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CNNZ AWK EERRAERF OPRA BB MG ARY EE—X 2V b - T
VYV IVHERE

Determination of P-wave first motion polarities and moment tensors
for hydraulically-induced AEs using CNN technique

*Hrp 2' BHH . & 7;25*\ 1S mw Sk - RE®R. THRE. THA#. JIH
?ﬁﬂuz\ AEK'. B E-" BhEZ’ A5 B dui B K AK

*Rui Tanaka1, Makoto Naoi1, Youqing Chen1, Kazune Yamamoto' , Keiichi Imaklta1, Naofumi
Tsutsumi', Akihiro Shimoda', Daiki Hiramatsu', Hironori Kawakata?, Tsuyoshi Ishida', Eiichi
Fukuyama', Hiroyuki Tanaka®, Yutaro Arima®, Shigehiro Kitamura®, Daisuke Hyodo®

1. REKRZE, 2. IepfEARF. 3.JOGMEC
1. Kyoto University, 2. Ritsumeikan University, 3. JOGMEC

SI—ILAAI - ARARAFECHERFETIE, BROBKEEZALSE, ERORBEBRRT 27O ICKERKE
BRMAFAINTVWS., AR TIE, KEBRICELZ2B8RENTOEREZHLNIT 278, ERKERRE
BRAEEREL, ERPICE L Bacoustic emission event (LLFAE) Z#BIEL T, ZDE—XV b -FTVVIL
(MT) fBAa#HELR. REDAEOMTHEAZMEL LTI LDIC, BHFAA=Z21—FIxy NT—7F
(CNN) IC& ZPRAIBEDFTAEY 21TV, FoONLHEREZE &AL DAEOMTHEZHEE L 7.

EE&IE, 65x65x 130 MmO EARMIKRORZSEREAT10@EICKT L T5 MPad—8HEMESET F TEREL

7o, HERRRIRICEA L 2 BRALICT cc/mm (1 6x10%m?/s) TIRERAEEAT B & CKERRE

W, RBBICELCBAEE, HERKICHRBLAEZTY 7Y THEEOBRE - KHIEOM304AE > 1618, ,Jh‘z
BEDPICOE VY (HIRAEKE550 kHz) 8¢@@a‘|’24ﬂ§|@AEt vHEBEWT14bit, 10 MHz CERRINER L

T=. BONFAET —IMSHSTALLTADLLZAWSFE (Allen 1978) ICL ZRFHMEEZTV, HEKDRE
BAMAZE L-ERER/N_%% (Rothmanetal. 1974) 2V TAEDERAE - HEBZEHEL

. 52, Boni-ERAMEEIRE L Tdouble differenceix (Waldhauser & Ellsworth 2000) IC& Y E
BAEBRELE.

FROMEBTELNLETRTDARY DI 5, 14ELUEDMI0V4AE VYTV T FIL/ 4 15 LD
DBELNLARY MIF L TPEAERE A FHTHRAMY, B5N7249375@EDF A Y #ER % CNNODFIHE
ICAW:., RTICKAETEELACNNEIIEERART. 20Xy N7—2TlE, BHREFELD150%
TNDDEFEAAE L, ZOFEOMNEENEZ0 (51F) 51 (HL) OEHKECTHNT . L, FE
HHEIY T—ID8O%EEET —4, 20% 5T —49 & LTITo7z. M3VAATHEOLNIEHICHT 2ER
Tldepoch=72, PICOTIidepoch=47TiliE - LT — Y ICT T BEBKRODENTRNER >, TOEOREIL
HAEDOREA0.5 (0.5 AL, 0.5K®EABIE) & LEIFGA, ThETNI5.30%, 96.83%, BiE%E
0.05 (0.95LL L% L, 0.05KM%EBIE) & LEBA, ThEN9.22%, 99.11%TH 7. #MEEEDH
R A ICIE I NS DepochTDEH/NTA—F AW, T/, HAEDREICILEEC.OS%FAL, HA
{E%0.05-0.95T & % AW ERITLBFEOREITICA WA o7, CNNIZ & W 13997671 DK D FENE M D
BEIFEAEY ICKRIIL, ZDFmANYERETICKEROERERRDD30Y > FILH 5 HENRIEE % 58 A EX
Y, Th5ERWT492991/ Ry hOMTHEEHE L 7-.

