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When electrically conductive seawater flows through Earth’s geomagnetic field during tsunami propagation, interactions
between the flow and the field generate secondary (induced) magnetic fields. These tsunami-generated magnetic (TGM) fields
have been observed on the seafloor (Toh et al., 2011; Suetsugu et al., 2012), and theory and observations have advanced the
understanding of TGM (e.g., Tyler, 2005; Minami et al., 2015, 2021). Unlike pressure data, TGM field allows estimation of
propagation direction from single-point three-component measurements (Sugioka et al., 2014; Lin, 2024).

Data assimilation (DA) is a powerful tool that integrates observations with numerical simulations and has been widely
used in weather forecasting. Recent studies have demonstrated its application to tsunami forecasting using linear long-wave
models and pressure data (Maeda et al., 2015). However, previous tsunami DA studies have primarily used linear models
and pressure data; there have been no prior reports that assimilate seafloor TGM data or that explicitly account for nonlinear
effects, which intensify in shallow water.

This study implements DA that accounts for tsunami nonlinearity and assesses the utility of TGM fields by assimilating
seafloor magnetic observations to predict the regional tsunami field in French Polynesia during the 2010 Chile earthquake
tsunami. During the event, nine ocean-bottom electromagnetometers (OBEMs) and one differential pressure gauge (DPG)
installed by TIARES recorded magnetic and pressure signals (Suetsugu et al., 2012; Sugioka et al., 2014). Strong non-
linear effects associated with complex archipelagic bathymetry have produced discrepancies between simulations and DPG
records in arrival time and amplitude (Lin et al., 2021). Because TGM field provides propagation-direction information via
single-point three-component measurements, it has the potential to improve prediction efficiency and accuracy compared with
pressure alone.

We adopt the four-dimensional ensemble variational (4DEnVar) approach (Liu et al., 2008), which couples a forward
model with sparse observations without tangent-linear/adjoint models and, under the assumption of weak nonlinearity, en-
ables ensemble-based background error estimation and iterative updates.

To balance efficiency and physics (dispersion and nonlinearity), we employ a two-domain, two-step strategy: a compact
target domain is embedded in a larger-scale domain. In the first step, we perform 44 dispersion-enabled JAGURS simulations
(Baba et al., 2017) with unit slip on each subfault of the 2010 source model (Yoshimoto et al., 2016) and precompute Green’s
functions that map unit slip to time series at the open eastern and southern boundaries of the target domain. Linear combi-
nations of these Green’s functions synthesize dynamic boundary conditions at the target-domain boundaries, allowing us to
avoid "8 h of the large-domain propagation while preserving dispersion.

In the second step, we generate an ensemble by perturbing the source with Gaussian slip noise, obtain boundary condi-
tions for each member via linear combinations of the boundary Green’s functions, and run target-domain simulations. Using
JAGURS nested grids, we apply the non-dispersive nonlinear shallow-water equations in shallow coastal nests including
parts of the TIARES array and Papeete (PPT) and linear long-wave (non-dispersive) calculations elsewhere. The resulting
flows drive TMTGEM (Minami et al., 2017) to simulate TGM fields. Within 4DEnVar, we estimate optimal Green’s-function
weights from the TGM data and iterate until residuals decrease sufficiently.

Combining these two steps preserves dispersion characteristics at the boundaries while enabling local nonlinear DA within
the target domain. By integrating seafloor TGM data with nonlinear regional simulations, we aim to improve tsunami pre-
diction accuracy in French Polynesia, and evaluate performance by comparing our prediction with pressure-gauge records at
PPT.
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