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Setting the scene
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GloFAS :
ÅExtent predictions using pre-

computed map catalogue

ÅApproximation to nearest flood 
return period map

ÅCoarse resolution for 
comprehensive impact 
assessment

GFMS:
Å Dependent on S1 overpass 

frequency

Å Does not provide 
urban/forest flooding

Å No forecasting capabilities



Assimilation of 
Synthetic Aperture 
Radar-derived Flood 
extent into 
hydrodynamic models
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DATAASSIMILATIONTO

KEEPMODELSIMULATIONS

ONTRACK

Feasibility study (Matgen et al., 2010)



4 Best of different approaches?



Experiment descritption
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input data ǃ GloFAS streamflow forecasts
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hydrodynamic model ǃ LISFLOOD-FP
Å  Results (Model run @ 5m)

Comparison with measured water height/discharge and 

satellite -derived water extent:

- rising and falling limbs well reproduced 

- tendency to sightly underestimate the peaks

- model performance rather good over entire model domain
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Input data - Pre-Computation of scenarios
Å38 scenarios: Q=5 to 190 m3/s, interval = 5 m3/s
ÅSpatial resolution: 5 m
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Comparison with EFAS flood hazard map

1-in-100 years flood event
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EFAS DestinE



input data ǃ satellite data

Flood probabilities published by the Global Flood Monitoring System (15 July 2021) 

Ą PF1 experiment

Floodwater in built up areas through WASDI  (added to GFM -based flood extent in óopenô areas) 

Ą PF2 experiment
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▬Ᵽ▫
▬▫Ᵽ

▬▫
▬ⱣBayesô Theorem:

Å Prior and posterior probability is approximated by a set of particles.

Å Posterior probability is computed using weights.

STAGE 3: Analysis

STAGE 4: Resampling step

Data assimilation framework

STAGE 2: Propagation 

STAGE 1: Discretization 



Data assimilation ǃ particle Weight computation
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Result - flood forecasting

Upstream boundary conditions

Forecast waterdepth at gauging station

RMSE [m] over 30 days
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