AEDBEZEB A HENSIL, BRI TOREEDRET (breakdown) %MD REMALEILERDEMBIRE LT
2ODT7z—AWEREIN. RIOT7z—X (B1ILK7z—X) &, B TOREED, breakdownh®
£ LBEADI0-30%THEEY, WRANSEREE EEICERTHNICENBAEEFEHTHEIII5NS. 208
D7x—X (B2 K7z —X) |F, breakdownEDI0-99% T E W, WILAL SR KREMEEARICZRIT
HIERT 2AEEHTHRE O ITONS. BONEMTEITERMNSIE, FB1IEK7 z—IXTEIKELZRABEDE
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ORAEARR I o7 T ENTFERENE. FE2HAT7 T —A TR, AEEBRI S HIELETOROICHIET 3 XN
ZX L, THOEHANKERBERISFEINZIAORDARY NAXEENTHZ L bh >k, &
7=, FE2WKRT7 =z —XTIEADOBAEICIAZ, BAMBAEEE LT EAEEINE. CTNSDERMS, B
LRK7z—X, BEFEOEKMEFRL CTHRRENESRISREYT 21812, FE2ILK7 =—XE, boreholehr 5
FEUNMECERT 2BRICHINT 5 EMBIRTZ 5.
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ERR ek DHER R L BN : AT — ISR T 5O DEER
yJILUBENDE-YN

An unsupervised automatic classification for continuous seismic
records: introducing an anomaly detection algorithm to solve the
imbalanced data problem

UNF B B -2
*Yuki Kodera1, Shin'ichi Sakai®

1. RRTIRARF. 2. RERAZEFITRR
1. Meteorological Research Institute, Japan Meteorological Agency, 2. Earthquake Research Institute, the University of
Tokyo

HEFOERIELERICIE, BAME, AAREE), #R/ 1 & WVWoKRea BRI BRI TWS. Eik
B ESRE BENICHET 2 2 &N TENE, EFTEDOMIKYIEMIRRDEMRE Y, BRMWEREKE Vo
DTV A LNBTHAWSEAMBORESEICORN S EHEFEINS. AAERTIE, HaLBREETICHK
BINAHMESICERTREERD LD, HERLEBICL 2EHRVEHOEBHPEFEOREATO>TL

3. AFETIE, FITRYBEE LTI VUV I AR MVEFTE LR, BKEEZEB Ck-meansik, BFEISESE
TARI NI IZRY YV TEEBERL, BERODEETD.

EERERE BN BRI 2 L TAEAMEERDZDIE, —BBICHRELZT—IHITHEE FZIE, He

and Garcia, 2009) L2 2 & THD. 2F Y, BEOKBAEEELTFIL (INv o559V RIA4XR

E) THY, EEVITFHIL MERYE) IHESMNICT—IEN DR, ZO7DH, TOE FERKRFILHRKIC
e LEBAEA LSS, EEVI/TILOANBEICHNI S DEINTLESBNAHSZ. ZORBBEICK
e B8, 7)) U TICEDKEBENREERMFE (Sugiyama and Borgwardt, 2013) #EA L

fo. ESEBERTODIZRYY VT ETIOFNC, EERMFEICLY TEEE] & T2EE (279D
51.0%) DTF—FmEMHLEZLET, ThH6DT—FRICH L Tk-meansiZE2EBAT LD, FEERRL

7=.

