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SUMMARY

The 2015 Illapel earthquake (M, 8.3) occurred off central Chile on September 16, and gen-
erated a tsunami that propagated across the Pacific Ocean. The tsunami was recorded on
tide gauges and Deep-ocean Assessment and Reporting of Tsunami (DART) tsunameters in
east Pacific. Near-field and far-field tsunami forecasts were issued based on the estimation
of seismic source parameters. In this study, we retroactively evaluate the potentiality of fore-
casting this tsunami in the far field based solely on tsunami data assimilation from DART
tsunameters. Since there are limited number of DART buoys, virtual stations are assumed
by interpolation to construct a more complete tsunami wavefront for data assimilation. The
comparison between forecasted and observed tsunami waveforms suggests that our method
accurately forecasts the tsunami amplitudes and arrival time in the east Pacific. This approach
could be a complementary method of current tsunami warning systems based on seismic

observations.
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1 INTRODUCTION

The Chilean subduction zone is one of the world’s most seismically
active areas, which has been struck by great earthquakes. The largest
earthquake ever recorded is the 1960 Chile earthquake (M,, 9.5),
which generated a catastrophic trans-Pacific tsunami (Barrientos &
Ward 1990; Fujii & Satake 2013; Ho ef al. 2019). In the past 10 yr,
great earthquakes have struck frequently, including the 2010 Maule
earthquake (M,, 8.8; Fujii & Satake 2013; Yoshimoto et al. 2016),
the 2014 Iquique earthquake (M,, 8.2; Gusman et al. 2015), and the
2015 Illapel earthquake (M,, 8.3; Heidarzadeh et al. 2016; Satake
& Heidarzadeh 2017). The 16 September 2015 Illapel earthquake
occurred at 22:54:33 UTC offshore Illapel, as the result of thrust
faulting on the interface between the Nazca and South America
Plates in central Chile. The West Coast & Alaska Tsunami Warning
Center (WC/ATWC) of National Oceanic and Atmospheric Admin-
istration (NOAA) issued the rapid magnitude estimation of M,, 7.2
at 4 min after the earthquake, and the Pacific Tsunami Warning
Center (PTWC) estimated the magnitude to be M,, 7.9 at 5 min
after the earthquake (Cienfuegos et al. 2016). Finally, the United
States Geological Survey (USGS) revised the magnitude to be M,,
8.3. The location of epicentre is 31.573°S, 71.674°W, at the depth of
22.4km. The earthquake caused 15 deaths, 6 missing and large dam-
age to coastal cities. It generated a tsunami that reached the Chilean
coastal region within 8 min after the earthquake (Aranguiz et al.
2016; An & Meng 2017), and resulted in flooding in the cities along

the coast. The tsunami propagated across the Pacific Ocean, and was
recorded by tide gauges and Deep-ocean Assessment and Reporting
of Tsunami (DART) tsunameters, though the amplitude was much
smaller than the 2010 tsunami and slightly smaller than the 2014
tsunami (Satake & Heidarzadeh 2017). The DART tsunameters pro-
vided tsunami time series recorded at open ocean, and were used
to reconstruct the source model of the earthquake (Heidarzadeh
et al. 2016; Williamson et al. 2017). The characteristics of tsunami
waves in the deep water was studied by using 16 records of DART
tsunameters of this event (Ren et al. 2017).

