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Key Points:9

• A tsunami inversion model is proposed that can infer a tsunami source and a run-10

up distribution from observational tsunami run-up records.11

• This model requires only a few observational run-up records and is computation-12

ally efficient.13

• This model has potential for supporting accurate tsunami hazard assessment.14
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Abstract15

Understanding a tsunami source and its impact is vital to assess a tsunami hazard. Thanks16

to the efforts of the tsunami survey teams, high-quality tsunami run-up data exists for17

contemporary events. Still, it has not been widely used to infer a tsunami source and18

its impact mainly due to the computational burden of the tsunami forward model. In19

this study, we propose a TRRF-INV (Tsunami Run-up Response Function-based INVer-20

sion) model that can provide probabilistic estimates of a near-field tsunami source and21

tsunami run-up distribution from a small number of run-up records. We tested the TRRF-22

INV model with synthetic tsunami scenarios in northern Chile and applied it to the 201423

Iquique, Chile, tsunami event as a case study. The results demonstrated that the TRRF-24

INV model can provide a reasonable tsunami source estimate to first order and estimate25

tsunami run-up distribution well. Moreover, the case study results agree well with the26

United States Geological Survey report and the global Centroid Moment Tensor solu-27

tion. We also analyzed the performance of the TRRF-INV model depending on the num-28

ber and the uncertainty of run-up records. We believe that the TRRF-INV model has29

the potential for supporting accurate hazard assessment by (1) providing new insights30

from tsunami run-up records into the tsunami source and its impact, (2) using the TRRF-31

INV model as a tool to support existing tsunami inversion models, and (3) estimating32

a tsunami source and its impact for ancient events where no data other than estimated33

run-up from sediment deposit data exists.34

Plain Language Summary35

Thanks to tsunami survey teams, there are observations of the highest elevation36

flooded by tsunamis in discrete locations. However, this data has not been widely used37

to determine where the earthquake that triggered the tsunami occurred, how large the38

earthquake was, and how large and extensive the floods caused by the tsunami were. In39

this study, we develop a new computer model that can identify the earthquake informa-40

tion and the flooding extent along the coastline from the discrete flood observations. The41

new computer model is tested for thousands of artificial earthquake scenarios and a his-42

torical earthquake event that occurred in 2014 in Chile. The results show that the new43

computer model can estimate the earthquake information and the flooding extent well.44

We believe that this new computer model can advance understanding of historical tsunami45

events and lead to better preparedness plans for possible future tsunamis.46

1 Introduction47

Tsunamis, mainly caused by shallow subduction-zone earthquakes, can cause se-48

vere damage to coastal communities once they occur, especially to near-field areas. To49

mitigate the tsunami damage and increase the resiliency of coastal communities, it is cru-50

cial to better understand a tsunami source and assess its impact. To better understand51

the tsunami source, tsunami inversion models, which can infer a tsunami source from52

observed data, have been widely developed (Satake, 2009). Depending on the input data,53

tsunami inversion models can be divided into three types. The first type is a tsunami54

inversion model that relies on seismic waveform data alone or combined with other data55

such as local strong motion, GPS (Global Positioning System), InSAR (Interferometric56

Synthetic Aperture Radar), and DART (Deep-ocean Assessment and Reporting of Tsunamis)57

data (e.g. Lay et al., 2011; Yokota et al., 2011; Yue et al., 2014). Instead of relying on58

seismic waveform data, the second type is a tsunami inversion model that uses tsunami59

waveforms (such as DART, tide gauge data) alone or combined with GPS and/or InSAR60

data (e.g. Ho et al., 2019; Romano et al., 2016; Williamson et al., 2017; Zhou et al., 2019).61

This methodology was first proposed by Satake (1987) and is receiving increased atten-62

tion, especially after the Mw 9.0 2011 Tohoku-Oki earthquake, because one of the main63

reasons for enormous casualties and tsunami damage is known to be due to underesti-64
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mating the earthquake’s magnitude and resulting tsunami run-up by relying on the early65

arrival of seismic waveform data alone (Hoshiba & Ozaki, 2014). The third type is a tsunami66

inversion model that uses tsunami sediment deposit data to infer the historical tsunami67

source, especially for the paleotsunami events (e.g. Ioki & Tanioka, 2016; MacInnes et68

al., 2010; Martin et al., 2008; Nanayama et al., 2003). Once a tsunami source is estimated,69

a tsunami forward model —usually a high-fidelity physics-based numerical model that70

can simulate tsunami propagation and inundation processes from a given tsunami source—71

is then used to assess the impact of tsunamis.72

A tsunami run-up, the maximum ground elevation wetted by the tsunami, is one73

of the important characteristics to quantify the impact of a tsunami. Thanks to the tsunami74

survey teams such as the International Tsunami Survey Team (ITST), there are many75

high-quality tsunami run-up data sets for contemporary events (e.g. Arcos et al., 2019;76

Synolakis & Okal, 2005). For this reason, the tsunami run-up distribution along the coast-77

line is usually employed to validate the tsunami source and to evaluate the impact of tsunamis.78

However, there are only a few studies that directly used tsunami run-up data to infer79

a tsunami source (e.g. Fuentes et al., 2016; MacInnes et al., 2010; Piatanesi et al., 1996).80

One of the main reasons is the tsunami forward model’s computational burden because81

a tsunami inversion model requires a large number of tsunami forward simulations to find82

a tsunami source that best matches the tsunami run-up records. Even though several83

tsunami forward models employed computational techniques to improve the computa-84

tional efficiency, such as adaptive mesh refinement and parallelization techniques (e.g.85

