Evaluating Storm Selection
for Machine Learning-Based
Tropical Cyclone Surge
Surrogate Models

Jen Irish, Shelby Bensi, Yang Shao, Meredith Carr,
Constantinos Frantzis

September 2025

¥|IE%GI_|INIA Sponsored in part by the U.S. Coastal Research Program, U.S. Army Corps of Engineers. (

USCRP




Tropical Cyclone Surge Hazard Assessment

Key Findings

Methods 3.5 1
Results 2o
Conclusions
2.5 1
- Essential for engineering, E
planning and design g, 2.0
* High-fidelity, surge models 715
computationally expensive
1.0
- Emerging popularity of surge \
surrogate models o51¢
107t 102 1073 1074
Annual Exceedance Probability
NOte u m
U . Millions of
HIgh-fldEllty . Machine SUrge SUrrogate
surge model === learning

set training sets Models I sto n:'n SuUrge
estimates

VIRGINIA 5
TECH. Top right figure from Irish et al. 2011, JGR.



Tropical Cyclone Surge Hazard Assessment

Key Findings

Methods 3.5 1
Results | 2o
Conclusions
2.5 1
- Essential for engineering, E
planning and design g, 2.0
* High-fidelity, surge models 715
computationally expensive
1.0+
- Emerging popularity of surge \
surrogate models o51¢
101 102 103 10°
Annual Exceedance Probability 199
729
5‘0_ 1000
Note:
. <10 _ 2E] o, oee 800 <
High-fidelity Machine =1 A) annual E ol s 600 £
surge model == learnin g | - 400 §
g ning exceedance 25 - s
set training sets * 200
mgn =2.U A 0
probability
-10.0 T T T
VIRGINIA g - s ° ¢

TECH. Top right figure from Irish et al. 2011, JGR. Lower figure from Lee* et al., 2021, Coast Eng. Naocire (M) 3



Motivation Preliminary Findings

Methods * Systematic and stratified (grid) sets outperform random and
Results stratified (track) sets
Conclusions
* Negative bias at extremes, regardless of set size [ type
or model type
g 3 * Extremes underestimated
* Biasreduced with larger set size
* Biasreduced with systematic and stratified (grid) sets
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* Aggregate error statistics overstate performance
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Motivation “True” Oceanic Surge from Analytical Model
Key Findings

Results
Conclusions
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Five-dimensional “unit” track
parameters:
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Motivation Training Sets: Storm Sample Types & Sample Sizes
Key Findings
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* Sample size constrained by systematic, triangular grid:
* 275unique storms
* 486 unique storms
* 1267 unique storms
* 2048 unique storms
* 4149 unique storms
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Motivation Surrogate Model Types
Key Findings

MULTILINEAR INTERPOLATION

Results

_ * Five-dimensional Delaunay triangulation
Conclusions

* Python built-in function
* No extrapolation

KRIGING (GAUSSIAN PROCESS REGRESSION)

* Hyperparameter tuning using 15 randomized trials
(nugget/noise term, radial-basis function length scale)
 3-fold cross-validation using 8o / 20 train [ validation split

ARTIFICIAL NEURAL NETWORK (ANN)

* Hyperparameter tuning using 15 randomized trials
(hidden layers, units per layer, learning rate)
+ 3-fold cross-validation using 8o [ 20 train / validation split
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Motivation Error Characterization

Key Findings
STATISTICS
EESUTES |  Root-mean-square error (RMSE)
onclusions * Mean error (MNER)
BASIS » Standard deviation of errors (STDE)

* Quartiles: Q1, Q2 (median), Q3
* Interquartile range: IQR =Q3-Q1
* Considered:
* Aggregate forentire 1.2-million storm set
* Binned by surge magnitude (0.1-unit intervals)

* 1.3-millionstorm systematic
triangular set
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Motivation Box Plots — Ensemble-Averaged Median & Interquartile Range
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Illustration of potential impact
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Conclusions - Preliminary Findings

Systematic and stratified (grid) sets outperform random and
stratified (track) sets

Negative bias at extremes, regardless of set size [ type
or model type
* Extremes underestimated
* Biasreduced with larger set size
* Biasreduced with systematic and stratified (grid) sets

Aggregate error statistics overstate performance

At extremes, Kriging using larger systematic or stratified (grid) sets
outperform ANN

For moderate surges, ANN outperforms Kriging
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Motivation “True” Oceanic Surge from Analytical Model
Key Findings
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(e)

Surge Response Surface Basis

Pressure

Single geographic location

= - \ /)
Dimensionless “unit” surge O pistance ! O Dpistance 1
(9)

Distance 1 0 Distance 1 0 Pressure

(h)

Follows Irish et al. (2008, J
Phys Ocean & 2010, Ocean Eng)

Five-dimensional “unit” track

parameter space:
Distance (landfall location
( ) 0 Pressure 1 0 Pressure 1 0 Radius 1 0 Radius
Pressure (pressure deficit)
R | : : _
_ 0.0 0.2 0.4 0.6 0.8 1.0
Heading Surge

Speed (forward speed)
* Symmetric triangular on Distance and Heading

* Linearon all other parameters
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Motivation ERROR CHARACTERIZATION

Key Findings
Methods 105
Results 0o RESPONSE
10
Conclusions % SURFACE 1
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triangular set E 10° SURFACE 2
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* Error =Surrogate - Analytical 10 |
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Surge
STATISTICS

* Root-mean-square error (RMSE)
e Mean error (MNER)
» Standard deviation of errors (STDE)
* Quartiles: Q1, Q2 (median), Q3
* Interquartile range: IQR =Q3-Q1
* Considered:
* Aggregate forentire 1.2-million storm set
* Binned by surge magnitude (0.1-unit intervals)
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Motivation Future Work

Key Findings
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Results
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* Real-world computational simulation sets with thousands of storms
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Death Tolls and Damage from Tropical Cyclones
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* Death tolls large * Hurricane Katrina (2005): 1,833
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Probabilistic Surge Hazard Assessment with Surrogate Models
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Probabilistic Surge Hazard Assessment with Surrogate Models
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