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Friction coefficients in flood models

Context

» Modelling floods on floodplains
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Figure 1: Example of two simulations with different sets of
coefficients on the floodplains
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Context

» Modelling floods on floodplains
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» Shallow-Water Equations modelling:
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Figure 1: Example of two simulations with different sets of
coefficients on the floodplains
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Friction coefficients in flood models

Context

» Modelling floods on floodplains
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» Role of friction coefficients K on hydraulics

variables
Figure 1: Example of two simulations with different sets of
coefficients on the floodplains
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Friction coefficients in flood models

Context
» Modelling floods on floodplains
» Shallow-Water Equations modelling:
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» Role of friction coefficients K on hydraulics
variables

Objective

Conclusion References
000

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

» Data-driven quantification of roughness coefficients on floodplains
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Observations

Global context

» Overall drop in hydrometric data
from in-situ stations

Proportion of stations (%)
@
S

- 60-80% 40-80% 20-40% - no data

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

» Frequent and accurate but limited
data on floodplains
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Global context

» Remote sensing: A "flood" of information
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Observations

Global context

» Remote sensing: A "flood" of information
» Overall drop in hydrometric data

from in-situ stations

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

» Frequent and accurate but limited
data on floodplains > Possible extraction of water depths or flood
extent on the floodplains
TUC 2023 4/21 Jean-Paul Travert
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Data Assimilation

Uncertain observations

2021/01/23 01:00|

Data Assimilation
Uncertain compromise
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Numerical model

Objective:
> Evaluate K based on observations of h and the model (TELEMAC-2D):

0 a(hu) — O(
2+ +——2=0
ot ox Jy
o(hu)  8(hu?)  O(huv) 0 1 h
+ + =—gh— — —7p(K)+ —Fy + V- (hveV
ot o dy g 9x  p +(K) p X (hveVu)
a(hv)  O(huv)  O(hv?) 7] 1 h
+ + =—gh—— —7p,(K)+ —F,+ V- (hveV
50 ox 2y &', pby() o (hveVv)
System’s unknowns: (quantities to correct) Terms to be defined: (closing / parameters)
o : water depths ® 7py and 7p,: bottom shear stress, along x and y
° et : horizontal velocity components integrated ® F; and F,: external forces components (Coriolis, wind, etc.)
over vertical, along 1 and y ® ve: effective viscosity (molecular, turbulent, dispersive)
° =z(x,y,t) + : elevation of free surface

® Boundary conditions (BC): denoted ucy,vey and hep

TUC 2023 7/21 Jean-Paul Travert
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Numerical model

Objective:
> Evaluate K based on observations of h and the model (TELEMAC-2D):
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5t % P gaypy()py (hveVv)
System’s unknowns: (quantities to correct) Terms to be defined: (closing / parameters)
° : water depths ® | Tp, and Thy' bottom shear stress, along x and y
° et : horizontal velocity components integrated ® F; and F,: external forces components (Coriolis, wind, etc.)
over vertical, along 1 and y ® ve: effective viscosity (molecular, turbulent, dispersive)
° =z(x,y,t) + : elevation of free surface

® Boundary conditions (BC): denoted ucy,vey and hep

Example of closing equation: 75, = Wgy)z(%)l/ﬂlﬂﬁwith 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 x, € RN the hydrodynamic variables at time k:
Xk = Muyk—-1(xk—1,6) + 1y

where 8 € R» are model parameters (e.g. friction) and 1, € Rx are model errors

Noised observations y, € R" available at discrete times :
Y = H(xk) + €k
where €, € RM are observation errors and H : R¥x — RN an operator

Parameter estimation (Bayes inversion)

P(Olye) =~

TUC 2023 8/21 Jean-Paul Travert
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Application

