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Abstract We investigate the potential of an attention-based neural network architecture, the Senseiver, for
sparse sensing in tsunami forecasting. Specifically, we focus on the Tsunami Data Assimilation Method, which
generates forecasts from tsunameter networks. Our model is used to reconstruct high-resolution tsunami
wavefields from extremely sparse observations, including cases where the tsunami epicenters are not
represented in the training set. Furthermore, we demonstrate that our approach significantly outperforms the
Linear Interpolation with Huygens-Fresnel Principle in generating dense observation networks, achieving
markedly improved accuracy.

Plain Language Summary While machine learning (ML) methods have achieved accurate forecasts
of tsunami waveforms at fixed observation points, the full-field reconstruction of tsunami waves from sparse
observations has not yet been demonstrated using ML techniques. This challenge is highly relevant to tsunami
data assimilation, where in-ocean tsunameter observations are integrated with numerical models to improve
tsunami forecasts. In this study, we employ an attention-based neural network architecture, the Senseiver, to
produce high-fidelity reconstructions of tsunami wavefields from extremely sparse tsunameter measurements at
realistic sensor locations. To illustrate the practical value of our approach for tsunami forecasters, we perform
experiments in which the Senseiver generates virtual waveforms within a sparse observation network, and we
compare its performance to a widely used interpolation method for the same task.

1. Introduction

Tsunami early warning systems are critical for mitigating the devastating human and economic impacts of these
natural hazards. Most operational systems rely on partial differential equation (PDE)-based solvers, where the
initial ocean surface displacement is inferred from earthquake source parameters and then propagated using
shallow water equation models. Widely adopted frameworks include NOAA's MOST system (V. Titov &
Synolakis, 2016; V. V. Titov & Gonzalez, 1997), GeoClaw (Berger et al., 2011; LeVeque et al., 2011), and
Gerris/Basilisk (Popinet, 2012, 2020). Despite broad use, these approaches face significant challenges, including
uncertainty in seismic parameter estimation, high computational demand, and limited real-time adaptability.

To overcome these limitations and enable rapid response, tsunami forecasting increasingly leverages sparse
offshore and onshore observations for source characterization and direct wave prediction. Methods such as DART
buoy data inversion (Percival et al., 2011), direct energy estimation from deep-ocean pressure measurements
(Bernard et al., 2013), and real-time data assimilation using GNSS and other sensors (Tsushima & Ohta, 2014)
have improved speed and accuracy, yet perform best when observation networks are sufficiently dense and well-
placed. This has motivated the development of sparse sensing strategies to enhance observational coverage
through techniques such as the generation of virtual waveform observations and optimization of sensor place-
ment. For example, Wang et al.’s (Wang et al., 2019) Huygens-Fresnel interpolation synthesizes virtual tsunami
waveforms from sparse tsunameter observations, effectively constructing a denser network that can then be used
as input to data assimilation schemes, such as optimal interpolation (Maeda et al., 2015). Concurrently, sensor
placement optimization has become an active research area, with Fujita et al. (2024) combining sensor placement
and proper orthogonal decomposition for pseudo-super-resolution, and Wang et al. (2020) applying empirical
orthogonal function analysis to optimally deploy gauges around Crete Island for maximal early warning
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capability. Notably, these methods are rooted primarily in statistical or physics-based frameworks and have rarely
incorporated machine learning (ML) architectures for wavefield reconstruction.

Beyond forecasting arrival times and amplitudes at fixed locations, there is increasing recognition that capturing
the spatial dynamics of tsunami waves over wide areas is essential. This not only improves hazard understanding
but also supports emergency response, a need highlighted in post-disaster damage assessments using remote
sensing and image analysis techniques (Koshimura et al., 2020).

