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Rapid magnitude estimation based on multi-input Gaussian process
regression

Zhao Qingxu Wang Yanwei* Mo Hongyan Cao Zhenzhong
(Guangxi Key Laboratory of Geomechanics and Geotechnical Engineering, Guilin University of Technology, Guangxi Guilin

541004, China)

Abstract: Fast and accurate magnitude estimation is essential for earthquake early warning system

(EEWSs) . The magnitude estimation methods based on a single characteristic parameter of the
initial wave is widely used in EEWs. However, the empirical formula of magnitude established by
a single characteristic parameter cannot sufficiently utilize information related to the magnitude in
the first arrival wave, which greatly limits the effectiveness of magnitude estimation. this study has
proposed anew approach (GPR-M) based on Gaussian process regression to estimate magnitude
that includes 10 characteristic parameters in the time domain, frequency domain, and time-

frequency domain of initial wave. GPR-M is trained and tested using a large number of surface
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strong earthquake records in Japan, and compared with the maximum predominant period ..
method and the peak displacement Py method. The results show that the accuracy of GPR-M is
significantly better than .., and Py in estimating magnitude with and without hypocentral distance
in both cases. In addition, the generalization ability test of GPR-M trained by Japanese data using
Chile's surface strong motion records shows that GPR-M has better generalization ability than 7 .x
and P, Moreover, GPR-M has shown high rationality and reliability in three typical earthquakes
in China. GPR-M can effectively improve the accuracy of magnitude estimation for EEWs without

being affected by regional differences.

Key words: earthquake early warning;  magnitude estimation; machine learning;  gaussian
processes regression
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R KRR, HiFETE RS (earthquake early warning system, 45’5 NEEWSs) ] LA
FERBCIR A 1% 5 313 i 7] P H AR XOR AT TVEAS S, T8 A\ 03473 TRt b I A 9 5 1)
RAEZEKHEE (Allen, Kanomori, 2003) . HHT, 5 FHFREE LR E SN X # CL 22 2
SLEH IEAER ST TEEWS, fHZA (Kamigaichietal, 2009) . [# (Cuaetal, 2009) . X
KF| (Zolloetal, 2009) . F[EKI4EHE (Zhangetal, 2016) A&V (Wu, 2002) %, B
YENEEWSH o T (5 5., HyErfiEX EEWsH N B . EEWSs BRI FE I KN RF
fiti 0 FE T H AR DX IR 52 e A P ASE B, DRI, ] DA — AN TEAE R AR () b 5 A Al 5 AR 2
KA, TR IR TS 22 40 b 75 EAR R I S e —

WIZEHFER GEF A 3s LB G T H5EHMKCHEE (Kanamori, 2005; Zollo et al,
2006), Rl MR U P )RR AL SR, S R FH A 2 1 R U R IR 2 OR S IR R )
200 n o IXEURFAE ZHON IS A7 AR A B 1R 5 B ARG HE B . M
77T, — MR R SRR R 1 72 U8 1) A S, A AT 5T N B R T Bk R ¢, (Nakamura,
1988 55 K B JE ) 220 (Allen, Kanamori, 2003 ) #&ARSNER. 1150 447 e 68 FE 1 7. (Kanamori,
2005) SEZH. AERETTTH, IR R UREE TR SOBOR I RAR TR, kit e N st 1 47
WA Pq (Wu, Zhao, 2006). HJEF 74 1V (Festa et al, 2008) Fl SR FUH FELXHE CAV
(Alcikeral, 2009) 524, B 1 AR FIALR H S MRHES BN, FiRHE S Bu 4k
AW IR, 00 B W 1, (Ziv, 2014) M EFAIRLRME CAD (B34, 2022)
&, XL HRHIE S B B A P #E — B AR Lo VRN TR . 2R, R
SR — N BRI R, RELGGH BRI AR, it IWAGEREE 2 J7
IR (MRS, 2021), B—FHESBUSEPIEL SRHEA —EMAHINE, HHAL
Re AW B R P 5 FE GO I BT TS 5., O B it HE R ) 4 AR AR, AT B RE
fEERRAFE (shicheral, 2008; Ziv, 2014). AT BGE B CR, —%EiRH
KW LD ERESEORAE EE R, Bl o 5 Po AR Wt 2 15 BA BOA
(Wu, Kannmori, 2005), KH ?nu M . & BEHE BRI FEENREES (Hsiao et



