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Key Points:

» A rapid data-driven model is proposed that can predict tsunami runup distribu-
tion from heterogeneous earthquake slip distribution.

¢ The data-driven model is validated based on synthetic tsunami scenarios and the
2011 Tohoku tsunami.

e This model has potential for supporting real-time tsunami forecasting.
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Abstract

Real-time tsunami prediction is necessary for tsunami forecasting. Although tsunami fore-
casting based on a pre-computed tsunami simulation database is fast, it is difficult to
respond to earthquakes that are not in the database. As the computation speed increases,
various alternatives based on physics-based models have been proposed. However, physics-
based models still require several minutes to simulate tsunamis and can have numeri-

cal stability issues that potentially make them unreliable for use in forecasting—particularly
in the case of near-field tsunamis. This paper presents a data-driven model called the
tsunami runup response function for finite faults (TRRF-FF) model that can predict along-
shore near-field tsunami runup distribution from heterogeneous earthquake slip distri-
bution in less than a second. Once the TRRF-FF model is trained and calibrated based

on a discrete set of tsunami simulations, the TRRF-FF model can predict alongshore tsunami
runup distribution from any combination of finite fault parameters. The TRRF-FF model
treats the leading order contribution and the residual part of the alongshore tsunami runup
distribution separately. The interaction between finite faults is modeled based on the lead-
ing order alongshore tsunami runup distribution. We validated the TRRF-FF model-

ing approach with more than 200 synthetic tsunami scenarios in eastern Japan. We fur-
ther explored the performance of the TRRF-FF model by applying it to the 2011 To-

hoku (Japan) tsunami event. The results show that the TRRF-FF model is more flex-

ible, occupies much less storage space than a pre-computed tsunami simulation database,
and is more rapid and reliable than real-time physics-based numerical simulation.

Plain Language Summary

Timely tsunami warning is important to save lives and property. Existing physics-
based models require a lot of time to predict tsunamis. For this reason, many countries
rely on a pre-computed tsunami simulation database for tsunami warning. However, such
databases do not include all possible tsunami scenarios, because in the real world there
is almost an infinite number of possible tsunamigenic-earthquakes. The present study
introduces a new data-driven model that can rapidly predict the maximum onshore tsunami
height along the coast from the earthquake information. Once the model is trained based
on physics-based model simulations, the new model can be applied to any possible tsunami
scenario. This new model captures the leading order contribution and the residual part
of the alongshore tsunami runup distribution separately. This new model can account
for complex large earthquakes with different land movements depending on location. We
tested this new model using artificial earthquake scenarios as well as the historic Japan
earthquake from 2011. The results show that the new model can handle wider variety
of scenarios than the traditional database approach, and the new model takes up less stor-
age space. Moreover, the new model is more rapid and reliable than a physics-based model.

1 Introduction

Timely tsunami forecasting and dissemination of warnings are challenging tasks,
especially for near-field tsunamis, which can arrive onshore in a few minutes (National
Research Council, 2011). For example, the 1960 Chile tsunami (M 9.5) arrived on Chilean
coasts about 15-20 minutes after the earthquake, and the earthquake and the subsequent
tsunami took 1,655 lives (Igarashi et al., 2011). The 2011 Tohoku (Japan) tsunami (Myp9.0)
also hit the Japanese mainland 20 minutes after the earthquake, killing 15,641 people
(Mori et al., 2011). Given that the evacuation starting time is one of the key factors re-
lated to fatality rates (Yun & Hamada, 2015), it is critical to minimize the time required
for tsunami forecasting.

The tsunami forecasting process usually consists of two steps. The first step is a
tsunami source inversion to determine tsunami source characteristics (e.g., earthquake
fault parameters) from recorded waveforms once the earthquake is detected. Over the
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last several decades, there have been several efforts to improve the accuracy and reduce
the computational time of the inversion models based on various types of sensors such

as broadband seismometers, strong-motion accelerometers, tide gauges, GNSS (Global
Navigation Satellite System) sensors, InSAR, (Interferometric Synthetic Aperture Radar),
and ocean-bottom pressure gauges (e.g., Blewitt et al., 2006, 2009; Maeda et al., 2015;
Melgar & Bock, 2013; Ohta et al., 2012; Wei et al., 2014; Xie & Meng, 2020; Yokota et
al., 2011; Yoshimoto et al., 2016). Instead of inferring earthquake information, some stud-
ies suggest methods to directly estimate the tsunami’s initial free-surface displacement
from the observations without any assumptions about the earthquake (Saito et al., 2010;
Tsushima et al., 2009, 2011, 2012, 2014). Recent progress in the first step of tsunami fore-
casting can be found in Tsushima and Ohta (2014) and Y. Wang, Tsushima, et al. (2021).

The second step of tsunami forecasting is tsunami forward modeling to estimate
a tsunami impact from the inferred tsunami source. And this study will focus on reduc-
ing the computation time of the tsunami forward modeling, which is important for min-
imizing the tsunami forecasting time once the tsunami source is identified. As power-
ful parallel computers become available, some studies suggested a direct high-fidelity physics-
based numerical simulation for tsunami forward modeling (e.g., Inoue et al., 2019; Lgvholt
et al., 2019; Melgar et al., 2016; Musa et al., 2018; Oishi et al., 2015). The problem, how-
ever, is that not all countries can afford powerful computers. Moreover, the high-fidelity
physics-based numerical simulation may have a stability issue depending on the numer-
ical scheme, grids, and time step. Such instabilities can prevent the timely and/or ac-
curate real-time forecasting that is critical when lives and property are at stake. For this
reason, most of the forward modeling for tsunami forecasting still relies on a pre-computed
tsunami simulation database that can provide rapid and stable estimates by looking up
the most closely related event from the database as soon as tsunami source information
becomes available (e.g., Greenslade et al., 2011; Hoshiba & Ozaki, 2014; Kamigaichi, 2022;
Lauterjung et al., 2014; Selva et al., 2021) and/or using the physics-based model as a
backup to handle tsunami events outside the database coverage (e.g., Harig et al., 2020).
Although the pre-computed tsunami simulation database approach is rapid, this approach
may result in a significant error if the actual tsunami is not represented in the database.
Moreover, most existing databases provide the maximum tsunami height at the shore-
line as an output, which does not fully illustrate the tsunami inundation process (Gusman
et al., 2014).