Recent ML approaches show promise in forecasting tsunami waveforms at fixed points (Liu et al., 2021; Rim
et al., 2022), but ML solutions for reconstructing full tsunami wavefields from sparse data remain underdevel-
oped. A related advancement by Archambault et al. (2024) used an attention-based encoder-decoder model to
reconstruct sea surface height fields from incomplete satellite altimetry data, leveraging auxiliary sea surface
temperature observations and a supervised-to-unsupervised fine-tuning strategy. While their architecture is
similar to ours, their problem focuses on spatial interpolation of gridded satellite data, rather than sparse, point-
based tsunami sensor networks.

Here, we adapt Senseiver (Santos, 2023), an attention-based neural network tailored for sparse sensing, capable of
reconstructing high-resolution tsunami wavefields from limited tsunameter observations. To focus on the
fundamental capabilities of this architecture, we adopt an idealized simulation environment that uses parame-
terized source models rather than fault-derived displacements. We benchmark Senseiver against the Linear
Interpolation with Huygens-Fresnel Principle (LIHFP) method (Wang et al., 2019), evaluating accuracy and
virtual waveform generation at unobserved locations. Our experiments emulate an operational-like workflow
using realistic DART buoy configurations and test generalization to previously unseen epicenters. In addition to
generating remarkable full-field reconstructions, results show that Senseiver reduces average errors in wave
height, arrival time, and maximum amplitude by approximately a factor of two compared to LIHFP—
demonstrating the promise of attention-based ML tools for advancing sensor-informed tsunami forecasting
and hazard assessment.

2. Generating Full-Field Training Data

Tsunamis can be effectively modeled using the shallow water equations, which describe the dynamics of a fluid
layer via a system of partial differential equations for the depth-averaged horizontal velocity u = u(x, ) and fluid
thickness i = h(x,?):

0
6—1: +(u-Vu +f1,tl =—(1-pgV(h+z,)+ cd|Z—|u + yZV4u, (1)

oh
=+ V() =0. ©)

Here, z, = z(x) denotes the bathymetric height at the base of the fluid domain, g = 9.80665 ms~? is gravita-
tional acceleration, and f = 2Q sin ¢ is the Coriolis force, with Q = 7.292 x 1075rads™! and ¢ the latitude.
u' = k X u represents tangential velocity due to the Coriolis effect, where k is the local vertical. The reduced
gravity correction f = 0.015 accounts for self-attraction and loading effects—that is, changes in sea surface
height and ocean dynamics resulting from the gravitational pull of redistributed water mass and the elastic
deformation of Earth's crust under that load (Inazu & Saito, 2013; Shihora et al., 2022). The coefficients ¢; and v,
denote drag and viscous scalings, respectively.

Our data set consists of time integrations of these equations, with the initial ocean surface displacement
parameterized by the epicenter location Xy:

ho(X;Xg) = —2, + 5 exp (—(250||x - x0||2)4>,

where ||.|| denotes the Euclidean norm. This initial condition produces a localized, flat-topped solitary wave,
serving as a simplified yet physically reasonable proxy for tsunami generation due to seafloor deformation. This
approach avoids the complexity of explicitly modeling earthquake fault slip—a technically demanding problem
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Figure 1. (a) Coverage of DART Buoys, denoted by black triangles. (b) Training (black) and test (red) epicenters used for
synthetic tsunami generation.

and an active area of research (Abbate et al., 2024). While more detailed source models are possible (e.g., elastic
dislocation or finite fault modeling), adopting a parameterization based solely on epicenter location enables
simplicity of experiment design and subsequent analysis. The 5-m displacement represents a significant yet
plausible event, consistent with historically observed tsunami amplitudes. For details on the numerical methods,
including calibration and validation of the PDE model using historical DART data, see Texts S1-S2 and Figures
S1-S2 in Supporting Information S1.

Importantly, this work is structured as a proof of concept for the Senseiver sparse sensing framework. Our primary
goal is to evaluate whether Senseiver can reconstruct high-resolution tsunami wavefields from sparse observa-
tions, using the deep-ocean DART system as a realistic baseline. DART buoys were selected specifically because
they span broad offshore regions, enabling us to assess Senseiver's capacity to infer wavefields over large spatial
domains—potentially enhancing direct forecasting and improving data assimilation schemes through virtual
waveform augmentation, as demonstrated in (Wang et al., 2019).