al, 2009), SR @ max Al Py B82S (Chungetal, 2019), PALCKEATIS S o e
I 28 CAD R4 B R E B Suc S (Wang er al, 2022a). XEEHF 5T T FIH
Z PFRHESE LR A B — FHE S HOE A R T Rk .

AR, BE N TERRIDGE, [EfFHLE%5 ST TEH R FUE il N TR b B, B4 =
I #8 (Peroletal, 2018; Wangeral, 2021). HiZE AL (Peroletal, 2018). FH/EHH] (Li
etal, 2018). TRIMMFEFNIE( (Hsueral, 2013) &%, #HEE T BEMEE. M5 ANE
XIEH AT, WL IR HAAE T 7] LA S @ ORI S5 i e &R, Sl
DREHERI T . MLES 5 ST RS B 7%, ARIEHARIAR T LA AW, —32 kY]
ZHFRPAE RN, X RHLERS 21 J7ENT DL E Bl W] 22 10 52 i B URFAE, S 3o 38 i (1) 7%
FALSE, DIRESRMEM 4z A (Mousavi, Beroza, 2020; Wangetal, 2022b; {7tk
R, 2022); A—FREEA (AL FHESH (BIRSERTESSED ENRA,
X BHLES 2 2 IR B R R 2 5 TG BT T Rl & Wi LR R ik i, EEARE
NTAHPZ /% (Béseetal, 2012; #2244, 2018) . SCHFMEHNL CREES, 2021) &7
o SRE AN ) TR R G TR E AR, (A2 T EEWsAli B R g
(15 B2 . FEEEWsISERR R RE T, BEE il R & sl Ecs A Wi in, s R Al 52
MTEEH, MAUERBIER IR . HAT, M85 EH AR % R IR EEEEWs I AT &
AL IR

AL I 3% 5 ) AT i i AR 91 )5 (gaussian processes regression, 45 NGPR) 2
T 2 NBIRERANE T 2 AR A R IREE S 0L MRS (GPR-MD
W R] DAFEA R IR (1 00 R i — R E i SRR R I (GPR-M-R) o ZEC/RIEIEAIA &
JEFEPI RSN, IR H A0 5%, XFGPRIEAT YRR, ) FH 2R 3 20 stk 47
ALRE I, FIH R 0 R AR IR GPRIVE S AR, I 5T V2 R A PnadT APy
TIERATRELE, 45 RARHGPRITVEMI R AL F AR B E R T PraxfIPa 7775, I HGPRITVEBE
% [F] I} 3 FH T VR AN TG R R R PR R 1L T R A B

1 HEKE

A B H A Kiban-Kyoshin Network (KiK-net) A1 ] SIBER-RISK #4f )% ( Simulation
Based Earthquake Risk and Resilience of Interdependent Systems and Networks) f#)h i in i /&£
0 R IR SE BB FE AN, AR RO B Al s AE A 7 BLR R Ca) Myu>4; (b)
Ko EEWs 78 “TREB X7 & (FEL5, 20050, N ORUEW] 2 R ik rh 2= 0
HA 3sPEH T HEZES (Kanamori, 2005; Wu, Zhao, 2006; Hsiaoetal, 2011;
G R%, 2012; Zhang etal, 2016; Armando et al, 2018; Kohler et al, 2020), LLKJRHA]
REHAL & HAIT bR M (LM%, 20200, EPRIEESE 25 - 200 km; (c) HhfEid
S ) =0 1A1 I FE fR A K T 2 gal (Chengeral, 2014), HASEEELA/NT 10dB (Perol
etal, 2018), LA/ RIRZME . X O 97 i tH 10 AT B AL 3 Ca) R REA TR
1E: (b) REESIHE G — R 100Hz; (c) HZHIE P I A TR . 4Ll FEIE LA
AEFR S, HAS KiK-net B8 4 350 1% 1 33 698 2% B [y fnide fEic 5%, &7 1997 £ 10 A