In order to mitigate the tsunami damage from large earthquakes
occurring in the Chilean and other subduction zones, rapid seismic
source estimation systems based on real-time seismic observations
have been developed and operated. For example, the real-time W
phase source inversion algorithm is adopted by PTWC (Duputel
et al. 2011, 2012; Wang et al. 2012). The W phase is a fast, long-
period seismic wave that is used for rapid point source moment
tensor inversions (Kanamori & Rivera 2008; Benavente et al. 2016).
The W phase inversion could be completed within 5—10 min when
seismic data in regional distances are used. Such characterization is
helpful for tsunami early warning. In the event of the 2015 Illapel
earthquake, the PTWC issued tsunami early warnings to the Chilean
coast after the earthquake, and also issued tsunami warnings or
advisories for other regions like Easter Island, New Zealand, Fiji,
Hawaii, Solomon Islands, but later it downgraded the warnings
(PTWC 2015).
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However, real-time estimate for seismic rupture model often has
large uncertainties in the characterization of the sources (Cienfue-
gos et al. 2018). In order to directly forecast the tsunamis, other
methods have been proposed, for example, tsunami Forecasting
based on Inversion for initial sea-Surface Height (tFISH, Tsushima
et al. 2009; Tsushima & Ohta 2014), Time Reverse Imaging (TRI,
Hossen et al. 2015a; Hossen et al. 2015b), and optimal interpolation
(Maeda et al. 2015; Gusman et al. 2016; Mulia et al. 2017; Wang
et al. 2017), amplification factors method (Baba et al. 2014), multi-
index method (Yamamoto ef al. 2016), tsunami prediction system
using the Dense Oceanfloor Network System for Earthquakes and
Tsunamis (DONET; Takahashi et al. 2017). These methods avoid
the uncertainties in the seismic source estimation. The application
of tFISH and TRI still requires the earthquake origin time, but opti-
mal interpolation and other methods based solely on tsunami data.
Optimal interpolation method was first introduced in data assimila-
tion for numerical weather forecasting (Barker 1992; Kalnay 2003),
and was applied in tsunami forecasting by Maeda et al. (2015). It
directly assimilates observed data to forecast the tsunami height
and arrival time, and does not need any assumptions on the tsunami
source. Previously, a dense observation network was required for
optimal interpolation (Mulia ef al. 2017). Recently, by using inter-
polation and assuming waveforms at virtual stations, tsunami data
on a sparse observation network could also be utilized in tsunami
forecasting. This method has been applied to the tsunami data of the
2009 Dusky Sound earthquake off New Zealand recorded at seven
Ocean Bottom Seismometer (OBS) equipped with pressure gauges
(Wang et al. 2019).

In this paper, we focus on far-field tsunami forecasting of Chilean
earthquakes. Tsunamis generated by Chilean earthquakes can pro-
duce significant damage not only on the Chilean coast, but also in
areas far away from the source, including Easter Island (Fritz et al.
2011), Oceania (Hébert ez al. 2001), and even Japan (Satake 2015).
Recent installation of DART tsunameters off the Chilean coast en-
ables us to apply the tsunami data assimilation approach. The DART
stations are: Stations 32 401 and 32 402 owned and maintained by
the Hydrographic and Oceanographic Service of the Chilean Navy
(SHOA), Stations 32 403, 32 404 and 34 420 owned and main-
tained by the Cooperative Effort DART 4 G Buoy. They record
water levels using ocean bottom pressure sensors and transmit the
signal to the land in real time (Gonzalez et al. 2005) for the purpose
of real-time tsunami forecasting. In our study, we use tsunami data
from the 2015 Illapel earthquake as an application of data assimila-
tion. We retroactively predict the far-field tsunami in the east Pacific
by tsunami data assimilation approach (optimal interpolation), and
compare modeled results with the observations.

2 DATA

Tsunami waveform data from DART tsunameters and tide gauges
are considered for this study. Four DART tsunameters are used for
data assimilation, and forecasted waveforms are compared with the
observed data on tide gauges and other DART tsunameters.

2.1 DART data

The DART data of the 2015 Illapel earthquake are available at
the website of NOAA: https://www.ngdc.noaa.gov/hazard/dart/20
15chile.html. Tsunami signals have already been extracted and pro-
cessed by the Tsunami Detection Algorithm (Meinig et al. 2005).
It estimated the amplitudes of the pressure fluctuations within the
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tsunami frequency band. Then, the amplitudes were computed by
subtracting predicted pressures from the observations, in which
the predictions closely match the tides and lower frequency fluctua-
tions. In our retroactive study, in order to remove the high frequency
components like seismic signals, we also use a low-pass filter with a
cut-off frequency of 0.002 Hz, and apply a zero mask before arriving
tsunami, because we only need the waveforms after the tsunami ar-
rival. The tsunami first arrival is defined with a threshold of 0.02 m.
In the case of real-time practice, we could remove the tidal signal
by subtracting a theoretical tide model (Tsushima et al. 2009) or
polynomial fitting, and remove the high-frequency components by
a moving average. For most tsunamis generated from mega-thrust
earthquakes, the first peak of the tsunami at pressure gauges is free
of coastal reflections and harbor effects (Williamson & Newman
2018).