To provide tsunami inundation predictions, some studies suggested a method that
combines rapid low-fidelity, physics-based models, pre-computed databases (e.g., Gus-
man et al., 2014; Gusman & Tanioka, 2015; Mulia et al., 2018; Setiyono et al., 2017; Tan-
ioka et al., 2014, 2020), and machine learning techniques (e.g., Fauzi & Mizutani, 2020;
Mulia et al., 2020) in tsunami forward modeling. These approaches are much faster than
a direct high-fidelity, physics-based numerical simulation. However, the low-fidelity, physics-
based model (e.g., solving linear shallow water wave equations) still requires several min-
utes to execute and can have numerical stability issues. These limitations may prevent
or hinder timely and effective evacuation from near-field tsunamis. Recently, Mulia et
al. (2022) proposed a machine-learning model that can rapidly estimate tsunami inun-
dation directly from 150 offshore observations to overcome the computational burden of
physics-based models. However, Mulia et al.’s proposed machine learning approach can
be applied only to a limited area, such as East Japan, where there are enough offshore
observation stations.

A Tsunami Runup Response Function (TRRF) model is a data driven model that
can rapidly predict a distribution of tsunami runup along the coast (hereafter along-
shore tsunami runup distribution) from earthquake fault parameters (J.-W. Lee et al.,
2020). The basic concept of the TRRF model is to decompose the alongshore tsunami
runup distribution into a leading-order contribution that can be modeled by fault pa-
rameters using the Okal and Synolakis (2004)’s empirical formula and the residual part
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Input:
Heterogeneous earthquake slip distribution

2.1. Training process 2.2. Prediction process
2.1.1. Step 1: 2.2.1. Step 1:
Data generation Estimate the individual source runup S(x)
2.3. Calibration process

2.1.2. Step 2: 2.2.2. Step 2: B ‘ 2.3.1. Step 1:

TRRF-FF model training Estimate the combined source runup S(x) ‘ Calibrate site specific coefficients @, 8
Output #1: 2.2.3. Step 3: ‘ 2.3.2. Step 2:

Best-fitting curves fg, fj Estimate the total source runup ST (x) ‘ Calibrate site specific coefficient y

‘ Output #2: \ \

P = sT P
Normalized topographic runup NT? (x) [ ‘ RPG) = ST+ NTP ()] ‘

Output:
Tsunami runup distribution R? (x)

Figure 1. Flow chart of TRRF-FF model. The training process and the calibration process

are required only once to proceed with the prediction process.

that captures the influence of local topography. Although the TRRF model may be faster
than most of the methods mentioned above, there is a limitation that the TRRF model
can be applied only to a uniform slip earthquake source. This limitation can be critical
for tsunami forecasting, especially for tsunamis caused by earthquakes with My, > 8.0,
given that the alongshore tsunami runup distribution can vary depending on the het-
erogeneity of earthquake slip distribution even when the earthquake magnitude is the
same (Geist, 2002; LeVeque et al., 2016; Li et al., 2016; Mueller et al., 2015; Ulutas, 2013).

This study proposes a new data-driven model that can rapidly predict the spatial
distribution of tsunami runups along the coastline from the heterogeneous earthquake
slip distribution. Hereafter we referred to this model as the TRRF-FF model, which stands
for Tsunami Runup Response Function applicable to the Finite Faults model. The TRRF-
FF model can consider the heterogeneous earthquake slip distribution by modeling the
interaction between finite faults based on the leading order contribution of alongshore
tsunami runup distribution (Section 2). We investigate the performance of the TRRF-
FF model based on synthetic tsunami events (Section 3) and the 2011 Tohoku tsunami
(Section 4). Then, we discuss the characteristics of the TRRF-FF model and future work
(Section 5). A summary of this study is provided in Section 6.

2 Tsunami Runup Response Function applicable to Finite Faults (TRRF-
FF) Model

Figure 1 shows the flow chart of the TRRF-FF model, which is divided into three
processes: training process (Section 2.1), prediction process (Section 2.2), and calibra-
tion process (Section 2.3). Once the TRRF-FF model is trained and calibrated based
on a discrete set of physics-based simulations (see gray dashed boxes in Figure 1), the
alongshore tsunami runup distribution can be estimated in less than a second from het-
erogeneous earthquake slip distribution (see red dashed boxes in Figure 1).

2.1 Training process

The TRRF-FF model can be trained based on a discrete set of physics-based sim-
ulations. Here, we summarize the training process in two steps: (1) data generation and
(2) TRRF-FF model training (see Figure 1).
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ID LON (°E) LAT (°N) STR (°)

24a 1429795  40.349 185
24b  143.5273  40.3125 185
24z 1424312 40.3856 185
25a  142.8839  39.4541 185
25b  143.4246  39.4176 185
2bz  142.3426  39.4907 185
26a 142.7622  38.5837 188
26b  143.293 38.5254 188
26z 142.2308  38.6421 188
27a  142.532 37.783 198
27b  143.0357  37.6534 198
27z 142.0269  37.9126 198
28a 142.1315  37.0265 208
28b  142.5941  36.8297 208
28z 141.6671  37.2234 208

Table 1. Center position and strike angle of unit source. The ID of the unit sources corre-
sponds to Figure 2. LON is longitude, LAT is latitude, and STR is strike angle.

Fault Low Central High
parameter

DIP (°) 10 20 30
SLP (m) 4 16 28
DEP (km) 5 30 55
LEN (km) 100

WID (km) 50

RAK (°) 90

Table 2. Three-level (low, central, and high) fault parameters used for TRRF-FF model train-
ing. DIP is dip angle, SLP is slip, DEP is top-edge depth, LEN is fault length, WID is fault
width, and RAK is rake angle.

2.1.1 Step 1: Data generation

In this study, we chose East Japan and defined 15 tsunami unit sources (hereafter
finite faults) along the Japan trench following the pre-defined tsunami unit sources of
the National Oceanic and Atmospheric Administration’s Center for Tsunami Research
(NCTR), which are being used for tsunami forecasting in the United States (see black
rectangles in Figure 2). Each finite fault has a fault length of 100 km, a fault width of
50 km, and a rake of 90°. The center position and strike angle of each finite fault can
be found in Table 1. For each finite fault, 27 (= 33) tsunamigenic-earthquake scenar-
ios were generated by considering three levels of dip angle, slip, and top-edge depth (Ta-
ble 2); in all, 405 (= 15-27) unique scenarios are considered. The range of the dip an-
gle and the top-edge depth was defined based on the characteristics of subduction-interface
earthquakes (Thingbaijam et al., 2017). The range of slip was set to 4 m—28 m in or-
der to cover the slip range of Tang et al. (2012)’s tsunami source. Note that we assumed
15 tsunami unit sources in this study to demonstrate the TRRF-FF modeling framework.
It will be necessary to consider more tsunami unit sources, covering a wider subduction
zone, to respond to possible future tsunamis.
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Figure 2. Map of East Japan. Black rectangles represent the pre-defined tsunami unit
sources of the National Oceanic and Atmospheric Administration’s Center for Tsunami Research
(NCTR)’s database (Gica, 2015). The numbering of the unit sources corresponds to Gica (2015).
Each unit source has a fault length of 100 km, a fault width of 50 km, and a rake of 90°. The
dashed rectangles represent the unit sources grouped to build the TRRF-FF model. The black
circle is the origin used to convert the location information from a spherical coordinate system
to a Cartesian coordinate system. The yellow star is the USGS epicenter for the 2011 Tohoku
earthquake.
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We simulated all 405 tsunamigenic-earthquake scenarios using the numerical model
Basilisk, which solves the Green—Naghdi equations with an Adaptive Mesh Refinement
(AMR) technique (Popinet, 2015). The initial tsunami free surface displacement was es-
timated from earthquake fault parameters using the Okada (1985) model for instanta-
neous fault rupture. We used a 15-arc-second bathymetry (GEBCO Compilation Group,
2019) and fixed the bottom drag coefficient of a quadratic drag law to 10~%. The tsunami
elapsed time was set to three hours which was long enough to capture the maximum runup.
The maximum water level values were bilinearly interpolated onto a regular grid (0.004°
intervals). Since the TRRF-FF model requires a Cartesian coordinate system, we con-
verted the coordinate system from a spherical coordinate system to a Cartesian coor-
dinate system using the Vincenty (1975)’s formula and a reference point (38°N, 141°F)
(see the black circle in Figure 2). We extracted the tsunami runup values along transects
in the y-axis direction, at increments of 0.004°. Based on its average orientation, we as-
sumed that the coastline (z-axis) is rotated 10 degrees clockwise from the north on av-
erage (see black arrow in Figure 2).