21 HE 2021 4 12 A 18 HII 3271 Ik M, 4 — 9 MuE=EA:, K5k 1 KiK-net 58810 3451
a7 o 3 ML BIRERLRI o NI BRI 2, b ISR 4 23 588 %&id
%, MRAEHEAE S 10 110 Z903%, 2 A SIBER-RISK i F vh s S % H 1 5353 46 B
HFI0, BE T 198543 H 3 HE 202147 H 21 HIY 1033k M, 4 - 88 HiBH
fF, HTIHR GPR 7k mizAkie 7. e, MARAZ A Bl AL e BRI R & 1 B
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Fig.1 Distribution of magnitude and hypocentral distance of strong motion records (each point represents a

ground motion record)
2 EfEREFAREEERE

2.1 SENIERYI

GPRJE M EZHE, AH MG I R HEAl, X b3 a gEf . R4S 5%
] REAG AR 1 I&E B, R GPRIG B Ak i &  SZALRETI5R . S E & RIR DL 2
o L EAT MR 2 SR A, XA AR GPR ML 2% 2 =) ATU Y 5 25775 (Seeger, 2004;
Williams, Rasmussen, 2006; Parketal, 2011) , #n7Ei (a5 4 (Rohanietal, 2017) .
K 40F (Huaetal, 2022) F1E#h#EH] (Nguyenetal, 2009) Z4sk b 4458 N, FFEL
37 REMR . GPRIVIEAJF BB b 7 ZE % R BN IE 5, KR AR B S i 31 e 4 2 ]
BT NG I Zrid Bt 2 b S e Bt . X T GPRIGTEM BB /24, 1E 0k
(Seeger, 2004; Williams, Rasmussen, 2006) H1a] LIRS VEAN1IHA, X EATENH. GPR
M2 s R 2 fis, EscosfN, K (4, ) A 2 s, y it .
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Fig.2 Schematic diagram of gaussian process regression

22 ET GPRHIBLRGE

EEEWSsH, BEE R G i8N, EIEESHE S RWIE R, BYh S 1N E N
FEYRIE AL (Wu, Kanomori, 2005) o #fiit, ASCIEA BB IR IR RS L P IS EE S,
B E S HE NN R Al B8 SUNGPR-M TV, KA AE S UM FE PR RE A A\ R 7 21
Tl E 8 UCAGPR-M-RJT i, PR 7 V02 1 T P B A ot o RSO T B4 A I
BRI = 2Rt 10 AMRFIE 25 A\ 2IGPR-MAIGPR-M-R

(1) PURRSHALF R RA T ER IR, (ERAKIER: BB, HREmK
JAMIRC B (Nakamura, 1988) o LAN 3 ANSLAUSE 2 HAE A REIE S 4 A GPR-M:

K EL ] 2 nars Allen F1 Kanamori (2003) £ HF1 A 588 HH 7, (Nakamura, 1988)
B ARG, B P J71E, AR (D

Xi
Tp=2n\/Dii D
T

glax = maX{TP}
R, X —aX_oxs D oD +(dx/dt)y? 1 RIS i i 20305 MR, X TR
WA . DA TR e R mE A S E, o T AR, A 0.99 (Allen, Kanamori,
2003) .
S35 BB B 7., Kanamori (2005) & H A FH 510 B B o, B-FIMERAG SRS, B o 7

%, HEAKIT (2):

Tc

[ uz(e)dt

(2)
[ v2(©de

=27
K, w RMRRAE, v 2HFEIIERE, Ar 2R (s,
SERIRTEE I t10g, Ziv (2014) $2 HAS FH D ZEE F-F 06 508 T w0 155 FE R, HAat 5 A
W= (3):
log(rlog)
i (Pi*(Wi)logm (Wil)>