At the time of the 2015 Illapel earthquake, only two DART sta-
tions 32 401 and 32 402 were operational. Therefore, in addition
to these two observed waveforms (blue lines), we build synthetic
waveforms (green lines) at stations 32 404 and 34 420 (Fig. 1b) by
calculating from the fault model of Ren ef al. (2017). We only com-
pute synthetic waveforms at two other stations in order to ensure
that at least half of the data are real record. Therefore, we skip the
station 32 403, which is close to station 32 401. In the research of
Ren et al. (2017), they assume a focal depth of 25 km, strike angle
of 4°, dip angle of 19°, and rake angle of 90°. The fault size (length
x width) is 230 km x 100 km. A uniform slip of 4.64 m is adopted.
The numerical simulation from this uniform fault matches well with
the real observation in near-field and far-field DART stations.

In addition to DART stations near the Chilean coast, we also
extract the data of Station 32 412 located off the southwest of Peru.
We compare its observations with the forecasted waveform in order
to validate our method.

2.2 Tide gauge data

The tide gauge data are available at the website of Sea Level Sta-
tion Monitoring Facility, Intergovernmental Oceanographic Com-
mission: http://www.ioc-sealevelmonitoring.org/. The tidal signal is
removed by polynomial fitting. We use the far-field tsunami record
oftide gauges in the east Pacific, including San Felix, Easter, Rikitea,
Nuku Hiva Island, Papeete Tahiti, Huahine and Rarotonga. The dis-
tance between tide gauges and the South America continent ranges
from hundreds to ten thousand kilometres.

3 METHOD

3.1 Tsunami data assimilation

To estimate the tsunami wavefield, we employ the tsunami data
assimilation approach (optimal interpolation). The optimal interpo-
lation algorithm (Maeda et al. 2015) is composed of a forecasting
step and an assimilation step. In the forecasting step:

x/ = Fx"_, 1)

where x¢ and x;/ are the assimilated and forecasted tsunami wave-
fields at the nth time step. Their components include tsunami height
and tsunami velocities in two directions. F is the propagation matrix
depending on the tsunami propagation model. The simplest model
is the linear long-wave model based on the shallow-water approx-
imation (Satake 1995), while for far-field tsunamis, the dispersive
characteristics is important (Watada et al. 2014). In our study, we
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Figure 1. Tsunami data assimilation of DART tsunameters along the Chilean coast. (a) Bathymetry of the source region. We assimilate the data at four real
DART stations and 32 virtual stations interpolated between them. The focal mechanism is plotted by using the USGS solution. The fault model of Ren ef al.
(2017) is plotted with a red rectangle. (b) Waveforms at the four DART stations. Grey lines represent the raw data from the website of NOAA, blue lines
represent observed waveforms, and green lines represent synthetic waveforms. We use the real observed waveforms of stations 32 401 and 32 402, and
synthetic observed waveforms of stations 32 404 and 34 420. The synthetic observed waveforms are calculated from the fault model of Ren er al. (2017).
We skip the station 32 403. The time for the beginning and ending of data assimilation, and for making the tsunami forecast are marked by the dash lines. (c)
The process of linear interpolation to create waveforms at virtual stations (Wang ez al. 2019). We calculate the virtual waveforms by shifting the arrival times
considering the distance and correct the amplitudes considering the water depths at the stations.

apply the linear dispersive model (Saito et al. 2010; Wang et al.
2018).
In the assimilation step,

x‘=x/ + PH'(R+ HPH") '(y, — Hx/), )

where P = (e/e/T)and R = (e%e9T) are the error covariance
matrices of forward numerical simulation and the observations.
Here &/ represents the errors in numerical forecast between two
numerical grids, and € represents the observational errors of the
tsunameter stations. The errors are assumed to have a Gaussian
distribution with characteristic distance of 20 km (Maeda et al.
2015; Gusman et al. 2016). The selection of characteristic distance
affects the forecasting results. It was discussed in detail in Wang
et al. (2019). In our research we just use an appropriate value of
20 km. H is the observational operator and H” is its transpose
matrix. y, is the vector of real tsunami observations.