To construct our training and test data sets, we queried the USGS earthquake catalog (U.S. Geological Sur-
vey, 2023), filtering for events that (a) had magnitudes >7.5, (b) listed “Japan” in the location descriptor, and (c)
occurred in water depths greater than 1,000 m. The depth constraint was adopted to avoid simulation artifacts
from initial conditions placed too close to the coast, which can introduce artifacts on coarser meshes. This also
ensures the events used are in operationally relevant offshore regions where DART buoys can realistically
contribute data. From an initial pool of 92 qualifying events meeting our criteria, we randomly selected 11
epicenters for training. Test epicenters were drawn from the same pool, ensuring each lies within 20-100 miles of
a training source, to emulate scenarios where events are seismologically related but not spatially redundant. This
strategy achieves a balance between data diversity and realistic generalization: the model is exposed during
training to a broad distribution of real-world offshore earthquakes, while inference is performed on novel but
physically consistent examples. All selected epicenters (see Figure 1) are located between 136°-145° longitude
and 33°-43° latitude. The test events lie 20—100 miles from the nearest training epicenter, emulating unseen but
seismologically relevant cases. A full pairwise distance matrix is provided in Table S1 in Supporting
Information S1.

We acknowledge that for typical operational tsunami forecasting near Japan—especially for events generated
close to the coast—DART buoy data alone may not be sufficient due to short arrival times. In practice, such
forecasts often rely on coastal instrumentation and denser observation networks. Nevertheless, our focus is not on
coastal arrival prediction in isolation, but on evaluating the viability of Senseiver in general settings where sparse
observations are the primary inputs. We believe Senseiver's demonstrated success across a realistic DART
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configuration strongly suggests it would also perform well in other settings, including denser local arrays and
finer model meshes.

Each simulation frame consists of 163,842 unstructured spatial points (longitude, latitude, wave height). To
reduce computational load, we subsample frames by a factor of two, resulting in 81,921 pixels per time step.
Simulations span 4 hr, computed at 50-s intervals (289 time steps), yielding a data set of size (3179,81921) for
each of the training and test sets. Temporal resolution is chosen to balance signal fidelity with computational cost
and supports second-order finite difference diagnostics in model validation (see Text S3 in Supporting
Information S1).

3. Methods
3.1. The Senseiver

The sparse sensing problem for tsunami waves can be formulated as follows: Given a discrete set of ocean state
observations s = {s;,55,...,5y} collected at locations x* = {xsl,xj, ,Xf\,}, the objective is to reconstruct the
state § = {8, %,..., 3} ata set of query points x/ = {x{,x4,...,x%,} where typically M>>N. In our work, the
input state s(x*) corresponds to ocean surface heights measured at DART buoy locations, while the query state
3(x7) represents the ocean surface height throughout the global ocean domain. Since the DART network consists
of only a few dozen buoys, yet even coarse global coverage requires hundreds of thousands of points, this
reconstruction task is extremely sparse.

To address this challenge, we employ the Senseiver (Santos et al., 2023), an attention-based neural network
specifically designed for sparse-to-dense reconstruction tasks. The Senseiver utilizes a multi-level encoder-
decoder architecture that leverages the strengths of attention mechanisms and data compression. Key advan-
tages of the attention operation for sparse sensing include: (a) treating positional information as a feature, (b)
being agnostic to grid structure, thus accommodating arbitrary meshes, and (c) enabling immediate long-range
spatial associations-unlike CNNs, which require deep layers to integrate distant features. However, attention
operations scale quadratically with input size. Senseiver overcomes this bottleneck by encoding the input into
compact latent arrays, where most attention computations are performed.

The Senseiver workflow is as follows:

1. A positional encoder Py maps observation locations to spatial encoding vectors a®.

2. An attention-based encoder E transforms the observation-value/location pairs (s,»,a‘l?') into a latent matrix Z.
3. The positional encoder Pg also maps query locations to spatial encodings a‘?.