= (3)
i (Pi*(wi)) ’




X, w RIIRIERHER, PRANE 0.1Hz — 10Hz TEE WAL 0.1 4 log AZF) HIThRL
NAADRAA o

(2) RSN E RN FEC AR, MEERNIRIE R EMERFEERE T,
— ORI R AT . LAR 6 AN LRI S S B A RIS H U N GPR-M:

Rifs . SEPERINEZ IR, Wu Al Zhao (2006) B 4eFIFIVIZE 3 s P A IR Py
MES, AT P BIEEMEHRNZR AN EEREE P, AINEERME P, SR
I B K E AR (Wu, Kanamori, 2005), Ktt, S5ERAFHEMHTME,

SR V2, Festa 55 (2008) H:THRABT M BE &R IEH 2 REH, HH
AR (4):

V2 = [Mv2(t)dt (4)

N, v ONHEBGEREE, Ar RHUB K ().
BERLNHR LT CAV, CAV A5 TR MR RGNS, B9 0 T A /R M = i
2 G H T A RHE RN (Alcik etal, 2009), HitE A= (5):

CAV = [|a(t)|de (5)

X a (O e IFZIRFRBINERE, Ar AR ().
FIRLIAIAE CAD, CAD B THIRM BTG E, SRIMAE (2022) HieHh
MAZSHEERS, HitFE AR (6):

CAD =¥, |f0“ [ a(t)dedt (6)

Ko (O RF LR, ARIFERHK (9.

(3)  IHRRHIEZ BAEAT o R R ZR AT DA SRR 4, MR R AR 2 R IR
AU (L5 T SR RIE R, LaR TG B EA R TR H . Wang &
B CAD M 2 o FIFEAT B IR IRRFAESHL S FI T RPN (Wangetal, 2022a), Si it
BN (7D

Sar = Xl DilThax 7
X, DN | S ZIALRS

3 GHBRESH

3.1 IZ GPR

HT-GPRITE W J7 22 R EAE A BB\ i 6 EER R e, B2 —AN 2 Mercer &£
B PRERE, WP T7 2 RN T2 R A (FIREBREE, 2013) o B LI P 7 22 BRSO 12 n)
P (RBFkernel) . L% (Maténkernel) . 5% %i4% (exponential kernel) . —&
HHEREUZ (rational quadratic kernel, 45 WRQ kernel) %5 (Seeger, 2004; fhxik%, 2012) .
NIEFEERIT T ZZ R, KBHTRIRZE (MSE) A3 (8) 1ENIRAMREL, EYIEHhE
B 3s BEXTFEAREAT ISR, SR NE 1, vJUES A RBIZFIMSE (A 8) /)
T H AP 7 2 BREUIMSE, AR SCR A B 7 2 g (A9 IZRGPRT .

MSE = =37, (v, = ) (8)



KRQ(xi, x])

YT I
+(x X ) M(x X )l (9)
2a

R (8) 1, 0 WRERHL w NSRS, o NSERRE. R (9 B, MO 2 MR AR,
I MRS of ARG S, oA REBIMERSH. SHES
0=(M, 02,02} HEEHHBEHIIE, BEAMRERA, B IIGHAR
SR K L(0) =—log, (Y| X,0)» 34 HMBBHORKS, Wim R FIEAhs
R SO ATR MU BB RIR, R 10, 1L FTR (r O SRR

L(@):%yTKy—ly+%log|Ky|+gl0g2n (10)
9O) _ 1, (19K 110K g
0; th(K agi) 7Y Ky agiKy y (1D

