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Background Study areas to date
« Flash flood: Rapid rise of water within 3-6 hours of heavy rainfall b i)Y (s;atﬁ:"m . ;9”i .

atchmen rookstown
e Dynamic, unpredictable and localised % ] River Bride
* Needs prior information to mitigate the risk and for strategic IE- i rogors County Cork
planning ﬁ g & Area (km?) 7021

* Traditional approaches include:
* Static Data - Cannot handle the dynamic nature
* Inefficient data transfer mechanisms — Outdated data FR-Moselle
* Manual feature engineering — Inefficient data processing

BE - Wallonia & Flanders

Motivation

* Computer vision can extract up-to-date ground information from
drone images

* Buttraditional models cannot integrate this data efficiently e 70.21km?2in the Crookstown area in the valley of the Bride River basin
* Traditional approaches are time-consuming and struggle to handle » Recurrent flash flooding events, such as the storms of 2012 and 2015
the dynamic nature * Steep topography and narrow valleys that accelerate runoff

With traditional Hydrologic/ Hydraulic

models:

e Longer execution time

¢ Cannotuse drone data beyond model
validation and boundary conditions

Traditional Approach (>
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With Machine Learning based models:
e Can handle the dynamic nature

e Can perform simulations faster

e Can integrate heterogeneous data

MethOdOIOgy seamlessly
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River Segmentation - Width - Cross-sectional Weather Data (rainfall, temperature)

River Width, Area Area Weather Stream Gauge Data (discharge, water level)
Obstruction Detection - Debris Density - Effective Data

Debris Density, Locations Roughness (Manning's n)

Infrastructure Detection > Blockages = Flow
Blockage Severity Resistance Factors
Satellite = =

Discharge
Water Level
Flood Probability

Computer Vision
Processing

Vision to Physics
Parameter Mapping
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Drone A~}
_,_ﬁit. q o~ ! Nodes: River Reaches with Features
\ L 3 Emage Compression Edges: Flow Connectivity
| 0 Loss = Data Loss + Physics Loss
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