Description of the model

> M: Shallow-Water Equations (TELEMAC-2D) Ope n TELEMAC

> Realistic simplified twin experiment

> Minor bed of 100 m wide on 10 km long with two floodplains

> Unstructured triangular mesh with A/ = 239486 nodes

> Three roughness sub-domains (bottom friction law: Manning-Strickler)

> Boundary conditions: rating curve at the outlet and varying discharge at the inlet (from
30m*- s to 620 m® - s7* for the first five minutes then constant)

1 P ——
500|:|

0

0 2 4 6 8 10 12 —>00

Bottom elevation (m) 2000 4000 ) 6000 8000 10000

y (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 6 = [K;, K, K3]

> Noised observations: 1 hydrodynamic variable (water depth) at N, points (9 and 11)
every Tops minutes (15 min and 90 min)

» The observation and state vectors at time k:
ye = [0, b

Xy = [h17 ey hN7 ug, ..., U_/\/]

—a s (08S9)
—— Left loodplain contro points (0BS9) Added points or ancther confguration (085 11)

_ 500
E o . Pl e
=

0 2000 4000 6000 8000 10000
X (m)

075 100 125 150 175  2.00 =
(=)6e)(+]

Figure 5: Example for the reference simulation with Ny, = 11 and T,ps = 15 min

50 100 120 140
Time (min)

References
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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

References
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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

References

Errors statistics
> e ~N(0,R) with R = (c)? - Iy, an error covariance matrix
> n ~ N(0,Qx) with Qx = Op, v,
> Background errors on the parameters ~ N(0, B)
» Following illustrations with 0° = [35,12,18] and B =100 I5

TUC 2023 11/21
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Conclusion
000

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
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Variational formulation: 3D-VAR

3D-VAR: equations
» Minimise a cost function J(0) = J5(6) + Jo(0)
Jn(0) = %(0 -0°)"B7(6 - 0"

1o(8) = 3y ~ HM(O) TRy — H(M(9))) Dﬂ

» Gradient descent with Broyden-Fletcher-Goldbarb-Shanno

> Implemented with ADAO (data assimilation and optimisation)

TUC 2023 13/21 Jean-Paul Travert



Context Parameter estimation Conclusion
0000 0000000080000 000

3D-VAR Results

References

Sensitivity to N, Sensitivity to o' Sensitivity to # Tops

tarnce Ky farnco o Retarence Reference Ky Reference ks Reference Ky Reterence petaence . Reterence
1o, = s Kpe Ny= 5 Ny= Ki-0'=005m K- 0'=005m Ks- 0'=0.05m S s ol
40 K oN= K= Ky M= 1 2 2 A s K HTep =10 = Kpm #Te =10 s Ky #Tp = 1
K-ty =11 K- Ny=11 K- Ny=11 4o, L . =10 s =10 =10
ES I 3 - Ki-o'= - K- o'=02m - Ks- 35
Tt = T
P 30 30
(9 N s ("
s . 3 3
2 AN 2 H
22 : %20 %20
g N ] g
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e N
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Number of iterations Number of iterations Number of iterations
; ! ig : = = . 1
Figure 6: For #Tops = 2 and o' = 0.05m Figure 7: For # Tops = 2 and Ny = 11 Figure 8: For Ny = 11 and ¢’ = 0.1m

> Improvement in the T > Little benefit from
identification with > Identification of K3 up

e to ol —01m increased temporal
=

observations
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3D-VAR Results

References

Sensitivity to N, Sensitivity to o' Sensitivity to # Tops
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Figure 6: For #Tops = 2 and o' = 0.05m Figure 7: For #Tops = 2 and Ny = 11 Figure 8: For Ny = 11 and ¢’ = 0.1m

> Improvement in the T > Little benefit from
identification with > Identification of K3 up

e to ol —01m increased temporal
=

observations

In the following, Ny = 11 and o' =01m

TUC 2023 14 /21 Jean-Paul Travert
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Ensemble Kalman Filter (EnKF)