2.1.2 Step 2: TRRF-FF model training

We trained the TRRF-FF model based on 405 simulation results. For each sim-
ulation result, we decomposed the alongshore tsunami runup distribution R(x) into source
runup S(z) and topographic runup 7'(z) (Eq. 1).

R(z) = S(z) + T (x) (1)

The source runup S(z) is the best-fitting curve based on Okal and Synolakis (2004)’s
empirical formula (Eq. 2).

S(z) = ——s— (2)

where the coefficient a is the width of the source runup, b is the maximum source runup,
and X represents the center position of the finite fault in x direction, as defined in Fig-
ure 2. We used non-linear least squares to estimate the parameters of the empirical for-
mula.

Then, we grouped the coefficients a and b estimated from the simulation scenar-
ios that have the same unit source number (see dashed rectangles in Figure 2). For each
group (81 scenarios per group), we fit the fault parameters and the corresponding co-
efficients a and b to a second-order polynomial model.

a = f.(Y,DIP,SLP,DEP) (3)
b= f,(Y,DIP,SLP, DEP) (4)

where f, and f, are best-fitting curves, Y is the center position of the finite fault in y
direction, DIP is dip angle, SLP is slip, and DEP is top-edge depth. Note that the fault
length and fault width are not included in Eqs. (3) and (4), unlike Egs. (7) and (8) in
J.-W. Lee et al. (2020), because the finite-fault size is fixed in this study. Figure 3 shows
how the predicted coefficient values based on the second-order polynomial models (y-
axis) fit well with the target coefficient values derived by fitting Eq. (2) to the 405 sim-
ulation results (x-axis).

The normalized topographic runup NT(z), which represents the influence of the
local topographic and bathymetric characteristics, was calculated for each simulation.
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Figure 3. Comparison between the coefficient values derived by fitting Eq. 2 to the 405 sim-
ulation results (z-axis) and the predicted coefficient values based on the second-order polynomial

models (Egs. 3 and 4) (y-axis). Each gray circle represents (a) coefficient a and (b) coefficient b
of Eq. 2.

NT(z) = gg (5)

Lastly, we extracted the median values (NT?(z)) among 405 normalized topographic
runups NT'(z), which will be used in the prediction process (see red line in Figure 4).

Once f, and f; (output #1 in Figure 1) and the normalized topographic runup for
prediction NT?(z) (output #2 in Figure 1) are derived, the training process is finished
and does not have to be repeated to proceed with the prediction process.

2.2 Prediction process

Once the TRRF-FF model is trained, the alongshore tsunami runup distribution
RP(z) can be estimated using Eq. (6), which can be derived by combining Eq. (1) and
Eq. (5).

RP(x) = ST (z)[1 + NT?(z)] (6)

where NTP(z) is the normalized topographic runup for the prediction that is derived in
the training process, and ST (z) is a total source runup that can be estimated from het-
erogeneous earthquake slip distribution. Here, we demonstrate how to estimate the to-
tal source runup ST (z) in three steps.

2.2.1 Step 1: Estimate the individual source runup

For each finite fault where the slip is not equal to zero (hereafter activated finite
fault), the source runup S(z) is estimated using Eq. (2). The coefficients a and b in Eq.
(2) are estimated using the Eqgs. (3) and (4) that correspond to the finite fault location.



218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

41

40

39 H

38 —

LAT (°)

37 4

36 —

35 T T T T T
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2.2.2 Step 2: Estimate the combined source runup

The second step is to combine source runups in the dip direction. This step is di-
vided into three scenarios depending on the number of activated finite faults in the dip
direction (Figure 5).

First, if there is only one activated finite fault in the dip direction (Figure 5a), the
combined source runup S(z)? is equal to the source runup of the activated finite fault
calculated in step 1, where j is the unit source ID number.

Second, if there are two activated finite faults in the dip direction (Figure 5b), the
combined source runup S(z)? is not equal to the sum of the source runups of the acti-
vated finite faults. Due to the nonlinear interaction of tsunami waves caused by two fi-
nite faults, the combined source runup S(z)’ near the X (the center position of the fi-
nite fault in x direction) is smaller than the summation of individual source runups. The
maximum value of the combined source runup is between the two individual source runups.
In this study, we characterized the interaction of tsunami waves caused by two finite faults
by introducing an interaction term I(z)5tF.

S(a) = S(a)] +1(x)°"F - S(2)} (7)

where the S(z)] and S(z)} are the source runups — that are calculated in the first step.
Note that subscript 1 refers to the activated finite fault that shows a relatively larger co-
efficient b value of Eq. (2) (see Figure 5b). To model a runup characteristic that becomes
gradually smaller than the sum of the two source runups as it gets closer to X, the in-
teraction term I(z)°LF is defined in a form similar to Okal and Synolakis (2004)’s em-
pirical formula.
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a-a

I(z)%" =1-

where X, and ap represent the center position of the finite fault in z direction and the
coefficient a of the S(z)} in Eq. (2), respectively. The site-specific coefficients o and 3
are need to be calibrated in advance based on an extra set of physics-based simulations
(see Section 2.3). Note that Egs. (7) and (8) can also be applied to the case where the
two activated finite faults are not adjacent to each other (For example, 24b and 24z in
Figure 2).

