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Earthquake and explosion identification based on
Deep Learning residual network model

Wei Yonggang™®  Yang Qianli Wang Tingting Jiang Changsheng Bian Yinju

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

Abstract: In order to enhance the property identification of earthquakes and explosions recorded
by seismic network, this paper proposed a new technology of explosion discrimination based on
the residual network model in Deep Learning technology, and utilized it to identifying explo-
sion and surrounding earthquakes in Sanhe Quarry of Hebei Province. According to the wave-
form data recorded by the Beijing Digital Telemetry Seismic Network and China Center of
Digital Seismic Network, and the released seismic phase reports, we analyzed the waveform
power spectrum of 93 explosion events and 54 surrounding seismic events in Sanhe Quarry of
Hebei Province. Moreover, 100 independent random sampling sub-tests, 1 000 independent
random sampling sub-tests and leave-one-out-cross-validation test were conducted by adopting
different training sample proportions, respectively. The test results show that the residual net-
work model in Deep Learning has a high recognition rate and a stable effect in identifying the
property of earthquakes and explosions, therefore it has a wonderfully potential application.
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KR E 5 N TR O AR I AT 5T, X T2 ™ | [E B 22 4 AR FL 22 05T DL S
Jo ik i 7 KM 0 ) A A RS, MR M . A S DX RAR R O TR R IR A A
K WF ST b 5 #4 E 18] 3 ( Stump er al, 2002; Rabin et al, 2016) . XIHE H P &% IR E T A
SR A, 5 B0 E G P PR AS HE B (Kortstrom et al, 2016) , B 7 4 A #5472 16 sh Mk i 7
SN HLE B St S5 TR (Wiemer, 2000) , 1 A TR 8% 2 14 X 2251 % M i B 1 B i
SYI oy, BEIN T KAR HE  AR A E

F 20 42 50 4R AU, X RAA AR 5 AN T R i UM BT 46 1 ) iZ I AR BESE, OF
FEI T Z AU A, LS P BB RRIRIR B AR R my, SRR My Z H 5
P S DR AR R AE L LA K MR v B2 MR8 4 90 45 (R 0 05 25, 2013) L 3X 28 BURRAE ) 4 fix
) 38 B B, (SRR Y R RN, U ORI R B (B %, B4R, 2000) ,
WA I 22 A F I FE AT 285 WU T E R OE T D5 ). RIR MR AR T N TR 1 2 4R
2 WA B (Tiira, 1995), A it DSBS Sl e i JBCAY 40 405 5 FH 7 5 R 000, g EL A0 =3 )
P 5 st 3ol ) 98 EL AT W 4 9 RSO R (Falsaperla et al, 1996) . Fifi 5 # 25 0 45 0 5% B9 2458, MR
A S B SR B R A F RS N T R AR G 1 O TR T R SR AR 5 ON TR
BARSH, A SO T F 0 A9IR B € F1 (Esposito e al, 20065 Kuyuk et al, 2011; AitLaasri et al,
2013; Vallejos, McKinnon, 2013; Riggelsen, Ohrnberger, 2014; Reynen, Audet, 2017).

H T R TN T 28 ) 4% 52 IR T SRk R 2 I R ) TH R RE 0, 7 TR R A M R R
A BE R A 1 A TS AR B A 4, OIS AR 2 o 950G 4 IO S AR AE (40 P/S AL HEAED)
XF B EAT B AR T, ASERG I 1 AR B R A S AR, T HAR R T R E R R B, BRI
DB AN R TR i . TE M2 Z BRI AE O T , MM S HORZ, [R5 A 2 2 JE
Gelg, Ao MBI R LG, R BB AL 1z AL BE ) AN

