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Friction coefficients in flood models

Context

▶ Modelling floods on floodplains

Figure 1: Example of two simulations with different sets of
coefficients on the floodplains
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variables

Figure 1: Example of two simulations with different sets of
coefficients on the floodplains

Objective

▶ Data-driven quantification of roughness coefficients on floodplains
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Observations

Global context

▶ Overall drop in hydrometric data
from in-situ stations

Figure 2: Proportion of available data between 1961 and 2019 by
Crochemore et al. [2020]

▶ Frequent and accurate but limited
data on floodplains

▶ More than 150 Earth Observation satellites

▶ Possible extraction of water depths or flood
extent on the floodplains
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Data Assimilation

Domain	contour
Water	depth	(m)

<=	0,1
0,1	-	0,2
0,2	-	0,3
0,3	-	0,5
0,5	-	0,75
0,75	-	1
1	-	1,5
1,5	-	2
2	-	3
>	3

Uncertain observations Uncertain numerical modelling

Data Assimilation

Uncertain compromise
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Numerical model

Objective:
▶ Evaluate K based on observations of h and the model (TELEMAC-2D):
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System’s unknowns: (quantities to correct)

• h(x , y, t): water depths

• u(x , y, t) et v(x , y, t): horizontal velocity components integrated
over vertical, along x and y

• η = z(x , y, t) + h(x , y, t): elevation of free surface

Terms to be defined: (closing / parameters)

• τbx and τby : bottom shear stress, along x and y

• Fx and Fy : external forces components (Coriolis, wind, etc.)

• νe : effective viscosity (molecular, turbulent, dispersive)

• Boundary conditions (BC): denoted uCL,vCL and hCL
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• η = z(x , y, t) + h(x , y, t): elevation of free surface

Terms to be defined: (closing / parameters)

• τbx and τby : bottom shear stress, along x and y

• Fx and Fy : external forces components (Coriolis, wind, etc.)

• νe : effective viscosity (molecular, turbulent, dispersive)

• Boundary conditions (BC): denoted uCL,vCL and hCL

Example of closing equation: τ⃗b = ρg
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1
h )

1/3|u⃗|u⃗ with K an uncertain parameter
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Setting of the parameter estimation problem

Dynamic and observation models

Let M be a numerical model and xk ∈ RNx the hydrodynamic variables at time k :

xk = Mk:k−1(xk−1,θ) + ηk

where θ ∈ RNp are model parameters (e.g. friction) and ηk ∈ RNx are model errors

Noised observations yk ∈ RNy available at discrete times k:

yk = H(xk) + ϵk

where ϵk ∈ RNy are observation errors and H : RNx → RNy an operator

Parameter estimation (Bayes inversion)

P(θ|yk) =
P(yk |θ)P(θ)

P(yk)

TUC 2023 8 / 21 Jean-Paul Travert
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Application

Description of the model

▶ M: Shallow-Water Equations (TELEMAC-2D)

▶ Realistic simplified twin experiment

▶ Minor bed of 100 m wide on 10 km long with two floodplains
▶ Unstructured triangular mesh with N = 239 486 nodes
▶ Three roughness sub-domains (bottom friction law: Manning-Strickler)
▶ Boundary conditions: rating curve at the outlet and varying discharge at the inlet (from

30m3 · s−1 to 620m3 · s−1 for the first five minutes then constant)

0 2 4 6 8 10 12
Bottom elevation (m)
Figure 3: Bottom elevation Figure 4: Roughness zones and values
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State and observation vectors

▶ Simulations are controlled by the uncertain parameters θ = [K1,K2,K3]

▶ Noised observations: 1 hydrodynamic variable (water depth) at Ny points (9 and 11)
every Tobs minutes (15 min and 90 min)

▶ The observation and state vectors at time k :

yk = [h
(o)
1 , ..., h

(o)
Ny

]

xk = [h1, ..., hN ,u1, ...,uN ]

Figure 5: Example for the reference simulation with Ny = 11 and Tobs = 15min
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Algorithms

Tested algorithms

▶ Variational formulation: 3D-VAR

▶ Ensemble methods: Ensemble Kalman Filter (EnKF)

▶ Sampling of P(x|y): Particle Filter (PF) with resampling

TUC 2023 11 / 21 Jean-Paul Travert



Context Parameter estimation Conclusion References

Algorithms

Tested algorithms

▶ Variational formulation: 3D-VAR

▶ Ensemble methods: Ensemble Kalman Filter (EnKF)

