, 45 A ANN) 782 25 19 = H4E P U T K 219 &
Ji&, N d5e G A5 0 A 28 50 T S B BB R R BN A T 2 i )Tz N H T AR 2 Y S
## R (Murphy, 2012; Jordan, Mitchell, 2015), 5§ 5 & 75 H R 2# S A AR 2 0, ] 4 b 72
U143 2 (Dysart, Pulli, 1990; Ursino ef al, 2001; JEASHE%5, 2020) . #b 5% 48 {32 44 B Tiira,
1999; Wiszniowski ez al, 2014; 24255, 2020) 55 . I BE #2846 A5 Sy T4 28 9 2% 1) — A G
X, BT ERENUIGEIE AL T AR EA, JERBE) M A, HEik - 24 Rz AR
FERCHRWCAR | FE A % R o B S T P R R A B T S M B kR L B R MRS KA )
T AR A X S HE AT A RO AT B kTR B b R N 2% TE 4RI DL R X — i VI RR oK, T H BT
IZ 5 U HL A X S W m il G T A R R R B e T, TR A A 3R R AR N A R RO R
Ik B Ay (5 (PR K M55, 2019) . % 738 HIER BE 27 2] O ik W R 2 i o, HOAZ O 02 R DR B 2
> RS A3 BCHE AR, A R B . S MR Ao N BRI 55 01, TR 2= S
AR T ZBRRPE R B 5T, 1 40 7= 2 P 5000 ( Zhang et al, 2018) . Hb 5= =5 (44l 5
7 (Huang et al, 2018) , Hu = AH A K 5 35 B ( Zhu et al, 2019) . #H7 FCBE (Ross et al, 2019)
AL M BB B, HbR= 0% o i T 00 1 R 2 D Bt B R A R, O AR M S B (SR B, 5K
2016) . Ay 1 TR MR A R AR Y fE FE R, TR A 2 M 0 B RR 1 B bR HE AT PR R
fE TARBUR BT BSR4 B b, 7 70 5 28 30k % S B A b 7R 2000 Sk ok AR 3R b 7 0 235 ) 1 £
IR B AR NI T2 45 1 — Fh b 5= A 2k QAL Sz, K, 2003) . XF T LR S, &
JE B PR AR R A i R, SR 4 b AR B0 N G20 b 1 KRR SR, T AR T AR ISR A HiLRE Bl
SRARD, EL AR Z M 5 TR W bR Bl i o, 3 A0 A R Y b 14 b 7R Bl i sk R AT — o 9 R LA
el FOWE A R Hb AR B B A B R L A XX T A AR T R AR, 36 R OR P T M R AE A 0
(Pacific Earthquake Engineering Research, 455 4 PEER) ¥ b 5B ahic s WU 48 i ik il H3s: O
AT RR G L T )2 BN 0 SR TE R 5 R B A ] ST A v A R A 4 i 2 H AR AR 8 AL Y
{H 5 @ 38 i 4 00 SR MR B, BT 3 10 5% B9 BN 1% 5 8 R 1S LA — 3 O R By Sk AR
U i F B % 1 ¥ {H 3% (Baker, Cornell, 2005; Baker, Cornell, 2006); @ Fif & ic 5% 1Y e 5 T il
Mo RE Y efE A 0T, e 5 8 TR0 100 SR 1 55 1t 72 2 UM 5 72 SF- 24 7 2 {8 (Goulet et al,
2004) , sfE MM RN EA R FRHN, J&— A1 K15 45 (Goulet, 2005; Goulet er al,
2006) 5 (O FIr 10 57 09 5 7% 3% 13 8 4 b 400 & A 2ot H b5 2% % (Baker, Cornell, 2006b) . il 7E
BN, X5 T = s A 22 02 PR LU H T B KRR 0 5, X T b2 2l i 5 9 Ak JHLAT: 7 J2 4 o
FEIC S B B H ARt . B bR BB 000 B R Bedd , 2011), AR mIRE. R
TIERE A I 0 b RR B IC SRR R i, AR SO T — A 45 BB 28 I 4% (convolutional neural
networks, %5 2 CNN) S 43 A7 it 72 I B B R 10 S A AR AIE , O 308 8 09—k %) o ekt B8 3 S A oy
FEA B A DLV ZRBE RIS O | /N R R AT 4328, O i T B 05 v b 752 o 3k B 90 3% ok 4] B b 7 1Y) 72
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(a) Process description of the model; (b) Model architecture
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