4. An attention-based decoder D reconstructs outputs at the encoded query locations a“.

The positional encoder P implements a trigonometric encoding of spatial coordinates, while the encoder and
decoder (E, D) incorporate trainable multi-layer perceptrons within their attention blocks. For a comprehensive
description of the Senseiver architecture, see (Santos et al., 2023). The process can be summarized as:

a’ = Pp(X), (3)
Z = E(s,2"), )
a’ = Pp(x9), (5)
5(x7) = D(Z, ). (6)

This flexible architecture enables modeling on unstructured data and allows for custom coordinate choices in the
positional encoder. In our application, we augment latitude and longitude with ocean bathymetry encodings. Land
pixels are masked out, ensuring training occurs only on ocean data. A schematic of the Senseiver workflow is
presented in Figure 2.

Model weights are optimized by minimizing the mean squared error:

L= (s(x) = 3(x7)), ™
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Figure 2. Overview of the Senseiver architecture for tsunami reconstruction. The sensor values along with their encoded positions are processed by the encoder into a
latent array Z of fixed size. The encoded query locations are processed by the attention-based decoder, which outputs an estimate of wave height at the query location(s).

where  3(x7) = D(E(s(x?), Pg(x*)), Pg(x9)), )

using the Adam optimizer (Kingma & Ba, 2014). To prevent overfitting, we train on only 80% of the available
training frames. The number and ordering of query points, as well as the data frames used in training, are treated as
hyperparameters, with further details provided in Text S4 in Supporting Information S1.

3.2. Experiments

The primary error metric used to evaluate reconstruction quality is the mean absolute error (MAE), normalized by
the absolute maximum wave height in each frame. To ensure this metric captures meaningful differences, we
compute the MAE only over pixels where the true wave height exceeds 1 X 107*. This threshold is necessary
because most of the ocean domain has zero wave height; including these pixels would artificially deflate the error.
For each reconstruction, we calculate the absolute difference between the true and reconstructed wave height
fields, divided by the maximum absolute true wave height for that frame:

Error(x,y,t) = [, 1) — b, t)| 9)

max(|h(x.y.1)])

While this metric provides a standard quantitative assessment typical in ML, we also sought to evaluate our
approach in a more operationally relevant context. In practice, tsunami forecasting systems such as the tsunami
data assimilation method (Maeda et al., 2015) focus on predicting key features of tsunami waveforms—
specifically, arrival times and maximum amplitudes—at fixed observation points. TDAM performs well with
dense observation networks, but its accuracy diminishes with sparse sensor coverage. To address this, the Linear
Interpolation with Huygens-Fresnel Principle (LIHFP) (Wang et al., 2019) was developed to augment sparse
networks, estimating virtual waveforms at unsensed locations by interpolating between real sensor data while
accounting for arrival times, distances, and bathymetry.

To bridge the gap between standard ML evaluation and practical tsunami forecasting, we compare our model's
reconstructions not only in terms of full-field MAE, but also by generating six virtual waveforms at strategically
chosen locations and benchmarking them against those produced by the LIHFP method. This dual evaluation
strategy allows us to assess both the general reconstruction capability of our model and its effectiveness in a real-
world forecasting workflow.

4. Results

Averaging the reconstruction loss (Equation 9) over all 289 frames from each of the 11 test epicenters yields a
global experiment error of 5.00 X 1072, Notably, much of this error arises from the early time frames, when
sensors have yet to detect significant tsunami signals. This limitation is inherent to any assimilation method that
relies solely on tsunameter data. On average, the reconstruction error remains below 1 x 107! after 32.9 min,
with a median threshold time of 38.3 min. To assess the physical consistency of our model's reconstructions, we

MCDUGALD ET AL.

