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[Invited]Detecting slow slip events and accompanying tectonic tremor
in geodetic and seismic data, using machine learning

*Bertrand ROUET-LEDUC'

1. DPRI, Kyoto University

Faults can accommodate stress in a variety of slip modes, from dynamic rupture to slow slip events and
aseismic slip. Among these slip modes, slow slip events and often-accompanying tremor remain among the
most elusive and poorly understood.

Unraveling the interactions between slip modes is at stake: while laboratory experiments point to aseismic
nucleation generally preceding dynamic rupture, observations in the field are far from systematic, and
more the exception than the rule.

However, the difficulty in detecting transient slow slip events, either seismically or geodetically, points to a
possible observational gap that may explain the rarity of slow deformation detected prior to dynamic
earthquakes.

In this presentation, the use of machine learning to improve the detection of slow slip events and

accompanying tectonic tremor will be explored, as a tool to fill this observational gap, both in seismic data
and in geodetic data.

© BxEZS -S21-01 -
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Detection of Deep Low-Frequency Tremors from Continuous Paper
Records at a Station in Southwest Japan About 50 Years Ago Based on
Convolutional Neural Network for Seismogram Images

&F =N RE KE' FEE "2 BRI DE—K
Ryosuke Kaneko?', *Hiromichi NAGAQO'"?, Shin-ichi Ito'?, Hiroshi Tsuruoka’, Kazushige Obara’

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

The establishment of the High Sensitivity Seismograph Network (Hi-net) in Japan has led to the discovery
of deep low-frequency tremors. Since such tremors are considered to be related to large earthquakes
adjacent to tremors on the same subducting plate interface, it is important in seismology to investigate
tremors before establishing modern seismograph networks that record seismic data digitally. We propose
a deep learning method to detect evidence of tremors from seismogram images recorded on paper more
than 50 years ago. In our previous study, we constructed a convolutional neural network (CNN) based on
the Residual Network (ResNet) structure and verified its performance through learning with synthetic
images generated based on past seismograms. In this study, we trained the CNN with seismogram images
converted from real seismic data recorded by Hi-net. The CNN trained by fine-tuning achieved an
accuracy of 98.64% for determining whether an input image contains tremors. The Gradient-weighted
Class Activation Mapping (Grad-CAM) heatmaps to visualize model predictions indicate that the CNN
successfully detects tremors without affections of a variety of noises, such as teleseisms. The trained CNN
was applied to the past seismograms recorded at the Kumano observatory, Japan, operated by
Earthquake Research Institute, The University of Tokyo. The CNN shows the potential to detect tremors
from past seismogram images for broader applications, such as publishing a new tremor catalog.

© BxEZS -S21-02 -
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Physics-Informed Neural NetworksD(Zta7 0w 2 EFILADEA

Application of Physics-Informed Neural Networks to spring-slider
model

“SEIE BEL ANk JS4T4. R #ngRtt

*Rikuto Fukushima', Masayuki Kano?, Kazuro Hirahara®*

1. RERFEEE, 2. RILKRZEZMAR. 3. BLEZMARM. 4. FNKF
1. Kyoto University Faculty of Science, 2. Tohoku University Faculty of Science, 3. RIKEN, 4. Kagawa University

MoARRNEREL AEE LT, SEEH - ICPhysics-Informed Neural Networks (PINNs) 2208 & f17- (Raissi et
al., 2019) ., ZHIIYIEEAICH D MO AR EHBRGPIREAFEZBREHUCIYAL I LICEY, 20
MAZMET LI R=Za—FIxYy NT—U(NN) Z#KL. HRETI2HAEXNOEEKRDZHETH

%, €2 7T, PINNSICE WEBLNBRIYEERNEZBLTEOTHY ., YEMICHRIRATREE WD A THRED
NNEIFKRECER>TWS, TDEIIC, PINNSICL 2O ARADEEIIREDORBEERKELER->TW
2H. ERICHRTOLRVGHEETRRBRFEL TR, RRAUEZEOCYENICAZERETIVICERIGSTEE
MRET) VLT VEBEOFEENBZREDH AN H D, HEXOLFICEVWTH, EFARXEAW
- R EIE D ETE (Karimpouli et al., 2020) ¥ dislocationE 5 )L & B W - 8B ZE L D ETE (Okazaki et al.,
2022)# ¥, PINNsZERWEHEIMTHNIRH T WS,

