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Motivation

1. Climate change amplifies storm surge risks: Rising sea levels and chang-
ing hurricane climatology exacerbate storm surge threats to coastal regions in
complex ways, necessitating advanced predictive tools.

2. Surge models depend on wind accuracy: Numerical models like the
Advanced Circulation (ADCIRC) [5] model require precise wind field data to
produce accurate storm surge simulations.

3. Computational and accessibility barriers: High-fidelity wind models are
resource-intensive and not easily accessible, hindering real-time surge forecasting.

4. Parametric wind models offer efficiency: By using a few key parameters
(namely Rmax, Vmax, ∆P, and u), parametric wind models (e.g. Holland [2]) are
more computationally feasible but not as accurate.

The problem: We need wind “everywhere” for good surge modeling – forecasting,
hindcasting, and risk analysis – but must balance computational feasibility and accu-
racy for real-time surge predictions.
Our approach: Investigate whether data assimilation of the Holland parametric
wind model improves ADCIRC wind field accuracy for storm surge forecasting/hind-
casting.

Key research questions
• How does the Holland wing model impact storm surge prediction accuracy

(elevation/timing)?

• Can assimilating observed storm surge data be used to improve predictions
made using the Holland wind model?
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Methods

Twin Experiments

1. Generate synthetic “truth” surge data by forcing ADCIRC with Ocean Weather Inc (OWI)
high-fidelity wind data at coordinates that recorded significant surge during Hurricane Ian.

2. Create a “baseline” case by simulating storm surge data with a Holland parameteric wind
profile for the same time series, which is representative of what is available in real-time
forecasting.

3. Assimilate the “truth” with the baseline to improve estimates of the mean state and the
error covariance via Singular Evolutive Interpolated Kalman (SEIK) [3, 4, 1]
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Ensemble Kalman Filter (EnKF)
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• EnKF is a good candidate for highly non-
linear models since ensembles allow better
estimation of error covariance.
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Results

The assimilated results above show a reduction in the differences between Holland
and OWI runs, especially in areas around Cuba, South Florida, and North Carolina.
In some areas, the differences increased, which warrants further investigation.
The time series for a previous experiment on a coarser mesh (above) also shows the
potential for data assimilation to increase accuracy of parametric wind representa-
tion.
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