Third, if there are three activated finite faults in the dip direction (Figure 5¢), we
found that the shape of the combined source runup is mainly governed by the interac-
tion between the finite fault showing the largest maximum source runup value (hereafter
fault 1) and the other finite faults (hereafter fault 2 and fault 3, respectively). Thus, we
modeled the combined source runup (S(z)?) by combining the interaction between fault
1 and fault 2 and the interaction between fault 1 and fault 3 and then subtracting the
source runup of fault 1 that is considered twice.

—10—
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where S (x)yll is the combined source runup considering the interaction of tsunami waves
caused by fault 1 and other finite faults (that can be estimated by Eq. (7)), and S(z)]
is the source runup of the fault 1 (that is estimated in the first step).

2.2.3 Step 3

The third step is to estimate the total source runup S7 () based on the combined
source runups estimated in step 2. This step is divided into two scenarios depending on
the distance (D) between the maximum value locations in z direction of the combined
source runups.

First, if the distance D is longer than the finite fault length LEN (D > LEN,
see Figure 6a), the total source runup S7(z) is the maximum envelope between two com-
bined source runups.

Second, if the distance D is equal to the finite fault length LEN (D = LEN, see
Figure 6b), the total source runup S7 (z) is not equal to the maximum of two combined
source runups due to the interaction of tsunami waves. We characterized the total source

runup considering the interaction of tsunami waves by introducing an interaction term
I(x)STR.

ST@:) = ‘S_’(x)maz + I(x)STR : g(m)min (10)

where S (2)maz and S (2)min are the maximum and minimum envelopes between two com-
bined source runups, respectively. The I(x)7% is the interaction term that determines

the ratio of adding total source runup in the overlapping part between two combined source
runups.

I(@)5T% = (1)

where + is a site-specific coefficient that needs to be calibrated in advance using addi-
tional physics-based simulations (see Section 2.3). Note that two activated finite faults
do not necessarily need to be adjacent to each other to apply Egs. (10) and (11), such
as the case where 24b and 25z (see Figure 2) are activated.

If there are more than two combined source runups where the distance D is equal
to the finite fault length LEN (Figure 6c¢), the total source runup ST (z) can be estimated.

N-1 N-1
§T(@) = ST (@) =3 S(x)' (12)
i=1 i=2

where Sqi(:c)i’”l is the total source runup when considering only two combined source
runups. S(z)’ is the combined source runup. N is the total number of the combined source
runups where the distance D is equal to the finite fault length LEN.

If two scenarios (D > LEN and D = LEN) are mixed, the combined source runups
(D = LEN) are first considered. For example, if four finite faults (24b, 25a, 26a, and
28b) are activated, the source runup due to three activated finite faults (24b, 25a, 26a)

—11—-
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(D > LEN), (b)when D = LEN, and (c) when there are more than two combined source
runups. The red line is the total source runup S7 (z). The rectangles represent the activated

finite faults. The gray line represents the interaction term [ (x)s TR,

where D = LEN is first calculated using Eq. (12). Then, the total source runup is de-
fined as the maximum envelope between the source runup of 28b and the estimated source
runup due to three activated finite faults (24b, 25a, 26a).

Once the total source runup ST (z) is estimated, the alongshore tsunami runup dis-
tribution RP(x) —the output of the TRRF-FF model- can be estimated by inputting the
total source runup ST (z) and the normalized topographic runup NT?(x) to Eq. (6).

2.3 Calibration

As mentioned in Section 2.2, to run the TRRF-FF model, the site-specific coefhi-
cients (a, 3, and 7) in Egs. (8, 11) should be determined based on additional physics-
based simulations (see Figure 1).

2.3.1 Step 1: o and (8

First, to calibrate the @ and 3 in Eq. (8) using the physics-based model Basilisk,
we simulated 45 tsunamigenic-earthquake scenarios where two activated finite faults that
have the same unit source ID number as in Figure 5b. For each unit source ID (see Fig-
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ure 2), there are three combinations to compose two finite faults that have the same unit
source ID number (e.g., 24b and 24a, 24a and 24z, 24b and 24z). For each combination,
we generated three scenarios by randomly choosing the dip angle, slip, and depth val-
ues within the range in Table 2. Note that the samples were drawn from a uniform prob-
ability distribution. To make a realistic earthquake scenario that can occur in a subduc-
tion zone setting, we constrained the fault closer to Japan to have a larger dip angle than
that of the fault farther away from Japan. The depth of the fault closer to Japan was
calculated based on the depth and dip angle of the fault farther away from Japan. For
each scenario, we predicted the alongshore tsunami runup distribution using the TRRF-
FF model as « changes from 0.1 to 3.0, with 0.1 intervals, and as 8 changes from -0.5

to 1.5, with 0.1 intervals. Then, the Normalized Root Mean Square Error (NRMSE),
defined as the RM SE normalized by the maximum runup, was calculated (Eq. 13).

~ S0 [Re(x) — BT (2)]

Vv
NRMSE = max [RT (x)]

% 100 (%) (13)

where RP(x) is the alongshore tsunami runup distribution predicted by the TRRF-FF
model, RT(z) is the alongshore tsunami runup distribution predicted by Basilisk, and

N,, is the number of alongshore locations considered. Figure 7a shows how the mean NRMSE,

over the 45 scenarios, varies based on « and 3. Based on this result, we set the a and

B to 1.2 and 0.3, respectively, which combination shows the minimum mean NRMSE
(mean NRMSE=7.72%, 95% confidence interval: 7.19%, 8.25%). The a (= 1.2) indi-
cates that the combined source runup is smaller than the sum of each source runup for

a range 20% wider than the width (az) of the S(z)} (see Figure 5b). The 8 (= 0.3) in-
dicates that the combined source runup is smaller than the S(x)] up to 30% of the S(z)}
near the center position of the finite fault (see Figure 5b).

2.3.2 Step 2: v

Secondly, to calibrate the v of Eq. (11) using Basilisk, we simulated 108 tsunamigenic-
earthquake scenarios where two activated finite faults with the unit source ID number
different by one as in Figure 6b. Since we considered five unit source numbers (see Fig-
ure 2), there are four combinations to compose two finite faults with the unit source ID
number different by one (e.g., 24 and 25, 25 and 26, 26 and 27, 27 and 28). For each com-
bination, there are nine possible scenarios (e.g., aa, ab, az, ba, bb, bz, za, zb, zz). For
each scenario, we generated three scenarios by randomly choosing the dip angle, slip, and
depth values within the range in Table 2. We predicted the alongshore tsunami runup
distribution using the TRRF-FF model as v changes from 0.0 to 1.4, with 0.1 intervals.
Then, the NRM SE between the TRRF-FF model prediction and the Basilisk model pre-
diction was calculated (Figure 7b). Based on this result, we set v to 0.2, corresponding
to the minimum mean NRMSE (mean NRMSE=7.82%, 95% confidence interval: 7.55%,
8.11%).

