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e

FRE R R G R B K SE T, IRk, B UE A O AR S Hb S I UBOT R T ORI T TAE.
Horp— Mg EZE TSR MR P yIsh eI, FoH A T 2R (P ) BIRAY) Bk ). AH
BT 5 —Fhfa S T R H R Y — Bk (S k), P RS 5E AR RE E BRIE s  B A BR R T
I P IBN ) SR UK AT BT 8 7 SRR S S, A9 0 RIS JR B T R G ORI R R
&, TR OR S /D 1 R 3 ) S T B e DAL 3 AT B A I L AR R ) MU A R A Y
LR P BT SRE —A FHAT PR e . A5 Gt TR 9 R KB R S IR SRR, AR A B
TSR A5 S UERYESS MR BEVE R DA R B AR T HU N 32 2 S5 L, AR, ARTE P IRWIENI
TR AR50 R X

TEARCSCHR R, FF AR EAIC AT 2 BGE P s i 7772, Bl pRitre B~ PUK &
it B0 S5 RS G, ASERRR A K5 T 5 RS, SR de vz 1 W D R (1 75 VAT 2 B T K R
ST LEIRI 7792 (the ratio of short time average and long time average, STA /LTA) (78] Jz HAH B fr A5 Fp 9],
L A2 B AR PPl b R RO 1) R B AR AR B2, 24 IR T R Bk A I 1) B 11 5 J i () 2 1 F~ 4
(10 LA I P54 1 R IST D0 4 300 224 i I ) S0 A R . ES, TR AL G () T VA A 2 T 1]
R, IWIEE A R, - RBORIR SR AL B, 7 i OR = I ) T 1 DL R 3 S AN
TR, 1 RE I IR S B B FH R ATE AR 7R R B N oy 0L,

AR, S RLER 5 2 Bk AR M IE % EEUS 7 s dm RO, Hdr, S A RBLES 7 =)
TrFAFE L F M EAL (support vector machine, SVM) 101 B /R KAKA! (hidden Markov model,
HMM) M DL 22 /2% (neural network, NN) [12~201 - BRI B A 2% 2 > 4 Bh 5 1645 B Tk i 72 1A
Dby N AR R, L 22 I T S IR A5 P 2 YR T BB I, BILE 22 S TV RS 2 AR DL R R e
PEAE LA T ORIE. SX ARG BRI T B3 2 S TV AE SE I 1R P Wl a8 BUE S5 h i s e, BT =,
SCHR A AR DRHE 9 AR R TN T T B A R T TR T 1R A 1) B b R AR A (14,106,181
EE AL b FE I T 1 R BOORS B B8 B[] 05171 SR b, B2 7 AR R T 3 i 11 f) S,
HARERERTHE R, BRSNS RIS I R4t LS. IR DA W5 5 R SR | &
S 1) b SR B B Hh e R 5 T PR I ) B AR Db e 2 S A (R A N g £, AR/ v SR BE R 75 5K

AR T — T S ST SR BOMLAR 7 ST HESE EL-Picker, I T H EHIGR P IS S H5 L
FLHRAR I ARAE T A8 F 75 SR T /D SR IR AL e b FE 25 0778, B STA/LTA, 3 51 Bk K3 4
SRS S, Bl E I VLA 22 ) OE VR B RIS 5 i A0 e iR Pk, FUAT S, Wi 1 for,
EL-Picker H 3 /M RE, BIfilik 45 0 RES ARG AL 2T, il S35 FH A% G () 1 75 2707 VA
MPELERIHIE P EAWIE), FHIERR K E MRS 5. 7 B s N RGPS 7 ST RV BB 2
LR P BRI RS B S, RSN S BAS L P i 86 vh il s AERA 1) P s 4] 3l it
6] 55, FFAIBR 85 5 m. (EAS — 322, TRATIE AR i ) S FARSC L4 e L. 125K (A
M QA AE &b SR B AR A28 55 8 P A3 3] T 300 Y. ZESEE sy, FRATRABO)I Ms8.0 HE
AR R EAE S ], PR 2GR 6 10 3% 138 S0 s DL S 2 i 37 ¢, BEAT T KRR S
5. SEERES R ULSGE— B R riE b R 7 IRATEZE I S . IR L RSV SRR E M. It
AT, 75 2017 SE2E TP AOR R AT RFE 22 oh AV T EL-Picker FIFIAMRAS, At 5 1143 4>
A H HUAS 4] 38 et 25 0 28 0 22 (1) - B 55t