Mandli et al., 2016; Popinet, 2015), estimating a tsunami run-up distribution using high-86

fidelity physics-based numerical models remains computationally intensive. For this rea-87

son, Fuentes et al. (2016) and Piatanesi et al. (1996) have relied on a less accurate but88

faster tsunami forward model than the high-fidelity model, which estimates run-up by89

multiplying an amplification factor and the maximum wave height of the offshore point,90

to consider a large number of scenarios. On the other hand, MacInnes et al. (2010) used91

a high-fidelity tsunami forward model but considered only a handful of scenarios deter-92

mined by expert judgment.93

To overcome the computational burden of the high-fidelity physics-based numer-94

ical model, Lee et al. (2020) recently developed a tsunami forward model based on a re-95

sponse surface methodology, hereafter Tsunami Run-up Response Function (TRRF) model,96

that can rapidly estimate a near-field tsunami run-up distribution over real topography97

without substantial loss of accuracy, with respect to high-fidelity models. The main con-98

cept of the TRRF model is that the tsunami run-up distribution can be decomposed into99

(1) a leading-order contribution being modeled by fault parameters using the Okal and100

Synolakis (2004)’s empirical formula and (2) a regional component that is dictated by101

the local topography.102

This study proposes a new tsunami inversion model based on the TRRF model to103

infer a near-field tsunami source and tsunami run-up distribution from tsunami run-up104

records: hereafter referred to as Tsunami Run-up Response Function-based INVersion105

or TRRF-INV model. This study provides the first tsunami inversion model capable of106

giving probabilistic estimates of tsunami source information (moment magnitude, epi-107

center location, fault length, fault width, average slip) from tsunami run-up records. More-108

over, to our best knowledge, our work is the first attempt to provide probabilistic esti-109

mates of tsunami run-up distribution derived only from a small number of tsunami run-110

up records. We chose the northern Chile coastal region as a study area and investigated111

the performance of the TRRF-INV model based on synthetic tsunami run-up records,112

and then we applied the TRRF-INV model to real tsunami run-up records of the MW 8:2113

2014 Iquique, Chile, earthquake.114
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2 Study Area115

The northern Chile coastal area is an active subduction zone where the Nazca plate116

is being subducted under the continental South-American plate at high rates (about 63mm=year,117

Chlieh et al., 2011) (Fig. 1). The city of Iquique, one of the important commercial and118

industrial urban centers in the northern Chile coastal region, is exposed to significant119

tsunami risk considering its inhabitants (about 184; 000) and critical coastal infrastruc-120

tures (González et al., 2020). Historically, large earthquakes (MW > 8:5) occurred in121

1868 and 1877 near the convergent tectonic plate interface, and the tsunamis damaged122

the cities in northern Chile coastal region (González et al., 2020; Kulikov et al., 2005).123

On April 1st, 2014, at 23:46:50 UTC, a MW 8:2 earthquake occurred off the coast of Pis-124

agua in northern Chile in an area known as a seismic gap (a portion of an active fault125

known to cause a major earthquake but not occurring for a long time.) (Hayes et al.,126

2014). This earthquake was detected in the form of a seismic waveform, strong motion,127

and GPS data, and the resulting tsunami was visually detected in several DART buoys128

and tide gauges (e.g. An et al., 2014; Gusman et al., 2015; Lay et al., 2014; Schurr et129

al., 2014). Moreover, high-quality tsunami run-up records also exist (Catalán et al., 2015).130

Even though the 2014 Iquique earthquake relieved some amount of the accumulated de-131

viatoric stress, several studies pointed out that the northern Chile coastal region still can132

generate a large earthquake with an associated tsunami (Cesca et al., 2016; Ruiz et al.,133

2015).134

3 Method135

The TRRF-INV model infers a tsunami source and tsunami run-up distribution136

from run-up records in four steps as follows (Fig. 2):137

• Step 1: Set three angles (strike, dip, rake) and earthquake depth from a pre-defined138

list.139

• Step 2: Determine the order in which to estimate the fault parameters (epicen-140

ter latitude, epicenter longitude, fault length, fault width, average slip).141

• Step 3: Repeat estimating fault parameters until one of two thresholds (see sec-142

tion 3.3) is satisfied.143

• Step 4: Generate earthquake scenarios based on the estimated fault parameters144

and save possible scenarios.145

The TRRF-INV model repeats these four steps and accumulates possible earth-146

quake scenarios until all combinations defined in step 1 are considered. And lastly, the147

probabilistic tsunami source and tsunami run-up distribution are estimated based on the148

accumulated scenarios.149

To run the TRRF-INV model, a pre-trained TRRF model for the study area is re-150

quired. In this study, we trained the TRRF model based on physics-based numerical sim-151

ulations of 729 tsunamigenic-earthquake scenarios in the northern Chile coastal region152

(Table 1) following Lee et al. (2020). We used the numerical model Basilisk, an efficient153

hydrodynamic numerical model that employs an Adaptive Mesh Refinement (AMR) tech-154

nique and a parallel computing technique (Popinet, 2015). We set the x-axis parallel to155

North and y-axis parallel to West. We systemically simulated additional 175 scenarios156

to calibrate the TRRF model. Then, to validate the TRRF model, we simulated 20 ran-157

dom scenarios (hereafter called base scenarios), which were never used to train or cal-158

ibrate the TRRF model (Supplementary Table S1). The error of the TRRF model was159

represented by a normalized Root Mean Square Error (NRMSE), the RMSE normal-160

ized by the maximum run-up:161
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