ZOFEH2017E3RTH~7HICER KT N/=MeSO-net&AI = E.JDIM (M TFEEEDE RIS ; JIFL - &

F#, 2009) DEFEEFEHFICH L TCERALE. EERNFEEBALALI LGS, FHEHET—IDREIC
KO THTEH/ A XIFEHD IS AHDMMEINTLE>TWED, BEERAFERZEEALLFETIE, T
BIAXEE—DIZRAICDBEINDEDICAR T2, Zhid, BERNFZDEANEREFEHEOMEICH T
SAHEET— I BBOBRICENRFERDVEDTHSEIEERLTWVS.

© BFREZS - S24P-02 -
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BEHAAAFZ1—FILRY NT—0IC&L B /1 XRE & HMER
Denoise and seismic phase detection with Convolutional Neural
Network

TR BRE. IR Bk RET. BH e’

*Kengo Shimojo', Shouta Kudo', Yuriko Iwasaki', Koji Tamaribuchi?

1. [RT. 2. [IRMEM
1. Japan Meteorological Agency, 2. Meteorological Research Institute

[IIRFIL2016FE4AD S, BFEFRREFETH BPFREGHEHA - b, 2016, Tamaribuchi, 2018)DERA %= FAA L
7-.PEETIE, £9, ERERFE T —4 H 5 98LL, Characteristic Function(Allen, 1978), AR-AIC(1#&H - 1th,
1981)7% &% AW THIE R - #2175 (—R&A). 2 D%, —RBAMEZTICTIL—T MY HGEAR - fth,
201)PERY VTV TEREERVWTEREZFEL, RET 5. PREAEIRFEOBHERREFEICHA, 4
Ry MIHBEDPERBEDOKEBRALEZEZ5LZEDOD, —RIRADEMET / 1 XDERREPPHE - SHHD
BMUZEZICEY,Bo-BRERELTLEDIZEEZ V. —RIRHDEREET /1 XOBRRAMPHEDERY EZ %
WMOTZENTENKE, PREEOERBEIRSISICEALT 2 EHFINS. KR TIE, /1 X /PHE/SHOHH
EIDOETINVEBHFAFZ1—FI Xy D= (CNN)ICLUBEL, SRFORET 2HAIE, thERY
F—IEBZTEBIE, TOREERIIT 3. £/, PREEHEAEHLEDR T EICE > T, PEEDERNED &
SIS BN AT 5.

2017FEH 52018 F4B 1B X TOMEIC, RRF—TTLMEH Y OJICEEDH 5K kESE BEHILRL, FHT
BAlS iz, BEEEUAD) 1 XY NOZREASRTOP - SEHOMAIRZELD 4 EE2 ADT % EF
7—4% (Gt8 O BMELL) ,HOBEAINILE LTEBETINICERS. b, / 14 M T — 4 (EPHEEIZER
DAMBEDREFETS. ZL T, FEITHIHEDY I ZFa— K9, BEOTANI—NV I DERALEET S
ZEICEY, BHOZEEHETIVEERT 3. 74—V IELDIFEI, 2HZONA IR T 1LY —%
WA LE3MD (LT - @i - BA) B OAEANE LT, 2B%21T5.—A, 7149 —NRVI0FYDIFEIL,
TA4IWT—712L - 2—8HzD/NNY RIRRT 4T —, BHzDNAIIRR T 4 LY —DEM 2 BEREEEHTD