EnKF principle
» We consider N, members in the ensemble

» H and M are linear tangent

ERCTY

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

v
TUC 2023 15/21 Jean-Paul Travert



Context Parameter estimation Conclusion References
0000 0000000008000 000

Ensemble Kalman Filter (EnKF)
EnKF principle
» We consider N, members in the ensemble
» H and M are linear tangent

> Propagation step: Each member i € [1, N,] is propagated
Q from t to txy1 with the model and:

¥ Pk+1(0k+1 N 1 Z L+1 - 9k_+1)(95<+1 —0i1)’

Ne
- i
P 0k+1:ﬁ§ 0.1
e .
i=1

Figure 9: Schematic of the principle of EnKF
by Zaoui et al. [2018]
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Ensemble Kalman Filter (EnKF)

EnKF principle

X meme®
<

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

» We consider N, members in the ensemble

» H and M are linear tangent

> Propagation step: Each member i € [1, N,] is propagated

from t to txy1 with the model and:

Pk+1(0k+1 N 1 Z /.(+1 - 9k_+1)(95<+1 - 6’I<_+1)T

N,
Ok1 = ﬁ Z 01
> Analysis step: ¢ =t

Kit1 = PkHHT(HPkHHf +R)~
9;11 = 9;<+1 + Kk+1(¥k+1 + € —

References

HXL+1)
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» Parameters updating at the end of an assimilation window (2h30)

Reference K Reference K, Reference K3
cewe Ky -Ne=25 cewe Ky-Ne=25 come K3 -Ne=25
507 —— Ki-Ne=100 —— K»-Ne=100 —— K3-Ne=100 |
45
40

w
=]

> Slightly better results for high
Ne

N
=)

Strickler value (m'3-s1)
N
&

-
@

=
)

o

Time of observation

Figure 10: Evolution of the values of the mean parameters for different ensemble sizes
and # Tops = 10
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Particle Filter (PF)

Particle Filter principle
» Initialisation: Sampling of N particles [0, ..., 8"]

N
Ll PL(6) = > wis(6 - 6})
i=1

[\ e with wj the weight of the particle i at k and wj = %
Loatll) ®
Weighting

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

v
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Particle Filter (PF)

Particle Filter principle

» Initialisation: Sampling of N particles [0, ..., 8"]

N
I N PA(6) = Y wi(6 - )
' (Resangig] =
[\ e with wj the weight of the particle i at k and wj = %
Loatll) §

> Propagation of particles by the model
' Weighting —g y

Prior ; :g ; Likelihood

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

v
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Particle Filter (PF)

Particle Filter principle
» Initialisation: Sampling of N particles [0, ..., 8"]

N
Ll PL(6) = > wis(6 - 6})
i=1

/‘\ _— with wj the weight of the particle i at k and wj = %
Ll >

> Propagation of particles by the model

Weighting
; i . Cai ~ o fim i i
Prior Likelihood > AnalyS|S Step' Wk+]_ - Wk+1]%(yk+1‘xk~1‘ Okfl)
iyl I

x Yy
1 i (k+1ﬁ/ 1)2

Pl

. . N
P ! ! — y
Figure 11: Schematic principle of PF by F(y/<+1 ‘kal* k+ 1) * I—|/,/1

I\/21
Carrassi et al. [2018] olv/2m

v
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Particle Filter (PF)

Particle Filter principle

‘/ \  Posterior
l
Posterior
..,..‘ 0

>
Weighting
A_ g
Prior Likelihood

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

Initialisation: Sampling of N particles [01, ..., 0

Conclusion
000

")
B.(6) = 3" wia(0 - 0)