Zi LR, AT EE TR VLR 3 ANJT .

o BTG ARGHIR FOTIE VL LALER I OT R T — A 3 MR bR PO BhdE BCHE
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Figure 1 (Color online) An overview of the EL-Picker framework

¢ —— EL-Picker, SEHL 7 SR BIE S A L LR BT P BEAISHAH
o BETERRRSE RIS BT T N R s B RS SR TR P A
o REMSLI SR HIEW R T EL-Picker HEALME R BHALME . RIGH: S E M.

2 HEXIfE

ARG TAE VT 73 NP RS AR Guih iR 22 1 7 VAN B T LR 22 ST I U7 vk
2.1 ETEGMRFNGE

YER—NE R T A2 A i 0] @8, 5= T2 4 B O 2 AE = 22 s 5k 1 32 Bt 98 0.
ms, MHRENTCENAFR AR T 2 M AR 7 2. BN IL RS, H 3 2B A R A
ML AL PR M 7B 2 18] 72 2B 5 P B0 R ARALLI. Gibbons 25 (1 2 f SRR ASEAR T i 87 A T 1 7B 22 A
MR 2 —. Mefa, KEMRE AR AR GRS B, a0 E A O 123:24] FAR U3 2 29 46 1231 BARiX
BE T VR IRAIE W & - 4RAR I 5= 1A RO T7 36, (H 2 i T BRI SR R S, IR 8 7 VR AR A4 S
TSI MR A SR BT S5, BeA, JUR ST D5 i R A B M R O . Bl St
(higher order statistical function, HOS). Saragiotis % [45 2 F|H HOS BEER P B HIsh 5k —,
W s 5 R0 P bR B0 5 N B AR B . BE S, Kiiperkoch 25 6] HE— Bt T Saragiotis /i, @il
B35 8 77 QS S B (R T4 B R, . AR, 28 18 380 1t 72 s 00 v R B 8k 75 5K, A B A sz i b 2
) 2 T AR HET STA/LTA J5ik K HASFH, 40 Allen Picker 181, BK87 26 25 19271 Hodr SCik [9]
T FilterPicker Bk I H T 1 7R =541 50 i 1) U ik, B4 RGP Bl E 5 v k.

2.2 ETHSHEFINGE
MEAEk, WS 2 21 07k QA BB T 3 RR 2 I VR 2 U, R e for 81 iR iR i) 1291
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Figure 2 (Color online) An example for the real-world seismic waveforms on three dimensions