During the data assimilation process, eqs (1) and (2) are simulated
alternatively. To speed up the assimilation process, we used the
technique of Green’s Function-based Tsunami Data Assimilation
(GFTDA) proposed by Wang et al. (2017).

3.2 Virtual stations

In order to solve the problem of sparse observations, we apply
the method of Wang et al. (2019), using a linear interpolation of
real data to compute artificial waveforms at virtual stations. The
employment of virtual stations is based on the Huygens—Fresnel
principle, that every point on a wavefront is itself the source of new
spherical wavelets. If there are enough source points, the wavefront
at the next time step could be equivalently reproduced by these new
spherical wavelets.

Similarly, in tsunami data assimilation, the observation stations
resemble the points on the optical wavefront. The tsunami wavefront
at the next time step is formed by the assimilation of observation
stations (Maeda et al. 2015). To reproduce the tsunami wavefield,
we need a wavefront that is densely sampled (Wang et al. 2019).
Therefore, we apply linear interpolation to construct virtual wave-
forms artificially, in order the overcome the problem of sparse real
stations. The virtual stations are located along a straight line be-
tween the two neighbouring real stations. An interpolation interval
of ~50 km can keep the balance between forecasting accuracy and
the computational cost. It is also compatible with the characteristic
distance of the tsunami data assimilation algorithm (Wang et al.
2019).
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The arrival time and the tsunami waveform of the ith virtual
station are computed by the following equations:

arr
t
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g Y (= 157) < dpt | /', 4)

where ¢ and " are arrival times of two neighbouring real sta-
tions, respectively. w;4 and w;p are weight parameters for linear
interpolation, depending on the relative distance between the vir-
tual and real stations. d4, dp and d; are the water depth of two
real stations and the ith virtual station, respectively. The tsunami
arrival time and tsunami waveform are calculated separately. In-
stead of calculating a simple average of tsunami waveform, we
should firstly compute the arrival time by linear interpolation. That
is to say, we calculate the virtual waveforms by shifting the arrival
times considering the distance (Wang et al. 2019). In eq. (4), it is
also important to correct the tsunami height considering the water
depths at the stations. According to the Green’s Law, the tsunami
amplitude is inversely proportional to the fourth root of water depth
(Satake 2015). Finally, both the real observed waveforms, the syn-
thetic observed waveforms and the computed waveforms of virtual
stations are assimilated in the tsunami data assimilation approach.
The linear interpolation depends on the relative distance between
the virtual station and real observation. The virtual waveforms after
interpolation could be used for data assimilation with any tsunami
propagation model. We do not add new information of tsunami data
to the assimilation algorithm. Instead, we use the existing data to
generate virtual waveforms in order to improve the forecasting ac-
curacy. In our research, station 32 404 is close to the earthquake
source. We acknowledge that the virtual waveform calculated by
our linear interpolation method may not be exactly the same as
the real observations, especially if the earthquake source is near
the bisection of two real stations; this method may not capture the
largest amplitude, but it can still improve the performance of data
assimilation.

In our study, the waveforms at the four DART tsunameters are
adopted as the input for the tsunami data assimilation (Fig. 1b).
We interpolate them at 32 virtual stations between the neighboring
DART tsunameters (Fig. 1a). To prove the effectiveness of our
method, we also compare the data assimilation results with and
without virtual stations.