Sof 11

858017 SUOWILLOD BAITERID) 3|qedlidde aLy Aq peusenob ke sl VO ‘8sn 0 sa|ni 10} AIqIT8UIIUO A8]IM UO (SUORIPUOD-PUB-SLURY/W0D A8 1M ARIq1jBulUO//SdY) SUORIPUOD Pue swis | 8y} 88S *[9202/50/80] Uo ArigiTauliuo A8|im ‘outio] 14 }iod BA 1918 ‘SIS ouLo L 1 001udslijod A SHESTT 195202/620T 0T/10p/wod A8 |mAreiqieutuo'sandnBey/sdiy wouy papeojumod ‘9T ‘SZ0e ‘20086T



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters 10.1029/2025GL115345

evaluated the continuity equation residual (Equation 2), yielding a global average error of 4.10 X 1072 across all
times and epicenters. Details of the diagnostic calculation and frame-by-frame residual plots are provided in the
Supporting Information (Text S3 and Figures S15 in Supporting Information S1). The key results from the
reconstruction experiments for all eight simulations are summarized in the first seven columns of Table 1.

Figure 3 presents representative reconstructions for two test simulations, with epicenters at (143.4°E,41.4°N) and
(140.8°E, 33.4°N)), shown at 75, 150, and 225 min. For each case, we include example waveform reconstructions
at fixed DART buoy locations and the per-pixel average reconstruction error over time. These two epicenters were
chosen to illustrate model performance at different distances from the training set: the first is the median-distance
epicenter (38.4 miles from the nearest training example), while the second is the most distant (90.6 miles).
Together, they demonstrate reconstruction accuracy for both typical and challenging test cases. Reconstructions,
error plots, and time series for all other test epicenters are provided in Figures S3-S14 in Supporting
Information S1.

Visual inspection shows that the Senseiver effectively captures key features of the tsunami wavefield, including
the spatial support, number of wave periods, and amplitude. The error plots reveal that reconstruction error
decreases rapidly within the first 50 min, highlighting the particular challenge of early time reconstruction when
little sensor information is available. For the median-distance epicenter, the error drops below 1 x 107! after just
10 min; for the most distant epicenter, this threshold is reached at 40.8 min. While resolving the earliest time
frames is not the focus of this work, we suggest alternative data sets that could better inform the Senseiver at early
time frames in the conclusion.

To ensure consistency with the experimental setup of (Wang et al., 2019) and enable direct comparison, we
focused our evaluation on virtual waveform reconstruction at midpoints between selected DART buoys. Although
our experiments center on these midpoints, the methodology is readily extensible to arbitrary virtual sensor lo-
cations. In fact, analyzing Senseiver performance as the virtual observation point moves farther from the training
data may provide valuable insight into the method's effective range—potentially revealing where LIHFP
waveforms surpass Senseiver reconstructions in accuracy. For this study, we identified six midpoints among
DART buoys that registered significant waveforms in our simulations and compared the Senseiver's re-
constructions at these locations to those produced by LIHFP.

Across the majority of test epicenters, times, and virtual observation sites, the Senseiver outperformed LIHFP,
achieving a MAE in wave height of 7.02 x 1072 meters, compared to 18.2 x 1072 meters for LIHFP. The
Senseiver also demonstrated substantial improvements in estimating both arrival times and maximum amplitudes
at nearly all virtual observation points. Specifically, the MAE for arrival time, averaged across all 11 simulations,
was 8.12 min for the Senseiver and 16.68 min for LIHFP. The only exception occurred at the epicenter located at
(135.9 °E,33.1 °N), where the Senseiver's arrival time MAE was 18.611 min, slightly higher than the 17.778 min
observed for LIHFP. For maximum amplitude, the Senseiver achieved an MAE of 13.1 X 1072 meters, out-
performing LIHFP's MAE of 25.9 X 1072 meters across all cases. On average, the percent change in arrival time
MAE for the Senseiver was —51.9%, and for maximum amplitude, it was —49.9%, indicating a substantial
reduction in error compared to LIHFP. These results are summarized in Figures 4b and 4c, which display arrival
time and maximum amplitude errors for both methods across all 48 test epicenter—virtual observation point
pairings. Key numerical results for all 11 simulations can be found in the last six columns of Table 1.

