THE UNIVERSITY OF

ALABAMA

VIRGINIA
TECH

’ Ht%far A@@t’r@@mﬁ

A Y
,

- oo
The International Space Station orblted over Hurricane H_arve and photograp
- the storm bearing down on the Texas coast. 3
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https://www.nasa.gov/centers-and-facilities/goddard/harvey-was-td-09-atla
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Compound flood hazards

* Compound flooding (CF) results from a combination of multiple drivers or hazards that can produce larger flood impacts
than those from isolated drivers.

Hurricane Harvey (August 2017)
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Compound flooding in Houston, TX.

Video source: JH photography.
Schematic of compound coastal flooding_ https://www.youtube.com/watch?v=zva7Hijg2xvY&ab channel=JHPhotography

Zscheischler et al., 2020. A typology of compound weather and climate events.
https://www.nature.com/articles/s43017-020-0060-z 3
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Sources of uncertainty
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Model calibration: tidal propagation
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Model calibration: time-series and flood extent
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Spatiotemporal variation of residuals
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Maximum residual from flood hazard maps
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Analysis of cascading uncertainty

* The contribution of isolated sources of uncertainty and their cascading effect to total uncertainty can be characterized

using nonlinear models (e.g., machine learning).
INPUT FEATURES REGRESSION MODEL TARGET VARIABLE CASCADING
(Residual: Water level) (Linear and Nonlinear) (Residual: Water level) UNCERTAINTY

Scenario 1:
Uncertainty
input data
J
Scenario 2: Benchmark: .[ Variable weights ]
Uncertainty Multiple Linear O
forcing data Regression Scenario 5: '

Total or combined
uncertainty

\

Scenario 3:
Uncertainty
model parameters

Nonlinear model:
Random Forest

Feature importance }

Scenario 4:
Uncertainty
model structure




1. Background 2. Compound flooding 3. Cascading uncertainty 4. Results 5. Conclusion

Linear regression to assess cascading uncertainty
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Machine learning to assess cascading uncertainty
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Take-home messages

1.

2.

3.

4.

Isolated sources of uncertainty can synergize in cascade thereby affecting the accuracy of CFHA.
Forcing data and input data are the main contributors to total uncertainty (~90 %).
Ongoing work is to quantify the relative contribution of those categories to flood damage.

How to account for all sources of uncertainties in CFHA? Data assimilation!

Coastal Engineering 171 (2022) 104057

L. o
Contents lists available at ScienceDirect
Coastal

Engineering

Coastal Engineering s

o AR il
ELSEVIER journal homepage: www.elsevier.com/locate/coastaleng

Accounting for uncertainties in compound flood hazard assessment: The
value of data assimilation

David F. Mufioz™" , Peyman Abbaszadeh ™", Hamed Moftakhari “”, Hamid Moradkhani *"
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