HFZ 4y 2 BOL FIZUEEfGoF B EAS —FE A2, R B a0 AN Hb R T R Bh 3R BT 5%, 2RIl &%
52 ) ITVE A U C AW A MR R 5L B0, Ruano %5 D01 it 17— R T FERIEML (SVM)
% ZIEFNES (multi-layer perceptions, MLPs) fH8E I R 4. Beyreuther 25 M1 N F& 5 /R AT KA
B4 (HMMs) X o /N1l RE gE A7 K U AN FR VR BE B AR OG0 732K, Wang 85 12 52 HOHE 4o 42 1 48 ) 4% 17
THOFZ AT, 165, #2090 26 R L5 R R 35 P A2 A0 e 0 76 b A B A3 sz 2] 1 )32 B 9E o8
VE B8] 50l B T ARG A X 8 A 5 AR 4 8 o9 24t Al FH SR 8 v 3t R 14 . Peerol 45 1161 3%
T T I (A A HRE WG AP 4% (conventional neural network, CNN) £5#4). Zhu % [17]
BT ONN BB A T U0 BME 5 mAE R BV B 2. Zhang 55 181 $2HAY CNN g5 #4id it
() ST 4 e 315 0 30 ) R R AAE S 30 B 4 Rt 2 S B8R e Ab, E T B (5 S I R AS 5 AR BL I,
W FEN AR R 2 BN A5 22 N K HIC 12 4% (long short-term memory, LSTM) £
A W R R RCR B2 B, Mousavi 25 191 BL K Wiszniowski 25 201 2055t 73T LSTM b=
W ERS, e S5 RRA T LSTM fEMGE Mt e, SR, 54400 STA/LTA Jrikftl, 2T
BILAS 7 >0 1 R MU 7 VR AR AR 5 S BRI T SR B U, O B ) A A rh TN J7 1 Bl M
S0 I T T AR A ) S A 5 b P P B T i 1 1241601080 Bl 7 L 0B T R ) e 1 o 4 B R A A
i 09271 PR, FEAS AT RSB TR S U, EE X AN () B O s ME 5 A T8 — ) 1) 2
ANPRSE), X Wil 72 A IHLAS 5 SIS 7 12 2 b 7 S MR AR G ) 3

3 EL-Picker {EZ8

MR BB AR T, AV 3 A HYERE il st RIS i R B, RIFEE TS 1A Z. Mk
JriE N, LRZRPETT 1A E. B 2 H R 73X 3 ANMER AR BB (K S1 s T2 T). P
SRS RIEMERIR AL 3 AR 51 BT RIIRIE RSN, HhR= 22 U 4TI LR W 3 2 4R K1
(ML BSELARID) PN P I8, Rom— UOtR FAF RGN R]. thdh, BATRE BRI R BOE hik
AAE— S B R FIERR S BIE (0, BOLZbricht). BENCKE, X P IAIsh B2, JA17HZx
BU LA Bl P LIS T 7 P9 B2 AL, UV XA RS, P ISR B H AR mT BLg e SON: 4858 3 A4S
RV JEE 1 Py R e T e, A 19 SEAR I B M5 5 U BRI (8] 75 11, M e 75 0355 v E Bl e X
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AR FHAEN P EWIB). ik, RATEARTT 42 EL-Picker AESEFH T3 S 72 I % o B SEf P
WIsh¥a B, Wikl 1 Fis, EL-Picker 1 3 MEHA R, RIflR &5 73 88 USRS A 23158 1ok, 141
W53 AN A EATHEAR G0
3.1 RAAERIRIR

FEfb R 2 BATVE AL Gt fZ 2473, Bl STA/LTA FH AR fEREANHUE & s U 51
P FREA TR AR S YR DL SR AE P AR I BART S, U155 A8 Bl Be 2 ek 5 Bk sh K T i
WE [ AR, FAHI R TR P W3, FIRN TR TR 2 B LE P Ik, TATREB/NMY R
8. A% —4> STA/LTA KIA8H Bl FilterPicker ) 17 sk BAKSZH i A gepbish. 2%, AT 4
A3 (A1 4E B B 2 BIBE T3 95N (2.5~5 Hz, 5~10 Hz, LA K 10~20 Hz) JEWALTE. BEJ5, FA11
TS SCHR [9] HhoE SRR R BB BN i BRSS9 KA. FilterPicker #8415 2477 E 5 %
EMZEL, R BIME Sy IR SERE Top PASCPIBIME So. EFENZI ¢, W BEEREUEEDL S, IF
HAERE G Ty, KEERIIT RN A B RE 2 R BCTE I Sy, WL 2 ¢ K0 FEOMBLER P IRIZ).