PEARR, TR A BORTE KRB RE AL 55 A5 LA Z B0, AR 22 07 Thi Al >k 18 i) 7t
SR, B niE 5 AL PR (Lee ef al, 2009; Dahl et al, 2011) . $3ETHE M B %5 S # R . &
RO, UHTEEG 2 B E . BRI (Ren ef al, 2015) . AR . S 1E G F
By 5 U A5 L G £ S AL BE 7 T B O T B9 HE D QL6 A, 2016) . TR A BBE SR T
N T2 W ZERIE G, J N T 28 T 4 %) S o 0 ki, o AR 2 A 25 9 1B it 4 110
J2 R TR AR B SRR, DL SR B B9 20 A sURRIE R OR (PN 2245, 2012), WA BT B2
MBI GRAEA pr2 o] G L, AT X A Ja1 < A 1 000, LR 8 2 > Y A Aab BEOR A AR
IS 24k 14 pRBCE AR I B D 6

R A i R AR R A N TR R R A U A, AR SO, FH IR B 27 > HOR, TR 2%
B AT LI 250 68 TR X 245 1) 5% 25 I 45 5 78U (residual network) , 2 (I T 1) 435 T R 5% 4
S BRI 2 55 D0 0 e AR L I I A A AR el e e B BB T A S i R R RO 43 B 1Y
MR SR AT W A AT, LS TR A B E 1 TAL B R, AR il B b R B SRR 2 R
IR R, D3 E F R U AR



i 41 45

ki
i

648 b

1 ik
1.1 REREZEMEENERFIE

50 Y 2 PR AR50 A 4 AT 45 bl 4 FE 2 A9 [ & (Simonyan, Zisserman, 2015; Szegedy
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Fig. 2 The residual network model applied in this paper
The four convolutional layers with 64 and 128 convolution kernels was omitted; coupled with the fully connected
layer and the classifier layer, there are 14 layers in total. 2X2 on the upper in the figures is the size
of the convolution kernel, and on the bottom is the number of the convolution kernel
1 ABPUZ A L0 R
Table 1 The number of channels for input and output of each convolution layer
HBRZ WAEEL i A TE A BRUZR WAEIEEL i I T HBRZ WAEER i A TE A
1
8

1 8 6 32 64 11 256 256
2 16 7 64 64 12 256 512
3 16 16 8 64 128 13 512 512
4 16 32 9 128 128 14 A

5 32 32 10 128 256
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B i A S8 A A 200, #OR #EAT B AL

2 HiiETab 12
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P o A ] 2 R I 72 65 I APl A E L IR X B 1 2010—2016 47 39 1) % A= £ b = 1] M
X (39.8°N—40.3°N, 116.8°E—117.4°B) A W 73 JE (9 K SR M7= S5 1F 54 W, A TR F 93
W, UGN M 1.5—3.0, P EERLEE Jy 5—260 km. BF 58 X P9 434 100 AWM 5 54, AR
H AR Al B8 B B AR HGX 100 S B il s BB = ar il sk, T SR IR 0 BE AR L Al
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(Stevenson, 1976; Baer, Kradolfer, 1987; X%, sk F, 2014) 345 & At & B F (Teager-Kaiser
energy operator, 4’5 iy TKEO) X Hli 5% 5 I8 B8 147 Wik $8, $k 3k th A 205 % . STA/LTA [y 3k
A AR A FE 5 00 0 60 - 4E (STA) 5K B 34918 (LTA) Z Fb ok B 52 AE 2 s 4R 0 i) A8
b, M — R T 38 BE A, M 58 & 2B . TKEO fg 8 i i Ml 2515 5 09 Bk i e it
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Fig. 3 Distribution of stations and events used in this study
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Fig. 4 Schematic diagram of waveform selection

(a) Original waveform; (b) De-noising result by band-pass filtering; (¢) TKEO short-length time-to-window ratio

P S B A AN A ), A 0 Y ) R0k 2 R B — B0, AN S 2 i I SRR, i R
2012—01—18 23:03:54.6 F12010—01-22 15:40:26.6 Z 2[5 M2.0 [ KR HZ AN T I B
-, Zd i B 4> A (39.803°N, 117.352°E) F1(40.049°N, 117.139°E) ; & P FE 4> 5 K
A=67.52km Fl 4= 65.07 km, XFPISEFHEAT(5 5 DR EEXT L, 2554018 S B .