3.3 Simulation settings

In our simulation, the Green’s functions are calculated by the
JAGURS tsunami code (Bata et al. 2014) with a linear dispersive
tsunami propagation model on spherical coordinates. To ensure the
linearity, nonlinear effects such as bottom friction were not con-
sidered in the numerical simulation. Because most part of tsunami
propagation path is deep ocean, in order to avoid huge computa-
tional cost, we select the grid spacing of 2 arcmin. And the time
step is 1 s, which meets the requirement of the stability condition.
The computation is done on the computer system of the Earthquake
Information Center (EIC) at the University of Tokyo. For far-field
tsunamis, most of the propagating path is wide Pacific Ocean, for
which the bathymetry, or tsunami velocity is well known.

The bathymetry data are derived from the 30 arcsec gridded
data of General Bathymetric Chart of the Ocean released in 2014
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(GEBCO0:-2014; Weatherall et al. 2015). Because of the grid size, the
exact location of tide gauges at the coast cannot be well represented.
The altitude of the corresponding point sometimes becomes positive
(i.e. above the sea surface). To avoid this problem, we moved the
gauge location around and put it on the first available point with
negative altitude.

We forecast the tsunami amplitudes and arrival times at points of
interest, including DART tsunameters and tide gauges (Fig. 2a). Tide
gauge data are more affected by local topography and harbor effects,
and thus have larger amplitudes and more complicated waveforms
and spectra than tsunameter records (Rabinovich 1997; Rabinovich
& Eble 2015).

3.4 Accuracy analysis

We take the ratio of observed and calculated amplitudes at points
of interest for evaluation of accuracy (Aida 1978; Gusman et al.
2016). The geometric mean K value of the amplitude ratios and the
forecasting accuracy are calculated as:

1 N Aobs
log(K) =} log (A;,ed> (5)

i=1 i

1
Accuracy (%) = < x 100% (K > 1) or K x 100% (K < 1),
(6)

where 4% and A7 "? stand for the maximum amplitude of the
observed and forecasted waveforms, and N is the number of points
of'interest. However, if some ratios are very large and some ratios are
very small, the accuracy will still be abnormally high (Wang et al.
2017). Thus, we also evaluate the geometric standard deviation
o of the amplitude ratios as the eq. (7). The geometric standard
deviation o is always larger than 1. A small value indicates a narrow
distribution of the amplitude ratios.

2
A9bs ] gPred
(5

N

log (o) = %
In addition to the tsunami amplitudes, we also evaluate the fore-

casting accuracy of tsunami arrival times. The time lag of the ith

tide gauge station is defined as (Tsushima ez al. 2012):

, @®)

AT, — tipred _ l‘-Obs

i

where 777 and 7" are the arrival time of the observed and fore-
casted tsunamis at the ith station. We use the absolute value because
both early and late arrival time prediction are regarded as forecast-
ing errors. A small value of time lag indicates accurate forecasting
of the arrival time. In our research, we mainly focus on the first
tsunami peak, and we use the above two index for evaluation. For a
more rigorous evaluation of forecasted waveforms, we could adopt
the least-square measurement for the tsunami waveforms.

4 RESULTS

We define the time of origin # = 0 when the 2015 Illapel earthquake
occurred, used for reference. The tsunami arrival time is defined by a
threshold of 0.02 m. This value is used to identify the tsunami arrival
in both assimilation stations and points of interest. The tsunami
arrives at the station 32 404 at ¢t = 12 min. Then, the assimilation
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Figure 2. (a) Illustration of eight points of interest. We forecast the far-field tsunami in east Pacific, from the ocean off the Chilean coast to Oceania regions.
(b) Comparison of the observed and forecasted waveforms at points of interest. The black lines represent the observed waveforms. The red lines represent the
forecasted waveforms by data assimilation with virtual stations. The blue lines represent the forecasted waveforms by data assimilation without virtual stations.