3 Performance on synthetic tsunami scenarios

We systemically designed five tests to evaluate the performance of each step of the
TRRF-FF model prediction process. Note that the synthetic tsunami scenarios used in
each test were never used for TRRF-FF training and calibration. The overall error of
the TRRF-FF model in each corresponding test and the example results of each test can
be found in Figure 8 and Figure 9, respectively. In the following, we discuss how we de-
signed each test and discuss the performance of the TRRF-FF model.

First, in order to evaluate the performance of step 1 of the TRRF-FF model pre-
diction process, we tested the cases where there is one activated finite fault (Test 1). We
generated 45 tsunamigenic-earthquake scenarios (three random scenarios for each finite
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Figure 7. TRRF-FF model calibration results. (a) Mean NRMSE depending on « and 3
of Eq. (8). The black circle is the location where the NRM SE shows the minimum value. (b)
NRMSE depending on 7 of Eq. (11). The gray lines represent each tsunamigenic-earthquake

scenario result, and the red line with circles represents the mean NRMSFE.
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fault) where the finite fault parameter (dip angle, slip, depth) values were chosen within
the range in Table 2.

Second, in order to evaluate the performance of Eq. (7) in step 2 of the TRRF-FF
model prediction process, we tested the cases where there are two activated finite faults
that have the same unit source ID number (Test 2). We generated 30 tsunamigenic-earthquake
scenarios by following the same procedure to calibrate the site-specific coefficients o and
£ in Section 2.3, but using two random scenarios.

Third, in order to evaluate the performance of Eq. (9) in step 2 of the TRRF-FF
model prediction process, we tested 25 tsunamigenic-earthquake scenarios where there
are three activated finite faults that have the same unit source ID number (Test 3). There
are five cases where three activated finite faults have the same unit source ID number
(e.g., 24a, 24b, 24z in Figure 2). For each case, five scenarios were considered by ran-
domly choosing the finite fault parameter (dip angle, slip, depth) values within the range
in Table 2. In the same way that the scenarios were generated for calibration, we con-
strained the fault closer to Japan to have a larger dip angle than that of the fault far-
ther away from Japan.

Fourth, in order to evaluate the performance of Eq. (10) in step 3 of the TRRF-
FF model prediction process, we tested the cases where there are two activated finite faults
with the unit source ID number different by one (Test 4). We generated 72 tsunamigenic-
earthquake scenarios by following the same procedure to calibrate the site-specific co-
efficient v in Section 2.3, but using two random scenarios.

Fifth, in order to evaluate the overall performance of the TRRF-FF model predic-
tion process, we tested 50 random tsunamigenic-earthquake scenarios with characteris-
tics similar to the 2011 Tohoku tsunami (Test 5). To generate scenarios similar to the
2011 Tohoku tsunami source of Tang et al. (2012), we randomly chose six finite faults,
fixed the moment magnitude (M) to 8.81, and constrained the fault closer to Japan
to have a larger dip angle than that of the fault farther away from Japan. Note that the
moment magnitude (My,) was calculated assuming that the rigidity modulus is 4x 100 Nm =2
in East Japan, following Gica (2008).

Figure 8 shows the NRM SFE distribution of each test in a box plot. The Test 1
results (mean NRMSE = 7.11%) confirmed that the performance of the TRRF-FF
model based on uniform slip condition in East Japan is similar to the performance of the
TRRF model in northern Puerto Rico (J.-W. Lee et al., 2020) and that in northern Chile
(J.-W. Lee et al., 2021). The error increases by about 14 percentage points of mean NRMSE
if there are more than two activated finite faults (Test 2, Test 3, Test 4, Test 5). Sim-
ilar errors between Test 2 (mean NRMSE = 20.90%) and Test 3 (mean NRMSE =
19.18%) confirm that Eq. (9) is valid. Also, similar errors between Test 4 (mean NRMSE =
21.31%) and Test 5 (mean NRMSE = 20.19%) confirm the validity of Eq. (12). The
similar errors between Test 2 and Test 4 indicate that Eq. (7) and Eq. (10) contribute
to similar-magnitude errors.

Figure 9 shows example results of each test that exhibit NRM SFE similar to the
median NRM SFE, as depicted in Figure 8. The source runup of Figure 9a shows the shape
of the empirical formula in Okal and Synolakis (2004) (see Eq. (2)). As shown in Fig-
ure 9b and c, when the activated finite faults have the same unit source ID number, the
maximum value of total source runup ST (x) (red line) is smaller than the maximum of
individual source runups S(x) (gray lines) because of the interaction among the finite
faults modeled in Eq. (8). On the other hand, when the unit source ID numbers of the
activated finite faults are different by one (Figure 9d), the total source runup ST (z) (red
line) is slightly larger than the maximum of the combined source runups S(z) because
of the interaction between finite faults modeled in Eq. (11). The comparison of along-
shore tsunami runup distribution (bottom panels in Figure 9) shows that overall, the TRRF-
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Figure 8. Performance of the TRRF-FF model based on synthetic tsunami scenarios. The
box represents the interquartile range, the black lines stretched from the box represent the range
of 1.5 times of the interquartile range, and the black line inside the box represents the median.

The white rectangle represents the mean. The outlier is represented in a gray diamond.

FF model agrees well in that it captures the shape and magnitude of the alongshore runup
distribution. However, there are a few areas where the difference in the runup is more
than two-fold (e.g., the area between 36.5° N and 38.0°N in Figure 9e). These errors may
be attributed to the nonlinear behavior of the tsunami wave in complex topography (J.-
W. Lee et al., 2020), which is neglected in the TRRF-FF modeling approach.

4 2011 Tohoku Tsunami Event

To evaluate the performance of the TRRF-FF model based on a real tsunami event,
we applied the TRRF-FF model to the 2011 Tohoku tsunami event. The M, 9.0 2011
Tohoku earthquake occurred on March 11, 2011, at 05:46:24 UTC, off the Pacific coast
of northeastern Honshu, Japan (see yellow star in Figure 2). The massive tsunamis that
inundated several hundred kilometers of northeast Honshu coastlines caused an estimated
$300 billion in damage (Tajima et al., 2013). Considering the large rupture area and com-
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ID DIP (°) DEP (km) SLP (m)

24b 19 5.0 4.66
25b 19 5.0 12.23
26b 19 5.0 21.27
26a 21 21.3 26.31
27b 19 5.0 2.98
27a 21 21.3 22.75

Table 3. Tang et al. (2012)’s 2011 Tohoku tsunami source. The ID of the unit sources corre-
sponds to Figure 2. DIP is dip angle, DEP is depth, and SLP is slip.

plex earthquake slip distribution, the 2011 Tohoku tsunami event is an appropriate case
study to evaluate the forecasting capability of the TRRF-FF model.

