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Motivations Method: Results
The growing availability of distributed satellite observations in space and time is valuable Pa ra I Iel pa rticle filtering

information for improving flood modelling, as water surface areas can be
Goal: Estimate the posterior distribution of Strickler coefficients
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e Reference simulation with a Strickler of 30 m3 - s~ 1 with 2 observations

at 1h15 and 2h30 by converting water depth map into backscattering
intensities with a resolution of 10 m X 10 m

Distributions for each Strickler zone based on literature and experts opinions * Prior distribution K; - NV (p = 34,0 = 10)

Conclusion and perspectives

* Functional parallel implementation of particle filter

» Geometry: 10 km reach with unstructured triangular mesh { 34500
= 4000 |
containing 477 371 elements (base mesh size of 2 m) 53500
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» Twin experiment: + observation backscattering intensities * Encouraging results with N>25 particles
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* The methodology allows retrieving Strickler
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. | 0°(dB) coefficients on simple controlled test cases
8 10 12
Bottom elevation (m) Wait for all the particles to be propagated * Add more roughness zones, and compare with other

» Simulated time: 2h30 of physical time with a time step of 0.5 s likelihood measures as the one in [Dasgupta, 2021}

3 observations ot 115 clo we
> 2 observations at 1h15 interval " Particle weight 1 000 Particle weight i 000 Particle weight N

 Add aresampling step for the particles

ication on an operational case

* App

7,
° : . N : 04 . . . . . .
_—"V— mz@ W, = Wk‘_lﬂjf1 (W(lk,j)) with Wy the global weight of particle i at time k, N,, the
o,_o 55 =7 57 N Lo e N0 o 50 15 1o == QA‘ number of assimilated pixels, &« an hyperparameter [Hostache, 2018], and W(lk,j) local
Water depth (m) o?(dB)

Water depth at second observation and transformation into backscattering intensities. WEIght at each pIXEI between observed and simulated baCkscattermg Intensities.
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Histogram with 200 bins and fit of Normal

distributions.

Flooded SAR image.
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