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Abstract
In order to better predict high water levels and floods in the Gironde estuary, a Telemac 2D numerical model is combined with 
a stochastic Ensemble Kalman Filter (EnKF). The hydrodynamic model calculates water depths and velocity fields at each node 
of an unstructured mesh. The EnKF corrects the inputs of the model, i.e both scalar parameters and timevarying forcings, as it 
assimilates in situ water levels observations. Upstream, the model fluvial boundaries are respectively located at La R´eole and 
Pessac on the Garonne and Dordogne rivers. The maritime boundary is 32 km off the mouth of the Gironde estuary, located at Le 
Verdon. It is assumed that the uncertainty in time-varying boundary conditions is well approximated by a Gaussian Process (GP) 
characterized by its autocorrelation function and associated correlation time scale. The coefficients of the truncated Karhunen-
Lo`eve decomposition of this GP are further considered in the EnKF control vector, together with the area-prescribed friction 
coefficients and the wind influence coefficient. The data assimilation strategy performance was assessed with twin- and real 
experiments which respectively use synthetic water levels observations and in situ water levels measurements. Twin experiments 
showed that the proposed methodology succeeds in identifying time varying friction, as well as reconstructing the boundary 
conditions even though the identification of the Karhunen-Lo`eve coefficients for the time-dependent boundary conditions suffers 
equifinality. Indeed, the results show the proper reconstruction of the maritime forcing and consequently the expected water levels 
in the estuary, improving water levels prediction in the Gironde Estuary. However, difficulties in estimating the friction parameter 
in the confluence zone, where the flows are the result of non-linear physical processes, were highlighted. Real experiments showed 
that, in spite of these limitations, water levels are significantly improved by assimilating in situ observations, as absolute errors 
remain smaller than 13 cm at high tides (HT) along the estuary, except in the upstream reaches of the Garonne and Dordogne 
rivers where the model refinement should be improved.
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1. Introduction
The Gironde estuary is the largest macrotidal estuary in France 
and Western Europe, with a surface area of 635 km2. Located in 
the southwest of France near the city of Bordeaux and the Blayais 
nuclear power plant, it is, on average, oriented from southeast to 
northwest. Its width varies from 1 km near Bordeaux to 15 km 
on the coast. Born from the confluence of the Dordogne and 
Garonne rivers, the estuary is under maritime influence and joins 
the Atlantic Ocean 75 km downstream [1]. The Gironde estuary is 
hypersynchronous and is influenced by an asymmetrical tide (4 h 
for the ebb and 8 h 25 min for the flow), dominated by the main 
semidiurnal lunar component (M2). The flow of the Garonne (resp. 
Dordogne) typically varies from 50 (resp. 20) to 2,000 (resp. 1,000) 
m3.s-1. In case of floodings, the flow of the Garonne may exceed 
5,000 m3.s-1. The concomitance of high tidal coefficients and river 
floods can lead to significant flooding. The stakes in terms of 
environmental, economic and human safety are very high. Indeed, 
after the most severe flood ever recorded in 1770, infrastructures 
were constructed to limit overflows. Yet vulnerable areas could not 
be fully protected during the storms Lothar and Martin in 1999 or 
Xynthia in 2010 [2]. In order to implement preventive measures 
for warning and crisis management, government agencies rely on 
decision support tools. In France, the SCHAPI (Service Central 
d’Hydrom´eorologie et d’Appui `a la Pr´evision des Inondations) 
and the Flood Forecast Services (FFS) are responsible for 
monitoring and forecasting water levels and flows on 22,000 
km of rivers. Twice a day, they produce a full-color hazard alert 
map, available online for government authorities and the general 
public (http://www.vigicrues.gouv.fr). To create these risk maps, 
they rely on numerical simulations and in situ measurements [3]. 
Indeed, hydrodynamic numerical software packages based on the 
Shallow-Water Equations (SWE) are commonly used tools for 
operational flood forecasting as well as to help in the management 
and protection of urban infrastructures located near rivers and 
coasts [4].

The FFS Gironde-Adour-Dordogne (GAD) is in charge of the 
Gironde estuary area surveillance. In order to meet with operational 
expectations, especially for extreme events, FFS GAD moved from 
a statistical model based on meteorological data to a physically 
based model that solves the Shallow Water Equations (SWE) based 
on the hydraulic software Telemac2D [5]. The Gironde estuary 
model was limited to the non-overflowing area, excluding the 
floodplains owing to computational constraints in an operational 
context. Despite this limitation, it resulted in improving water level 
forecast skill and increasing alert lead-times. While this model 
provides good results for past events in re-analysis mode, with 
errors of less than 10 cm for non-overflowing scenarios, simulating 
high tides (HT) periods is more challenging and in overflowing 
situations, errors of the order of 30 cm remain near Bordeaux. 
The ‘Gironde project’ recommended areas for improvement 
among which updating the model state and parameters with data 
assimilation (DA) algorithms [6]. This strategy is expected to be 
more efficient in terms of performance and computational cost 

than developing and running an overflowing numerical model in 
operational mode.

Already widely used by the meteorological community, DA 
methods are now common tools in the field of ocean, coastal and 
river hydrodynamics [7-9]. Extensive research has thus been carried 
out and reported in the literature to improve surface hydrodynamic 
models’ results, using ensemble, variational or hybrid methods, in 
order to characterize, in particular, the hazard with regard to the 
risk of flooding (including marine submersion) or to improve flood 
or water level forecasting.

The Ensemble Kalman Filter (EnKF) is the sequential filtering 
assimilation method used in this study [10]. Based on the 
assumption of a linear Gaussian statespace model, it propagates 
and updates an ensemble of vectors that approximates the control 
vector distribution through the stochastic estimation of the first 
two statistical moments, i.e., the mean and the covariance of 
the ensemble [8]. The implementation of the EnKF is highly 
compatible with HPC task farming. Moreover, the EnKF has been 
highly successful in many extremely high-dimensional, nonlinear, 
and non-Gaussian DA applications [11]. The EnKF relies on the 
choice of variables (model state vector, forcings, model parameters, 
for example) to be corrected. These variables are treated as random 
variables with associated probability density functions (PDF). 
These PDFs are sampled to build an ensemble of “perturbated” 
simulations for the forecast and analysis steps of the EnKF.

This paper presents an original framework for the assimilation of 
water levels observations in the context of flood prediction in the 
Gironde estuary, that aims at improving the predictive capability 
of water levels and discharges for the Gironde estuary, focusing 
on locations of interest where safety and economical assets are 
at stake [12]. The EnKF analysis aims at correcting fluvial and 
maritime boundary conditions (BC) as well as model parameters 
such as friction and wind influence coefficient, which is little 
addressed in literature. It should be noted that this implementation 
differs from the classical use of filters that account for errors in 
model states. Indeed, any correction to the state is bound to exit 
the hydraulic network within a short period that corresponds to the 
transfer time of the river network. It should also be noticed that the 
correction of errors in meteorological forcings or in bathymetry/
topography data is beyond the scope of this study.

This paper comes as a follow-up of that presented a GSA under 
the same assumption for the Gironde catchment and showed 
that friction coefficient and BC were the predominant sources of 
uncertainty [1]. Friction coefficients can’t be measured directly and 
must be estimated through their impact on the hydrodynamic state 
of the system. The same goes for the wind influence coefficient. 
Discharge time series that are prescribed as upstream BC suffer 
from uncertainty that results from water level measurement and 
from the water level to discharge (H-Q) transformation via a 
local rating curve established from a limited number of gauging 
especially at high flow. Uncertainty in the downstream maritime 
BC are due to measurement errors and to surge level estimation.
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The main originality is that the uncertainty in the boundary 
conditions (BC) is assumed to be well approximated by a 
Gaussian Process characterized by an autocorrelation function 
and an associated correlation time scale. The dimension of the 
time-varying BC is reduced and the coefficients of the truncated 
KarhunenLo`eve (KL) decomposition of this process are then 
considered in the control vector, together with the friction 
coefficients and the wind influence coefficient of the EnKF to 
reduce uncertainty. This original method for reducing uncertainties 
at the time-dependent (maritime and fluvial) BC is justified, as 
estuarine processes are characterized by the propagation of tides 
and surge levels from offshore to the continental shelf and, thus, 
deeply influenced by the maritime BC (water levels, surge levels 
or velocities. The corrected BC and model parameters that come 
from the DA analysis are then used to run a direct model simulation 
in order to spatially modify the state of the system to reduce 
the propagated error over time [13]. In spite of what is usually 
reported in the literature, we have here decided not to include the 
model state in the control vector. Indeed, this would significantly 
increase the size of the control and thus require a larger ensemble. 
Also, the generation of perturbed model states within the ensemble 
requires additional work that was easily saved here as the state 
perturbation now results from the perturbation of model forcing 
and parameters. Finally, state only correction is well known to 
have a limited impact on medium to long term model improvement 
and that only model correction can leverage [14]. Most references 
in the literature on the coastal or estuarine area seek to improve 
the prediction of water levels through the direct correction of 
the hydraulic state of the system. It actually corresponds to the 
estimation of the initial (or “background”) condition. Following 
this strategy, describe the use of a deterministic EnKF that 
controls the hydrodynamical state by assimilating real altimetry 
observations to improve the prediction of oceanic surge levels on 
the Argentinean coast [15,16]. They demonstrated that with this 
strategy, the predictionskill of the state by correcting the initial 
condition appears to be limited. In perturbation on BC are used to 
build an ensemble of background state but neither BC nor friction 
coefficients are included in the control vector [15,16]. The same 
strategy was chosen in [17-19].

Friction coefficients are estimated with DA for 1D river 
hydrodynamics as well as in the case of a schematic estuarine field 
with a standalone with a dual state-parameter approach or with an 
augmented-state approach [20-26,14,7]. In these studies, friction 
coefficients are supposed to be constant over time and their “true” 
value represents a target to reach with DA. In our study, these 
coefficients are supposed to be time-varying in order to reflect the 
physical friction process of a macrotidal estuarian system.

The structure of the paper is as follows. Section 2 presents the 
hydrodynamical model of the Gironde estuary. It also describes 
the methodology to reduce the dimension of time-dependent 
Telemac2D forcings. The EnKF implementation is presented in 
Section 3. In Section 4, this methodology is applied to the Gironde 
Telemac2D numerical model. The experimental set-up is presented 
in Section 4.1 for an observing system simulation experiment 

(OSSE) and real experiment. The DA strategy is validated in the 
control and observation spaces in the context of OSSE in Section 
4.2. The results for real experiment are shown in Section 4.3. 
Conclusions and perspectives are given in Section 5. 

2. Hydrodynamical Modeling of the Gironde Estuary
2.1. Shallow Water Equations
The Shallow Water Equations (SWE) are commonly used in 
environmental hydrodynamic modeling. The non-conservative 
form of the SWE is derived from two principles: mass conservation 
and momentum conservation, after expansion of the derivatives. 
The equations are written in terms of the water depth (h [m]) and 
the horizontal components of velocity (u and v [m.s-1]).
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and ρw/ρair [kg.m-3] are the water/air density, Patm

[Pa] is the atmospheric pressure, Uw,x and Uw,y [m.s-1]

are the horizontal wind velocity components, Cd [-] is

the wind drag coefficient that relates the free surface

wind to the shear stress,Ks [m
1
3 .s-1] is the river bed and

floodplain friction coefficient, using the Strickler formu-

lation [27]. Fx and Fy [m.s-2] are the horizontal compo-

nents of external forces (friction, wind and atmospheric

forces), H [m NGF69] is the water level (h = H − zf
if zf [m NGF69] is the bottom level) and νe [m2.s-1] is

the water diffusion coefficient. div and
−−→
grad are respec-

tively the divergence and gradient operators.

To solve the system of equations Eq. (1) to Eq. (3),

initial conditions h(x, y, t = 0) = h0(x, y); u(x, y, t =

0) = u0(x, y); v(x, y, t = 0) = v0(x, y) are provided.

Boundary conditions both at the coastline (slip and

impermeability conditions) and at the upstream and

downstream boundaries (h(xBC , yBC , t) = hBC(t)) are

also given.

In the present study, as described in [1], the SWE are

solved with the parallel numerical solver TELEMAC2D

(www.opentelemac.org) with a semi-implicit first-order

time integration scheme, a finite element scheme and an

iterative conjugate gradient method [5].

2.2 Numerical modeling of the Gironde estuary with

Telemac2D

The numerical hydrodynamic model of the Gironde es-

tuary is described in [1] and shown in Figure 1. It ex-

tends approximately 125 km from east to west, has

12838 finite elements and is composed of 7351 nodes.

Based on the software Telemac2D, it is used by the

FFS GAD for an operational purpose to compute the

water height and velocity field from the mouth of the

estuary to the upstream confluence of the Garonne and

Dordogne rivers, respectively at La Réole and Pessac.

Hydrological upstream forcing for the Dordogne and

Garonne rivers are provided by the DREAL (Direc-

tion Régionale de l’Environnement, de l’Aménagement

des Territoires et du Logement) Nouvelle Aquitaine.

It should be noticed that inflows from the Isle River

and the Dronne River, both tributaries of the Dordogne

river at Libourne, are artificially injected at Pessac [6]

and that flood plains are not taken into account. The

maritime boundary is located in the Gascogne Gulf,

35 km away from le Verdon. Surface forcing atmospheric

fields (wind and pressure) from the regional meteoro-

logical model ARPEGE are provided by Meteo-France

at a 6-hour time step. Water levels at the maritime

boundary, which are the sum of the predicted astro-

nomical tidal levels and meteorological surge levels, are

also provided by Meteo-France at a 10 to 15 min time

step.