with w] the weight of the particle i at k and w( =

Propagation of particles by the model

. Coaio~  fim i i

Analysis step: w;’; = Wk+11%(yk+1\xk4. 0,.1)
xi./ y/

: . N, 1%kl T Yk+1 2

)] 1 1 _— y 1 ( )
F(ka‘inl. k-l) = I—llfln/ T?Te 2 ol

Iterative resampling: Kernel Density Estimation

References

1

N

v
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PF Results

Reference K; Reference K; Reference K3 Reference Ky Reference Kz Reference K3
. K . K . Ks e K ¢ K ¢ K |-
ce o woe o o - qocon o ! .
0.06 0.08
. . .
. .
0.05 . . .
> . . 20:06
£'0.04 =
3 E . . .l
] s . . .
S0.03 o, % . . go.os . Jl
a 0.02 . . “oee 19
e S * o ° 0.02 o o Y|
. .
0.0 L 4 . 0t o2
. . o ”ﬁ
0.001 ssoen cmmme Sods o come o deSaSeatmmetive wealons & @os 0 o0 temt so0 ma e 0.00 - ..;0 25’ . - - 5 5
5 10 5 20 25 30 35 70 75 50 > ; 13, -1
Strickler value (m'?-s71) Strickler value (m*?-s71)
Figure 12: Without resampling with 100 particles and # Topg = 2 ;%rure 15 2Wlth resampling after 5 iterations with 100 particles and
obs =

> Best identification of parameters with resampling

> Similar results with 25 particles and resampling

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

| 3D-VAR EnKF PF
e Important computation time | e Parallel e Parallel but
but few resources

iterative resampling
e Need more | e Hyperparameters

observations complex to determine
3D-VAR gives the best results overall, and the two others give similar results

e Sensitive to initialisation

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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Water depth extraction

How to map water depths?

> Flood extent + Topographic data

08000000

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

(a) Contour de I'inondation (b) Elévation des pixels

[19]
15

16

17

15

(e) Troisiéme itération,
plus proche voisin

Figure 14: Decription of FWDET method

TUC 2023

[1s]
[16]

(f) = (e)-(b)

(c) Elévation du contour

(d) Premigre itération,
plus proche voisin

(g) Traitement
hauteurs négatives

2/8

Rl Te e = o]

Jean-Paul Travert



Results: Water depths extraction

Water depth (m) Wi‘f’(‘)ﬁ)’})‘(’)’ fm)
m01-05 =o-1
05-1 =1-2

122 =2-3

2-3 13-4

3-4 =4-5

4.5 =5-10
=5-10 B 10- 20
=10-20

Figure 15: Simulated water depths 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

. 0-0,2-0,0500,05m 0,2
V-Vitfsr depth difference (m) =-01010 =01 mos5

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

Predicti Filtering

Environmental
system

Obserations Environmental

Forecast system M Obsenations
Analysis @ Forecast
W Analysis

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

Bases Different methods and frameworks
» Uncertain observations > States and parameters estimation

Uncertain modelling » Ensemble approaches, variational

>
» Analysis = uncertain compromise formulations, hybrids, etc
>

Different problems (eg. calibration) > 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 (Xq, ..., X,,) of

random vector X

Kernel reconstruction: 1D Case
Density approximation of P by the empirical density PP,

Pa) = == S K
i=1

> 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])

Density
0.0 0.1 0.2 0.3 0.4 0.5

Figure 19: Kernel density estimation for different h
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Particle Filter with another variable

» QOsbervations: 70 for each pixel

0.10 —— Flooded pixels
—— Non Flooded pixels

-35 =30 =25

0.00

-20 -15 -10 -5 .
VO(dB) =40 -30 —ig(d;l)lo 0 10

Figure 21: Distributions example for inundated and not

Figure 20: Transformed water depths in 'yO based on propabilistic approaches (if a
inundated pixels

pixel is inundated, we sample in a Gaussian distribution)

Lo . i i (M ey .
> Likelihood function: w7}, = w,’(ﬂj{vzplﬁe 227" with N, the number of pixels, o

an hyperparameter and (1, 0/) depending if the simulated pixel is wet or not

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

TUC 2023 8/8 Jean-Paul Travert
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