We chose the Tang et al. (2012)’s tsunami source that is based on the same unit
source geometry used in this study (Figure 10a). The tsunami source is estimated based
on two DART measurements within 1.5 hours of the earthquake (Wei et al., 2013) and
consists of six activated finite faults with slips of up to 26.31 m (Table 3). Note that this
tsunami source was not used for training and calibration. Figure 10b shows the combined
source runups S(z) (blue lines) and the total source runup ST (z) (red line). The max-
imum total source runup S (r) was shown near the epicenter latitude. Figure 10c shows
a comparison of alongshore tsunami runup distribution between the TRRF-FF model
and the physics-based model. The performance of the TRRF-FF model for the 2011 To-
hoku tsunami event (NRMSE = 23.27%) was similar to the performance based on the
synthetic tsunami scenarios (Figure 8). The results show that the TRRF-FF model slightly
overestimates the runups between 37°N and 37.5° N, and underestimates the high runup
zone between 38.2° N and 39°N. But overall, the leading order of the TRRF-FF model
prediction agrees well with that of the physics-based model prediction. We also compared
the TRRF-FF model prediction with the tsunami survey observations of Mori et al. (2011)
(Figure 10d). The comparison with these tsunami runup observations shows a tendency
of both the TRRF-FF model and the physics-based model to underestimate the runup,
especially in the northern area (> 39°N). As noted by MacInnes et al. (2013), the un-
derestimation may be attributed to Tang et al. (2012)’s tsunami source, not the TRRF-
FF modeling approach, given the results of the physics-based model similarly underes-
timated the runup. High-resolution bathymetry data (< 50 m) (Shimozono et al., 2012,
2014), Manning’s roughness based on the land cover (Maclnnes et al., 2013), and three-
dimensional tsunami simulation (Kim et al., 2013) may help to reproduce the high ob-
served runups that usually occur at the heads of V-shaped bays, apexes of peninsulas,
or narrow inlets.

Several tsunami forecast systems issue warnings, typically classifying the warning
as one of only a few levels, such as major tsunami warning, tsunami warning, and tsunami
advisory (e.g., Catalan et al., 2020; Hoshiba & Ozaki, 2014). This coarse granularity is
necessary because the tsunami runup or amplitude information is too complex to be used
directly in communicating tsunami warning (Melgar et al., 2016). Therefore, one of the
ways to quantify forecasting performance is to calculate the percentage of tsunami runup
correctly predicted within a warning level range. With this viewpoint, we investigated
the tsunami forecasting performance of the TRRF-FF model based on the five-level cri-
teria of the Japan Meteorological Agency (JMA) (0.2 — 1.0m, 1.0 — 3.0m, 3.0 — 5.0m,

5.0 — 10.0m, >10.0m, Kamigaichi, 2022) as an example (Figures 11a and b). We ap-

plied runup values to the five-level criteria, which is different from JMA’s tsunami warn-
ing system that uses maximum tsunami amplitude along the coast. Note that JMA em-
ploys the maximum tsunami amplitude information as a tsunami prediction criterion be-
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cause Japan has long studied the relationship between tsunami damage and tsunami am-
plitude along its coast (Kamigaichi, 2022). To quantify the classification accuracy, we
plotted the confusion matrix, also called an error matrix or possibility table (Figure 11c).
The results show that the predicted warning levels based on the TRRF-FF model agree
well with the warning levels based on the physics-based model, although the TRRF-FF
model slightly underestimates the warning level in the southern area. The predicted warn-
ing levels of the two models were the same at about 68.9% locations, and a one warn-

ing level difference was seen at 29.3% locations.

The computational time of the TRRF-FF model was less than a second when a single-
core processor was used, while that of the physics-based model was about one hour when
a 24-core processor was used. This speed of computing the TRRF-FF model may be sim-
ilar or shorter than that of the JMA’s tsunami warning system that searches the sim-
ilar earthquake scenarios among about 64,000 scenarios. When the 2011 Tohoku earth-
quake occurred, JMA issued the initial warnings within three minutes, including tsunami
source inversion and tsunami forecasting (Hoshiba & Ozaki, 2014).

5 Discussion
5.1 Flexibility and storage space

One of the advantages of the TRRF-FF model is that the TRRF-FF model can be
applied to any combination of finite faults with different fault parameter values (dip an-
gle, depth, and slip), not just the fault parameter values used for training. For this rea-
son, we were able to investigate the performance of the TRRF-FF model based on more
than 200 synthetic tsunami scenarios by randomly choosing dip angle, depth, and slip
within the range used in training (Section 3). It should be noted that the TRRF-FF model
can be applied to the heterogeneous earthquake slip distribution (Test 2 to Test 5 in Fig-
ure 8) as well as the uniform earthquake slip distribution (Test 1 in Figure 8). Given that
the quality of tsunami predictions can be affected by incorrect assumptions about fault
geometry (Tsushima et al., 2014), this flexibility is a significant advantage, allowing the
TRRF-FF model to respond to a broader range of tsunami scenarios than approaches
that fix the fault geometry. For example, the pre-computed tsunami simulation database
of JMA’s tsunami warning system only considers different hypocenter locations, focal
depth, and magnitude (Hoshiba & Ozaki, 2014). The Near-field Tsunami Inundation Fore-
casting (NearTTF) method (Gusman et al., 2014) only takes the tsunami scenario into
account for which the dip angle and depth values are fixed to the SLAB model (Hayes
et al., 2012).

Moreover, the TRRF-FF model can be applied to any other finite fault position.
If the finite fault position that is different from the finite fault location used for train-
ing is used, the TRRF-FF model finds the nearest finite fault location used for training
from the activated finite fault. The TRRF-FF model adjusts the X value in Eq. (2) by
the distance between the activated finite fault location and the nearest finite fault lo-
cation, in the direction parallel to the coastline. Also, the TRRF-FF model adjusts the
Y values in Eq. (3) and Eq. (4) by the distance between the activated finite fault loca-
tion and the nearest finite fault location, in the direction perpendicular to the coastline.
In Section 3, we only tested the performance of the TRRF-FF model based on those syn-
thetic scenarios where all positions of the activated finite faults were fixed to the finite
fault locations used for training (Figure 2), given that the finite fault locations are usu-
ally fixed in tsunami forecasting in order to infer a tsunami source from recorded wave-
forms as rapidly as possible. However, if the tsunami warning needs to be updated based
on a slip distribution that is inferred from different finite fault locations, the ability to
apply the TRRF-FF model to other finite fault locations is necessary. To investigate the
performance of the TRRF-FF model for any finite fault location, we simulated two sce-
narios where the Tang et al. (2012)’s slip distribution is shifted by 0.5° to the west and
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to the south, respectively (Figure 12). Although the runup between 37° N and 38°N did
not match well in these cases, the results showed similar or even better performance than
the 2011 Tohoku tsunami case (Figure 10c), confirming the ability of the TRRF-FF model
to handle other finite fault locations not used for training.