The model calibration for friction and wind influ-

ence coefficients was achieved over the 2003 storm us-

ing water level Root Mean Square Error (RMSE) and

Nash criteria at high tides (NASHHT ) computed be-

tween simulated and observed water levels at the ob-

serving stations shown in Figure 1 (red stars) [1]. The

7-day February 2003 calibration event is characterized

by a tide coefficient in [43 ; 90]. The Dordogne (resp.

Garonne) upstream discharge is in the range of [600

; 2200] m3.s-1 (resp. [1200 ; 5900] m3.s-1). The fric-

tion coefficient is described over 4 homogeneous areas

(A1, A2, A3 and A4) and are noted Ks1, Ks2, Ks3,

Ks4. Two sets of 4 friction coefficients were obtained

from calibration and are presented in Table 1. It shows,

for instance, that considering two different calibration

criteria leads to an uncertainty of 15 m
1
3 .s-1 for the

Strickler coefficient Ks1 in area A1. A uniform and

constant value was chosen here (Cd = 2, 14 10−6) in

coherence with the calibration of the surge levels nu-

merical model for the Atlantic Ocean, English Channel

and North Sea [28]. However the review of parametric

formulations of the wind drag coefficient presented by

[29] shows that the range of physical values for Cd is

[0.678.10-6 ; 3.016.10-6]. Further details on the calibra-
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tween simulated and observed water levels at the ob-

serving stations shown in Figure 1 (red stars) [1]. The

7-day February 2003 calibration event is characterized

by a tide coefficient in [43 ; 90]. The Dordogne (resp.

Garonne) upstream discharge is in the range of [600

; 2200] m3.s-1 (resp. [1200 ; 5900] m3.s-1). The fric-

tion coefficient is described over 4 homogeneous areas

(A1, A2, A3 and A4) and are noted Ks1, Ks2, Ks3,

Ks4. Two sets of 4 friction coefficients were obtained

from calibration and are presented in Table 1. It shows,

for instance, that considering two different calibration

criteria leads to an uncertainty of 15 m
1
3 .s-1 for the

Strickler coefficient Ks1 in area A1. A uniform and

constant value was chosen here (Cd = 2, 14 10−6) in

coherence with the calibration of the surge levels nu-

merical model for the Atlantic Ocean, English Channel

and North Sea [28]. However the review of parametric

formulations of the wind drag coefficient presented by

[29] shows that the range of physical values for Cd is

[0.678.10-6 ; 3.016.10-6]. Further details on the calibra-
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the wind drag coefficient that relates the free surface

wind to the shear stress,Ks [m
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3 .s-1] is the river bed and

floodplain friction coefficient, using the Strickler formu-

lation [27]. Fx and Fy [m.s-2] are the horizontal compo-

nents of external forces (friction, wind and atmospheric

forces), H [m NGF69] is the water level (h = H − zf
if zf [m NGF69] is the bottom level) and νe [m2.s-1] is

the water diffusion coefficient. div and
−−→
grad are respec-
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0) = u0(x, y); v(x, y, t = 0) = v0(x, y) are provided.

Boundary conditions both at the coastline (slip and

impermeability conditions) and at the upstream and

downstream boundaries (h(xBC , yBC , t) = hBC(t)) are

also given.

In the present study, as described in [1], the SWE are

solved with the parallel numerical solver TELEMAC2D

(www.opentelemac.org) with a semi-implicit first-order

time integration scheme, a finite element scheme and an

iterative conjugate gradient method [5].

2.2 Numerical modeling of the Gironde estuary with

Telemac2D

The numerical hydrodynamic model of the Gironde es-

tuary is described in [1] and shown in Figure 1. It ex-

tends approximately 125 km from east to west, has

12838 finite elements and is composed of 7351 nodes.

Based on the software Telemac2D, it is used by the

FFS GAD for an operational purpose to compute the

water height and velocity field from the mouth of the

estuary to the upstream confluence of the Garonne and

Dordogne rivers, respectively at La Réole and Pessac.

Hydrological upstream forcing for the Dordogne and

Garonne rivers are provided by the DREAL (Direc-

tion Régionale de l’Environnement, de l’Aménagement

des Territoires et du Logement) Nouvelle Aquitaine.

It should be noticed that inflows from the Isle River

and the Dronne River, both tributaries of the Dordogne

river at Libourne, are artificially injected at Pessac [6]

and that flood plains are not taken into account. The

maritime boundary is located in the Gascogne Gulf,

35 km away from le Verdon. Surface forcing atmospheric

fields (wind and pressure) from the regional meteoro-

logical model ARPEGE are provided by Meteo-France

at a 6-hour time step. Water levels at the maritime
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FFS GAD for an operational purpose to compute the

water height and velocity field from the mouth of the
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Garonne rivers are provided by the DREAL (Direc-
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river at Libourne, are artificially injected at Pessac [6]

and that flood plains are not taken into account. The

maritime boundary is located in the Gascogne Gulf,

35 km away from le Verdon. Surface forcing atmospheric

fields (wind and pressure) from the regional meteoro-

logical model ARPEGE are provided by Meteo-France

at a 6-hour time step. Water levels at the maritime

boundary, which are the sum of the predicted astro-

nomical tidal levels and meteorological surge levels, are

also provided by Meteo-France at a 10 to 15 min time

step.

The model calibration for friction and wind influ-

ence coefficients was achieved over the 2003 storm us-

ing water level Root Mean Square Error (RMSE) and

Nash criteria at high tides (NASHHT ) computed be-

tween simulated and observed water levels at the ob-

serving stations shown in Figure 1 (red stars) [1]. The

7-day February 2003 calibration event is characterized

by a tide coefficient in [43 ; 90]. The Dordogne (resp.

Garonne) upstream discharge is in the range of [600

; 2200] m3.s-1 (resp. [1200 ; 5900] m3.s-1). The fric-

tion coefficient is described over 4 homogeneous areas

(A1, A2, A3 and A4) and are noted Ks1, Ks2, Ks3,

Ks4. Two sets of 4 friction coefficients were obtained

from calibration and are presented in Table 1. It shows,

for instance, that considering two different calibration

criteria leads to an uncertainty of 15 m
1
3 .s-1 for the

Strickler coefficient Ks1 in area A1. A uniform and

constant value was chosen here (Cd = 2, 14 10−6) in

coherence with the calibration of the surge levels nu-

merical model for the Atlantic Ocean, English Channel

and North Sea [28]. However the review of parametric

formulations of the wind drag coefficient presented by

[29] shows that the range of physical values for Cd is

[0.678.10-6 ; 3.016.10-6]. Further details on the calibra-

 are 
respectively the divergence and gradient operators.

To solve the system of equations Eq. (1) to Eq. (3), initial conditions 
h(x,y,t = 0) = h0(x,y); u(x,y,t = 0) = u0(x,y); v(x,y,t = 0) = v0(x,y) 
are provided. Boundary conditions both at the coastline (slip and 
impermeability conditions) and at the upstream and downstream 
boundaries (h(xBC, yBC , t) = hBC (t)) are also given.
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In the present study, as described in the SWE are solved with the 
parallel numerical solver TELEMAC2D (www.opentelemac.org) 
with a semi-implicit first-order time integration scheme, a finite 
element scheme and an iterative conjugate gradient method [1,5].

2.2. Numerical Modeling of the Gironde Estuary with Telemac2D
The numerical hydrodynamic model of the Gironde estuary is 
described and shown in Figure 1 [1]. It extends approximately 125 
km from east to west, has 12838 finite elements and is composed 
of 7351 nodes. Based on the software Telemac2D, it is used by the 
FFS GAD for an operational purpose to compute the water height 
and velocity field from the mouth of the estuary to the upstream 
confluence of the Garonne and Dordogne rivers, respectively 
at La R´eole and Pessac. Hydrological upstream forcing for 

the Dordogne and Garonne rivers are provided by the DREAL 
(Direction R´egionale de l’Environnement, de l’Am´enagement 
des Territoires et du Logement) Nouvelle Aquitaine. It should be 
noticed that inflows from the Isle River and the Dronne River, 
both tributaries of the Dordogne river at Libourne, are artificially 
injected at Pessac and that flood plains are not taken into account 
[6]. The maritime boundary is located in the Gascogne Gulf, 35 
km away from le Verdon. Surface forcing atmospheric fields (wind 
and pressure) from the regional meteorological model ARPEGE 
are provided by Meteo-France at a 6-hour time step. Water levels 
at the maritime boundary, which are the sum of the predicted 
astronomical tidal levels and meteorological surge levels, are also 
provided by Meteo-France at a 10 to 15 min time step.

Reducing the infered time-varying forcings’ dimension to improve water level prediction in the Gironde estuary 19

Fig. 1: Extension and location of the numerical model of the Gironde estuary and delimitation of the Strickler

coefficient areas 1 (A1) to 4 (A4). Circles represent the nodes of the numerical model based on a mesh built with
finite elements (in black). Stars show the 26 main stations of interest for the water level predictions.

Figure 1: Extension and Location of the Numerical Model of the Gironde Estuary and Delimitation of the Strickler Coefficient Areas 1 
(A1) to 4 (A4). Circles Represent the Nodes of the Numerical Model Based on a Mesh Built with Finite Elements (in black). Stars Show 
the 26 Main Stations of Interest for the Water Level Predictions.

The model calibration for friction and wind influence coefficients 
was achieved over the 2003 storm using water level Root Mean 
Square Error (RMSE) and Nash criteria at high tides (NASHHT) 
computed between simulated and observed water levels at the 
observing stations shown in Figure 1 (red stars) [1]. The 7-day 

February 2003 calibration event is characterized by a tide 
coefficient in [43 ; 90]. The Dordogne (resp. Garonne) upstream 
discharge is in the range of [600 ; 2200] m3.s-1 (resp. [1200 ; 5900] 
m3.s-1). The friction coefficient is described over 4 homogeneous 
areas (A1, A2, A3 and A4) and are noted Ks1, Ks2, Ks3, Ks4. Two 

http://www.opentelemac.org
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sets of 4 friction coefficients were obtained from calibration and 
are presented in Table 1. It shows, for instance, that considering 
two different calibration criteria leads to an uncertainty of 15 m1/3 

.s-1 for the Strickler coefficient Ks1 in area A1. A uniform and 
constant value was chosen here (Cd = 2,14 10−6) in coherence with 
the calibration of the surge levels numerical model for the Atlantic 
Ocean, English Channel and North Sea [28]. However the review 
of parametric formulations of the wind drag coefficient presented 
shows that the range of physical values for Cd is [0.678.10-6 ; 
3.016.10-6] [29]. Further details on the calibration of the model 
with the non-overflowing 2003 storm event are given in [1]. The 
2003 flood event is further used in the present paper for the OSSE 

experiment setting, as the OSSE experiment doesn’t take model 
errors into account. Another flood event in 2016 is used for real 
experiment setting. It should be noted that this event was not used 
for calibration. The performance of the model was assessed with 
the non-overflowing 2016 storm from 01/01/2016 to 09/01/2016. 
This event is characterized by a moderate flood of the Garonne 
river (100 to 1046 m3/s) and of the Dordogne river (100 to 950 
m3/s). For both events, the observed in situ water levels used for 
the performance assessment of the model were provided by FFS-
GAD and/or from the REFMAR network databases (http:\refmar.
shom.fr).
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Table 1: Calibrated Strickler (Ks) coefficients computed from the NashHT and RMSE criteria and initial ensemble

mean Strickler coefficients for OSSE 2003 event during Exp. A and for 2016 real event during Exp. B, also used

for the control run forced by γb
0. Ks4 is not corrected.

Input variable Strickler coefficients Strickler coefficients Initial ensemble mean Strickler coefficients
with NashHT criterion with RMSE criterion for Exp. A for Exp. B

Ks1 55 70 35 60
Ks2 70 70 35 60
Ks3 75 65 35 50
Ks4 50 55

Table 2: DA experimental settings for OSSE 2003 event during Exp. A and for 2016 real event during Exp. B.

Experiment Observations Control vector DAW cycling
Name Type duration type assimilation period γ L∆t S∆t

(in hours) ∆t (in hours) (in hours) (in hours)
Exp. A twin 96 synthetic water levels 1 Ks1, Ks2, Ks3, Cd 1 1

CLMAR, QGAR, QDOR
Exp. B real 66 in situ 1 Ks1, Ks2, Ks3 3 2

observed water levels CLMAR

Table 3: Location of the ”assimilated” observations for OSSE 2003 event during Exp. A and for 2016 real event

during Exp. B. For Exp. A, observations are synthetic and hourly water levels extracted from the simulation

Exp. True. For Exp. B, assimilated observations are hourly real observed water levels.

Exp. Number of stations Location

Exp. A-1 12 Le Verdon, Richard, Laména, Pauillac, Fort-Médoc, Bec d’Ambès,
Le Marquis, Bassens, Bordeaux Pabx, Bordeaux2, La Réole, Pessac.

Exp. A-2 8 Le Verdon, Richard, Pauillac, Bec d’Ambès,
Bordeaux2, La Réole, Pessac.

Exp. A-3 3 Lamena, La Réole, Pessac.

Exp. A-4 4 Le Verdon, Pauillac, La Réole, Pessac.

Exp. B 3 Port-Bloc, Pauillac, Bordeaux Pabx

Table 4: “True” parameters and “modal” coefficients applied on CLMAR, QGAR and QDOR modes collected in

γtrue for Exp. True for OSSE 2003 event during Exp. A.

CLMAR QGAR QDOR Ks1true Ks2true Ks3true Cdtrue

α1
true -4.71×10−01 +5.56×10−03 +1.01 piecewise constant 40 m

1
3 .s-1 2.57 × 10−6

α2
true -9.27×10−01 -1.17 +9.44×10−01 time function

α3
true -7.26×10−01 -1.13 -1.41 on the

α4
true +4.14×10−01 -4.26×10−01 +4.82×10−01 range

α5
true +1.34 - - [30;60] [40;70]

α6
true +9.62×10−01 - - Each step lasts

α7
true -1.32 - - about 12 h.