T4V —%ERALE, SBEDIRDBEFEEANELT, 2E.T). Z201%, —TbEETHERAINDILTOD
BHSAD, 20194 B 1 BICRHFI N 2 4REOERMERE T — 9 2AWVWT, 2BEFAETILOMREER
SEY 2. RILTIE, £9EEIICH LPREAIC & 2 —RIEHEI % 1T S (PRE—RRBE).PRE—RBAMER Y D
B, LRBETITHLETZZEICLY, /A XEHESINABRAEDHIR(T / 1 X)PHEERNDEREA1TD
(T / 14 XiFRH—RIEANE). Th &R, EFEEF 4B D10 7 N TEZE L ETVICHEE L THEER
S, TORRE X SICHBIACNNE T IL(Ross et al., 2018IZH#EHL) I A A L 7=#A1E (GPD— Ri%EE) © AR
$5.2D32MD, PREE—RRAME., TREFNDEBETINICEET /A1 FH—REAE, GPD—RIRAME %
HEILPREEICKZERREATWL, —TthEAYIOJICEEOHZ2ERE BT 2H, S LVERELEDE
fbatkBe DI &ICE Y, BFEDFTMETTD.

TANI—NYIEL - M2 EDIMERFAS2BE T — Y I >7ETIVE, /1 XHERII%LL DK % Bk
5T /A& LTERALEZEZ S, —BEA 41018, BEIA 1021 &, PRE—RIRAEEZRAWZER (—

W 412, 8F:144) ICHART, —BEEFIFTHSSTIC, BREIEZRBSTIENTEL. —RRIMERICEBL T
£, 7 /1 X[1D1,243,804H581,620&, 3BILLLHIRT 5. DF W, PF—RMEAMED T / 4 ZAWEBIC K Y, &
BALIBRFE D EMEP, BEI A XY bOIHE & Wo fo, BRI BELEBEOMREI/PFINDZ. AETILEAWVT, —
EDP - SIEHEEE(6 0%, 70%, 8 0%, 9 0%)LA EDOGPD—RIRA AT o7=& T 3, PEEICEART, — B
KIBIEY, BEBAEITCLED. 74 0L9—NVIFY - M2UEDEFILTH, T /A= LTE- 75
BICIE, —RGAMER A2 KIBICHS L7 £ T, — B A RD SR WA, GPD—RIRBETIE—HARY, BE

© BxEZS - S24P-03 -
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MEZ2ZEWD, ARkOERANRELSNS.

—H, 74—V IFY - MOLLEDETFTILOGPD—RIANE(P - SIEFEERNI9%UE)ERA WL E T 3,
PRE—REAICEEAR, —B# M 422 - BEIEA238E, —F - BE| & HITEINL A BEDS> B, —TlbtEL S
O ICESRICARWHEIZ97(E & PFE(B4E) D#34E, / 14 ABRRAICE VR E > ERIZ23ETPRE(G1E)D
EPREICEE . 2o, /A XL Z2BEREZINGE L OD, hERMEDER2HEICHTES T 296
HFRLTWS. —AT, REEH108EEPREGUME)D 2 U EER>TH Y, RIERAIC & 2BEIER%INH 3
2N, SHBOBREETHS.
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m/AXRRTICHIT2BMFEEZHAVHMESREOHA: mMRSMME
WEETRY NT—J DERICHITT

Detection of seismic signals under low SNR condition using an
artificial neural network: Toward development of dense low cost
citizen seismic network in Japan