AFETIE. MIBIARY OBEBHEEOEIESEICPINNSZH WS Z &% RFEIC. PINNsx 70Oy 7€
TIMSERBLRO—RY) v F(SSE)OBIRZH A7, fHIC. BER T v TAZDORunge-Kuttaikx % WL TES)
HLEEIATER & EEERA R E, SSEXBRUREAER/NS XA -9 aHATHRNICIRRELE, TORFER. B
EEFEN25FERE. BATRUZEEN T L — MEEDI10BREE. HiGEEIN150HEEDSSEQREYER LIE
IRAREREBRNSA—4%RD, LTFTITOPINNsEHAWEEETIXIIDERBNSA—YIIEET S, £
=« BERINALSSED S B 1EODOSSEQH A ZILIEB L. $RYREIN RN > 7205 & HIFZ. 20
BN ARYBEEERBERHEZEOMPESE LTEEL. TOBRFESINS 1 CIDOSSEDRHEFRE ZPINNsTH
Wy 2BMET B,

CDEIBEREDT. BREAHZEOWNHEISOTNERTNHEREDOZREFLHREEL, BOARRIC
Mo BEFDSDTNOZREFEREDEAMIEMTEREL. BEEHDSRNMNIAZ LI ICNNDEE AT
Do MHIRHDORELWOARRXDBREDEAIFITHEBRNITRE Lz, O, NNOAARH S 1 DO
Z2THY, BHELTEZORRIHIGELIZTNYRE, REZHOD 2EHIRI NS, PINNSTIFERISEA
EEEOHERL ZIEICAWTNNOZZ 2 TWHA A RADEE KD D, ZDEFICHW S FHERZIDZEIR
ICIEEMENH B0, TZTIE. 1) BRIOBBERT Y THZDRunge-KuttaixIC L 25BN O KRFE 2 7%
fEfE(At =10~867 hour) DOFHMEFZIE. 2) BN —E(At =50 hour) DFHMEFZ]. D2FEFHEE AW
T2B%ITV, SHERRAEE Lz, RERBEAENNICANT ZBRITEREET>TWS, £LEAMETILIE
DEEANNARA L, FHRALKE L TtanhBEEEZR W, EBD/ — REIZADEBN., FRBHITART
20, HABH2TH 5,

ZORR, ERRE - AEBROMADOEMBELICE VT, TNETNBENREAITX—Y TTREELTE
BhTbNh, ERICSSEOBEREABR TSI ENTEL, £, SRABICBVWTIZAVIBROAE S %
At=50 hourDS5ROICEILIETENETNEE LT o720 HWMITIRE L 7-BERBRO8ME(At = 400
houn\ZFWTHIE L WEMN RO SNz, INA T, FEMEFZILUA DL, §72HBENNDEZICH W TUVLRLEF
AEANZLEBEICBEWTE, ELKSSEOTARYZEEAZBIRT DI EICHKIIL T,
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Optimal Transport Distance Measure in Geophysical Inversion

‘s EA. A s
*Tomohisa OKAZAKI', Naonori Ueda'

1. bR EHAMEREMEEY 59—
1. RIKEN AIP

HMEZOHBTICEWT, KEBOEMEZEOESNMHEER/RCHENRICEEZETH S, EF. BELHED
EERE T D WassersteinFEBENMERDL2EERED R R = fEHE L D 511 EE L TEESINTW5S, Sambridge 5
(2022) (X B DU 7 & 2R TTHEFED R ICEI L2k, B - IRIBENICELLIL L2 1VRTHRESH D
WassersteinfEBZ 5T H T 5 2 & T, B ZBRICHERSHICERT L L HICHEVEGTEDEREZERR L, L
ML, EEDEARZMERTEHEESFBICERT 2 FEICKAREDNH 2,

AT TlESambridge 5 DFETIE,. TRITHERSHEADREDILIC K Y EEBFIEZICTEEAEENSE L. AR
&, BREOERKEOEOERHN0E A2 E W) BELIEHT 5, TOMREE LT, STENREHIELDD
FEEEDIERMAEZH D=0, sliced WassersteinfE&#(Bonneel et al. 2015)DEA %122 T 5, Sliced
WassersteinEEB & — MR TTDOHEESFICKT L. HDAMEICHE L TELN S 1RTHEES D Wassersteinis
BMAESABICOE > THEATEHTEILICLYERESIN, EALEEREOABICHT 2IEHTHELIN

%, AR TIE, Sambridge 5 (2022)IC & 2 BFEE - fRIBEICINA, ThOE45EZRIT2HFMICHR L
SH4AMED1R5T WassersteinIBEED T A RAWS 2 & T, ERRICY LIEEOEBEEMHI A LT Z & E52RT,
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Study on prediction of pseudo velocity response spectrum by machine
learning

-Part1 Response spectrum simulation for crustal earthquake in Kinki
district, Japan-