Table 1: Calibrated Strickler (Ks) Coefficients Computed from the NashHT and RMSE Criteria and Initial Ensemble Mean 
Strickler Coefficients for OSSE 2003 Event During Exp. A and for 2016 Real Event During Exp. B, also used for the Control Run 
Forced by
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observed water levels CLMAR

Table 3: Location of the ”assimilated” observations for OSSE 2003 event during Exp. A and for 2016 real event

during Exp. B. For Exp. A, observations are synthetic and hourly water levels extracted from the simulation

Exp. True. For Exp. B, assimilated observations are hourly real observed water levels.

Exp. Number of stations Location

Exp. A-1 12 Le Verdon, Richard, Laména, Pauillac, Fort-Médoc, Bec d’Ambès,
Le Marquis, Bassens, Bordeaux Pabx, Bordeaux2, La Réole, Pessac.

Exp. A-2 8 Le Verdon, Richard, Pauillac, Bec d’Ambès,
Bordeaux2, La Réole, Pessac.

Exp. A-3 3 Lamena, La Réole, Pessac.

Exp. A-4 4 Le Verdon, Pauillac, La Réole, Pessac.

Exp. B 3 Port-Bloc, Pauillac, Bordeaux Pabx

Table 4: “True” parameters and “modal” coefficients applied on CLMAR, QGAR and QDOR modes collected in

γtrue for Exp. True for OSSE 2003 event during Exp. A.

CLMAR QGAR QDOR Ks1true Ks2true Ks3true Cdtrue

α1
true -4.71×10−01 +5.56×10−03 +1.01 piecewise constant 40 m

1
3 .s-1 2.57 × 10−6

α2
true -9.27×10−01 -1.17 +9.44×10−01 time function

α3
true -7.26×10−01 -1.13 -1.41 on the

α4
true +4.14×10−01 -4.26×10−01 +4.82×10−01 range

α5
true +1.34 - - [30;60] [40;70]

α6
true +9.62×10−01 - - Each step lasts

α7
true -1.32 - - about 12 h.

Ks4 is not Corrected.

Unsurprisingly, the RMSE between the simulated water levels 
and those observed at 12 measuring stations along the estuary are 
significantly better for the 2003 non-overflowing calibration event 
than for the 2016 event. Indeed, the RMSE reaches 16 cm at Le 
Verdon and 36 cm at Lam´ena in 2003 and 18 cm at Le Verdon 
and Lam´ena for the event of 2016. These errors remain higher 
than the 10 cm accuracy expected by the FFS GAD. Moreover, 
these results are computed on past events in reanalysis mode using 
perfect meteorological and hydrological forcing. Additional errors 
due to imperfect forecasts are expected in operational mode, in 
particular with increasing prediction leadtimes which advocated 
for further improvement of the Gironde model with the assimilation 
of observed water levels, as described in section 3 [6].

The hydrodynamics of the Gironde estuary results from varying 
power balancing between the space- and/or time-dependent 
friction, geometry and both upstream and downstream BC, 
which complicates the immediate and intuitive interpretation 
of the complex hydrodynamics of the estuary. [1] presented an 
original GSA performed on unsteady flows simulations using the 
Telemac2D solver, while accounting for the maritime influence of
the Gironde estuary and upstream rivers’ discharges. Quantifying 
uncertainties both in space and time, and identifying the most 
influential variables, helps to understand the dominant physical 
processes in the estuary. The GSA, based on ANOVA [30], 
allowed to estimate the Sobol’ indices over the 7-day storm event 
in 2003 and, therefore, allowed the identification of the most 
significant sources of uncertainty. It was shown that the maritime 
BC noted CLMAR drives the dynamics of the estuary. Moving 
from the mouth of the estuary to the upstream part of the Garonne 
and Dordogne rivers, it was also shown that the influence of the 
friction coefficients (Ks1 at the mouth of the estuary, Ks2 in its 
central part, together with Ks3 at the confluence between the 
Dordogne and Garonne rivers and Ks4 at the upstream) increases, 

and that the hydrological forcings noted QDOR and QGAR have a 
very local influence upstream in the Dordogne and Garonne rivers 
respectively. The wind influence coefficient Cd had no influence 
during the 2003 non-overflowing storm event characterized by 
weak winds.

2.3. Reducing the Time Dimension of Forcings
In this study, the dimension of each time-varying BC (CLMAR, 
QGAR or QDOR) is reduced, as their uncertainty over time 
is represented by the realization of a Gaussian Process (GP) 
characterized by a correlation function and associated correlation 
length (over time), according to the methodology developed in [1]. 
The correlation length scales ℓQGAR and ℓQDOR are set to 3 
days for the 2003 event and the correlation length scale ℓCLMAR 
is set to 2.1 days for the maritime boundary, as it was shown that 
the uncertainty on the maritime BC originates from the stochastic 
storm surge [1].

The perturbation of the observed discharge (resp. maritime) time 
series is noted q(t) (resp. h(t)). The KL decomposition of this GP 
truncature is shown in Eq. (6), at order p. q(t) is reduced to the 
sampling of the random vector qp (resp. hp), as p independent 
standard Gaussian variables using 
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mode, in particular with increasing prediction leadtimes
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ter levels, as described in section 3.

The hydrodynamics of the Gironde estuary results

from varying power balancing between the space- and/or

time-dependent friction, geometry and both upstream

and downstream BC, which complicates the immedi-

ate and intuitive interpretation of the complex hydro-

dynamics of the estuary. [1] presented an original GSA

performed on unsteady flows simulations using the Telemac2D

solver, while accounting for the maritime influence of

the Gironde estuary and upstream rivers’ discharges.

Quantifying uncertainties both in space and time, and

identifying the most influential variables, helps to un-

derstand the dominant physical processes in the estu-

ary. The GSA, based on ANOVA [30], allowed to es-

timate the Sobol’ indices over the 7-day storm event

in 2003 and, therefore, allowed the identification of the

most significant sources of uncertainty. It was shown

that the maritime BC noted CLMAR drives the dy-

namics of the estuary. Moving from the mouth of the

estuary to the upstream part of the Garonne and Dor-

dogne rivers, it was also shown that the influence of the

friction coefficients (Ks1 at the mouth of the estuary,

Ks2 in its central part, together with Ks3 at the con-

fluence between the Dordogne and Garonne rivers and

Ks4 at the upstream) increases, and that the hydrolog-

ical forcings noted QDOR and QGAR have a very local

influence upstream in the Dordogne and Garonne rivers

respectively. The wind influence coefficient Cd had no

influence during the 2003 non-overflowing storm event

characterized by weak winds.

2.3 Reducing the time dimension of forcings

In this study, the dimension of each time-varying BC

(CLMAR, QGAR or QDOR) is reduced, as their un-

certainty over time is represented by the realization of

a Gaussian Process (GP) characterized by a correlation

function and associated correlation length (over time),

according to the methodology developed in [1]. The cor-

relation length scales ℓQGAR and ℓQDOR are set to 3

days for the 2003 event and the correlation length scale

ℓCLMAR is set to 2.1 days for the maritime boundary, as

it was shown in [1] that the uncertainty on the maritime

BC originates from the stochastic storm surge.

The perturbation of the observed discharge (resp.

maritime) time series is noted q(t) (resp. h(t)). The

KL decomposition of this GP truncature is shown in

Eq. (6), at order p. q(t) is reduced to the sampling of

the random vector qp (resp. hp), as p independent stan-

dard Gaussian variables using α = (αi)i∈(1,,..p) which

weights the perturbation brought by each mode.

qp(t) ≈ (qp(t1), . . . , qp(tL))
T
=

p∑
i=1

√
λiΦi(t)αi. (6)

where

Φi(t) ≈ (ϕi(t1), . . . , ϕi(tL))
T
, (7)

L is the total number of time steps over the discretized

time series (t1,t2,..,tL), p is the truncature order of the

KL decomposition. The solution (λi,Φi) of Fredholm

equation, as described in [1], is obtained from a singu-

lar value decomposition (SVD) and contributes to the

truncated expansion of q(t) and h(t) discretized over the

discretized time series. These perturbations are added

to the observed discharges and maritime water levels

time-series. For instance, for the Dordogne river:

QDOR(t) = qobs,DOR(t) + qp(t) (8)

where qobs,DOR is the observed time series. A time-

dependent BC can thus be controlled with DA through

the vector α with dimension p, which contains the so-

called “modal” coefficients which apply the p modes

(Φi)i ∈ (1, , ..p) of the KL decomposition.

 which 
weights the perturbation brought by each mode.
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equation, as described in [1], is obtained from a singu-
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the vector α with dimension p, which contains the so-
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(t1,t2,..,tL), p is the truncature order of the KL decomposition. 
The solution (λi, Φi) of Fredholm equation, as described in [1], 
is obtained from a singular value decomposition (SVD) and 
contributes to the truncated expansion of q(t) and h(t) discretized 
over the discretized time series. These perturbations are added to 
the observed discharges and maritime water levels time-series. For 
instance, for the Dordogne river:
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called “modal” coefficients which apply the p modes

(Φi)i ∈ (1, , ..p) of the KL decomposition.

where qobs,DOR is the observed time series. A timedependent BC can 
thus be controlled with DA through the vector α with dimension p, 
which contains the socalled “modal” coefficients which apply the 
p modes (Φi)i ∈ (1,,..p) of the KL decomposition.

2.4. Uncertainties in Observations and Modeling Inputs
Synthetic or real observations respectively assimilated in Section 
4.2 and Section 4.3 are in situ observed water levels at the specific 
measurement stations along the Gironde estuary, as shown in 
Figure 1. All observations are collected in the observation vector y0 
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2.4 Uncertainties in observations and modeling inputs

Synthetic or real observations respectively assimilated
in Section 4.2 and Section 4.3 are in situ observed wa-
ter levels at the specific measurement stations along
the Gironde estuary, as shown in Figure 1. All ob-
servations are collected in the observation vector y0

(∈ Rnobs). The observation errors are assumed to be
uncorrelated, Gaussian and with a constant standard
deviation σobs = 1 cm over time. The order of magni-
tude is the same as that indicated by [31] which evalu-
ates the standard deviation of the measurement errors
of the in situ observation stations on the Adour River
at 2.5 cm. This information is prescribed in the error
covariance matrix.

As in [1], Strickler coefficients (resp. Cd) are sup-
posed to follow a uniform density of probability (PdF)
of range [Ksiinit-10 ; Ksiinit+10] (resp. on the range
[0.678E − 6; 3.016E − 6]). For the OSSE 2003 event,
Ksiinit = 35 m

1
3 .s-1 ∀ i ∈ (1, 2, 3). For 2016 real event,

Ksiinit = 60 m
1
3 .s-1 for i ∈ (1, 2) and Ks3 = 50 m

1
3 .s-1,

as shown in Table 1.

The KL decompositions of the hydrological QGAR
(resp. QDOR) for the Garonne (resp. Dordogne) river

and maritime forcings CLMAR are respectively trun-
cated with pQDOR = pQGAR = 4 and pCLMAR = 7 modes,
retaining respectively 90 % and 99 % of the Gaussian
process variance. The amplitudes σQDOR and σQGAR

of the perturbations of the upstream discharges are
set proportional (20 %) to the observed discharges as
the uncertainties of the rating curves used to translate
the water levels into discharges are larger for high flow
time series. The amplitude σCLMAR of the maritime BC
perturbation is set to ± 30 cm, representing the un-
certainty in surge levels at each node of the maritime
boundary of the numerical model. The ensemble for the
control vector is built using a Sobol’ sequence of dimen-
sion (nvar, Ne) drawn within the previously described
PDFs. The Sobol sequence has a low discrepancy and
insures a better dispersion than Latin HyperCube or
Monte Carlo samping [32,33,34].

3 Data assimilation framework

The methodology, called EnKF-γ-KLBC for stochastic
Ensemble Kalman Filter (EnKF) correcting the control
vector γ through the KL decomposition of the time-
dependent BC, consists in a sequential simulation algo-
rithm, based on the well-known stochastic EnKF, for
a joint estimation of parameters and time-dependent
BC. It is original in that it resumes the correction of

the time-dependent BC together with friction and wind

influence coefficients to a simpler problem of parame-
ters correction. Figure 2 summarizes the steps of the
methodology which are detailed below.

3.1 Description of the control vector γ

In this section, for the purpose of clarity, we consider
that the index k refers to the time step tk. Moreover,
this index k has been removed from all equations at tk.

3.1.1 Controlled variables

γ =

(
α
θ

)
, of dimension nvar, is the control vector at

time step tk, as shown in Figure 2, step 1. nvar is the
dimension of γ and, therefore, the total number of con-
trolled variables (parameters θ and modal coefficients
α).

As described in Section 2.4, the correction of each
time-dependent BC (QDOR, QGAR or CLMAR) is
controlled by pBC parameters, also modal coefficients,
applied to the pBC modes (Φi(t))i∈(1,,..pBC) resulting
from the KL decomposition of the autocorrelation func-

tion of the time-dependent forcing. On the one hand,
α with dimension pQGAR + pQDOR + pCLMAR gath-

ers all modal coefficients for the BC included in γ and
corrected with DA. On the other hand, θ contains the

parameters of the numerical model assumed constant
during a preliminary calibration phase (friction coeffi-

cients Ks and wind influence coefficient Cd of the hy-
drodynamic model, for example).

In the framework of ensemble-based DA, the anomaly
Xγ of γ is defined with Eq. (9):

Xγ =
1√
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[
γ1 − γ, · · · ,γNe

− γ
]

∈ Rnvar×Ne

(9)

with γ the mean of the control vector written with
Eq. (10):
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Ne

Ne∑
n=1

γn ∈ Rnvar , (10)

where Ne is the size of the ensemble.