S EE, BN AE. i B S8 K5 PN BF2

*Ahyi Kim1, Hiroki Uematsu1, Yuji Nakamura1, Yuta Takahashi?, Momoko Nakamura?®

1. BETHIIRE, 2. BERE
1. Yokohama City University, 2. Senshu University

EHOETIIHMEFENIBO TERTHI2ENOEBELRSHAUEIREASINATEY, HELZKELAEAD
ERINIGRIFERANICEZICVWTHRBMERBEZET LI ENTES. LHL, BALRNILDORFEKE L
TIE, EBICEZ2BNIPEYORRICES HEINILUL, ZOMBOEENBLORDENESEEMRICKL
TWEEEFEVWTINARWL. COBMBERRTEZ2—DODRELT, BREICKETZ2MESIHNILZDIHBRT
DOEEZEHAILEY, HEMICIZZDHZFATOBRESFRETEEICL, RICEZRNZTE YT HI &N TE
ZOREMLHZ (BB . I TEM(2015)TIIHRORMAMEMSIEE > #—& 0> E 1 —4 Raspberry
PizilAaEbENEE Y —a1=y FEERL, EBREPLAHERICHREBET DI EARELEL. £z, KER
ICBIF2HBOEHICENLDIZ Y b THIEHESMEMEREHA R Y b7 —2 (Citizen Seismic
Network, LA, CSN) %##ET 22 AR L. CSNEYH—21 =y MNMIEERISESICHETES 7S
Do—o 3 VhREINTWVWBED, V=9 2y R0 —F 05 - H—EXSNS) R E L EEIH R &
THEEODODRAYHTE, B TOWMEFKII 2 =FT1—Xy NT—J7DBEICORIAZIENHFIN
5. ZOCSNEYH—a1=y NOEALICEIF/Z—DDOBBERE LT, BEDOMRES & LAERE / 1 XEL
&, FEREGFAIPREPLAHRERE VLB / A XRETTHZIEND /4 X EMESDOREFHEH L L
ZEDHDZ. AAETIEZOLOIRRET CHHEN A ERICRDITEEL2HEITZELZEMIC, ATZ2—7
WERYy bT7—2JANN)EZBA L. CSNZTAOY =7 M TIHREI12EFFTCSNE Y —a21 =y MAREB LINEE
DOERZET>TWSH, EHILAZthEHIFANNOZ B CRHEENDORILICER T 2 ICIE+2 B TIE AW, Z
CCAMBCIEEOBRESF L VEONLMET —9ICAE Y —D /A X HMNTHIETRUT—9 %k
WHL, ZOREFEEBWTTZILIY LD 1T o /- WEERTIIEER®BEST Yy b7—2 (L

T, YKN) ORL 45 AERSRICTI7ESH12HA52012F98 1488 N ERHFD S5, BRIC

L O TCSHEMENZRHTEDEDEREV, ANNOEBS LURILICERLT3H, IBRT—9 2P LTV F
ETHD. ANNOZETIE, FEEEBEIICEYRL, BE->TSKEEHELEZANDERE / 14 XHEHT—4 &
LTEMT 2BREEEAITo>7 (e. g LUffs, 2004) . ZOHER, —FEBIC ORZEBREEE LIFB DT
E, BEOHEICHWZ100EDHEEID > 595%LL L, EHAEE 2L EICPRNIK100% D EEI A RH T3 Z
EICRMLTWS. LA LELEBRBRHEHZDT, LUEBT—IE2BOLLTHEEELRD TV RRTIIFER
FOEYHY =Yy NT—IDV AT LY EROT TV r—aVvEHETBNTE2FETH S.
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R EHKOREBGREEZHENT —9 & LEERESICK 2ERR
E@ﬁ&
Development of neural network to locate hypocenter with theoretical
seismograms of time series as learning data

AP 23

*Daisuke Sugiyama', Seiji Tsuboi'

1. R RAE
1. JAMSTEC

Brld, FEOMEZEMERKICEWVWT, BENLIRTHIKE T IV % AW IBRHE K065k %= 26T
F—YE L THEBEBAITIZEICLY, BRNRSA—YOEELEITIZa—JIxy NT—V 5 EBETHH
HEBAARYEREOEBMWICER L7=FICDOWTHRE L 7=,

BIEOHREXTIE, ARNEBHFEEDMEEICOWT, BELOENREEE LAERMERFIEFICEDCHhRDOET
MO EEERVWT, SBEEBICEYV -2 —FILRy NIV — V5 BETZIEE2HA. ARG RIS
BTEHEERRNIA—YDOHEEITIZEINTRETHDZ I EER LI, Tz, BADHEIROE RS % ZED
T—4% & L7=3DCNNOBEAICDWTERET LD, 2EEEIIDIZ0IC. BADHEROA %R WG
BEDUBETHBREOALNENZMIDOVWTIE+DREBEATEALN /2, S0, H4IEID3IDCNNZRAW
EERNIA—SIHEEDHERICOVWTHREL., +20KBEZEOLNDIE2TRT,