B S A UL, R VEAS S D3R AE 1—5 Hz IR0 o0 W1 Bk i T b2 A5 5, oo 00 DX Sl 7 0 A
A IS5 MR ARl . T B — R AR N 1 S B A S ) A R R A, AR SR R AR S I 2R
DA, X 0 22 H0 9 B — S5 Bl R AT DD R Ak T, S SN 25 5 ) ) B8 B

jui:: 4 Jlc::4

£ osf = osf

[ ERSU IIOMSNMINI . R SE—w— -

£ o5t £ st

5 10 15 20 25 30 35 40 45 50 55
t/s

I)&ik/dB

10! 10° 10! 10 10 10° 10! 10
B /Hz B/ He
(@ (b

E5  Mg2.0 KERMAE (a) M THRRE(b) 28 1—25 Hz 4738 B A 9 T8 K B %4
Fig. 5 Waveforms with 1-25 Hz bandpass filter and power spectra of Mg2. 0 earthquake (a) and explosion (b)

3 Il gx EFMIX L1 81 KX L2
Y 5 8 P 5 0 590 10 T R0 B I 25 A, A B 4 0 B A 8 A R AR R R



652 H = 2% Eire 41 %
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FUBR 2 . B A REAS B Tl 283 1 200 AN 15 (EAG BG, DAL R 80 (g A5 B R AR b R B A A
BEBRTER 0, N TIRBEREARPR AR N 1, ZJ5 X R HEAT one-hot 4 i, 5 HAE N WM AE, i
VAT 0 By s A A AR RN A, ARSI R % SRy O IR A 0 A 0 43 A S 0 1 4
A i — 2, B A 0 43 A 5 B0 3 AR ) A 22 (R AT RE /DN, 2R M E SR K oR
B, A SCOR H B R pRECR 38 SUR L 4k iR ECR A A 38 R 4 Al 7 (adaptive moment estimation,
435 4 Adam) (Kingma, Ba, 2015) . [ 3& N AG TFJ& — FP ot 55 A4 2 80K [R) 30507 R 10 O
B, BRI IR BE A — B RS TR B AR A T B S M A SR e T R S E AT
S ERIE G, B — IR S RBAE A HE L, 15 S8BT

R T I8 TE AR R (1 o RN RS T, AR SR AT 1 A B AL A R G T — A R — 38 S IE I
¥ . HU P L BE AR IR I, 41 45 PEAT 100 YA 1000 Y ST B BEALIAE IR . 55—
I, BT 0 K AR b 2 RN T AR A A B Ll R 20 RS 1 R I 2 R AT I
5, RTFEALE MG . 58 ZHuCE 807 50 A KR 3 RN AR vh 43 1) Bl AL
I 27 YA 46 Yk 5 A RN ZRSE AT U 25, A T IREARAE 4R . 28 —dlils b, R A
B — 28 LY AIE % (Kohavi, 1995) #4715, BN R F il A 147 G rh BT — DA EH
WHA, LB 146 W A2 T H TR IS, 240 BRAG — B RF 22 3 5 S R R B A O — ki
SIS, XRE R 2R B 147 WK S5, O Y E T T SRR A e R, S
HEAT 147 WFI 5

FEHIT I ZH 100 YR FT 1 000 U BB ATL AR (4 3050 v, % R i AR 280 19 A A B3 d B B RS
(batch_size) ¥ & R I ZR4E 1Y A AS, i TR R H A4t A w7 =0, B DL il Rk 17
100 KB 1 000 RACHE A (U2 ) . MAESS =yl e h, RS Eh 500 S FEA, P i A
AR 0 R A B R IR AR IR A5 1 A AR AR, — RS 8 (I 250) 3 B v 25 4 SR AR 43 Sy 27
THE U AR AT TG CIZR) . BT DL AR IR T3 50 19 SCAE 20 IR ) Y 50 mT A Rz i 2L, 4% 3
PEHC 3 WACHE IR G Z5) . F AR G Z5) IRBCRIHE IR Oy - IR AR B /B R SE — 1. T B8
S, SCAE IR (YR ) BRTER R SE KN, RTAR SR GPU 19 N AE /DN LA B R R ST S5 1 3 33 47 90
e Ok, HeRSHBOR, HEWKGEN, AR IR G2 RO B /D, R I T B £ Y AR BR
(INZ5) A RE MRS RII S . 55 4h GPU IWAF IR/, B e RSE I AN BB B W TERR K.