Pγ , the background error covariance matrix of γ, is
computed using the ensemble as defined in Eq. (11):

Pγ = (Xγ)(Xγ)T ∈ Rnvar×nvar . (11)
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= 60 m1/3 .s-1 for i ∈ (1, 2) and Ks3 = 50 m1/3 .s-1, as shown in Table 1.

The KL decompositions of the hydrological QGAR (resp. QDOR) 
for the Garonne (resp. Dordogne) river and maritime forcings 
CLMAR are respectively truncated with pQDOR = pQGAR = 4 and 
pCLMAR = 7 modes, retaining respectively 90 % and 99 % of the 
Gaussian process variance. The amplitudes σQDOR and σQGAR 
of the perturbations of the upstream discharges are set proportional 
(20 %) to the observed discharges as the uncertainties of the rating 
curves used to translate the water levels into discharges are larger 
for high flow time series. The amplitude σCLMAR of the maritime 
BC perturbation is set to ± 30 cm, representing the uncertainty in 
surge levels at each node of the maritime boundary of the numerical 
model. The ensemble for the control vector is built using a Sobol’ 
sequence of dimension (nvar, Ne) drawn within the previously 
described PDFs. The Sobol sequence has a low discrepancy and 
insures a better dispersion than Latin HyperCube or Monte Carlo 
samping [32-34]. 
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Figure 2: Dual Parameter and Boundary Condition Estimation Flowchart using the Stochastic EnKF with Reduced Boundary Conditions 
in KL Space (EnKF-γ-KLBC) (adapted from) [14].
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Fig. 2: Dual parameter and boundary condition estimation flowchart using the stochastic EnKF with reduced

boundary conditions in KL space (EnKF-γ-KLBC) (adapted from [14]).

3.1. Description of the Control Vector γ
In this section, for the purpose of clarity, we consider that the 
index k refers to the time step tk. Moreover, this index k has been 
removed from all equations at tk.

3.1.1. Controlled Variables
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in Section 4.2 and Section 4.3 are in situ observed wa-
ter levels at the specific measurement stations along
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servations are collected in the observation vector y0

(∈ Rnobs). The observation errors are assumed to be
uncorrelated, Gaussian and with a constant standard
deviation σobs = 1 cm over time. The order of magni-
tude is the same as that indicated by [31] which evalu-
ates the standard deviation of the measurement errors
of the in situ observation stations on the Adour River
at 2.5 cm. This information is prescribed in the error
covariance matrix.

As in [1], Strickler coefficients (resp. Cd) are sup-
posed to follow a uniform density of probability (PdF)
of range [Ksiinit-10 ; Ksiinit+10] (resp. on the range
[0.678E − 6; 3.016E − 6]). For the OSSE 2003 event,
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1
3 .s-1 for i ∈ (1, 2) and Ks3 = 50 m
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as shown in Table 1.

The KL decompositions of the hydrological QGAR
(resp. QDOR) for the Garonne (resp. Dordogne) river
and maritime forcings CLMAR are respectively trun-
cated with pQDOR = pQGAR = 4 and pCLMAR = 7 modes,
retaining respectively 90 % and 99 % of the Gaussian
process variance. The amplitudes σQDOR and σQGAR

of the perturbations of the upstream discharges are
set proportional (20 %) to the observed discharges as
the uncertainties of the rating curves used to translate
the water levels into discharges are larger for high flow
time series. The amplitude σCLMAR of the maritime BC
perturbation is set to ± 30 cm, representing the un-

certainty in surge levels at each node of the maritime
boundary of the numerical model. The ensemble for the

control vector is built using a Sobol’ sequence of dimen-
sion (nvar, Ne) drawn within the previously described
PDFs. The Sobol sequence has a low discrepancy and
insures a better dispersion than Latin HyperCube or
Monte Carlo samping [32,33,34].

3 Data assimilation framework

The methodology, called EnKF-γ-KLBC for stochastic
Ensemble Kalman Filter (EnKF) correcting the control
vector γ through the KL decomposition of the time-

dependent BC, consists in a sequential simulation algo-

rithm, based on the well-known stochastic EnKF, for
a joint estimation of parameters and time-dependent
BC. It is original in that it resumes the correction of

the time-dependent BC together with friction and wind

influence coefficients to a simpler problem of parame-
ters correction. Figure 2 summarizes the steps of the
methodology which are detailed below.

3.1 Description of the control vector γ

In this section, for the purpose of clarity, we consider
that the index k refers to the time step tk. Moreover,
this index k has been removed from all equations at tk.

3.1.1 Controlled variables

γ =

(
α
θ

)
, of dimension nvar, is the control vector at

time step tk, as shown in Figure 2, step 1. nvar is the
dimension of γ and, therefore, the total number of con-
trolled variables (parameters θ and modal coefficients
α).

As described in Section 2.4, the correction of each
time-dependent BC (QDOR, QGAR or CLMAR) is
controlled by pBC parameters, also modal coefficients,
applied to the pBC modes (Φi(t))i∈(1,,..pBC) resulting
from the KL decomposition of the autocorrelation func-
tion of the time-dependent forcing. On the one hand,
α with dimension pQGAR + pQDOR + pCLMAR gath-
ers all modal coefficients for the BC included in γ and

corrected with DA. On the other hand, θ contains the
parameters of the numerical model assumed constant

during a preliminary calibration phase (friction coeffi-
cients Ks and wind influence coefficient Cd of the hy-

drodynamic model, for example).

In the framework of ensemble-based DA, the anomaly

Xγ of γ is defined with Eq. (9):
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Ne − 1

[
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(9)

with γ the mean of the control vector written with

Eq. (10):

γ =
1
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where Ne is the size of the ensemble.

Pγ , the background error covariance matrix of γ, is

computed using the ensemble as defined in Eq. (11):

Pγ = (Xγ)(Xγ)T ∈ Rnvar×nvar . (11)

, of dimension nvar, is the control vector at time step 

tk, as shown in Figure 2, step 1. nvar is the dimension of γ and, 
therefore, the total number of controlled variables (parameters θ 
and modal coefficients α).

As described in Section 2.4, the correction of each time-dependent 
BC (QDOR, QGAR or CLMAR) is controlled by pBC parameters, 
also modal coefficients, applied to the pBC modes (Φi(t))i∈(1,,..

pBC) resulting from the KL decomposition of the autocorrelation 
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function of the time-dependent forcing. On the one hand, α with 
dimension pQGAR + pQDOR + pCLMAR gathers all modal coefficients for 
the BC included in γ and corrected with DA. On the other hand, θ 
contains the parameters of the numerical model assumed constant 
during a preliminary calibration phase (friction coefficients Ks 
and wind influence coefficient Cd of the hydrodynamic model, for 
example).

In the framework of ensemble-based DA, the anomaly Xγ of γ is 
defined with Eq. (9):

                      

6 V. Laborie, S. Ricci and N. Goutal
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Synthetic or real observations respectively assimilated
in Section 4.2 and Section 4.3 are in situ observed wa-
ter levels at the specific measurement stations along
the Gironde estuary, as shown in Figure 1. All ob-
servations are collected in the observation vector y0

(∈ Rnobs). The observation errors are assumed to be
uncorrelated, Gaussian and with a constant standard
deviation σobs = 1 cm over time. The order of magni-
tude is the same as that indicated by [31] which evalu-
ates the standard deviation of the measurement errors
of the in situ observation stations on the Adour River
at 2.5 cm. This information is prescribed in the error
covariance matrix.

As in [1], Strickler coefficients (resp. Cd) are sup-
posed to follow a uniform density of probability (PdF)
of range [Ksiinit-10 ; Ksiinit+10] (resp. on the range
[0.678E − 6; 3.016E − 6]). For the OSSE 2003 event,
Ksiinit = 35 m

1
3 .s-1 ∀ i ∈ (1, 2, 3). For 2016 real event,

Ksiinit = 60 m
1
3 .s-1 for i ∈ (1, 2) and Ks3 = 50 m

1
3 .s-1,

as shown in Table 1.

The KL decompositions of the hydrological QGAR
(resp. QDOR) for the Garonne (resp. Dordogne) river
and maritime forcings CLMAR are respectively trun-
cated with pQDOR = pQGAR = 4 and pCLMAR = 7 modes,
retaining respectively 90 % and 99 % of the Gaussian
process variance. The amplitudes σQDOR and σQGAR

of the perturbations of the upstream discharges are
set proportional (20 %) to the observed discharges as
the uncertainties of the rating curves used to translate
the water levels into discharges are larger for high flow
time series. The amplitude σCLMAR of the maritime BC
perturbation is set to ± 30 cm, representing the un-
certainty in surge levels at each node of the maritime
boundary of the numerical model. The ensemble for the
control vector is built using a Sobol’ sequence of dimen-
sion (nvar, Ne) drawn within the previously described
PDFs. The Sobol sequence has a low discrepancy and
insures a better dispersion than Latin HyperCube or
Monte Carlo samping [32,33,34].

3 Data assimilation framework

The methodology, called EnKF-γ-KLBC for stochastic
Ensemble Kalman Filter (EnKF) correcting the control
vector γ through the KL decomposition of the time-
dependent BC, consists in a sequential simulation algo-
rithm, based on the well-known stochastic EnKF, for
a joint estimation of parameters and time-dependent
BC. It is original in that it resumes the correction of
the time-dependent BC together with friction and wind

influence coefficients to a simpler problem of parame-
ters correction. Figure 2 summarizes the steps of the
methodology which are detailed below.

3.1 Description of the control vector γ

In this section, for the purpose of clarity, we consider
that the index k refers to the time step tk. Moreover,
this index k has been removed from all equations at tk.

3.1.1 Controlled variables

γ =

(
α
θ

)
, of dimension nvar, is the control vector at

time step tk, as shown in Figure 2, step 1. nvar is the
dimension of γ and, therefore, the total number of con-
trolled variables (parameters θ and modal coefficients
α).

As described in Section 2.4, the correction of each
time-dependent BC (QDOR, QGAR or CLMAR) is
controlled by pBC parameters, also modal coefficients,
applied to the pBC modes (Φi(t))i∈(1,,..pBC) resulting
from the KL decomposition of the autocorrelation func-
tion of the time-dependent forcing. On the one hand,
α with dimension pQGAR + pQDOR + pCLMAR gath-
ers all modal coefficients for the BC included in γ and
corrected with DA. On the other hand, θ contains the
parameters of the numerical model assumed constant
during a preliminary calibration phase (friction coeffi-
cients Ks and wind influence coefficient Cd of the hy-
drodynamic model, for example).

In the framework of ensemble-based DA, the anomaly
Xγ of γ is defined with Eq. (9):

Xγ =
1√

Ne − 1

[
γ1 − γ, · · · ,γNe

− γ
]

∈ Rnvar×Ne

(9)

with γ the mean of the control vector written with
Eq. (10):

γ =
1

Ne

Ne∑
n=1

γn ∈ Rnvar , (10)

where Ne is the size of the ensemble.

Pγ , the background error covariance matrix of γ, is
computed using the ensemble as defined in Eq. (11):

Pγ = (Xγ)(Xγ)T ∈ Rnvar×nvar . (11)

with 
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BC. It is original in that it resumes the correction of
the time-dependent BC together with friction and wind

influence coefficients to a simpler problem of parame-

ters correction. Figure 2 summarizes the steps of the
methodology which are detailed below.

3.1 Description of the control vector γ

In this section, for the purpose of clarity, we consider
that the index k refers to the time step tk. Moreover,
this index k has been removed from all equations at tk.
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dimension of γ and, therefore, the total number of con-
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α).

As described in Section 2.4, the correction of each
time-dependent BC (QDOR, QGAR or CLMAR) is
controlled by pBC parameters, also modal coefficients,
applied to the pBC modes (Φi(t))i∈(1,,..pBC) resulting
from the KL decomposition of the autocorrelation func-
tion of the time-dependent forcing. On the one hand,
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the Gironde estuary, as shown in Figure 1. All ob-
servations are collected in the observation vector y0

(∈ Rnobs). The observation errors are assumed to be
uncorrelated, Gaussian and with a constant standard
deviation σobs = 1 cm over time. The order of magni-
tude is the same as that indicated by [31] which evalu-
ates the standard deviation of the measurement errors
of the in situ observation stations on the Adour River
at 2.5 cm. This information is prescribed in the error
covariance matrix.

As in [1], Strickler coefficients (resp. Cd) are sup-
posed to follow a uniform density of probability (PdF)
of range [Ksiinit-10 ; Ksiinit+10] (resp. on the range
[0.678E − 6; 3.016E − 6]). For the OSSE 2003 event,
Ksiinit = 35 m

1
3 .s-1 ∀ i ∈ (1, 2, 3). For 2016 real event,

Ksiinit = 60 m
1
3 .s-1 for i ∈ (1, 2) and Ks3 = 50 m

1
3 .s-1,

as shown in Table 1.

The KL decompositions of the hydrological QGAR
(resp. QDOR) for the Garonne (resp. Dordogne) river
and maritime forcings CLMAR are respectively trun-
cated with pQDOR = pQGAR = 4 and pCLMAR = 7 modes,
retaining respectively 90 % and 99 % of the Gaussian
process variance. The amplitudes σQDOR and σQGAR

of the perturbations of the upstream discharges are
set proportional (20 %) to the observed discharges as
the uncertainties of the rating curves used to translate
the water levels into discharges are larger for high flow
time series. The amplitude σCLMAR of the maritime BC
perturbation is set to ± 30 cm, representing the un-
certainty in surge levels at each node of the maritime
boundary of the numerical model. The ensemble for the
control vector is built using a Sobol’ sequence of dimen-
sion (nvar, Ne) drawn within the previously described
PDFs. The Sobol sequence has a low discrepancy and
insures a better dispersion than Latin HyperCube or
Monte Carlo samping [32,33,34].