The arrival time of observed tsunamis is marked by dash lines.

process begins. It is important to mention that the waveforms at
virtual stations will not be calculated until tsunami arrives at both of
the neighboring stations. It may cause some delay in forecasting, but
the effects are small when considering far-field tsunamis. The first
tsunami forecast is made at # = 1 hr, when the first tsunami peak has
passed stations 32 402, 32 404 and 34 420, as well as the virtual
stations interpolated between them, and the tsunami waveform at
San Felix is synthesized. Then, as time passes by, more observed
data are used in the assimilation, and the forecasting accuracy is
improved. The whole assimilation process ends at = 2 hr 20 min,
after the first tsunami peak has thoroughly passed through the four
DART tsunameters. The second tsunami forecast is made for other
points of interest.

We compare the forecasted and observed tsunami waveforms at
points of interest (Fig. 2b; Table 1). The tsunami height at tide

Table 1. Observed and forecasted tsunami arrival time and first-peak am-
plitudes at points of interest. The forecasted results are calculated with the
help of virtual stations.

First-peak amplitude

Points of interest Arrival time (hour:min) (m)

Observation Forecast  Observation Forecast

San Felix 1:17 1:13 0.39 0.41
D32412 2:45 2:45 0.05 0.07
Easter Island 5:36 5:34 0.40 0.51
Rikitea 9:30 9:12 0.06 0.09
Nuku Hiva Island 10:57 10:54 0.22 0.26
Papeete Tahiti 11:30 11:25 0.06 0.08
Huahine 11:266 11:40 0.05 0.04

Rarotonga 12:18 12:18 0.04 0.03
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gauges have already been corrected by Green’s Law, assuming that
the coastal depth is ~ 1 m. (Synolakis & Skjelbreia 1993; Baba et al.
2004; Wang et al. 2012). In addition, the waveforms of tide gauges
are affected by local topography and harbor effects that may not
be fully modelled by our simulation using 2-arcmin grid. Thus, we
mainly focus on the amplitude and arrival times of the first tsunami
peak at tide gauges. From the disaster mitigation point of view,
the first tsunami arrival is the largest threat to coastal communities
(Tsushima ez al. 2012). Therefore, the forecasting of arrival time and
amplitude of the first tsunami peak is important. For comparison,
we also plot the waveforms forecasted from the fault model of Ren
et al. (2017) in Fig. S1.

The tsunami waveforms forecasted by data assimilation without
virtual stations (blue lines) show poor results when compared with
the observations. They underestimate the tsunami amplitudes and
do not predict the arrival time accurately. On the contrary, with
the help of virtual stations (red lines), the results are substantially
improved.

At the San Felix tide gauge off the Chilean coast, the actual
tsunami arrives at 1 hr 17 min after the earthquake with an amplitude
0f 0.39 m. Our results show that the forecasted tsunami arrival time
is 1 hr 13 min after the earthquake according to the threshold. And
its first-peak amplitude is 0.41 m. Because the tsunami arrives at
San Felix before the end of data assimilation process, we used the
waveform synthesized at 7 = 1 hr. The DART station 32 412 records
the tsunami arrival at 2 hr 45 min after the earthquake according to
the threshold. And its first-peak amplitude is 0.07 m. The forecasted
waveform has an arrival time of 2 hr 45 min, and an amplitude of
0.05 m. At both stations, there is a high consistency between the
observed and forecasted waveforms.

In Easter Island, the tsunami arrives at 5 hr 36 min after the
earthquake, and the amplitude of the first tsunami peak is 0.40 m.
The comparison indicates that our method forecasts the tsunami
arrival time (5 hr 34 min) precisely. And the forecasted amplitude is
0.51 m, which is higher than the observed first peak. The amplitude
of following waveforms are larger than the first peak, but they are
not reproduced by tsunami data assimilation.

In Oceania, because the tide gauges are quite far from the source,
the tsunami takes a very long time to propagate. The forecasted
waveforms still generally match the observation. The tsunami ar-
rival times of the first tsunami peak are well predicted in most tide
gauges including Nuku Hiva Island, Papeete Tahiti and Rarotonga.
In Rikitea, the forecasted tsunami arrives approximately 18 min
earlier than real observation. In Huahine, the forecasted tsunami
arrives approximately 14 min later than the real observation. As
for the tsunami amplitude of the first tsunami peak, in Rikitea,
Nuku Hiva Island and Papeete Tahiti, the forecasts underestimate
the real observations, while in Huahine and Rarotonga the ampli-
tude of the first tsunami peak is slightly overestimated. Although
we mainly focus on the first tsunami peak, in most stations, the
following waveforms after the first peak are still consistent with
the real observations. However, in Nuku Hiva Island, the following
waveform showed strong oscillation characteristics which was not
well captured by modelled results.