3.2 HEB/RIR

FH T ik A A ASE e e (0 B B EAR R BN, S HURTEAE P sl iRk i LU AE R . BT, 3R

AT 0o 25— A TG H AR R A I R A5 5 0, I DB ) LS PE AN R SEVE A0 LS MR P . I,
MBI T 7 F G HO b AR AT AE P AT FROCH), BT &, L 7E Bl I 8] 2 B 3 1
[P 7 A< JEE AR IS 1) 2 1 SR R AIE, AT Z 0 2R ] T X 7y SRR P s oAt A5 5 (Angers).
Forbr, JRATTFI AR B 20 SR B3] 36 73 SRE R AT LU Be T SRR 20 M 1 32 B AR AE Tl e
)RS ZAAMETE I SR L, SR THE AR ARE RE . —FROR T, MRS S EE L SR ST
PEREBE#E B4, 72 EL-Picker 1, RATIESE 9 AN V2 A FH LS 2% o 23 AU AR 2] 38, B
LM SCRF RN (SVM-linear) B3, Z ISR &L (SVM-poly) 10, {5 44 25 R SER] (Tree-gini)« 4
HE R (Tree-entropy) P9, K #1408 (K-nearest neighbors (KNN)). BEFLARM (RandomForest) [37]
Adaboost 38| Logistics [A])7 (LogisticRegression) 39 Fl & # VL (GaussianNaiveBayes) [401; J#1#
LEMERETY BN Logistics [B1VA, IAURE G BTA AMARSE I 8 0015 77, SRTHEEARBIH PR RE. N 1 R
Ty KRB YRR I SR S IR AR

o XPNZEEREERAT 5 5555, FE RN TREAMEZ ST ELE 5 DT HEIATZE NG S RAE B, A
I, JAVKOCK 1 A Els T AE v B, mdh 4 MR TEEDINSGEEE. i, 8415
T HIEE MRS B E A, R4S BB ) 28 T B945 73

o (EHREAFEARIG RN 9 DMK SIS IS0 VE A AN ZR 0 21 4% Logistics [A] A8

o EREYNZE L nlNgr 9 MM I8, Hrsa E—B I B uy S S 28, MAMEF 2]
AR BEAT AN, 1533 78 BE 1 73 KA.

o TEIGUERTEL, X TR G 1, A b — 045 B8 70 88 B mT DA vz P I B S5
gy, BRI VE B E I TR) & A A 2 = BAE B P I,
3.3 FEHEHFIRR

BT STA/LTA B358 % Jovk R Bt iR it P I3 Ak 20k ], BRI, F0A40 14 2Bk — 0

HARTH R P AIZhHs BRI, R, VR B A R SRR 22 AR Rl & i ). B
K, RN &G 2k G BS54 B b ol 6 Bl P AFAE IR ZE . RIS SR, FefiTit
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BB R BRI i DB e R A 0 B HE TR O RR P I Bh. BAAT E, JATE S
FEMFZ 22 UBHE 2 AT AIC 12~45] B FORE AN I 12 P RO BIAEIN 8], BffS, X T4 —A>
AR RO P BAIS, BA T Sl ) [R)— MR ) & il S H 9 BN A LA AP PP A T A, 2t —
AR EREA. SR UL, AT 2 P pk, H AT R T

o [ AIC BEALAEREAS P AT KA R) AU 1 s BORE BT 1 AR ZOR 3 ) 2R I ).

o XFTAEMANAFSE G MBI P wplsl, JATIOZPA P BTSN 2N P B G
()AL 3R (8] D /v, BF, PIAS P ST FIVEHRE. Forb, P AL R o, $ E NN T
B, B v, = 5.5 km/s; D AWM I G S HIBEE. Fra R— D ul G P RN SN2
St H REA A Bk