HimithERFaEEEkIE. AIE & BARRICARY MVEREADSPECFEM3D_GLOBE
(https://geodynamics.org/cig/software/specfem3d_globe/) &=\, 25607 %> T1 chunkz AW TEt
Bl ETINORBEERT /NS XA —4 THBNEXIZ256 T, AWVIRTHIKRE T ILIES20RTS, #E L AL
17 TH 5, 2HEDERMEIRT %= 4200 OMEICXT L TEFTE L. $3005MDOMERIGBERZ EmK L
7o

AR L-EGRERIC, BRNASA—9EHRETZ2a—FIxy NI—0DEBEERA, Z2—F IRy b
7 —7IEBEE T & < fFhh B Convolutional Neural Network (CNN) % 3% T ICHLEE L 7=

3DCNNT, convolutionid3E& L. 0.2MEDEHR20M. TADLAMWEDRERIING, ERIA—YEHTE
TE2RY NI —V5BBEEICEIVERLZ, BIEOFE XY NT—IBERERTICRLE, —a—F)L
XY NT—=2DT7 L —L7—7dTensorFlow (https://github.com/tensorflow) & A\ /o, #HFE IFEHRD
4/5% AW, FED/NIA—YRELZBFMEAREE - IKFHRER LV 4 —DERTZDAY AT LD
GPGPU/ — R&EFERALTIT o7 ZBICHZ>TRBEIT— 92 ITRTAE) ICHENT 22 LT, SEDER
IRSZA—=FDHEI120TRY VD DFEBE%#78GPURREI TR T $5 I & ERL, ZFBICLUBELELZZ2—FL
FY MT—=2ICRHLTHEY/5OMEZRAVWTRIIZ1T o7z, MIHERIIHEE L-BE L REDREDRER
EZNENFN0.05°L0.11°THY ., BERINEREDE LSO HICK 2MROEMDHERDIERST—4
AT —9E LT, BRASX—9AHETE22—SIRy NT— V6 BETLIENTRTHDIED
ah o7,

o, Bald, BRERZORRIEZEEOLZFTELHEIE L0, BRINCENLZ[EH®T —9DZEN
ZTNORIRATY TOEBER/FHERI MUVFHBEE LTHEBT 2 2 & 2lA 7, EBIZOR/FHOMHICIE
OpticalFlow% B\, ETE 7J)L T Y X LIZiEGunnar-Farnebackik Farneback, et al.(2003) % ¥ L 7=, E1EHF
DFMR/NNTA—ZIZDVWTIERRDOBICERET 5, BFRINCUENZZEBEH®T —YICBERALTEHEEZTO Z
ET. TOMEBROEBEIONRY MVEHE (H2) iMEdohd, TOLDIBNYT MUSHEZRTL, it
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ERANDEATRECEZETILADHEAAH DA EMRET LZRERICOVWTHREY %,

Sl

ARERIERAEIIKI20T 1 DB AT -EHEDTY, DT TITEENTEHEFEE - HIRBEREEE Y
I—DEtE#M AT LERAWE Lz, SBLTREESEWALET,
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X1 MR ISR G ORRI & BT — 7 Hipk
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BAHAHFZI1—TIbRy NT—JICED K MERFEERD S OREBEREE
WEIMRH IS T - BB RER

Numerical experiments towards detection of deep low-frequency
tremors from seismic waveform images via convolutional neural
network

*SF =N RE KB4 FEE "2 NE —KS EBE A2

*RyosukeKaneko1,HiromichiNagao1'2,Shin-ichiIto1'2,KazushigeObaraz,I—|iroshiTsuruoka2

1. RERAZFAFRBERBIZRMAR. 2. RRAFMEMARAN
1. Graduate School of Information Science and Technology, The University of Tokyo, 2. Earthquake Research
Institute, The University of Tokyo