R IR 3 s MRBINASF W7 2 0 £ 1) MSE 45°R

Table 1 MSE results for different covariance functions with initial 3 s wave

YRk G A BT E e L% feReRkz S UOE B RO

MSE 0.1145 0.1267 0.1184 0.1103

32 FAE PR na AR AR

FIANGEIRENEERS Patl Ppa LA, 15012 Frvm . 3B Pa 2 1EXT
EERI R s e TTIE S BRMET A AP RMEHRIEEZSE, 5 GPR-M A S L%
BAILFRF T, HUSSEGE LA E LRI R R e A B R R HER Y= T
HASIKZ 7% (Nazerietal, 2017; EFEHSE, 20200, %757k C 4 M T EEWs (Hsiao
etal, 2009; Chungetal, 2019) ; P, 7iESEEAMAEK AT EH T EEESE, 5 GPR-
M-R T E NS HEFERA LRI T, HARMESEGRE RAGEIER Lt iR Py J7Ak 5
TERUERPE R AL T HE S H07E (Leyton er al, 2018; TIEFESE, 2020), %7tk
JZ ST EEWs (Hsiaoetal, 2009) ; #fitbA ks 1 A LIRS IESHOT 3 AT 0T EL .

logio(Para) = a x M + b x logio(R) + ¢ (12>
X 12 H Para RFIESEL (PaE Pma)s M 2R R AERIREE; a, b, ¢ RFFEMEIHR
o HF Ppa NEEZBFEIE R (c=0), PyFHREZRFEE R (c#0).

EEWs H (1) 72 20 fiti S 2 B IR [R) R 2 SE T R I A, R0 FH B 0 ) 22 R 3 T DA v R A
FRHERATE (Wu, Zhao, 2006; Kanamori, 2005; Ziv, 2014; Pengetal, 2017), #]% 3s
—10s HFR WIS, FHESHMELE A X HIISGEIEES D], FHE/D ZFERABFRZEA
i (12) WEE R 2 Fios.

®2 WIE 3s—10s R MEG RECEK

Table 2  Fitting coefficients with initial 3 s — 10 s wave

LIERS VSRS FESH




(s)
Py ™ max

3s a=0.6394 b=-39872 ¢=-0.8407 a=0.3096 b=-2.0494
4s a=0.6814 b=-39109 c=-0.9664 a=0.3206 b=-2.0483
5s a=0.7080 b=-3.7404 c=-1.1044 a=0.3298 b=-2.0418
6s a=0.7236 b=-35182 c=-1.2481 a=0.3398 b=-2.0165
7s a=0.7382 b5=-32928 c=-1.3780 a=0.3486 b=-1.9753
8s a=0.7409 b=-3.0707 c=-1.4783 a=0.3526 b=-1.9555
9s a=0.7378 b=-2.8975 c=-1.5388 a=0.3583 b=-19117
10s a=0.7334 b=-2.7914 c=-1.5617 a=0.3647 b=-1.8750

3.3 #IE3sPER, MXBEENEREHEER

7E BEWs [ 7L RN o, A AWIEE 3 s Pt il 55 140 72 S U A T 1 b 72 e 1)
I 2% AN HERFS P (Kanamori, 2005; Wu, Zhao, 2006; Pengetal, 2017; Wangetal, 2022a).
BRI, $REPIZ 3 s P B E R R HER M2 CEE . B 3 8 GPR-M HiES e 1AM
R R ZE AT R ILETT I, B I BUS RN B SRR B R B IR E, SR Lt
RN+ 0.5 NMANER, o NREWEE, w NREVE, olRELRHEIE, HEfHEE
SONRZETE[-0.5, +0.5]H e R B 50 ML MIRZREMN DMK E: GPR-M 71k
fili SRR R 2 (1 B EUE ] /N T P 7R LR ZE T Z A TE[-0.5, +0.5]2 M, GPR-M
T e ITIEAS E BRI R ZE T /N R EEIER TR BEE R, HEX M,.>6.5
R ARG R/ GRED FED, R M, 4 — 6.4 JEHEIN HER SR BT
M, 6.5-9 o[ N HERR . X5 28T EZEME R —EH (Wu, Zhao, 2006; F
FEAEE, 2020; Wangeral, 2022a). MIRZEEELRE: GPR-M JVERNRERMERE . 17
ZE A FNR Z AHESE I R AP T P ax J775(GPR-M J775:43 5124 0.3539.-0.0910 F1 0.2747,
Poax JTIETT AN 0.7455, -0.1428 A1 0.6874), GPR-M J5iEHIRZEAMEZE L e JTIEPRAR T
2] 52.53%, M, 4~ 6.4 U N, GPR-M JTVER FAL F HIHEFI R L2 P TR 1.59 5 (GPR-
M 75N 88.75%, Pmax J112:N 55.94%); M., 6.5 — 9 JuEIN, RIS H 5 2 0L HH 7= S i A B
%, {H GPR-M kB RAGFHIUER T LT e JTTEH 1.41 £5 (GPR-M-R J7V5H 47.89%,
PaJ715M 33.98%)
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00