3 Data assimilation framework

The methodology, called EnKF-γ-KLBC for stochastic
Ensemble Kalman Filter (EnKF) correcting the control
vector γ through the KL decomposition of the time-
dependent BC, consists in a sequential simulation algo-
rithm, based on the well-known stochastic EnKF, for
a joint estimation of parameters and time-dependent
BC. It is original in that it resumes the correction of
the time-dependent BC together with friction and wind

influence coefficients to a simpler problem of parame-

ters correction. Figure 2 summarizes the steps of the

methodology which are detailed below.

3.1 Description of the control vector γ

In this section, for the purpose of clarity, we consider
that the index k refers to the time step tk. Moreover,
this index k has been removed from all equations at tk.

3.1.1 Controlled variables

γ =

(
α
θ

)
, of dimension nvar, is the control vector at

time step tk, as shown in Figure 2, step 1. nvar is the
dimension of γ and, therefore, the total number of con-
trolled variables (parameters θ and modal coefficients
α).

As described in Section 2.4, the correction of each
time-dependent BC (QDOR, QGAR or CLMAR) is
controlled by pBC parameters, also modal coefficients,
applied to the pBC modes (Φi(t))i∈(1,,..pBC) resulting
from the KL decomposition of the autocorrelation func-
tion of the time-dependent forcing. On the one hand,
α with dimension pQGAR + pQDOR + pCLMAR gath-
ers all modal coefficients for the BC included in γ and
corrected with DA. On the other hand, θ contains the
parameters of the numerical model assumed constant
during a preliminary calibration phase (friction coeffi-
cients Ks and wind influence coefficient Cd of the hy-
drodynamic model, for example).

In the framework of ensemble-based DA, the anomaly
Xγ of γ is defined with Eq. (9):

Xγ =
1√

Ne − 1

[
γ1 − γ, · · · ,γNe

− γ
]

∈ Rnvar×Ne

(9)

with γ the mean of the control vector written with
Eq. (10):

γ =
1

Ne

Ne∑
n=1

γn ∈ Rnvar , (10)

where Ne is the size of the ensemble.

Pγ , the background error covariance matrix of γ, is
computed using the ensemble as defined in Eq. (11):

Pγ = (Xγ)(Xγ)T ∈ Rnvar×nvar . (11)

3.1.2. Initialization of the Control Vector
Based on the methodology for the creation of ensembles of 
parameters and perturbed time-dependent forcings and with 
uncertainties respectively described and Section 2.4, the 
initialization phase of the method consists in creating a background 
ensemble Xγ

0 at the initial time t0 with dimension (nvar, Ne), as 
shown in Figure 2, step 2 [1]. The space filling strategy for the 
initialisation of θ0 and α0 is carried out with a Sobol’ sequence 
rather than a classical Monte-Carlo strategy, as showed it is more 
efficient in terms of dispersion and uniformity than the Latin 
Hypercube or Monte Carlo sampling methods although these are 
more popular in literature [35].

The control vector for each member i of the ensemble of size Ne at 
t0 is denoted γ0,i. The mean of the ensemble of the control vectors 
at t0 is noted γ0 and its covariance matrix is noted Pγ

0 , respectively 
computed with Eq. (10) and Eq. (11).

3.2. EnKF-γ-KLBC Equations
The EnKF-γ-KLBC equations consist in a stochastic EnKF for the 
correction of the control vector γ. The two steps of the methodology 
are described below and in Figure 2. In the following notations, the 
a (resp. f) superscript stands for “analysis” (resp. “forecast”) step 
of the EnKF. It should be noticed that
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

.

3.2.1. Forecast Step
The KF usually applies on the model hydrodynamical state xk 
whose evolution is ruled by the shallow-water dynamical model 

during the forecast step, as described in Section 2.1. For model 
parameters such as γk, the propagation model doesn’t exist and is 
usually either replaced by a persistence model or a perturbation 
model [36].

In the first and general case, the use of a persistence model during 
the forecast step consists in propagating the control vector γ from 
tk−1 to tk according to Eq. (12), as shown in Figure 2, step 3.
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Based on the methodology for the creation of ensem-
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ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

with 
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ings and with uncertainties respectively described in [1]
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0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-
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sampling methods although these are more popular in
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ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
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3.2.1 Forecast step
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state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-
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to Eq. (12), as shown in Figure 2, step 3.
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k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
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collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,
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trices are transformed by inflation methods [8] which
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In this paper, a strategy to avoid the ensemble col-
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of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of
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servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
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f
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from the model state space to the observation space

 defined with Eq. (11).

At each analysis, the EnKF reduces the variance of the ensemble. 
As commonly known, this induces the collapse of the ensemble 
due to the lack of dispersion, all the more when the size of the 
ensemble is limited, and leads the EnKF to ignore the observations. 
To reinject dispersion into the ensemble, the covariance matrices 
are transformed by inflation methods which are commonly used 
for system state correction [8].

In this paper, a strategy to avoid the ensemble collapse is proposed. 
As shown in Figure 2, step 3, at each time step tk, γk is obtained 
by a resampling method based on the persistence of the initial 
covariance matrix 

Reducing the infered time-varying forcings’ dimension to improve water level prediction in the Gironde estuary 7

3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.
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k−1 + τ k with τ k ∼ N (0,Pγ
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with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
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k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
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a
k−1,γ
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k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 and the mean of the ensemble from the 
previous analysis step, 

Reducing the infered time-varying forcings’ dimension to improve water level prediction in the Gironde estuary 7

3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 The choice was made here to resample
 γ during the forecast step using the mean of the ensemble from 
the previous analysis step 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)
and the initial ensemble anomaly Xγ

0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 and the initial ensemble 
anomaly 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

, according to:
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

leading to:
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

Thus, the background error covariance matrix remains constant, 
equal to the background error covariance matrix of the initial 
ensemble 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).
Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

Over each assimilation window, as shown in Figure 2, step 4bis, 
the 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 component of the control vector 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

  is used to build the 
time-dependent correction of BC at tk with Equation 6. As shown 
in Figure 2, step 4, the background trajectory of the model state 
at 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

, which represents the background state of the system 
using the background parameters 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

, can then be formulated. It 
results from the integration of the numerical model 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 taking into 
account the background control vector 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

  and the initial state 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:
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k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)
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from the model state space to the observation space
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Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:
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k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

:
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

where 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 is the evolution model of the 

−
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system hydrodynamical state from tk−1 to tk. m is the dimension of 
the system state vector.

3.2.2. Analysis Step
At each observation time and location, the control vector is mapped 
onto the observation space with the observation operator 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:
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k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 The 
model equivalent, called ”simulated observation”, is noted 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 
(Equation 16), as shown in Figure 2, step 5. 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 is obtained by 
integrating the hydrodynamic model with 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 and BC forcings 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

  and 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 .
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

where 
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3.1.2 Initialization of the control vector

Based on the methodology for the creation of ensem-

bles of parameters and perturbed time-dependent forc-

ings and with uncertainties respectively described in [1]

and Section 2.4, the initialization phase of the method

consists in creating a background ensemble Xγ
0 at the

initial time t0 with dimension (nvar, Ne), as shown in

Figure 2, step 2. The space filling strategy for the ini-

tialisation of θ0 and α0 is carried out with a Sobol’ se-

quence rather than a classical Monte-Carlo strategy, as

[35] showed it is more efficient in terms of dispersion and

uniformity than the Latin Hypercube or Monte Carlo

sampling methods although these are more popular in

literature.

The control vector for each member i of the ensem-

ble of size Ne at t0 is denoted γ0,i. The mean of the

ensemble of the control vectors at t0 is noted γ0 and its

covariance matrix is noted Pγ
0 , respectively computed

with Eq. (10) and Eq. (11).

3.2 EnKF-γ-KLBC equations

The EnKF-γ-KLBC equations consist in a stochastic

EnKF for the correction of the control vector γ. The

two steps of the methodology are described below and

in Figure 2. In the following notations, the a (resp. f)

superscript stands for “analysis” (resp. “forecast”) step

of the EnKF. It should be noticed that γa
0 = γ0.

3.2.1 Forecast step

The KF usually applies on the model hydrodynamical

state xk whose evolution is ruled by the shallow-water

dynamical model during the forecast step, as described

in Section 2.1. For model parameters such as γk, the

propagation model doesn’t exist and is usually either re-

placed by a persistence model or a perturbation model

[36].

In the first and general case, the use of a persis-

tence model during the forecast step consists in prop-

agating the control vector γ from tk−1 to tk according

to Eq. (12), as shown in Figure 2, step 3.

γf
k = γa

k−1 + τ k with τ k ∼ N (0,Pγ
k ) (12)

with Pγ
k defined with Eq. (11).

At each analysis, the EnKF reduces the variance of

the ensemble. As commonly known, this induces the

collapse of the ensemble due to the lack of dispersion,

all the more when the size of the ensemble is limited,

and leads the EnKF to ignore the observations. To re-

inject dispersion into the ensemble, the covariance ma-

trices are transformed by inflation methods [8] which

are commonly used for system state correction.

In this paper, a strategy to avoid the ensemble col-

lapse is proposed. As shown in Figure 2, step 3, at each

time step tk, γk is obtained by a resampling method

based on the persistence of the initial covariance ma-

trix P γ
0 and the mean of the ensemble from the previous

analysis step, γa
k−1. The choice was made here to resam-

ple γ during the forecast step using the mean of the

ensemble from the previous analysis step (γf
k = γa

k−1)

and the initial ensemble anomaly Xγ
0 , according to:

γf
k = γa

k−1 +
√

Ne − 1Xγ
0 , (13)

leading to:

γf
k = γa

k−1 + γ0 − γ0. (14)

Thus, the background error covariance matrix remains

constant, equal to the background error covariance ma-

trix of the initial ensemble (Pγ
k = Pγ

0 ).

Over each assimilation window, as shown in Fig-

ure 2, step 4bis, the αf
k component of the control vec-

tor γf
k is used to build the time-dependent correction

of BC at tk with Equation 6. As shown in Figure 2,

step 4, the background trajectory of the model state

at tk, x
f
k , which represents the background state of the

system using the background parameters αf
k , can then

be formulated. It results from the integration of the nu-

merical model M taking into account the background

control vector γf
k and the initial state xa

k−1. It is ob-

tained using the following equation, by q(t) over the

time period [tk−1;tk]:

xf
k = Mk:k−1(x

a
k−1,γ

f
k), (15)

where Mk:k−1 : Rm −→ Rm is the evolution model of

the system hydrodynamical state from tk−1 to tk. m is

the dimension of the system state vector.

3.2.2 Analysis step

At each observation time and location, the control vec-

tor is mapped onto the observation space with the ob-

servation operator Hk. The model equivalent, called

”simulated observation”, is noted yf
k (Equation 16), as

shown in Figure 2, step 5. yf
k is obtained by integrat-

ing the hydrodynamic model with γf
k and BC forcings

reconstructed with αf
k and θf

k .

yf
k = Hk(x

f
k) (16)

where Hk : Rm −→ Rnobs is the observation operator

from the model state space to the observation space

 is the observation operator from the 
model state space to the observation space with nobs the dimension 
of the observation vector y0 described in Section 2.4). Hk aims at 
selecting, extracting and interpolating the results of the evolution 
model in the observation space.

As shown in Figure 2, step 6bis, when applying a stochastic EnKF 
with Ne the size of the ensemble, the multi-spatialized and multi-
temporal observations collected in y0 are perturbed by a white 
noise ϵ according to Eq. (17) and grouped in the observation vector 
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals

L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of

the DAWs is represented in Figure 3 for the specific case

where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on

the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be

comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.

 [8].
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-

servation error defined in Section 2.4 and Inobs,nobs
∈

Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-

tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-

work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.

where 
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background

error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-

servations yf
k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-

tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of

the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-

tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant

assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S

are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while

preserving the optimality of the DA analysis in spite of
non linear operators.

.

The set of measurements available at tk (water levels or the 
horizontal components of the flow velocities averaged over the 
vertical, for example), 
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-

tial (resp. final) time step of Fk whose duration equals

L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.

 is then compared with 

8 V. Laborie, S. Ricci and N. Goutal

with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
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As shown in Figure 2, step 6bis, when applying a
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The set of measurements available at tk (water lev-
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averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
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assimilation period of the available observations, L is
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tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends

on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S

are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while

preserving the optimality of the DA analysis in spite of
non linear operators.
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the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
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duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
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The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
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assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-

tions exist at several tk over Fk, they are all assimilated
at once.
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on the total duration of the experiment, but also on the

duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
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are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
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ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
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tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
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work the outer loop aims at accounting for non linearity
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which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-

ing and interpolating the results of the evolution model

in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf
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k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
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Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-

ical state of the system xa
k from xa

k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x
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k−1,γ
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k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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averaged over the vertical, for example), y0
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
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where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
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y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)
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The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.
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using the classical EnKF equation (Eq. (18)), as shown
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k . It is defined with Eq. (20):
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is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
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gether with the “analysed” parameters θa
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k from xa
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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As shown in Figure 2, step 6bis, when applying a
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collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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averaged over the vertical, for example), y0

k, is then
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tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
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in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
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tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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As shown in Figure 2, step 7bis, the αa
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of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then
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k from xa
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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at once.

Assimilation cycles may overlap. nbcycles depends
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the duration S∆t = (tk,deb − tk−1,deb) which separates
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are assumed constant in this study.