▶ Sampling of P(x|y): Particle Filter (PF) with resampling

Errors statistics

▶ ϵk ∼ N (0,R) with R = (σl)2 · INy an error covariance matrix

▶ ηk ∼ N (0,Qk) with Qk = 0Nx ,Nx

▶ Background errors on the parameters ∼ N (0,B)

▶ Following illustrations with θb = [35, 12, 18] and B = 100 · I3
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Advantadges and disadvantages of the algorithms

3D-VAR EnKF PF

Handling model non-linearity ✓ ✓ ✓
Handling non-Gaussian errors ✓ X ✓
Computation resources Low Moderated High

Parallel X ✓ ✓

▶ 3D-VAR: More sensitive to the initialisation and local minimum

▶ PF: Need of resampling with hyperparameters

▶ EnKF: Subject to ensemble collapse

TUC 2023 12 / 21 Jean-Paul Travert
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Variational formulation: 3D-VAR

3D-VAR: equations

▶ Minimise a cost function J(θ) = Jb(θ) + Jo(θ)

Jb(θ) =
1

2
(θ − θb)TB−1(θ − θb)

Jo(θ) =
1

2
(y−H(M(θ)))TR−1(y−H(M(θ)))

▶ Gradient descent with Broyden-Fletcher-Goldbarb-Shanno

▶ Implemented with ADAO (data assimilation and optimisation)
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3D-VAR Results

Sensitivity to Ny Sensitivity to σl Sensitivity to #Tobs

Figure 6: For #Tobs = 2 and σl = 0.05m Figure 7: For #Tobs = 2 and Ny = 11 Figure 8: For Ny = 11 and σl = 0.1m

▶ Improvement in the
identification with
Ny = 11

▶ Identification of K2 up
to σl = 0.1m

▶ Little benefit from
increased temporal
observations

TUC 2023 14 / 21 Jean-Paul Travert



Context Parameter estimation Conclusion References

3D-VAR Results

Sensitivity to Ny Sensitivity to σl Sensitivity to #Tobs

Figure 6: For #Tobs = 2 and σl = 0.05m Figure 7: For #Tobs = 2 and Ny = 11 Figure 8: For Ny = 11 and σl = 0.1m

▶ Improvement in the
identification with
Ny = 11

▶ Identification of K2 up
to σl = 0.1m

▶ Little benefit from
increased temporal
observations

In the following, Ny = 11 and σl = 0.1m
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Ensemble Kalman Filter (EnKF)

EnKF principle

Figure 9: Schematic of the principle of EnKF
by Zaoui et al. [2018]

▶ We consider Ne members in the ensemble

▶ H and M are linear tangent

▶ Propagation step: Each member i ∈ [1,Ne ] is propagated
from tk to tk+1 with the model and:

Pk+1(θ
i
k+1) =

1

Ne − 1

Ne∑
i=1

(θi
k+1 − ¯θk+1)(θ

i
k+1 − ¯θk+1)

T

¯θk+1 =
1

Ne

Ne∑
i=1

θi
k+1

▶ Analysis step:

Kk+1 = Pk+1H
T (HPk+1H

T + R)−1

θi,a
k+1 = θi

k+1 +Kk+1(yk+1 + ϵik −Hxik+1)
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EnKF Results

▶ Parameters updating at the end of an assimilation window (2h30)

Figure 10: Evolution of the values of the mean parameters for different ensemble sizes
and #Tobs = 10

▶ Slightly better results for high
Ne
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Particle Filter (PF)

Particle Filter principle

Figure 11: Schematic principle of PF by
Carrassi et al. [2018]

▶ Initialisation: Sampling of N particles [θ1, ...,θN ]

Pk(θ)
∼
=

N∑
i=1

w i
kδ(θ − θi

k)

with w i
k the weight of the particle i at k and w i

0 =
1
N

▶ Propagation of particles by the model

▶ Analysis step: w a,i
k+1

∼
= w f ,i

k+1P(yk+1|xik+1,θ
i
k+1)

P(yk+1|xik+1,θ
i
k+1) = Π

Ny

l=1
1

σl
√
2π
e−

1
2 (

x
i,l
k+1

−ylk+1

σl )2

▶ Iterative resampling: Kernel Density Estimation
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PF Results

Figure 12: Without resampling with 100 particles and #Tobs = 2
Figure 13: With resampling after 5 iterations with 100 particles and
#Tobs = 2

▶ Best identification of parameters with resampling

▶ Similar results with 25 particles and resampling

TUC 2023 18 / 21 Jean-Paul Travert
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Conclusions and perspectives

3D-VAR EnKF PF

• Important computation time • Parallel • Parallel but
but few resources iterative resampling
• Sensitive to initialisation • Need more • Hyperparameters

observations complex to determine

3D-VAR gives the best results overall, and the two others give similar results

Conclusions and perspectives

▶ Possibility with TelApy and TELEMAC-MASCARET to implement Data Assimilation
algorithms

▶ Using uncertain observations can help to improve the identification of friction parameters

▶ Need to quantify the performance of the algorithms on simpler cases

TUC 2023 20 / 21 Jean-Paul Travert
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Thanks for your attention!
Danke schön!
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Water depth extraction

How to map water depths?