4 5 GPR-M-R 7Y Py iR R RZE A KL E T, MARZEIE A
KE: GPR-M-R AR RINREL Z I AMAE[-0.5, +0.51Z N, BEERRIEN, Xt
T My > 6.5 KR EMT FFERILE TREMMEINR . MRERERLRE: GPR-M-R Tk
IR ZEARAEZE | R ZEME AR ZE LB A T Pa 775 (GPR-M-R 777537114 0.3384.
0.0781 A1 0.2407, P, 5154537124 0.5702. -0.0946 F1 0.4443), GPR-M-R J5ik (iR Zbnitk %



Lt Py FRAIC T 20 40.65%, M, 4 — 6.4 JuFE M, GPR-M-R J7 kBl B HER R & Py J7 kM)
1.45 % (GPR-M-R J77%K 90.54%, Pa77i%M 62.28%); M, 6.5—9 JGlE N, GPR-M-R J7i%
RSB R R Py 7R 1.06 1% (GPR-M-R J7VEA 48.67%, P )il 45.89%).
3.4 AERHKYIZEMERN, MXBBENEREELER

BB R K 3s #NE 10s, WK GPR-M 755 #pe /772, GPR-M-R ik 5
Py TR A BRI . B 5 (a) A GPR-M HES 2 J7IE MR ZEFRE 22 B 23
SRR AR, PR 525 A 2 b v 22 B ) 2 b R U B R B Bz 2B k), {2 GPR-M
D3R ZERRIE ZE UG NT P oar 7155 GPR-M JTVE IR ZERRE ZE L 2 JTVEBRAR T 20 52.53
—57.21%. HAFERNZ, GPR-M J7ikfE 3s BHR ERHEZE (0.3539) /N T PP ITVETE
10's B AR ZhrHEZ (0.6686) 5 K 6 (b) N GPR-M-R Jik 5 Py ik MR ZRrilE ZBEV] &
Hb I BRI AR A, PRV 4 2 B 22 [ B A ) 2 1 Ik T PR 386 38 25 30/, GPR-
M-R J7iE R ERMEZE G & N T Py 715, GPR-M-R J5ikMIRZERRUEZE L Py )7 8K T 4
37.72% — 40.65%, FH GPR-M-R J7¥ETE 3 s ISR ZMrilE % (0.3384) /NT Py J7ik(E 10's
B R ZEARAEZE (0.4048) .
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Fig.5 Comparison of the standard deviation of errors in estimating magnitudes for initial 3 s — 10 s waves

6 A 7 4 GPR-M J51% 5 #ax J71%, GPR-M-R J7¥EYS Py 7 iR SRS % (I HER R B
WIZ MR KB, M, 4-647EHEKN (6 (a) ), GPR-M JiLMHERIZ t 88.75%
PR A 91.68%, max JTVEINHERIZR HH 55.94%%2 F1 £ 61.23%, GPR-M J7ikIIHERG R UG
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Fig.11 The results of GPR-M and #max for continuous magnitude estimation in three earthquakes of China
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Fig.12  The results of GPR-M-R and Py for continuous magnitude estimation in three earthquakes of China
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