4 HERmA

ASCAE A R R EEE, BISC)1 Ms8.0 HifE (IR B4 (WFE DY), 2008.05.12), LAK Mw 6.0
South Napa HZ [\ REHIEE SEEMFIFEEN, 2014.08.24). F¥E 4= f vb 3 2 /5 M ER Y BRI 50
Frep B b 5E & EGE S R Ot BT S, B RINRBEEEIAE 2, E N =ANgERE 7 1
B ARALSE, SRR 100 Hz. [FINF, 8 7 HAORELE 5T &, AT R & 75 B BUfe
A, B pR A S R R R B2, BN AR FREAR WS JOESE 4 NI 12696 A Hh RIS,
FARK IR AL F 3447, 3442, 3997 1 2810 4™ P i HIB)IE3%. Napa REHIFELS 680 > P EYIsL .
BEJS, N T IRy R a8, FRATA il &R e B IR B T AE P ) kil 7 5 £ T-ESE P EHI3)
FEAR. BARTE, ATV ST SRR E P WIS (AR Z #0804 s BME KIS 50 18] 2
R, IX LA R S EANBR e 75 ARSI P wIsh, LA S HIEN.

T RN BFERBOL R, BRI S, AT o RSN 5 N, BATHR ZE R — AN 4
A 5 s 3 DX I A B T 7 DR AT AR S B (B A0 A A, I TR0 1 AR e T AR AT T %
EN. XEBAMEEMTES S EE KERN 5s. M TES S ErEE G K ERT L
18 5 s B 20 s Z [AHEAT A%, AHRHE, FRATAT LAAAS [F I E) & b B 679~715 ZERHIE R 2. %K 1
JEIR T BT A RHE R THEDE AR, Fodhr ik () & DS IX (R, WEAE P IS S I ] sl bric A o.
ERESRERENESEEE DMKE. AT I ENA, FATKERI X R IE N 4 4.

o YRIBKBNFHE. % EH] P BAIBIITIL 2 BRI ZL R W 2, XA R )G B K, Ffi1ik
I 5~8 ST AN 1, S8 S50 FRAS T8 1R 3 A2 4EE B 0% 7 AT 2~10 Hz A1 10~
20 Hz B 8080, FETT B8N fa DRG0P IE 507 2. Zd 2 S LR U 60~96 4EHR MRS ZIHH
FTRFAIE.

o BAHRIBHSHE. HFEFI S PR BB P I BIAMERR I, I SEBILEIE b, JCHREAKT 7 H
(B FN), RIS, B, FRATE e X B T 2~10 Hz F1 10~20 Hz 71 58380, 85 73 g
B 3 N 4EE EROEIRIENCRHIALE . BEJGE N 5 B AN ERBOE, TR ST 1s 46
I OARIEF- BB 5 05 2. %0 B R IR 14 2 KRR A S

o SEHFIE. 5 8 I PIUME 1) B B S, BATRIME 5 sibHiT 1 s 20309 10 M B, XT3 A
(B4t b A — A B, AT 0~50 Haz Z (B[ 9 ASHHAR 58 18 2 AT 8, JF 115 A BE IR
eI 577 2. 1% R PR U 540 4ERFAE.

o HABFHE. —SeHABIRHMER T3 — D10 T R ap it g, BandRim bh e, P2 . bRl
A ERLR (AR ESRES IR S3). Zit R ILIR I 65 4EHFE.
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® 1 R ERE

Table 1 Detail computation procedures for classification features

Computation process for each
Time window (s) Bandwidth (Hz)  Channel time window z with each Number of features

bandwidth in each channel

(-5, 0), (0, AN),

Amplitude fluctuation (=1,0), (0, -1) 210 N mean(z) 8+
(5(¢ — 1), 5i) 10~20 7 var(z) 12xint(AN/5)
1 <i < int(AN/5))
B idx = z.index(Max(z))
2~10 mean(z [idx —1, idx + 1]) 12
Maximal amplitude (2, AN) 1020 N var(z [idx — 1, idx + 1])
Z idx = z.index(Max(x)) 2
0.5~0.833
0.833~1.389
(0.2, 0), (0, 0.2) 1.389~2.314
(—0.4, 0), (0, 0.4) 2.314~3.858 E
. mean(x)
Spectral waterfall (—=0.6, 0), (0, 0.6) 3.858~6.430 N 540
(0.8, 0), (0, 0.8)  6.430~10.717 z var(z)
(-1.0,0), (0,1.0)  10.717~17.816
17.816~29.768
20.768~49.615
E RMS amplitude ratio(z[0, 5], =)
1.389~2.314 N Mean difference(z|0, 5], x) 60
o 2.314~3.858 Z Envelope slope ()
ther features (=5, 5) 3.858~6.430
6.430~10.717 Polarization slope(z[—5, 5] 5