Another advantage of the TRRF-FF model is that the trained TRRF-FF model
takes up less than one megabyte of storage space. If the algorithm is optimized and vi-
sualization is not required, the TRRF-FF model will take up much less storage space than
one megabyte. This lightweight model size is a significant advantage that makes the TRRF-
FF model easy to implement and manage on affordable computers. On the other hand,
for example, the tsunami forecasting system based on a pre-computed tsunami simula-
tion database in the North-eastern Atlantic, the Mediterranean, and connected seas re-
quires about 30 terabytes of storage space (Selva et al., 2021). This large storage space
could be a critical factor when building a tsunami forecasting system in a country that
cannot afford large-capacity storage.

5.2 Computational speed and reliability

Along with the flexibility and the storage space of the TRRF-FF model, we em-
phasize the computational speed and reliability of the TRRF-FF model. The compu-
tational time needed for the TRRF-FF model to predict runup for one scenario was less
than a second (on a single-core processor), while that of the physics-based model was
about 1 hour (on average on a 24-core processor). Thanks to its rapid computational speed,
we believe that the TRRF-FF model has the potential to be applied within a probabilis-
tic tsunami forecasting framework (Selva et al., 2021) and a probabilistic tsunami haz-
ard assessment framework (Grezio et al., 2017), taking into account uncertainty caused
by unknown details of the tsunami source. This is a big advantage of the TRRF-FF model,
given that the rupture extent is unknown prior to rupture and the finite fault models
have significant epistemic uncertainty (Cienfuegos et al., 2018). Figure 13 shows exam-
ples of the probabilistic distribution of alongshore tsunami runup using the TRRF-FF
model. We tested how the alongshore tsunami runup distribution changes when the slip
uncertainty of the tsunami source of Tang et al. (2012) is 2 m, 4 m, and 6 m, respec-
tively. We generated 1000 scenarios by adding the tsunami source of Tang et al. (2012)
and uncertainties sampled from a uniform distribution for each activated finite fault and
constrained the slip to a positive value to avoid unrealistic scenarios.

Moreover, the TRRF-FF model prediction process was always stable, since the model
solves only well-behaved, simple algebraic equations. On the other hand, a few physics-
based model simulations executed to complete this study had some numerical stability
issues. The possibility of encountering such instability issues in real-time is a critical con-
cern in tsunami forecasting, as mentioned in Section 1.

5.3 Normalized topographic runup

The TRRF-FF modeling approach assumed that the alongshore tsunami runup dis-
tribution could be expressed as a function of the source runup and normalized topographic
runup (Eq. (6)). In this form, the normalized topographic runup NT?(z) is independent
of the tsunami source and only related to local topography (Figure 4). A location with
a NTP(x) value greater than zero can be interpreted as an area where a higher runup
occurs, compared to a location with a value of zero or less than zero, regardless of the
earthquake’s characteristics. To elucidate the underlying relationship between the nor-
malized topographic runup NT?(z) and local topographic features, we compared the nor-
malized topographic runup NT?(z) with the region’s coastline and nearshore slope and
found the following two characteristics (Figure 14).
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First, the leading-order trend of NT?(z) (thick black line in Figure 14b) is corre-
lated with the coastline curvature (Figure 14a). We defined the leading-order trend of
NTP(z) as a moving average of NT?(x). At large spatial scales, the concave-seaward re-
gion (e.g., large bay) shows a relatively smaller NT?(x) value compared to the convex-
seaward region (e.g., headland), reflecting the divergence of tsunami waves by refraction.
Moreover, relatively large NTP(x) values are shown in the apexes of peninsulas (red lines
in Figure 14b). For example, the NT?(z) of the concave and low-lying bight along the
Sendai plain (the region around 38.0°N and 38.3°N) is about zero, while the NT?(z)
in Minami-Soma (near 37.6°N) is larger than zero due to the convex shape of the coast-
line. Published results (e.g., Sato et al., 2014) tell a consistent interpretation based on
the tsunami height records in Minami-Soma for the 2011 Tohoku tsunami. However, there
is one region where this characteristic does not fit. The NT?(x) near the Sanriku Coast
(the region between 39.0°N and 40.5°N) was smaller than that of the nearby region de-
spite the shape of the convex coastline. We believe this is due to the complex topogra-
phy near the Sanriku coast combined with the narrow shelf offshore (see Figure 14a).

Second, the extent of local change of NTP?(z) (Figure 14c) is correlated with that
of the nearshore slope (Figure 14d). We extracted the extent of local change of NT?(z)
by subtracting the moving averaged normalized topographic runup from the normalized
topographic runup (filtered NT'(x)). We used the nearshore slope information of Athanasiou
et al. (2019), which was calculated as the ratio between the cross-shore location of the
depth of closure and the cross-shore location of the shoreline. Athanasiou et al. (2019)
calculated the depth of closure using the formulation of Nicholls et al. (1998). As shown
in the yellow areas in Figure 14c and d, both the extent of local change of NT?(z) and
the variation of the nearshore slope were significant along the Sanriku Coast (the region
between 38.2° N and 40.5°N), reflecting a complex tsunami runup process in response
to the complex topography.

The pattern of the normalized topographic runup may be related to other topo-
graphic features, such as the small islands in the vicinity of the mainland, which can act
as a focusing lens of wave energy and amplify runup along the mainland adjacent to the
islands (Hill et al., 2012; Stefanakis et al., 2014). Moreover, the pattern of the normal-
ized topographic runup may be related to the tsunami resonance (Abe, 2005; Shimozono
et al., 2014; Y. Wang, Zamora, et al., 2021) and the large-scale edge waves trapped by
the continental shelf (Watanabe et al., 2012; Yamazaki et al., 2013), which can amplify
tsunami waves at the local level.

5.4 Future work

To improve the accuracy and the applicability of the TRRF-FF model, future re-
search should focus on the following limitations.

First, the TRRF-FF model is only applicable to reverse faulting events in the sub-
duction zone. Although seismic slip on offshore megathrusts causes most of the devas-
tating tsunamis (Lindsey et al., 2021), outer rise normal faulting events (e.g., Lay et al.,
2011; Okal et al., 2010) and strike-slip events (e.g., Ishii et al., 2013; D. Wang et al., 2012),
even without coseismic underwater landslides (Elbanna et al., 2021), can also induce tsunamis,
as described in Melgar et al. (2016). Moreover, according to the global historical tsunami
database at the National Geophysical Data Center, aside from earthquakes, tsunamis
have been generated by landslides, volcanic eruptions, meteorological causes, or a com-
bination of several tsunami sources (Levin et al., 2009). The 2018 Anak Krakatoa (In-
donesia) volcanic tsunami (Heidarzadeh et al., 2020; Muhari et al., 2019) and the recent
eruption of the Hunga Tonga-Hunga Ha’apai underwater volcano in 2022 (Carvajal et
al., 2022) have shown how volcanic activity can also cause devastating tsunamis. Thus,
future studies should improve the TRRF-FF model to consider a range of types of tsunami
sources.
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Second, several other components need to be considered in future studies. For ex-
ample, the TRRF-FF model can only provide alongshore tsunami runup distribution.
However, along with the tsunami runup information, arrival time and inundation dis-
tance are critical pieces of information in tsunami forecasting (V. V. Titov et al., 2005).
Thus, the TRRF-FF model should be improved to consider this tsunami information in
a future study.

