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Objective: Predict the total sea level
vulnerability—anywhere in the worl
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Objective: Predict the total sea level
vulnerability—anywhere in the worl




Tidal processes are compound events.

Basic Model:

Sea-Level = MSL + Fluvial + Tide + Surge

Flood Wind ~linear/quadratic
Threshold / .
Surge » Pressure ~ linear
Fluvial
Mean Sea Level




Tidal processes are compound events.

Correct Model:

Sea-Level =

Flood
Threshold

Fluvial

Mean Sea Level




Tidal processes are shallow water waves
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Numerical modeling
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Problems to overcome

Poor Bathymetry

No real-time (or
any) in-situ
observations




Rethinking sea-level prediction
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Time invariant & weakly nonlinear



Impulse-response theory
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Problems to overcome:

Poor Bathymetry

TIDAL SPECTROSCOPY AND PREDICTION

By W. H. MUNK? axp D, E, CARTWRIGHT:
Institute of Geaphysics and Planetary Physics, University of California, La Jolla

(Communicated by Sir Edward Bullard, F.R.S.—Received 21 June 1965)

No real-time (or

any) in-situ
observations



Impulse-response theory
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Problems overcame®:

Poor Bathymetry

TIDAL SPECTROSCOPY AND PREDICTION

By W. H. MUNK? axp D, E, CARTWRIGHT:
Institute of Geaphysics and Planetary Physics, University of California, La Jolla

(Communicated by Sir Edward Bullard, F.R.S.—Received 21 June 1965)

No real-time (or

any) in-situ
observations



Nonlinear responses
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Volterra Series!

Higher order interactions = exponentially more
terms



RTide
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[1] Monahan et al. RTide: Automating the tidal response method (JGR: Machine learning and computation)
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f(gravitational + other forcing)



Step one towards global forecasting

Sea-Level =

Flood
Threshold

1.

Mean Sea Level




Step one towards global forecasting

Flood
Threshold

Sea-Level = f(tide, fluvial)

1.

Mean Sea Level




Liverpool (Tide Gauge)

Farndon (River Gauge)
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f(gravitational + fluvial)
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Water Level (m)

Water Level (m)
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Step two towards global forecasting

Sea-Level =

Flood
Threshold

1.

Mean Sea Level




Step two towards global forecasting

Flood
Threshold

Sea-Level = f(tide, surge)
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Mean Sea Level
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Sea Level
RTide
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Step three towards global forecasting

Sea-Level =

Flood
Threshold

1.

Mean Sea Level




Step three towards global forecasting

Sea-Level = f(numerical model??)

Flood
Threshold

Numerical model




Augmenting traditional forecasts

Numerical
/ Atmosph,_eﬂc“ Discretized Domain ~, . 2 _\ # Resolution is limited by computational
Model , 5 5 = a; o expense.
VN e > 9y Ouh) P- ,f; . #®  Accuracy is dependent on boundary
(4 Oceanic ) /i = 5~ iy e conditions, especially bathymetry.
g:::igz:"g —— % @ Great atmospheric surge
. : : : . % Poor oceanic response.
K Time Stepping / |
RTide ()
Learns response directly from data i / Volt_egr_a Network Learned Dynam&
—> no need for bathymetry! ! \

200 O

Can capture localized nonlinearities.
Provides insights into dynamics.
But, cannot account for externally
generated surges.
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Augmenting traditional forecasts

Numerical
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Time Stepping

RTide ()

Learns response directly from data
—> no need for bathymetry!

Can capture localized nonlinearities.
Provides insights into dynamics.
But, cannot account for externally
generated surges.
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Augmenting traditional forecasts
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OSTM/Jason 2
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Single Location:

f(VG'a VM)

Multiple Locations:
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Lu, Lu, et al. "Learning nonlinear operators via
DeepONet based on the universal approximation
theorem of operators." Nature machine intelligence 3.3
(2021): 218-229.
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Density

Do we need the numerical model at all?
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Going Global %ﬂgﬁgﬁmﬁn
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http://drive.google.com/file/d/19Wht8F7BBCy_NeRFeN7v8LfRallfJZjr/view

Sea-level rise is dramatically reducing the return
period of flooding events.
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Tidal currents theory
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Uncoupled (standard) Coupled
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Predicted tidal turbine power percentage error
over 180 day forecast on test-data.

Model Pgrror
UTide 24.8%
Operational Numerical Model 22.4%
RTide 12.3%

Using an order of
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October 12, 3AM: 0.5 days post tsunami
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