D FE . BRE . FE R
*Hidenori KAWABE', Tianzeng WEI', Kai TERAZONO'

1. KEBRKZ
1. Osaka University

1. X LC®HIC

1995 D RERRFIELME, BESRAMOER/INER BEIHFOBI/KIBICEZTWS, BRAAKE
HREFZEAVBEOREWIEEFRAZTOAEE LT, BEE. BEZNMNFE SN TWVWS, KRELQHMEDE
ICEBEMDOWEAERT 20101, BEYOERMSICEVWTREDSWHESFAIVETHD, £
T, AR TIIMERETETOBRIC—DODIBEE LTHVWIREEREARY MLaRRE LT, #EEE
EFRAWEFAETIVLOBEEZBET. 201 (K TlE, EHhAOMBZABEICOVT, S{RMBOLT
DEASAENRE LTFAETIVEEREBRT., TO2 TR, AMhAETRE L T2016FERMED
HFERW, BAMESEDRBERFRETIVICDOVWTHRET 2, D3 T, REEXAEZRRE LT, kAt
EDOFAETIVICDWTHRETT %,
2. REI R R B R UEIREEZ

MEPRROMEIL, 1997FE1BH 52021 FE1T1A X TIESM A TRE L-MAL EDOMREAMME S 3
%, BERBICIE. RB134EHNS137E, LE33EHN 536K, FI20kmLUR TRELMEERNRET
%, BUAEERIE. AR MR ATOK-NETR UKiK-netDRDEHFEA WD, BH,. PROIE LAY D
BEERINTULVARWERRUSNLENBVEIZRA T 2, BRE LT, 98OMEICXT L T, 5580 DEAIE
FEEELL,
3. BT OBERUBRITRR

TR DT RITKF2HD DHRSBDBEBEEISEARY MLET B, ARFTTIE. BUEERBERIRY ML
DFAFREEIL0.25M M 510 FETE L. FHERIZEAR0.25ME T2, 2Tk, #EEEDO7/)LTY)
ALDH>B, REFE EXGBoostx AVWTHMER E T 2AHBORUERERZTANRY MNLOEDRKEAR T
ETIVDEKREBIRT. BFEFZORAPEOFABELLLEL. BELLYEWVWEEZBW IS A ORBRLE

EBISBEARI MLOFAUETIVAEEBET S, BROMBERIYIZFa1—R, EROXHW=ZXLE, BA=AD
ME. SHROMTEEREDEFEREEASHLE TERDOANEHROEAEDLEARET 5, —Hl& LT, 3

B8 & XGBoostx AWTEHE LB SR T & PO SH OB ILLEEIGERANRY MU EERIEEHEMNSETEL
ERUEEREARY MLOEEBRAR 1 ICRT, B, COEDOFHETIK. ANEH (IFHE) 2ERIE

B, AAIA. Mj, EREEI, AVS30, EEBRI L LA ZDRRTHD., TOEHI S, XGBoostz= AL
F5A, RARFOBRBEN LW EN DL D, ARERTIHINSDBRETHFEREZBERFRETILICOWVT
BN 2,

BEE AR TIE. [RTH L UBKBZRMARADF-netDEIRER. K-NETH &K UKiK-netDHED

%, BROSUICISHISOM THEEET IV AFRIECIEEE LA, ZZICRBLTREHEWEZLET,
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Prediction of velocity response spectrum by using a 1-D convolutional
neural network

HE KB AR EE

*Daiki Taya', Takashi Furumura’

1. RRKRZEMERTAR
1. Earthquake Research Institute, University of Tokyo

1. IZLC®IC

KibEAE CBRICREARMESORHEFAEITI I & IE. BEBELIBET ZAMHBEOHLICEVWTEER
BB AEFED, 2004FFFREFBHETCHEAREFICESVWTEREVORBASHMES I ® < ER L. #OD

BEBEILOILR—Y—4—TIh—HIBETE2REBENE L.

EREE ITEGRREACEAREZBNEOLF CTLECERASINTEY., EF. HhEZO2HF THEEBEZOFERD

EH, MERET—9D05T I =ZFa1—K#ETE (Risteaetal., 2021) PLEBORXINEE (PGA) OF8l
(Jozinovi¢ et al., 2020 ; Kubo et al., 2020) R EADFRAMNED SNTWS, AFRTIXI NS DEEERFR
EREIE, BREOETOBRESNT—9 D 5EMOFHFOMNAROEREIREANRY ML E T 2

