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Perfect storm = imperfect flood defences

“We can’t keep building our way out of
trouble”

Climate adaptation + impact mitigation=

Hard & soft engineering+
early warning
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Motivation

Compound events are combinations of drivers and/or

hazards that contribute to societal or environmental risk and
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Motivation Coastal-fluvial flooding
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Fluvial driver

600
500

.
400 / ™

Flow m3/s
w
8

S
(=]
,
Water level, mOD Malin

100

2.5
19/11/12:00 19/11/ 1%:00 20/11/00:00 20/11f06:00 20/11/12:00 20/11f18:00 21/11f 00:00

University
ofGalway.ie




e Coastal-fluvial flooding

d v '.‘ h
s .

)’ ,

-




OLLSCOILNA GAILLIMUE
UNIVERSITY OF GALWAY

Hydrody
namics

Flood mechanisms +

_ Inundation
Machine

learning

University Damage assessment Flood forecasting
ofGalway.ie




How do we determine coastal flood risks?
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1. Statistical 1_ Data Collection
model H 2. Extreme value analysis
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2.Hydrodynamic Need to consider a range of scenarios

Model

Flood risk assessment:
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| MPIOM = POM-> MNS_Flood
2.Hydrodynamic
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i G Coastal-fluvial flooding
2.Hydrodynamic
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Flood detection
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1. Artificial Neural Network (ANN)
2. Decision Tree (DT)
3. Gaussian Process Regression (GPR)
4. Linear Regression (LR)
5. Radial Basis Function (RBF)
6. Support Vector Machine (SVM)
7. Support Vector Regression (SVR)
8. LSTM
9. GRU
10. RNN
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Model results and system architecture
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Solution Local scale decision-support system for flood management
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Dashboard (alpha

5. Decision making
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