Overall, the forecasting accuracy is 87.5 per cent for all the
stations using eqs (5) and (6), with a small geometric standard
deviation of 1.24. Without virtual stations, the forecasting accuracy
is only 13.2 per cent, substantially lower than the results with virtual
stations, with the geometric standard deviation (eq. 7) of 3.15. We
also calculate the average value of time lag as 5.75 min using eq.
(8). Considering the long traveltime of several hours, the arrival
time forecast is judged as accurate. We compare the forecasted and
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Figure 3. Comparison of the observed and forecasted tsunami arrival time
at the eight points of interest.

observed arrival times at each point of interest (Fig. 3). The slope
of the regression line is 1.0037, with the R-square value of 0.999. It
indicates that our method does not have a bias to forecast the arrival
time earlier or later. For the forecasting without virtual stations, it
was very difficult to identify the forecasted arrival time. Thus, we
do not calculate the time lag.

5 DISCUSSION AND CONCLUSION

In our retroactive data assimilation experiment, the far-field tsunami
forecasting is first issued at 1 hr after the earthquake. The forecasting
is gradually updated by assimilating new data as time passes, but
leaving enough time left before the tsunami arrives at the points of
interest. Thus, there will be enough evacuation time if the forecast
is disseminated to local residents. Unlike the previous application
to S-net (Maeda et al. 2015) or DONET (Wang et al. 2018), the
current experiment focus on the far-field points of interest. Even
the nearest station (San Felix) has a distance of more than 500 km
from the source.

In the current experiment, the forecasted waveforms generally
match well with the real observations in the east Pacific. It proves
the ability of our method to predict the tsunami amplitude and
arrival times at thousands of kilometres far from the source. The
adoption of virtual stations enables us to conduct tsunami data
assimilation with a few real stations. The tsunami forecasting for
ocean bottom gauges has much better performance than that for
tide gauges because they are free from nearshore topography or
harbor effects. In some coastal tide gauges, our method can only
predict the first tsunami peak. For example, the tide gauge Nuku
Hiva Island is located inside a bay. The local topographic features
caused a remarkable effect creating harbor oscillations (Yamazaki
& Cheung 2011; Allgeyer et al. 2013; Calisto et al. 2016) that we
could not reproduce. Achieving higher accuracy would require finer
grid and higher computational costs.

It is also important to point out that the data assimilation method
does not need information on the source. In the retroactive study,
we computed synthetic data at DART stations 32 404 and 34 420
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from a tsunami source model to compensate for the sparse real
observation. Currently, the DART tsunameters along the Chilean
subduction zone, together with virtual stations, can form a dense
network with enough spatial coverage. Introduction of these virtual
stations can reduce the investment for tsunami mitigation.

Last but not least, our method is not aimed at replacing the cur-
rent tsunami warning systems based on seismic observations. For
example, the W phase inversion estimates the source parameters in
a short time. It helps issue the warning for the Chilean coast for
potential earthquakes along Peru-Chile Trench. Thus, our method
is not practical for near-field tsunami forecasting along the Chilean
coast. Instead, we focus on the Pacific side. It provides an alternative
approach for far-field tsunami forecasting in east Pacific, including
the Chilean territory San Felix Island, Easter Island, etc. It success-
fully avoids the complexities and uncertainties of estimating the
tsunamis source, and becomes applicable to all kinds of tsunamis,
including the tsunamis generated by earthquake, landslide tsunamis,
and volcanic tsunamis. A combination of our method with the cur-
rent PTWC approach will improve the reliability of tsunami fore-
cast. It could be implemented for far-field tsunami warning systems
for disaster mitigation in Chile and east Pacific.
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