The implementation of overlapping DAWs should be
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sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
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tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
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assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.
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on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
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Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-

ing and interpolating the results of the evolution model

in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-

ical state of the system xa
k from xa

k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-

ing and interpolating the results of the evolution model

in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√
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[
yf
k,1 − yf
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f
k,Ne

− yf
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]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-

ical state of the system xa
k from xa

k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators. it is then possible to formulate the corresponding 
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown

in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ
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k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-

tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations

available are gathered in the observation vector y0. In-

deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of

the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-

tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant

assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be

comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown

in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf
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and
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Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-

tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations

available are gathered in the observation vector y0. In-

deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of

the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-

tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant

assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be

comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed

using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
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k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):
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k = (Xγ

k )(X
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with Xγ
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and yf
k ∈ Rnobs×Ne respectively defined as:
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Rk = σobs
2Inobs,nobs

is the covariance matrix of the

observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to

a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-

similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case

where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of

satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is

the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-

sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-

work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to

which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present

work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-

ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while

preserving the optimality of the DA analysis in spite of
non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf
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and yf
k ∈ Rnobs×Ne respectively defined as:
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Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations

available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations

available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-

tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
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the number of time steps ∆t over Fk. When observa-
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Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
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the duration S∆t = (tk,deb − tk−1,deb) which separates
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are assumed constant in this study.

The implementation of overlapping DAWs should be

comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
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observation error where σobs is the variance of the ob-
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As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa
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Eq. (23), as formulated in Figure 2, step 7:
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The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-

tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations

available are gathered in the observation vector y0. In-

deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals

L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of

the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-

tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant

assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be

comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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the number of DA cycles of an experiment, as shown in Figure 3.
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Fig. 3: Example of a sequence of two DAWs Fk−1 and Fk for EnKF-γ-KLBC for L = 6 and S = 2 (adapted from
[46]). If the observations y0 are available every ∆t = 1 h, then each DAW lasts L∆t = 6 h and the Fk−1 DAW
is separated by S∆t = 2 h from the Fk DAW. The observations assimilated during each DAW are represented
with black colored dots. In this particular case, the (L − S) = 4 last observations over the DAW Fk−1 are also
assimilated during Fk. In the special case where L = S, the DAWs are disjoint and each observation is only
assimilated once.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the

duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-

sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-

work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to

which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present

work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-

ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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k . It is defined with Eq. (20):
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yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
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and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component
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k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:
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The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S

are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends

on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S

are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.

) is the initial (resp. final) time step of 

8 V. Laborie, S. Ricci and N. Goutal

with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of

parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-

tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the

duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-

sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-

work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to

which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present

work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
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f
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and
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k =

1

Ne

Ne∑
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yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S

are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case

where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of

satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is

the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the

duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates

two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of

non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf
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k ∈ Rnobs×Ne respectively defined as:
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k =
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and
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Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x
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The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case

where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of

satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is

the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the

duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates

two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of

non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:
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k , stochastically estimated using the ensemble ac-
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error cross-covariance matrix between the ensemble of
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servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf
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and
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is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.
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k component
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k is then used to compute the “analysed” BC. To-
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k, it is then

possible to formulate the corresponding hydrodynam-
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3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on
the duration S∆t = (tk,deb − tk−1,deb) which separates
two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.
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with nobs the dimension of the observation vector y0

described in Section 2.4). Hk aims at selecting, extract-
ing and interpolating the results of the evolution model
in the observation space.

As shown in Figure 2, step 6bis, when applying a
stochastic EnKF [8] with Ne the size of the ensemble,
the multi-spatialized and multi-temporal observations
collected in y0 are perturbed by a white noise ϵ accord-
ing to Eq. (17) and grouped in the observation vector
y0
k (∈ Rnobs×Ne).

y0
k = y0 + ϵk with k ∈ {1, · · · , Ne} (17)

where y0 ∈ Rnobs .

The set of measurements available at tk (water lev-
els or the horizontal components of the flow velocities
averaged over the vertical, for example), y0

k, is then

compared with yf
k to formulate the innovation vector.

The update of γ during the analysis step is performed
using the classical EnKF equation (Eq. (18)), as shown
in Figure 2, step 6:

γa
k = γf

k +Kγ
k (y0

k − yf
k). (18)

Kγ
k is the Kalman gain matrix that corrects γk ac-

cording to Eq. 19:

Kγ
k = Pγ,y

k−1

[
Pγ

k−1 +Rk

]−1
. (19)

Pγ,y
k , stochastically estimated using the ensemble ac-

cording to the EnKF methodology, is the background
error cross-covariance matrix between the ensemble of
parameters and the predicted ensemble of simulated ob-
servations yf

k . It is defined with Eq. (20):

Pγ,y
k = (Xγ

k )(X
yf

k )T ∈ Rnvar×nvar , (20)

with Xγ
k defined in Equation 9 and Xyf

k ∈ Rnobs×Ne

and yf
k ∈ Rnobs×Ne respectively defined as:

Xyf

k =
1√

Ne − 1

[
yf
k,1 − yf

k , · · · ,y
f
k,Ne

− yf
k

]
(21)

and

yf
k =

1

Ne

Ne∑
n=1

yf
k,n. (22)

Rk = σobs
2Inobs,nobs

is the covariance matrix of the
observation error where σobs is the variance of the ob-
servation error defined in Section 2.4 and Inobs,nobs

∈
Rnobs×nobs is the identity matrix.

As shown in Figure 2, step 7bis, the αa
k component

of θa
k is then used to compute the “analysed” BC. To-

gether with the “analysed” parameters θa
k, it is then

possible to formulate the corresponding hydrodynam-
ical state of the system xa

k from xa
k−1 according to

Eq. (23), as formulated in Figure 2, step 7:

xa
k = Mk:k−1(x

a
k−1,γ

a
k), (23)

The projection of xa
k in the observation space is yak ac-

cording to Eq. 24:

ya
k = Hk(x

f
k ,γ

a
k). (24)

3.3 Data Assimilation Windows and time cycling

In this study, the equations described previously in Sec-
tion 3.2 are used considering the k index relative to
a DA Window (DAW) Fk over which all observations
available are gathered in the observation vector y0. In-
deed, the stochastic EnKF allows chaining Data As-
similation Windows {Fk}k∈{1,..,nbcycles} where nbcycles
is the number of DA cycles of an experiment, as shown
in Figure 3.

Let’s consider a DAW (or cycle) Fk defined for tk
in [tk,deb; tk,fin] where tk,deb (resp. tk,fin) is the ini-
tial (resp. final) time step of Fk whose duration equals
L∆t, such as [tk,deb; tk,fin] = [T0; TL]. The cycling of
the DAWs is represented in Figure 3 for the specific case
where the assimilation period of the available observa-
tions is constant and equals ∆t, which is not the case of
satellite observations for example. If ∆t is the constant
assimilation period of the available observations, L is
the number of time steps ∆t over Fk. When observa-
tions exist at several tk over Fk, they are all assimilated
at once.

Assimilation cycles may overlap. nbcycles depends
on the total duration of the experiment, but also on the
duration L∆t = (tk,fin − tk,deb) of each DAW and on

the duration S∆t = (tk,deb − tk−1,deb) which separates

two successive DAWs, according to Figure 3. L and S
are assumed constant in this study.

The implementation of overlapping DAWs should be
comprehended as the equivalent of the outer loop clas-
sically used with variational algorithm and reported in
classical references [37,38,39,40]. In a variational frame-
work the outer loop aims at accounting for non linearity
in the system by moving the reference with respect to
which the non linear operators are linearized, to the
analysis from the previous outer loop. In the present
work, the relation between the control variables and the
hydraulic state is non linear which triggers the optimal-
ity of the EnKF. The overlapping DAWs allow to grad-
ually account for large misfits into the analysis, while
preserving the optimality of the DA analysis in spite of
non linear operators.

 which 
separates two successive DAWs, according to Figure 3. L and S are 
assumed constant in this study.

The implementation of overlapping DAWs should be 
comprehended as the equivalent of the outer loop classically used 
with variational algorithm and reported in classical references [38-

41]. In a variational framework the outer loop aims at accounting 
for non linearity in the system by moving the reference with respect 
to which the non linear operators are linearized, to the analysis 
from the previous outer loop. In the present work, the relation 
between the control variables and the hydraulic state is non linear 
which triggers the optimality of the EnKF. The overlapping DAWs 
allow to gradually account for large misfits into the analysis, while 
preserving the optimality of the DA analysis in spite of non linear 
operators. 

4. Application of EnKF-γ-KLBC to the Gironde Estuary
Two sets of experiments, Exp. A and Exp. B, were achieved 
respectively to validate and assess the performance of the EnKF-
γ-KLBC methodology applied to the Gironde Estuary numerical 
model described in Section 2, in terms of water level prediction 
at different points of interest of the estuary located in Figure 1. 
For both synthetic (Exp. A) or real in situ (Exp. B) experiments, 
water levels observations are assimilated. The assimilation period 
is ∆t = 1 hour. Experimental settings for Exp. A and Exp. B are 
summarized in Table 2 and detailed in Section 4.1.
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Table 1: Calibrated Strickler (Ks) coefficients computed from the NashHT and RMSE criteria and initial ensemble

mean Strickler coefficients for OSSE 2003 event during Exp. A and for 2016 real event during Exp. B, also used

for the control run forced by γb
0. Ks4 is not corrected.

Input variable Strickler coefficients Strickler coefficients Initial ensemble mean Strickler coefficients
with NashHT criterion with RMSE criterion for Exp. A for Exp. B

Ks1 55 70 35 60
Ks2 70 70 35 60
Ks3 75 65 35 50
Ks4 50 55

Table 2: DA experimental settings for OSSE 2003 event during Exp. A and for 2016 real event during Exp. B.

Experiment Observations Control vector DAW cycling
Name Type duration type assimilation period γ L∆t S∆t

(in hours) ∆t (in hours) (in hours) (in hours)
Exp. A twin 96 synthetic water levels 1 Ks1, Ks2, Ks3, Cd 1 1

CLMAR, QGAR, QDOR
Exp. B real 66 in situ 1 Ks1, Ks2, Ks3 3 2

observed water levels CLMAR

Table 3: Location of the ”assimilated” observations for OSSE 2003 event during Exp. A and for 2016 real event

during Exp. B. For Exp. A, observations are synthetic and hourly water levels extracted from the simulation

Exp. True. For Exp. B, assimilated observations are hourly real observed water levels.

Exp. Number of stations Location

Exp. A-1 12 Le Verdon, Richard, Laména, Pauillac, Fort-Médoc, Bec d’Ambès,
Le Marquis, Bassens, Bordeaux Pabx, Bordeaux2, La Réole, Pessac.

Exp. A-2 8 Le Verdon, Richard, Pauillac, Bec d’Ambès,
Bordeaux2, La Réole, Pessac.

Exp. A-3 3 Lamena, La Réole, Pessac.

Exp. A-4 4 Le Verdon, Pauillac, La Réole, Pessac.

Exp. B 3 Port-Bloc, Pauillac, Bordeaux Pabx

Table 4: “True” parameters and “modal” coefficients applied on CLMAR, QGAR and QDOR modes collected in

γtrue for Exp. True for OSSE 2003 event during Exp. A.

CLMAR QGAR QDOR Ks1true Ks2true Ks3true Cdtrue

α1
true -4.71×10−01 +5.56×10−03 +1.01 piecewise constant 40 m

1
3 .s-1 2.57 × 10−6

α2
true -9.27×10−01 -1.17 +9.44×10−01 time function

α3
true -7.26×10−01 -1.13 -1.41 on the

α4
true +4.14×10−01 -4.26×10−01 +4.82×10−01 range

α5
true +1.34 - - [30;60] [40;70]

α6
true +9.62×10−01 - - Each step lasts

α7
true -1.32 - - about 12 h.

Table 2: DA Experimental Settings for OSSE 2003 Event During Exp. A and for 2016 Real Event During Exp. B.
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4.1. Experimental Settings
The controlled variables, grouped within the control vector γ, are 
corrected using the EnKF-γ-KLBC described in Section 3. For 
both Exp. A and Exp. B, the control run is the simulation without 
DA, with parameters and forcings set to the initial background 
control vector γb defined at γb

0. In Figures 4, 5, 7, 8 and 9 the b 
superscript is relative to the control run.

At the beginning of both experiments, γb is used to generate the 
members of the ensemble in terms of BC and parameters with the 
uncertainty identified in Section 2.4 and considering initial mean 
Strickler values 
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4 Application of EnKF-γ-KLBC to the Gironde
Estuary

Two sets of experiments, Exp. A and Exp. B, were
achieved respectively to validate and assess the per-
formance of the EnKF-γ-KLBC methodology applied
to the Gironde Estuary numerical model described in
Section 2, in terms of water level prediction at different
points of interest of the estuary located in Figure 1. For
both synthetic (Exp. A) or real in situ (Exp. B) exper-
iments, water levels observations are assimilated. The
assimilation period is ∆t = 1 hour. Experimental set-
tings for Exp. A and Exp. B are summarized in Table 2
and detailed in Section 4.1.

4.1 Experimental settings

The controlled variables, grouped within the control
vector γ, are corrected using the EnKF-γ-KLBC de-
scribed in Section 3. For both Exp. A and Exp. B, the
control run is the simulation without DA, with param-
eters and forcings set to the initial background control
vector γb defined at t0, γ

b
0. In Figures 4, 5, 7, 8 and 9

the b superscript is relative to the control run.
At the beginning of both experiments, γb is used

to generate the members of the ensemble in terms of
BC and parameters with the uncertainty identified in
Section 2.4 and considering initial mean Strickler values
(Ks10, Ks20 and Ks30) as shown in Table 1. If not
included in the control vector γ, the parameters Ks
and Cd are set to the values derived from the model
calibration (see Table 1) and the maritime and river
forcings (CLMAR, QGAR and QDOR) are set to the
observed time series.