B2BETIERET L,

2. 7—% - Fik&

AR TIE. FREEADME TRELAZEE TR E LT, Hi-neta lWERIR (TAYH : BBEESILF) TOE

ERFT—4 D5, Hi-netEMEAIR (YFTH : BIEH&RX) OFERERARYI MLOFA%ETo, 28
KREIEWI50 kmBENTH Y, REAPHMEE ZHM T 2 REKDOELEICITHES WOREENH D, b, Fal

AEICEWYFTHETAYHE OBBIREFZEDIE—L Yo —aEW (0.9) TEA&#HEAL. TAYHEZFBODAA
FT—athmE L TREL R,

2BF—FICIE. BHiR136.4E~139.1E., dt#36.9~38.7ED&IHE T2004F 4 B~2007F10RICELE L=
Mw4. 5L EDOHEIIEICDOWT, 52EDHI-netEFE R T —9 2BV, INSDERS LK UMwLHE%EH
TIZRY, I E LT, Hi-netiBFH T — 4 ICIEHEEHFMRIE 7 1 )L ¥ (Maeda et al., 2011) % MM F TIEHE

fEL. 0.05~2HzD/NY R/IXR T 4 LI —HMMFF=RIC20HzZICY B> TY VT Lz, £, FRMSICS T
% EHE0.05~ 100 DEEDEEISE RNV ML (REEHS%) %KD, AR T —49 &7 &5 A0
Tty NEARLE, BB, ANERT—YIEHAEE (PGV) ETHREBILEZT>/%IC. log(PGV) % &
CTIREDKRNDIERE 2K L7, /2. BEBEZARI MUEHHHIEL. RIEAZ1/10ICF 52 &T. F

B7—4 DENO~TOEEHEICINE D L DI LT,

FRIETIVIE, LT DIozinovié et al. (2020)IC & 2CNNETFIL DR % S%|Z L TPythonDKerasZ 1 7
FVERWTER L, RETITIETRITT—9KR6000RA >~ MOMERK 23BDEHAHEBICAS

L. BHFAAEREEBILLIZOELEABABLTT—9R200R1 Y POREEIGERARY MLEHAT
%, SEMLBEEICIEReIUBEH E RV, REDELEABIXIZZEDOINED/-HIC+ 1 THEITE & A StanhBEE % A
Wz, BRBHIEEHRNE FRABERARI MVOZREBRELTHET2EDEAL. Ny FH A X32T70T

Ry VBDEZBEITWV, BREOINREZHRE L, AaH. I TR IT1ES EWHRD) OFRETIEDET
2. FITLTHEIOFRERRICITO ZENTE S,

3. BR

BEFAETIERAVT, FRERIT201 TELBRICEE LMWL ED11EOHE O F Rl EE & R
foo MEBERHEIZ. BEISEARY MLOFE BBk =R~ 150 OEHTEE LA EERVWTIT >
2(a)i. 2011E3B12EICHR/ RFEETRAE LARFEILTHE CRNME) OFAER (F) SE8RE
(B) 2T 5, FRMEDTHMMEIL0.96& Y, EEIGERARY MLOBRWFAINER I N,
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2(b)ic. FRIET o1 1EDHED MR MEDESEE DU E. FHOTHRERWTRYT, FROMEAALI
0.6~1A4DELHEHICA>THEY., PVYREIEHZELDOERETDRFARBEEZFTOES A 5,

RIS, WEESAHEE & HICREB T — YA EBY T I ETTAREDEL AR L7, 2004~2007FDE
F—IERAWLEZEFHFETIVICR LT, E5122007~2010FICHKE L24EDMMEAZE T — 4 I18ML
Too BIMNZEBIE. LOEEFHFETIICHL T, FitBhPBET—Y THEET2GBEBICLVIT o
2L)BICEBEBETNICL 2 FRAMEOTMELZ RS, EOFAETINICLZFERELEL T, FRIMED
oM EEEMN0.7~1.2ICF > TH Y., GRBREBICL S FRAMEOR LAER SN,

4. FEHESHORE

AFETER LEEEBEBETIVICL Y., BREEOEASRTORET —9 M oEbDOTEHFORBEESED
FEBBEARI MLOFAETo7, BB T—YDERBICHL., BEMNICEREB2RUERLEDSZ L
T. FRAMEOBLEISHEETES, —AT, AFAUETILTIE2019F L EHE (MW6.8) &, FiflH
BEETMEAME L (0.59) Uy —REHERI N, INIFEBFEER (0.55) HtRECHEI NS, Th
. WEEMEDHEFTHMEVWC EFPREEEZIONDS, GREBICBEVWTEHEZE T —YDMWLHEDRY
ISERNADETHY, MWONSBRBEBET—IEBPLTEDENZ > TRIMEDOFRIMRENMBET I 2 TEEM
BH 5,
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