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Workflow of probabilistic tsunami risk assessment(EQ sources)
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A Hydrodynamic Model (to capture the nearshore and onshore dynamics)

3
e Tsunami model for Tohoku n
region of Japan with GeoClaw l

|

e Uses topo-bathy-defense data
from global and local sources -

I <=-3333

(JP Cabinet project data + -3333 --850

GEBCO 2021 + Copernicus - -850 --100
IRU.ce 2000s [l -100--10

DEM) 4 s -10 -0

Gauge 10005 Gauge
afu

=0

e Calibrated with offshore and
onshore observation data for :
Tohoku 2011 event and
different source models

e [or validation of wave
approximation ML model
simulated other historical
events
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Typical validation with Tohoku 2011 offshore(Fuji 2011)




Propagation/Inundation database for ML

e 1133 locations for observing waveform at
different depths (5,25,50 and 100m)

e 3 selected AOI selected to record the max
flood depths highlighted by pink rectangles.

e 594 events of varying location and magnitude
are simulated for 6 hours of duration

e Homogenous slip events for rectangular fault
whose dimensions are scaled based on
Mw(7.5, 8, 8.5, 9,9.5)

e Fault parameters(angles) defined using
SLAB.2 data and deformation modelled using
Okada solution

Range Mw Lat Lon Dep Rak Str Dip

min 7.5 35.73 141.15 10.2 90 187.20 5.54

max 9.5 39.48 143.90 45.7 90 225.78 17.0




Preprocessing Events — Feature design for ML
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Preprocessing Events — Feature design for ML

run_no 000205, gauge 06042

1/P:240 min obs. window
Threshold: 0.5m
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Possible ML and training configuration
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Time to feed the ML model - VAE(variational autoencoder)

run_no 000205, gauge 05832
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But does it work? Testing at Rikuzentakata
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Predicting the test events — are similar to training events but unseen

Realization #0001, observation window 240 mins
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Some historical events — unseen events

TOKACHI1968, observation window 240 mins
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Tohoku 2011 event
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But does it work?

@® Offshore Gauges
® Nearshore Gauges

predicted Amax (M)

predicted M (M)

predicted fyax (M)

gauge 5675, observation window 240 mins

© train
129 . e

o FUpzOL1_32
10 *  NANKAIZO22

A4 SANRIKU1896

® TOKACHI1968 R4 Prediction:0.97
81 W YAMAZAKI2018_TPMOD Training 0.973
6l .
4 }
0 i i

0o 2 4 & 8 10 12

observed Qpax (M)

4 gauge 5440, observation window 240 mins.

+ train
- test
1291 e ruzo11 42
#*  NANKAI2022
10 & sanmikuless
®  TOKACHI968
W YAMAZAKIZ018_TPMOD Y,
B g
! -
51 i
4
2 .
.
o4
Q 2 4 6 8 10 12 14
observed Mo (M)
gauge 5555, observation window 240 mins
124 - train
< test
10 = FUJI2011_42
*  NANKAI2022
4 SANRIKU18%6 RZa
81 e TOKACHI1968
B YAMAZAKI2018_TPMOD
4 i
2
o

2 4 6 B 10
observed My (M)

n(m)

n(m)

n(m)

n{m)

n(m)

n(m)

FUJI2011_42, observation window 240 mins

10

-10 T T T T T T T
0 30 60 90 120 150 180 210 240
time (mins)
FUJI2011_42, observation window 240 mins
10 4
A ]
0+ D -
v —-
_10 ) T T T T T T T
10
0
_10 7 T T T T T T T
0 30 60 90 120 150 180 210 240
time (mins)
FUJI2011_42, observation window 240 mins
10 o
n
oA a2 = - - — (=]

90 120
time (mins)

5018 pred
(%24
5018 obs

5675 pred

%26

5675 obs

5017 pred
i*26
5017 obs

5440 pred
a+2¢
5440 obs

5010 pred
a+2a
5010 obs

5555 pred
[+26
5555 obs



Challenges and Opportunities

Sparse dataset( balance number of
simulation vs accuracy of ML model)

Fine tuning of ML and transferability —
lots of hyperparameters, training
configuration, model architecture

Expand work to multi-input
architecture, model inundation
footprint directly

Implement smart feature design and
training( clustering, batch etc)

Probabilistic wave or inundation
database can be used as BC

Link with available PTHA model
which provides hazard offshore and
convert them to hazard or risk

onshore
17
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