▶ Flood extent + Topographic data

▶ Example: FwDET method (Floodwater Depth Estimation Tool) (Cohen et al. [2018])

(a) Contour de l’inondation

19 15 16 16 17 19

18 15 14 15 17 15

20 15 14 14 14 16

21 16 15 17 12 17

18 17 15 16 15 15

20 15 15 14 15 15

19 19 17 16 16 16

(b) Elévation des pixels

15 16 16

15

15

16

18 17

20

19 19 17 16

(c) Elévation du contour

15 15 16 16 16

15 15 15 16

15 15 15

17 16 16

18 17 16

20 19 17 16 16

19 19 17 16

(d) Première itération, 
plus proche voisin

15 15 16 16 16 16

15 15 15 16 16 16

15 15 15 15 16 16

17 16 16 16 16 16

18 17 16 16 16 16

20 19 17 16 16 16

19 19 17 16 16 16

(e) Troisième itération, 
plus proche voisin

-4 0 0 0 -1 -3

-3 0 1 1 -1 1

-5 0 1 2 2 0

-4 0 1 -1 4 -1

0 0 1 0 1 1

0 4 2 2 1 1

0 0 0 0 0 1

(f) = (e)-(b) 

0 0 0 0 0 0

0 0 1 1 0 1

0 0 1 2 2 0

0 0 1 0 4 0

0 0 1 0 1 1

0 4 2 2 1 1

0 0 0 0 0 1

(g) Traitement 
hauteurs négatives 

Figure 14: Decription of FwDET method
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Results: Water depths extraction

Water	depth	(m)
0,1	-	0,5
0,5	-	1
1	-	2
2	-	3
3	-	4
4	-	5
5	-	10
10	-	20

Figure 15: Simulated water depths

Water	depth	(m)
<=	0,5000
0	-	1
1	-	2
2-	3
3	-	4		
4	-	5
5	-	10
10-	20

Figure 16: Application of FwDET

▶ Under-estimation of water depths in the floodplain except near the edges



Results: Water depths extraction on a controlled case

Water	depth	di�erence	(m)
-0,5

-0,2
-0,1

-0,05
0

0,05
0,1

0,2
0,5

Figure 17: Differences between simulated water depths and FwDET

▶ Errors mainly upstream and downstream where the detected contour does not correspond
to null water depth

▶ Rest of the domain: Low RMSE



Data Assimilation

Figure 18: Data assimilation by Carrassi et al. [2018]

Bases

▶ Uncertain observations

▶ Uncertain modelling

▶ Analysis = uncertain compromise

▶ Different problems (eg. calibration)

Different methods and frameworks

▶ States and parameters estimation

▶ Ensemble approaches, variational
formulations, hybrids, etc

▶ Limitations: Resampling, gradient derivation



Resampling procedure

▶ Non-parametric estimation by Kernel Density Estimation (KDE)

▶ The objective is to evaluate the probability density function of a sample (X1, ...,Xn) of
random vector X

Kernel reconstruction: 1D Case

Density approximation of P by the empirical density Pn

Pn(x) =
1

nh

n∑
i=1

K (
x − Xi

h
)

▶ K: kernel, symmetrical distribution with respect to 0. For example, Gaussian (0, 1),
uniform (-1, 1) ...

▶ h: bandwith



Resampling procedure - 2

▶ Bandwith selection strongly influences the estimation (Turlach et al. [1993])

Figure 19: Kernel density estimation for different h



Particle Filter with another variable

▶ Osbervations: γ0 for each pixel

35 30 25 20 15 10 5
0(dB)

Figure 20: Transformed water depths in γ0 based on propabilistic approaches (if a
pixel is inundated, we sample in a Gaussian distribution)

Figure 21: Distributions example for inundated and not
inundated pixels

▶ Likelihood function: w i,a
k+1 = w i

kΠ
Np

j=1
1

σj
√
2π
e−

1
2 (

µj−yik+1

σj )2 with Np the number of pixels, α

an hyperparameter and (µj , σj) depending if the simulated pixel is wet or not

▶ Minor bed identification is simpler, but more complex for floodplains
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