10.717~17.816 in channel E, N, Z)

5 SEIN4h

N T A TR EL-Picker FITERE, FATEDO R REEIGE LITIE 4 P38 KRR SR s, B
WIS, X5 T 4 FEEE, FAMKAER 1 & 8 AR B, 15540 3 8 B A 9 2R 8o
AT SR 5. Ak, O 7 R — B REIRA THEZE R Bl v, AT N 1 —ANEAE i s 5, A
DO N B BARAE N 25800, 75 Napa s 5 EREATINAERAE. Sei b, JRATB B il A S b 28
N S1 =6, 5 =2 M T, =0.3s; BERERHNBIE A 0.5. BLoh, FATE RS (precision).
B2 (recall) LAJ F {H (F-score) {ENVERETEALTEFR.

B e, AT 73 KRR REREAT VR4 BRI S, TR T NGR S MR IR OREA, ATk
TR NLHRER P kA AR K I 8] 5 DA IEGIREA. FHRH, 57 AR M i R 28 B AR B 1038 72
P WA RE. b, FEE DK ER R EN 20 s. X TAETEREX L L7k, A1k
T4 3 MLER S 2107k, RVH TN 6] 7 SIS 5 23 R IAZR  46 LSTM 161, SRR 4 I 25 43 S 7k
Inception [*7) DL R & i E I H CNN #57Y ConvNetQuake (161, 38 2 (R A 3043 L 45 1 43 228 BH R
VAR I RE, ASERG S R b, JATA I 7 KA e A5 Rt ) 5 X 7> B AR P e, I HAE
F E WL FRAR BIRZ0 T HA R L. A2, FRATHI 40 R BEAE Napa H3E 5 R I HARXS £
FERIVERE, T HABIEZE O VERE XA IR KRR R T B, RE xS T H AR 5. XN G5 I e SE
T PRI G AR TE. R, JRATHARIL, Toil 7 KA PIE 2 T L TTVEAE Napa B4R SE R EREAA
WIFE BN EAR AR H PRI, IX 0 BE 2 B T80 AT South Napa b2 [A] EK 1 247 B 5 b 5 2R 53 1)
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Table 2 The performance of the Classifier module and the base models

Methods Precision Recall F-Score Methods Precision Recall F-Score
LSTM 0.7918 0.7494 0.7682 SVM-linear 0.8832 0.8932 0.8878
Inception 0.8122 0.8144 0.8124 LogisticRegression 0.8822 0.8939 0.8876
ConvNetQuake 0.8808 0.8346 0.8563 Adaboost 0.8861 0.8869 0.8860
Classifier 0.9027 0.8869 0.8941 RandomForest 0.8816 0.8828 0.8814
Testing on Napa data set SVM-poly 0.8703 0.8101 0.8384
LSTM(N) 0.1511 0.4328 0.2240 Tree-entropy 0.8336 0.8319 0.8321
Inception(N) 0.9708 0.1976 0.3284 Tree-gini 0.8237 0.8266 0.8246
ConvNetQuake(N) 0.9848 0.1940 0.3242 KNN 0.7839 0.7831 0.7824
Classifier(N) 0.8059 0.9226 0.8603 GaussianNaiveBayes 0.6956 0.8876 0.7789

0.950 0.8

0.925 0.7

0.900

2 0375 2 o0

E 0.850 E 0.4

E 0.825 E 0.3

0.2

0.1

0.0

0.800 - -
mmm Precision = Precision
0.775 i Recall mm Recall
. F-Score = F-Score
0.750
5 10 15 20 5 10 15 20
Post-window length (s) Post-window length (s)
(a) (b)