Moreover, it should be noticed that both experi-
ments Exp. A and Exp. B begin with a 6 hours simu-
lation to allow for the dispersion of the Ne members of
the ensemble (Ne = 100).

4.1.1 Experimental setting for the synthetical
experiment (Exp. A)

Exp. A is an OSSE (Observing System Simulation Ex-
periment) that assimilates synthetical water levels. Exp. A
is based on the 7-day February 2003 calibration event.
The duration of the validation OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain
variables: 3 friction coefficients (Ks1, Ks2 and Ks3),
the wind influence coefficient Cd, and the time-dependent
BC at the fluvial and maritime boundaries (QDOR,
QGAR for the Dordogne, Garonne rivers respectively,
and CLMAR). The time-dependent BCs are corrected
through their modal coefficients applied to the main

components of the autocorrelation function of the tem-
poral signal, as explained in Section 3. Cycling param-
eters (Figure 3), L and S are set to 1 hour. Thus, there
is no overlap between two successive DAWs so that,
at each observation station, each hourly observation is
assimilated only once.

The initial background values γb
0 are gathered in

Table 1 (friction) and Table 5 (BC and Cd).

The synthetical water levels observations are ex-
tracted hourly at stations shown in Table 3 from the
results of the Telemac2D simulation noted Exp. True
(to which the true superscript refers in the following).
The parameters and forcing γtrue for the true exper-
iment, shown in Table 4, differ from that of the con-
trol run γb

0. Each BC (QGAR, QDOR and CLMAR)
is computed with Eq. 6 using the set of modal coeffi-
cients

(
αtrue
BC,j

)
j∈(1,··· ,pBC)

constant in time and given in

Table 4. Figure 4-a shows the time evolution over the
DAWs of the CLMAR first mode α1 with a black dot-
ted solid line. Exp. True’s maritime BC, CLMARtrue,
resulting from the CLMAR set of modal coefficients(
αtrue
j

)
j∈(1,··· ,pCLMAR)

is shown with a solid black line

in Figure 4-b. Exp. True’s Strickler coefficients Kstrue1

and Kstrue2 follow a piecewise constant time function,
with each step lasting about 12 h, i.e. one complete
tidal cycle. Kstrue1 (resp. Kstrue2 , not shown) ranges
from 30 m

1
3 .s-1 to 60 m

1
3 .s-1 (resp. from 40 m

1
3 .s-1 to

70 m
1
3 .s-1), as shown with a black dotted line in Fig-

ure 5-a. Kstrue3 is constant over time and is 40 m
1
3 .s-1,

as represented in Figure 5-b. Cdtrue is constant over
time and is 2.57× 10−6.

Exp. A has two main goals. On the one hand, it aims
at confirming with DA the conclusions described in [1]
concerning the influence area of each BC and param-
eter according to the tidal cycle. That’s why, despite
[1] showed that the wind influence coefficient Cd or the
river discharges (QGAR and QDOR) had no influence
at all on the water levels in the estuary, they were in-
cluded in Exp. A’s control vector. In contrast, as Ks4
influences water levels at the upstream part of both
Garonne and Dordogne rivers already respectively gov-
erned by QGAR and QDOR, it was not included in
γ. On the second hand, Exp. A aims at optimizing the
settings of the EnKF-γ-KLBC. For that reason, Exp. A
was declined into several configurations, as shown in Ta-
ble 3. Exp. A-1 uses all available observation stations,
while Exp A−2, Exp A−3 and Exp A−4 present a lim-
ited number of observation stations. Indeed, Exp. A-1
uses 12 observation stations homogeneously distributed
over the entire estuary, located at Le Verdon, Richard,
Laména, Pauillac, Fort Médoc, Bec d’Ambès, Le Mar-
quis, Bassens, Bordeaux (limnigraph and tide gauge),
La Réole and Pessac.

 and 
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4 Application of EnKF-γ-KLBC to the Gironde
Estuary

Two sets of experiments, Exp. A and Exp. B, were
achieved respectively to validate and assess the per-
formance of the EnKF-γ-KLBC methodology applied
to the Gironde Estuary numerical model described in
Section 2, in terms of water level prediction at different
points of interest of the estuary located in Figure 1. For
both synthetic (Exp. A) or real in situ (Exp. B) exper-
iments, water levels observations are assimilated. The
assimilation period is ∆t = 1 hour. Experimental set-
tings for Exp. A and Exp. B are summarized in Table 2
and detailed in Section 4.1.

4.1 Experimental settings

The controlled variables, grouped within the control
vector γ, are corrected using the EnKF-γ-KLBC de-
scribed in Section 3. For both Exp. A and Exp. B, the
control run is the simulation without DA, with param-
eters and forcings set to the initial background control
vector γb defined at t0, γ

b
0. In Figures 4, 5, 7, 8 and 9

the b superscript is relative to the control run.
At the beginning of both experiments, γb is used

to generate the members of the ensemble in terms of
BC and parameters with the uncertainty identified in
Section 2.4 and considering initial mean Strickler values
(Ks10, Ks20 and Ks30) as shown in Table 1. If not
included in the control vector γ, the parameters Ks
and Cd are set to the values derived from the model
calibration (see Table 1) and the maritime and river
forcings (CLMAR, QGAR and QDOR) are set to the
observed time series.

Moreover, it should be noticed that both experi-
ments Exp. A and Exp. B begin with a 6 hours simu-
lation to allow for the dispersion of the Ne members of
the ensemble (Ne = 100).

4.1.1 Experimental setting for the synthetical
experiment (Exp. A)

Exp. A is an OSSE (Observing System Simulation Ex-
periment) that assimilates synthetical water levels. Exp. A
is based on the 7-day February 2003 calibration event.
The duration of the validation OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain
variables: 3 friction coefficients (Ks1, Ks2 and Ks3),
the wind influence coefficient Cd, and the time-dependent
BC at the fluvial and maritime boundaries (QDOR,
QGAR for the Dordogne, Garonne rivers respectively,
and CLMAR). The time-dependent BCs are corrected
through their modal coefficients applied to the main

components of the autocorrelation function of the tem-
poral signal, as explained in Section 3. Cycling param-
eters (Figure 3), L and S are set to 1 hour. Thus, there
is no overlap between two successive DAWs so that,
at each observation station, each hourly observation is
assimilated only once.

The initial background values γb
0 are gathered in

Table 1 (friction) and Table 5 (BC and Cd).

The synthetical water levels observations are ex-
tracted hourly at stations shown in Table 3 from the
results of the Telemac2D simulation noted Exp. True
(to which the true superscript refers in the following).
The parameters and forcing γtrue for the true exper-
iment, shown in Table 4, differ from that of the con-
trol run γb

0. Each BC (QGAR, QDOR and CLMAR)
is computed with Eq. 6 using the set of modal coeffi-
cients

(
αtrue
BC,j

)
j∈(1,··· ,pBC)

constant in time and given in

Table 4. Figure 4-a shows the time evolution over the
DAWs of the CLMAR first mode α1 with a black dot-
ted solid line. Exp. True’s maritime BC, CLMARtrue,
resulting from the CLMAR set of modal coefficients(
αtrue
j

)
j∈(1,··· ,pCLMAR)

is shown with a solid black line

in Figure 4-b. Exp. True’s Strickler coefficients Kstrue1

and Kstrue2 follow a piecewise constant time function,
with each step lasting about 12 h, i.e. one complete
tidal cycle. Kstrue1 (resp. Kstrue2 , not shown) ranges
from 30 m

1
3 .s-1 to 60 m

1
3 .s-1 (resp. from 40 m

1
3 .s-1 to

70 m
1
3 .s-1), as shown with a black dotted line in Fig-

ure 5-a. Kstrue3 is constant over time and is 40 m
1
3 .s-1,

as represented in Figure 5-b. Cdtrue is constant over
time and is 2.57× 10−6.

Exp. A has two main goals. On the one hand, it aims
at confirming with DA the conclusions described in [1]
concerning the influence area of each BC and param-
eter according to the tidal cycle. That’s why, despite
[1] showed that the wind influence coefficient Cd or the
river discharges (QGAR and QDOR) had no influence
at all on the water levels in the estuary, they were in-
cluded in Exp. A’s control vector. In contrast, as Ks4
influences water levels at the upstream part of both
Garonne and Dordogne rivers already respectively gov-
erned by QGAR and QDOR, it was not included in
γ. On the second hand, Exp. A aims at optimizing the
settings of the EnKF-γ-KLBC. For that reason, Exp. A
was declined into several configurations, as shown in Ta-
ble 3. Exp. A-1 uses all available observation stations,
while Exp A−2, Exp A−3 and Exp A−4 present a lim-
ited number of observation stations. Indeed, Exp. A-1
uses 12 observation stations homogeneously distributed
over the entire estuary, located at Le Verdon, Richard,
Laména, Pauillac, Fort Médoc, Bec d’Ambès, Le Mar-
quis, Bassens, Bordeaux (limnigraph and tide gauge),
La Réole and Pessac.

 as shown in Table 1. If 
not included in the control vector γ, the parameters Ks and Cd are 
set to the values derived from the model calibration (see Table 1) 
and the maritime and river forcings (CLMAR, QGAR and QDOR) 
are set to the observed time series.

Moreover, it should be noticed that both experiments Exp. A and 
Exp. B begin with a 6 hours simulation to allow for the dispersion 
of the Ne members of the ensemble (Ne = 100).

4.1.1. Experimental Setting for the Synthetical Experiment 
(Exp. A)
Exp. A is an OSSE (Observing System Simulation Experiment) that 
assimilates synthetical water levels. Exp. A is based on the 7-day 
February 2003 calibration event. The duration of the validation 
OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain variables: 3 friction 
coefficients (Ks1, Ks2 and Ks3), the wind influence coefficient Cd, 
and the time-dependent BC at the fluvial and maritime boundaries 

(QDOR, QGAR for the Dordogne, Garonne rivers respectively, 
and CLMAR). The time-dependent BCs are corrected through 
their modal coefficients applied to the main components of the 
autocorrelation function of the temporal signal, as explained in 
Section 3. Cycling parameters (Figure 3), L and S are set to 1 hour. 
Thus, there is no overlap between two successive DAWs so that, 
at each observation station, each hourly observation is assimilated 
only once.

The initial background values γb
0 are gathered in Table 1 (friction) 

and Table 5 (BC and Cd).

The synthetical water levels observations are extracted hourly 
at stations shown in Table 3 from the results of the Telemac2D 
simulation noted Exp. True (to which the true superscript refers 
in the following). The parameters and forcing γtrue for the true 
experiment, shown in Table 4, differ from that of the control run 
γb

0. Each BC (QGAR, QDOR and CLMAR) is computed with Eq. 
6 using the set of modal coefficients 
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4 Application of EnKF-γ-KLBC to the Gironde

Estuary

Two sets of experiments, Exp. A and Exp. B, were

achieved respectively to validate and assess the per-

formance of the EnKF-γ-KLBC methodology applied

to the Gironde Estuary numerical model described in

Section 2, in terms of water level prediction at different

points of interest of the estuary located in Figure 1. For

both synthetic (Exp. A) or real in situ (Exp. B) exper-

iments, water levels observations are assimilated. The

assimilation period is ∆t = 1 hour. Experimental set-

tings for Exp. A and Exp. B are summarized in Table 2

and detailed in Section 4.1.

4.1 Experimental settings

The controlled variables, grouped within the control

vector γ, are corrected using the EnKF-γ-KLBC de-

scribed in Section 3. For both Exp. A and Exp. B, the

control run is the simulation without DA, with param-

eters and forcings set to the initial background control

vector γb defined at t0, γ
b
0. In Figures 4, 5, 7, 8 and 9

the b superscript is relative to the control run.

At the beginning of both experiments, γb is used

to generate the members of the ensemble in terms of

BC and parameters with the uncertainty identified in

Section 2.4 and considering initial mean Strickler values

(Ks10, Ks20 and Ks30) as shown in Table 1. If not

included in the control vector γ, the parameters Ks

and Cd are set to the values derived from the model

calibration (see Table 1) and the maritime and river

forcings (CLMAR, QGAR and QDOR) are set to the

observed time series.

Moreover, it should be noticed that both experi-

ments Exp. A and Exp. B begin with a 6 hours simu-

lation to allow for the dispersion of the Ne members of

the ensemble (Ne = 100).

4.1.1 Experimental setting for the synthetical

experiment (Exp. A)

Exp. A is an OSSE (Observing System Simulation Ex-

periment) that assimilates synthetical water levels. Exp. A

is based on the 7-day February 2003 calibration event.

The duration of the validation OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain

variables: 3 friction coefficients (Ks1, Ks2 and Ks3),

the wind influence coefficient Cd, and the time-dependent

BC at the fluvial and maritime boundaries (QDOR,

QGAR for the Dordogne, Garonne rivers respectively,

and CLMAR). The time-dependent BCs are corrected

through their modal coefficients applied to the main

components of the autocorrelation function of the tem-

poral signal, as explained in Section 3. Cycling param-

eters (Figure 3), L and S are set to 1 hour. Thus, there

is no overlap between two successive DAWs so that,

at each observation station, each hourly observation is

assimilated only once.

The initial background values γb
0 are gathered in

Table 1 (friction) and Table 5 (BC and Cd).

The synthetical water levels observations are ex-

tracted hourly at stations shown in Table 3 from the

results of the Telemac2D simulation noted Exp. True

(to which the true superscript refers in the following).

