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Motivations Case study

The growing availability of distributed satellite observations in space| | © 2D Shallow-Water Equations on TELEMAC-2D with finite element

and time is valuable information for improving flood modelling. * Geometry: Unstructured triangular mesh containing 477 371
: 2 B R elements (base mesh size of 2 m) with three roughness zones
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Bottom elevation of the test case and reference values for the three roughness zones (with Strickler formula)

* Synthetic observations: 2 observations at 1h15 and 2h30

Examples of before / during flood events from satellite imagery. B B
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For 2D hydraulic mOde“ingr roughness is one of the most forcing Water depth at second observation and transformation into backscattering intensities.
parameters. It is especially the case for large floods on floodplains, | | Based on probabilistic mapping [Giustarini et al., 2016] from a SAR image:
and these parameters are based on experts’ opinions and sparse L™ 0 20 [ oot Dry pixels
point-wise measurements. Our objective is to test data assimilation Jo0s N (up,0p) = N (—16.48,8.24)
techniques to evaluate the potential of the backscattering intensity oo higodedipixels

. . . 0050 g t5 5 N (g, 02) = N (—26.92,5.74)
of SAR IMages for estlmatlng this parameter‘ Flooded SAR image. Histogram of o°and fit oj(’l\)lormal distributions.

MEthOd: Pa ra||E| o rtiC|e filter Goal: Estimate the posterior distribution of roughness coefficients

N particles from the prior distributions
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Distributions for each roughness zone based on literature and experts opinions
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Initialisation

Launch all the particles on Ncsize processors in parallel on a cluster and make them communicate at each time step

Partition each run with Continue TELEMAC-2D computation Simulated water level /
bo Runsize processors until the next observation Transformed into backscattering intensities
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= W, = Wk_ll'lj=1 (W(k,j)) with W}, the global weight of particle i at time k, N, the number of assimilated pixels, @ an hyperparameter
2 [Hostache et al., 2018], and W(lk 9 local weight at each pixel between observed and simulated backscattering intensities.
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Broadcast the weights to all processors

Results Conclusions and perspectives

* Three roughness zones with two temporal observations and N= 100 particles * Functional parallel implementation of particle filter

* Priors: IEE e The methodology allows retrieving roughness
K, - U(20; 45) coefficients on simple controlled test cases
K, - U(5; 30) 5th jteration e Compare with other likelihood measures as the
K; - U(5; 30) i one in [Dasgupta et al., 2021]
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o R C P sl P Need to test on other test cases with the flooded
* Poor |der1t|f|.cat|on of flood.pla|n§ coefﬂuen’Fs without resarppll.ng (.1 |tertzralt!on) | area being more sensible to roughness coefficients
 Resampling is essential to identify floodplains roughness distributions (5*" iteration) L. :

Application on an operational case

* Unable to identify K5, because of low sensitivity in regards to the likelihood measure
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