FETT S R Ty T, AR I SR ] 32 PR AR B RN | B AT e B R | AR L Bt LiE
SR B A AN — . AR SCA B, S Zhad #2 (1000 Wk AR ) 1Y B 18] 76 2 43 8l 22 47
T 0 ) O A A S R I 2 o e g R AT, LR A AR 1 AR, T DA SR Y R
N T ZFP BT 52 B

4 ARER

5 LV IR REAR (B 3 1058 ) J2 75 Bl 10 B S0V S P bR o (3 Tie %), IEE — 413K
B 100 ¥k 120 50 19 7 38 U0 2R L i AR O 35 R 5 S R T 2100 2R 4 5k 90.3%,
93.6% Fl1 88.3%; 1 000 YK i 56 (14 °F- 5 YU 6 | b 52 1 249 1R J31) 25 R 48 B8 F 14 3R 031 26 43 531 oy
90.2%, 93.6% 1 88.3%. 55 —ZH 50 1Y 100 Y F 150 1Y 7 B3R 5 | Ml 7 2 ) 30 9
SRR AR 91, 7%, 91.0% F192.3%; 1 000 T~k 56 (4 - 2 1R 51 5 | Ml 7 57 B3R 51 %
FIER - B 50 20 51 91, 6%, 90.6% il 92.1%. THE40Z5 5 UL & 6.
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Fig. 6 Test results based on station records
Figs. (a) and (b) are the results for the 100 random subtests and 1 000 random subtests in the first group, each subtest selects
20 events from earthquakes and explosions for training, and the remaining events are used as predictions; Figs. (c) and
(d) are the results for 100 random subtests and 1 000 random subtests in the second group, each subtest selects 27 and

46 events from earthquakes and explosions for training, and the remaining events are used as predictions

Fr VR R T 50%, 60% il 70% A £ 310 S8 E 5 3 1 R PE AR e (R TR ) &
T, MR SR R RREI R T, OO 5L T 50% Y 15 5l e s Bk 1E il U3 A S P
FRUEGEFFAF) &R TR 2. FAS, A HIET 50% F 60% 15 3 ic 5% 8% 10 8 240 51 18 5 br
HECHE T30 40) 19 100 IR BEALF 50 2F R Je 25 3 (&1 7) , [RIBT 25 38 T 50% 15 3k 10 S5 4 1 i )

F2 ETHEMMN 3 HRXREIRN
Table 2 Comparison of the three groups of event-based test results
BT 50%iC FE BT 50%iC FHLE] FEF50%iC T ER
e féﬂ% IR TR S % IR U % ISR RE S
-
THE BRI BuME THE BRI BuME THE BRKE BuME
_— 100 97.7%  100%  93.5% 99.4%  100%  97.1% 96.9%  100%  91.8%
- 1000 97.6% 100% 92.5% 99.3% 100% 97.1% 96.8% 100% 90.4%
] 100 98.4% 100% 95.9% 98.7% 100% 96.3% 98.3% 100% 93.6%
o 1000 98.3% 100% 94. 6% 98.8% 100% 90. 5% 98.1% 100% 93.6%
B — 38 SLBiIE 97.3% 96.3% 97.8%
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Fig. 7 Results of 100 random subtests based on the events
Figs. (a) and (b) represent 100 random subtests in the first group and the second group, respectively. Fig. (a) indicates
that each subtest takes 20 events from the blasting and earthquakes for training, and the remaining events are
used as predictions; Fig. (b) indicates that each subtest takes 46 and 27 events from the blasting and

earthquakes for training, and the remaining events are used as predictions.
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Fig. 8 Results of 1 000 random subtests based on the event
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Figs. (a) and (b) represent 1 000 random subtests in the first group and the second group,

respectively. Other explanations are the same as Fig. 7
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