BE :
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Machine learning models for aftershock forecasting: Application to the
2016 Kumamoto earthquake sequence
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Machine learning techniques are becoming increasingly prevailing in seismology contributed by the
increasing amount of observable information. Considering that the research of seismology now is largely
motivated by data from past earthquakes and machine learning mechanism enable itself to extract
features and identify unseen signals which may help with earthquake prediction. This research is trying to
use mathematically computed parameters known as seismicity indicator to forecast aftershocks on a
certain day after the 2016 Kumamoto earthquake sequence. We here used the machine learning
techniques as Multiple Linear Regression, Neural Network, k-Nearest Neighbors, and decision tree. To
built the dataset based on the unified earthquake catalog extracted from Japan Meteorology Agency, we
chose the data including time, magnitude, depth in the range from 1 January 2000 to 1 January 2020
whose magnitude is over 2.0 and depth is shallower than 30 km, in the region of the longitude of 130.0 to
131.3 and the latitude of 32.0 to 33.3, which is located around Kumamoto. To train the model, according
to the original data, we refined the data in the unit of a day and count the maximum magnitude, sum
number of earthquakes, mean magnitude in one day. Then we calculated the statistic information, the
mean value, median value, and maximum value of the magnitudes during the time elapsed 30, 60, 90,
365, and etc., before the target date, and also the mean depth and earthquake energy. However, the
linear correlation among energy, depth, and numbers of earthquakes are extremely low even leading the
model to perform negatively. Finally, we only use the statistic value of magnitude in different time series as
the training features. Few revised training datasets are also applied to different models. We divided the
data set and the first 80%, from 1 January 2000 to 31 December 2015, is taken as the training set, the last
20%, from 1 January 2016 to 1 January 2020, is taken as the test set. The 2016 Kumamoto earthquake
sequence occurred in April 2016, a series of aftershocks occurred in the Kumamoto region. However,
earthquakes with magnitudes over 6 and depth shallower than 30 km have never shown up during the
past 20 years in Kumamoto. So, we prepared to focus on the aftershock forecasting after 14 April 2016,
the day when the earthquake with magnitudes greater than 6.0 firstly occurred. We tried to forecast the
maximum magnitude sequence after the large earthquake in the Kumamoto region. About the results,
when observing the training set and its prediction results in many models, because of the huge difference
between the quantities of low magnitude earthquakes and high magnitude earthquakes, we found the
predicted values are proportionally small compared to real value even when relatively large earthquakes
occurred. Because we focus on the sequential series maximum magnitude of each day after the large
earthquake, we multiple parameter alpha (=maximum magnitude in training set/maximum magnitude in
prediction results) for each forecast results, which led the models confirmed real values better on high
magnitudes. The evaluations for models are based on the loss between real maximum magnitude and
predicted maximum magnitude in a day during different forecasting duration. We found the four models
performed with relatively good accuracies during 30 days elapsed after 4 June 2016, the first M6.5
earthquake occurred, but deviation increased slightly with time elapsed which may be triggered by the
increment of days without earthquakes with magnitude greater than 2.0 occur while these models
performed less precisely on that. Focusing on the forecasting duration one month later, the four models
also exhibited different characteristics. The Multiple Linear Regression and Neural Network models both
predicted magnitudes with low loss, but the Multiple Linear Regression model seems strongly influenced
by several certain features leading the prediction of model performed somehow similar to the maximum
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magnitude on the last day, which showed low robustness. The decision tree predicted with relatively high
loss, and it successfully fit the increasing trend of the M7.3 mainshock. In all the models, the Neural
Network model which yielded good prediction accuracies whose mean the loss is around 0.5 performed
good robustness and is considered can be applied for future magnitude forecast when earthquakes with
magnitudes greater than 6.0 occur again in the Kumamoto region.
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