Third, although linear superposition of water level from separate tide and tsunami
predictions may be valid in permanently submerged areas, for example in tide gauge lo-
cations (V. Titov et al., 2016), nonlinear tsunami-tide interactions in the overland tsunami
inundation process are highly significant (e.g., H. S. Lee et al., 2015; Zhang et al., 2011);
therefore, incorporating the tide component into the TRRF-FF model may be impor-
tant to consider in future studies.

Fourth, there may be limitations in applying the TRRF-FF model to a large area
where the Earth’s curvature cannot be ignored because the current TRRF-FF model-
ing approach was derived based on the Cartesian coordinate system.

Fifth, another limitation of the TRRF-FF modeling approach is the inability to use
tsunami sources with a unit source format (finite fault size and rupture geometry), which
differs from the unit source format used in the training process. For example, in the case
of the 2011 tsunami, even if we receive tsunami source information that better matches
the observed values, such as the tsunami source of Yamazaki et al. (2018), the tsunami
forecast cannot be updated using the TRRF-FF model because of the different finite fault
conditions. In this study, the finite fault size was 100 km x50 km, and the rake angle
was fixed to 90 degrees. On the other hand, the finite fault size of Yamazaki et al. (2018)
was 40 kmx40 km, and the rake angle of each finite fault was not fixed to 90 degrees.

And last but not least, we followed the empirical formula proposed by Okal and
Synolakis (2004) to characterize the shape of the interaction term (Eq. (8)). Although
the validity of adopting Eq. (8) was demonstrated in terms of accuracy in Section 3, there
is no physical or statistical basis for adopting Eq. (8). It would be interesting to test var-
ious formulas with physical or statistical basis, such as the Gaussian function, to find
the optimized formula representing the interaction term.

6 Conclusions

In this study, we presented the TRRF-FF model that can rapidly predict the along-
shore tsunami runup distribution from a heterogeneous earthquake slip distribution. The
novelty of the proposed method lies in modeling the interaction between finite faults based
on a leading-order contribution of the alongshore tsunami runup distribution by extend-
ing the TRRF modeling approach of J.-W. Lee et al. (2020). Once the TRRF-FF model
is trained and calibrated based on a discrete set of physics-based simulations, the along-
shore tsunami runup distribution can be estimated in less than a second for any com-
bination of finite faults with different fault parameter values. We validated the TRRF-

FF model based on more than 200 synthetic tsunami events (My > 7.9) in East Japan.
Moreover, to demonstrate its forecasting ability, we conducted a retrospective forecast

test for the 2011 Tohoku tsunami event using Tang et al. (2012)’s tsunami source and
compared the estimated alongshore tsunami runup distribution with the observations
(Mori et al., 2011). The results showed that the TRRF-FF model is more flexible and
takes up less storage space than the pre-computed tsunami simulation database, as well

as being faster and more reliable than the physics-based numerical model. We believe

that the TRRF-FF model can support real-time tsunami forecasting by predicting along-
shore tsunami runup distribution from a heterogeneous earthquake slip distribution rapidly,
accurately, and reliably.
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Data availability Statement

The Basilisk model used to simulate tsunamis is available at http://basilisk.fr/.
The bathymetry data of the General Bathymetric Chart of the Ocean (GEBCO) is avail-
able at https://www.gebco.net/data_and products/gridded _bathymetry_data/. The
TRRF-FF model used in this paper can be accessed via repository: https://doi.org/
10.17603/ds2-8zjk-t806.
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Figure 9. Example results of (a) Test 1, (b) Test 2, (¢) Test 3, (d), Test 4, and (e) Test 5.

The top panel shows the slip distribution. The middle panel shows the source runup where the

gray lines represent the individual source runup S(z), the blue lines represent the combined

source runup S(z), and the red lines represent the total source runup S (z). The bottom panel

compares the alongshore tsunami runup distribution between the TRRF-FF model (red line)

and the physics-based model Basilisk (black line with circles). The light red represents the range
between the 25th and 75th percentiles of the TRRF-FF model prediction.
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slip) values of each finite fault can be found in Table 3. (b) The estimated total source runup

ST (x) (red line) and combined source runups S(z) (blue lines). (c) A comparison of alongshore

tsunami runup distribution between the TRRF-FF model (red) and the physics-based model

Basilisk (black line with circles). (d) A comparison between the TRRF-FF model prediction (red)

The 2011 Tohoku (Japan) tsunami case results. (a) Slip distribution of Tang et al.

and the tsunami runup (Black circles) and inundation height (white circles) observations of Mori
et al. (2011).
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Basilisk and (b) the TRRF-FF model. (c) A tsunami warning level confusion matrix.
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Figure 12. Performance of the TRRF-FF model when Tang et al. (2012)’s slip distribution
is shifted by 0.5° (a) to the west and (b) to the south. The left panel represents the slip distri-
bution. The light gray rectangles represent the location of pre-defined tsunami unit sources. The
right panel compares the alongshore tsunami runup distribution between the TRRF-FF model

(red) and the physics-based model Basilisk (black line with circles).
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Figure 13. Probabilistic distribution of alongshore tsunami runup when slip uncertainty is (a)
2 m, (b) 4 m, and (c) 6 m. The red line represents the median. The gray represents the 5th-95th

percentile.
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Figure 14. A comparison between the normalized topographic runup and topographic char-
acteristics. (a) Coastline map. The contours (gray lines) are 200 m. (b) Normalized topographic
runup NTP(z) (thin black line) and moving averaged normalized topographic runup (thick black
line). The window size of the moving average is 25 data points. The gray areas represent the
concave-seaward region. The red lines represent the apex of the peninsulas. (c¢) Filtered normal-
ized topographic runup (black line), calculated by subtracting the moving averaged normalized
topographic runup from the normalized topographic runup. (d) Nearshore slope distribution
(black dots) from Athanasiou et al. (2019). Note that nine points between 38.3° and 39.6° and
one point at 36.44° where the slope is larger than 0.2 are not plotted for visualization. The yel-
low areas represent the region where the variation of the filtered normalized topographic runup is

larger than that of the other areas.
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