Bl 3 (MEMFE) AEEEO TS EBFRIR (a) 5 EL-Picker 222 (b) MREITALER
Figure 3 (Color online) Sensitivity to the time window length within Classifier module (a) and EL-Picker
framework (b)

ZRFECT W 8 R R A IR K R ShAh, 1955 T8 2] g, BATTI 4 S depi
B PERE AR TR E S 8% 13K 2 1A 3 BR, RS BT BA TR O T RHIEA A /> 25 88
WS T B g I PERe, (BYERE TR F VISR T, 2 AR i B e R LA T BT AN
AR,

B G, FRATTEOAIE 43 28 ds BRI BB AT I 18] B O FE U, ELVOR A, BRI R & 1] LR
BEE 2 I TEAE B, SE AU M R, T 5 PR A T i 10 R DAY 48 W ek ], i T b 7 W g ol 2k,
FITF L2 R STt DRI, 5SS i P 2 () e SR P — AME AR T IR 1016 . Sk, 3411
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Table 3 The performance of the EL-Picker framework with continuous seismic waveforms

Trigger + Refiner EL-Picker
Precision Recall F-Score Precision Recall F-Score
CV1 0.0017 0.9005 0.0034 0.3165 0.7926 0.4524
Cv2 0.0019 0.9102 0.0039 0.4163 0.7435 0.5337
CV3 0.0018 0.9266 0.0036 0.4349 0.7317 0.5456
Cv4 0.0017 0.9221 0.0034 0.4167 0.7338 0.5316
CV-Napa 0.0013 0.9147 0.0026 0.4800 0.4412 0.4598
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Figure 4 (Color online) The sensitivity to the time difference within the EL-Picker framework (a) The precision (solid)
and recall (dashed) curves for the validations of EL-Picker with different time difference boundaries. (b) The precision
(solid) and recall (dashed) curves for the validations of EL-Picker with different time difference boundaries and different
post-window lengths
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Table 4 The time consumption of each module in the EL-Picker framework

Trigger Classifier Refiner
Number of signals 60480000 479204 12033
Average running time (ms) 0.0025 706.3258 16.8616
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Figure 5 (Color online) The clustering results of 12 monitoring stations
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Figure 6 (Color online) Case study on the statistics/model-based distinction between labelled and missing P-phases.

(a) Expert-labelled seismic wave; (b) missing seismic wave; (c) spectral waterfall of seismic wave; (d) attention region in
spectral waterfall
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Abstract Identifying the arrival times of seismic P-phases plays a significant role in real-time seismic monitoring,
which provides critical guidance for emergency response activities. While considerable research has been conducted
on this topic, efficiently capturing the arrival times of seismic P-phases hidden within intensively distributed and
noisy seismic waves, such as those generated by the aftershocks of destructive earthquakes, remains a real challenge
since most common existing methods in seismology rely on laborious expert supervision. To this end, in this
paper, we present a machine learning-enhanced framework based on ensemble learning strategy, EL-Picker, for
the automatic identification of seismic P-phase arrivals on continuous and massive waveforms. More specifically,
EL-Picker consists of three modules, namely, Trigger, Classifier, and Refiner, and an ensemble learning strategy
is exploited to integrate several machine learning classifiers. An evaluation of the aftershocks following the Ms 8.0
Wenchuan earthquake demonstrates that EL-Picker can not only achieve the best identification performance but
also identify 120% more seismic P-phase arrivals as complementary data. Meanwhile, experimental results also
reveal both the applicability of different machine learning models for waveforms collected from different seismic
stations and the regularities of seismic P-phase arrivals that might be neglected during the manual inspection.
These findings clearly validate the effectiveness, efficiency, flexibility, and stability of EL-Picker.

Keywords P-phase picker, machine learning, ensemble learning, Wenchuan aftershocks, real-time seismic mon-

itoring
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