Figure 4d provides a detailed summary for the epicenter at (143.4°E, 41.4°N) (the median epicenter). For this case,
the Senseiver achieved a substantially lower MAE across the six virtual waveforms: 5.5 x 1072 meters,
compared to 13.3 X 1072 meters for LIHFP. Arrival time errors were similarly reduced, with the Senseiver
yielding an MAE of 7.22 versus 16.39 min for LIHFP. For maximum amplitude, the Senseiver achieved an MAE
of 14.9 x 1072 meters, again outperforming LIHFP's 23.8 x 1072 meters. Virtual waveform comparisons for all
remaining test epicenters are provided in Figures S16-S24 in Supporting Information S1.

We conclude this section by noting the lack of temporal smoothness observed in the waveforms generated by the
Senseiver. To mitigate this issue, we applied median filtering—a non-linear technique that replaces each point in a
signal with the median value within a local window, effectively reducing noise and outliers while preserving key
features—in our virtual waveform experiments. This post-processing step substantially improved arrival time
accuracy: for arrival times defined by a 3 cm threshold, repeated median filtering reduced the raw Senseiver error
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Figure 3. (a) Full reconstruction at 75, 150, and 225 min for test epicenter (143.4 ° E,41.4 ° N). The epicenter location is
indicated by an X, and yellow triangles notate the sensors. (b)—(c) Waveform reconstructions at fixed DART buoys with
longitude-latitude coordinate (135.2 °E,29.3 °N) and (155.7 °E, 19.2 ° N), respectively from top to bottom. (d) Per-pixel
average reconstruction error as a function of time for test epicenter (143.4 ° E,41.4 °N). (e)—(h) Equivalent figures for test
epicenter (140.8 °E,33.4 °N).

from 9.05 to 5.35 min. However, this improvement came at the cost of a decrease in maximum amplitude ac-
curacy. For the plots in Figure 4 and the statistics collected in Table 1, Senseiver signals were processed using a
single median filter with a kernel length of 13. Analogous statistics are provided for the raw Senseiver waveforms
as well as heavily filtered senseiver waveforms in Tables S2-S3 in Supporting Information S1. Addressing
temporal smoothness directly within the ML framework—for example, by incorporating temporal encodings,
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Figure 4. (a) Observation network augmented with virtual sensors with locations derived as midpoints between DART buoys.
(b)—(c). Mean absolute error in arrival time and maximum amplitude, respectively. Each color map (6 columns X 11 rows)
represents all combinations of test epicenter and virtual observation pairs. (d) Senseiver and LIHFP-based virtual waveform
reconstructions at test epicenter (143.4 °E,41.4 °N).

conditioning on previous states, or introducing regularization terms into the loss function—remains an important
direction for future research.

5. Conclusion

We have presented Senseiver, an attention-based neural network capable of reconstructing high-resolution
tsunami wavefields from sparse observation networks. Our results demonstrate substantial improvements over
the LIHFP baseline, particularly in generating accurate virtual waveforms at unobserved locations. To our
knowledge, this is the first ML-based solution to address the sparse sensing problem for tsunami forecasting at
high spatial resolution.

This work serves as a proof of concept, with several important limitations. Our experiments are restricted to a
limited oceanic region and idealized initial conditions. Future research should extend these methods to broader
domains, diversify training data, and investigate how regional scale interacts with model complexity. Incorpo-
rating additional features and regularization strategies may further improve the temporal smoothness of
Senseiver-generated waveforms.

A key challenge remains early stage reconstruction, before tsunameter data are available. Future work could
explore integrating alternative data sources such as GNSS (Rim et al., 2022), HF radar (Wang et al., 2023), or
distributed acoustic sensing (Xiao et al., 2024) to provide earlier or more robust wavefield estimates. Addi-
tionally, adapting Senseiver to optimize sensor placement during training (Marcato et al., 2024) could inform the
design of observation networks, particularly in resource-limited regions.

By bridging advances in ML with operational tsunami sensing, Senseiver offers a promising step toward more
accurate and timely tsunami early warning systems.
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