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Compound coastal-fluvial floods in urban environment



The Societal Challenge – Building Resilience to Flooding
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Societal 
Challenge

Globally:
➢ 1.8bn people (1-in-4) exposed

In Ireland:
➢ 750,000 people 
➢ 300+ communities

Floods are the costliest and most pervasive 
natural hazard

September 2023

October 2023
“We can’t keep building our way out of 

trouble” 

Climate adaptation + impact mitigation=
Hard & soft engineering+

early warning 

Perfect storm → imperfect flood defences
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Societal 
Challenge

Globally:
➢ 1.8bn people (1-in-4) exposed

In Ireland:
➢ 750,000 people 
➢ 300+ communities

Floods are the costliest and most pervasive 
natural hazard

September 2023

October 2023
“We can’t keep building our way out of 

trouble” 

Climate adaptation + impact mitigation=
Hard & soft engineering+

early warning 

Perfect storm → imperfect flood defences
Mace Head Atmospheric Research Station

• highest wind gust  184 km/h

• highest 10-minute wind speed 142 km/h

More severe storms =? more severe floods
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Motivation Compound events are combinations of drivers and/or 

hazards that contribute to societal or environmental risk and 
impact

Bevacqua et al. 2022 Bevacqua et al. 2019

Floods are tricky to forecast!
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Motivation

Coastal driver

Fluvial driver

Coastal-fluvial flooding
Compound events are combinations of drivers and/or 

hazards that contribute to societal or environmental risk and 
impact
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Coastal driver

Fluvial driver

Coastal-fluvial flooding
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Motivation
How do we determine coastal flood risks?
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Results
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How do we determine coastal flood risks?

Storm Éowyn: What Can be Learned  from Irish Tidal Gauges?

Storm Éowyn was not planned. Neither does this study. It just happened. Work in progress.
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Storm Eowyn, January 2025

How do we determine coastal risk?
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How do we determine coastal flood risks?
Storm Eowyn, January 2025
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How we determine coastal flood risks?
Storm Eowyn, January 2025



University
ofGalway.ieUniversity
ofGalway.ie

How do we determine coastal flood risks?
Storm Eowyn, January 2025

Max amplitude tide Storm surge residual
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Tide-surge interactions
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How do we determine coastal risks?

Worst-case scenario
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Methodology

How we determine coastal flood risks?
Compound floods are complex so they 

need complex analysis
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How do we determine coastal flood risks?

Flood risk 

assessment 

and 

hazard mapping

Climate adaptation:

Grey infrastructure, 

Early warning
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1. Statistical 
model

How do we determine coastal flood risks?

m
C

D

Flood risk assessment:

• Dependencies

• Interactions

• Marginal RPs

• Joint Probabilities 
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How do we determine coastal risks?
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1. Statistical 
model

How do we determine coastal risks?

Univariate marginal analysis
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1. Statistical 
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How do we determine coastal risks?
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1. Statistical 
model

How do we determine coastal flood risks?

Flood risk assessment:

• Dependencies

• Interactions

• Marginal RPs

• Joint Probabilities 
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Need to consider a range of scenarios2.Hydrodynamic 
Model 

C
D

How do we determine coastal flood risks?

Flood risk assessment:

• Dependencies

• Interactions

• Marginal RPs

• Joint Probabilities 
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Methodology
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1. NE Atlantic 

~5km

2. Cork Harbour 

90m

4. Cork County 6m

2.Hydrodynamic 
Model 3. Lough Mahon 30m

5. Cork City 2m

MPIOM → POM→MNS_Flood
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2.Hydrodynamic Model vs 
bathtub models 

The Claddagh

Galway City

Oranmore

Sanders et al. (2024)



University
ofGalway.ieUniversity
ofGalway.ie

2.Hydrodynamic 
Model 
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Coastal-fluvial flooding

2.Hydrodynamic 
Model 

Flood mapping:
• Water depth
• Inundation area
• Flood evolution
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4. Earth Observation 
Flood detection
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4. Earth Observation 
October 2023:

February 2021:

October 2016:

Flood detection 
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Sentinel 1

Flood detection 

Sentinel 2
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Methodology
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3. Machine 
learning 

6m-2m model

Grids ML Model Number of runs Flood events 

i= 820 

j=1650 

(2-m pixels) 

1 ANN 

2 DT 

3 GPR 

4 LR 

5 RBF 

6 SVM 

7 SVR 

20 times 1 Flood event in November 2009 

2 Flood with RP=20 

3 Flood with RP=1000 

820×1650= {1,353,000} ×7= {9,471,000} ×20= {189,420,000}  ×3= {568,260,000} runs 

 

Hydrodynamic model outputs:

• training (70%)

• validation (15%)

• testing (15%) 

Input

Discharge

Input

SWL

Output/Prediction

Water depth
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ML model Bias Corr MAE ME RMSD RMSE StD CV error TOPSIS score Rank

ANN -2.4619e-4 0.9679 0.0887 -6.7685e-4 0.2076 0.1084 0.4122 0.0123 0.9488 3

DT -2.2204e-16 0.9726 0.0885 2.5621e-16 0.1937 0.0997 0.4257 0.0103 0.9522 2

GPR 4.4409e-16 0.7595 0.2389 9.3088e-16 0.5174 0.2792 0.3324 0.0833 0.8793 4

LR 6.6612e-16 0.7595 0.2389 5.8073e-16 0.5174 0.2792 0.3324 0.0844 0.8793 4

RBF -5.0873e-7 1.0000 1.5398e-6 -1.5398e-6 7.2236e-8 1.7751e16 0.4377 1.3755e-12 0.9989 1

SVM 0.0323 0.7274 0.2286 0.0889 0.5128 0.3114 0.2673 0.1072 0.0036 6

SVR -0.0081 0.9882 0.0724 -0.0223 0.1296 0.0782 0.3959 0.0057 0.7486 5

3. Machine 
learning 



Input data
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Runoff 

data
Sea levels

Machine learning 

models

ML algorithms

1. ANN
2. DT
3. GPR
4. LR
5. RBF

6. SVM
7. SVR
8.   LSTM
9.   GRU
10. RNN

StopFloods solution: How it works

Target flood 

depth data

Hydrodynamic model

Sea levelsRiver discharge

Remote sensing data

Flood forecast

Performance 

evaluation of the 

projections

Multi-criteria 

decision making 
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Inputs to AI model 

Input data
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Model results and system architecture 
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Methodology
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Solution

Hydrody
namics

Machine 
learning

Forecast

Impact 

Statistics

Local scale decision-support system for flood management 

How we determine coastal flood risks? 



Data 
Collection

Data 
Pre-Processing

Data 
Processing

Data 
Post-Processing

Data 
Application
(Services)

Dashboard

Data 
Production

i.e. 
UI/UX
HTMl
PHP

JavaScript
CSS

Visualization

Raw Data

i.e. 
river levels, 

Rainfall 
gauges, 

coastal surge 
monitors

IoT Sensors
Deployed i.e. Data 

modelling 

into 

Data Sharing 

and Storage 

Formats

i.e. Data 

modelling 

into 

Relational 

Database 

Formats

StopFlood4.ie Project:  Data Lifecycle  

Data Model Data Schema Schemata AI Data

Data 
Structures/Formats

Data Syntax
Vocabularies

Weather Forecast 
Data

Flooding Events & 
Alerts Data

i.e. Data 

Aggregation 

and 

Analytics

Data Format

DAT 

GRIB

NetCDF

Others…

Data Structure

SQL

Oracle

Others…

Data Storage,

Sharing,
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Others…
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Flood forecasting

Societal Impacts 

Forecasting

• Better preparedness by LAs and 
communities

• Increased confidence in forecast

Decision-
making

• Reduction of false alarms

• Flood prevention

Management

• Better allocation of resources 

• Damage reduction

• Reduction in emotional stress

Three-model system can improve flood 
resilience and wellbeing of at-risk communities 

Middleton, Co. Cork, Oct 2023

Hydrody
namics

Machine 
learning

Forecast

Impact 

Statistics
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