The parameters and forcing γtrue for the true exper-

iment, shown in Table 4, differ from that of the con-

trol run γb
0. Each BC (QGAR, QDOR and CLMAR)

is computed with Eq. 6 using the set of modal coeffi-

cients
(
αtrue
BC,j

)
j∈(1,··· ,pBC)

constant in time and given in

Table 4. Figure 4-a shows the time evolution over the

DAWs of the CLMAR first mode α1 with a black dot-

ted solid line. Exp. True’s maritime BC, CLMARtrue,

resulting from the CLMAR set of modal coefficients(
αtrue
j

)
j∈(1,··· ,pCLMAR)

is shown with a solid black line

in Figure 4-b. Exp. True’s Strickler coefficients Kstrue1

and Kstrue2 follow a piecewise constant time function,

with each step lasting about 12 h, i.e. one complete

tidal cycle. Kstrue1 (resp. Kstrue2 , not shown) ranges

from 30 m
1
3 .s-1 to 60 m

1
3 .s-1 (resp. from 40 m

1
3 .s-1 to

70 m
1
3 .s-1), as shown with a black dotted line in Fig-

ure 5-a. Kstrue3 is constant over time and is 40 m
1
3 .s-1,

as represented in Figure 5-b. Cdtrue is constant over

time and is 2.57× 10−6.

Exp. A has two main goals. On the one hand, it aims

at confirming with DA the conclusions described in [1]

concerning the influence area of each BC and param-

eter according to the tidal cycle. That’s why, despite

[1] showed that the wind influence coefficient Cd or the

river discharges (QGAR and QDOR) had no influence

at all on the water levels in the estuary, they were in-

cluded in Exp. A’s control vector. In contrast, as Ks4
influences water levels at the upstream part of both

Garonne and Dordogne rivers already respectively gov-

erned by QGAR and QDOR, it was not included in

γ. On the second hand, Exp. A aims at optimizing the

settings of the EnKF-γ-KLBC. For that reason, Exp. A

was declined into several configurations, as shown in Ta-

ble 3. Exp. A-1 uses all available observation stations,

while Exp A−2, Exp A−3 and Exp A−4 present a lim-

ited number of observation stations. Indeed, Exp. A-1

uses 12 observation stations homogeneously distributed

over the entire estuary, located at Le Verdon, Richard,

Laména, Pauillac, Fort Médoc, Bec d’Ambès, Le Mar-

quis, Bassens, Bordeaux (limnigraph and tide gauge),

La Réole and Pessac.

 constant 
in time and given in Table 4. Figure 4-a shows the time evolution 
over the DAWs of the CLMAR first mode α1 with a black dotted 
solid line. Exp. True’s maritime BC, CLMARtrue, resulting from 
the CLMAR set of modal coefficients 

Reducing the infered time-varying forcings’ dimension to improve water level prediction in the Gironde estuary 9

4 Application of EnKF-γ-KLBC to the Gironde

Estuary

Two sets of experiments, Exp. A and Exp. B, were

achieved respectively to validate and assess the per-

formance of the EnKF-γ-KLBC methodology applied

to the Gironde Estuary numerical model described in

Section 2, in terms of water level prediction at different

points of interest of the estuary located in Figure 1. For

both synthetic (Exp. A) or real in situ (Exp. B) exper-

iments, water levels observations are assimilated. The

assimilation period is ∆t = 1 hour. Experimental set-

tings for Exp. A and Exp. B are summarized in Table 2

and detailed in Section 4.1.

4.1 Experimental settings

The controlled variables, grouped within the control

vector γ, are corrected using the EnKF-γ-KLBC de-

scribed in Section 3. For both Exp. A and Exp. B, the

control run is the simulation without DA, with param-

eters and forcings set to the initial background control

vector γb defined at t0, γ
b
0. In Figures 4, 5, 7, 8 and 9

the b superscript is relative to the control run.

At the beginning of both experiments, γb is used

to generate the members of the ensemble in terms of

BC and parameters with the uncertainty identified in

Section 2.4 and considering initial mean Strickler values

(Ks10, Ks20 and Ks30) as shown in Table 1. If not

included in the control vector γ, the parameters Ks

and Cd are set to the values derived from the model

calibration (see Table 1) and the maritime and river

forcings (CLMAR, QGAR and QDOR) are set to the

observed time series.

Moreover, it should be noticed that both experi-

ments Exp. A and Exp. B begin with a 6 hours simu-

lation to allow for the dispersion of the Ne members of

the ensemble (Ne = 100).

4.1.1 Experimental setting for the synthetical

experiment (Exp. A)

Exp. A is an OSSE (Observing System Simulation Ex-

periment) that assimilates synthetical water levels. Exp. A

is based on the 7-day February 2003 calibration event.

The duration of the validation OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain

variables: 3 friction coefficients (Ks1, Ks2 and Ks3),

the wind influence coefficient Cd, and the time-dependent

BC at the fluvial and maritime boundaries (QDOR,

QGAR for the Dordogne, Garonne rivers respectively,

and CLMAR). The time-dependent BCs are corrected

through their modal coefficients applied to the main

components of the autocorrelation function of the tem-

poral signal, as explained in Section 3. Cycling param-

eters (Figure 3), L and S are set to 1 hour. Thus, there

is no overlap between two successive DAWs so that,

at each observation station, each hourly observation is

assimilated only once.

The initial background values γb
0 are gathered in

Table 1 (friction) and Table 5 (BC and Cd).

The synthetical water levels observations are ex-

tracted hourly at stations shown in Table 3 from the

results of the Telemac2D simulation noted Exp. True

(to which the true superscript refers in the following).

The parameters and forcing γtrue for the true exper-

iment, shown in Table 4, differ from that of the con-

trol run γb
0. Each BC (QGAR, QDOR and CLMAR)

is computed with Eq. 6 using the set of modal coeffi-

cients
(
αtrue
BC,j

)
j∈(1,··· ,pBC)

constant in time and given in

Table 4. Figure 4-a shows the time evolution over the

DAWs of the CLMAR first mode α1 with a black dot-

ted solid line. Exp. True’s maritime BC, CLMARtrue,

resulting from the CLMAR set of modal coefficients(
αtrue
j

)
j∈(1,··· ,pCLMAR)

is shown with a solid black line

in Figure 4-b. Exp. True’s Strickler coefficients Kstrue1

and Kstrue2 follow a piecewise constant time function,

with each step lasting about 12 h, i.e. one complete

tidal cycle. Kstrue1 (resp. Kstrue2 , not shown) ranges

from 30 m
1
3 .s-1 to 60 m

1
3 .s-1 (resp. from 40 m

1
3 .s-1 to

70 m
1
3 .s-1), as shown with a black dotted line in Fig-

ure 5-a. Kstrue3 is constant over time and is 40 m
1
3 .s-1,

as represented in Figure 5-b. Cdtrue is constant over

time and is 2.57× 10−6.

Exp. A has two main goals. On the one hand, it aims

at confirming with DA the conclusions described in [1]

concerning the influence area of each BC and param-

eter according to the tidal cycle. That’s why, despite

[1] showed that the wind influence coefficient Cd or the

river discharges (QGAR and QDOR) had no influence

at all on the water levels in the estuary, they were in-

cluded in Exp. A’s control vector. In contrast, as Ks4
influences water levels at the upstream part of both

Garonne and Dordogne rivers already respectively gov-

erned by QGAR and QDOR, it was not included in

γ. On the second hand, Exp. A aims at optimizing the

settings of the EnKF-γ-KLBC. For that reason, Exp. A

was declined into several configurations, as shown in Ta-

ble 3. Exp. A-1 uses all available observation stations,

while Exp A−2, Exp A−3 and Exp A−4 present a lim-

ited number of observation stations. Indeed, Exp. A-1

uses 12 observation stations homogeneously distributed

over the entire estuary, located at Le Verdon, Richard,

Laména, Pauillac, Fort Médoc, Bec d’Ambès, Le Mar-

quis, Bassens, Bordeaux (limnigraph and tide gauge),

La Réole and Pessac.

 is 
shown with a solid black line in Figure 4-b. Exp. True’s Strickler 
coefficients 
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4 Application of EnKF-γ-KLBC to the Gironde

Estuary

Two sets of experiments, Exp. A and Exp. B, were

achieved respectively to validate and assess the per-

formance of the EnKF-γ-KLBC methodology applied

to the Gironde Estuary numerical model described in

Section 2, in terms of water level prediction at different

points of interest of the estuary located in Figure 1. For

both synthetic (Exp. A) or real in situ (Exp. B) exper-

iments, water levels observations are assimilated. The

assimilation period is ∆t = 1 hour. Experimental set-

tings for Exp. A and Exp. B are summarized in Table 2

and detailed in Section 4.1.

4.1 Experimental settings

The controlled variables, grouped within the control

vector γ, are corrected using the EnKF-γ-KLBC de-

scribed in Section 3. For both Exp. A and Exp. B, the

control run is the simulation without DA, with param-

eters and forcings set to the initial background control

vector γb defined at t0, γ
b
0. In Figures 4, 5, 7, 8 and 9

the b superscript is relative to the control run.

At the beginning of both experiments, γb is used

to generate the members of the ensemble in terms of

BC and parameters with the uncertainty identified in

Section 2.4 and considering initial mean Strickler values

(Ks10, Ks20 and Ks30) as shown in Table 1. If not

included in the control vector γ, the parameters Ks

and Cd are set to the values derived from the model

calibration (see Table 1) and the maritime and river

forcings (CLMAR, QGAR and QDOR) are set to the

observed time series.

Moreover, it should be noticed that both experi-

ments Exp. A and Exp. B begin with a 6 hours simu-

lation to allow for the dispersion of the Ne members of

the ensemble (Ne = 100).

4.1.1 Experimental setting for the synthetical

experiment (Exp. A)

Exp. A is an OSSE (Observing System Simulation Ex-

periment) that assimilates synthetical water levels. Exp. A

is based on the 7-day February 2003 calibration event.

The duration of the validation OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain

variables: 3 friction coefficients (Ks1, Ks2 and Ks3),

the wind influence coefficient Cd, and the time-dependent

BC at the fluvial and maritime boundaries (QDOR,

QGAR for the Dordogne, Garonne rivers respectively,

and CLMAR). The time-dependent BCs are corrected

through their modal coefficients applied to the main

components of the autocorrelation function of the tem-

poral signal, as explained in Section 3. Cycling param-

eters (Figure 3), L and S are set to 1 hour. Thus, there

is no overlap between two successive DAWs so that,

at each observation station, each hourly observation is

assimilated only once.

The initial background values γb
0 are gathered in

Table 1 (friction) and Table 5 (BC and Cd).

The synthetical water levels observations are ex-

tracted hourly at stations shown in Table 3 from the

results of the Telemac2D simulation noted Exp. True

(to which the true superscript refers in the following).

The parameters and forcing γtrue for the true exper-

iment, shown in Table 4, differ from that of the con-

trol run γb
0. Each BC (QGAR, QDOR and CLMAR)

is computed with Eq. 6 using the set of modal coeffi-

cients
(
αtrue
BC,j

)
j∈(1,··· ,pBC)

constant in time and given in

Table 4. Figure 4-a shows the time evolution over the

DAWs of the CLMAR first mode α1 with a black dot-

ted solid line. Exp. True’s maritime BC, CLMARtrue,

resulting from the CLMAR set of modal coefficients(
αtrue
j

)
j∈(1,··· ,pCLMAR)

is shown with a solid black line

in Figure 4-b. Exp. True’s Strickler coefficients Kstrue1

and Kstrue2 follow a piecewise constant time function,

with each step lasting about 12 h, i.e. one complete

tidal cycle. Kstrue1 (resp. Kstrue2 , not shown) ranges

from 30 m
1
3 .s-1 to 60 m

1
3 .s-1 (resp. from 40 m

1
3 .s-1 to

70 m
1
3 .s-1), as shown with a black dotted line in Fig-

ure 5-a. Kstrue3 is constant over time and is 40 m
1
3 .s-1,

as represented in Figure 5-b. Cdtrue is constant over

time and is 2.57× 10−6.

Exp. A has two main goals. On the one hand, it aims

at confirming with DA the conclusions described in [1]

concerning the influence area of each BC and param-

eter according to the tidal cycle. That’s why, despite

[1] showed that the wind influence coefficient Cd or the

river discharges (QGAR and QDOR) had no influence

at all on the water levels in the estuary, they were in-

cluded in Exp. A’s control vector. In contrast, as Ks4
influences water levels at the upstream part of both

Garonne and Dordogne rivers already respectively gov-

erned by QGAR and QDOR, it was not included in

γ. On the second hand, Exp. A aims at optimizing the

settings of the EnKF-γ-KLBC. For that reason, Exp. A

was declined into several configurations, as shown in Ta-

ble 3. Exp. A-1 uses all available observation stations,

while Exp A−2, Exp A−3 and Exp A−4 present a lim-

ited number of observation stations. Indeed, Exp. A-1

uses 12 observation stations homogeneously distributed

over the entire estuary, located at Le Verdon, Richard,

Laména, Pauillac, Fort Médoc, Bec d’Ambès, Le Mar-

quis, Bassens, Bordeaux (limnigraph and tide gauge),

La Réole and Pessac.
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4 Application of EnKF-γ-KLBC to the Gironde

Estuary

Two sets of experiments, Exp. A and Exp. B, were

achieved respectively to validate and assess the per-

formance of the EnKF-γ-KLBC methodology applied

to the Gironde Estuary numerical model described in

Section 2, in terms of water level prediction at different

points of interest of the estuary located in Figure 1. For

both synthetic (Exp. A) or real in situ (Exp. B) exper-

iments, water levels observations are assimilated. The

assimilation period is ∆t = 1 hour. Experimental set-

tings for Exp. A and Exp. B are summarized in Table 2

and detailed in Section 4.1.

4.1 Experimental settings

The controlled variables, grouped within the control

vector γ, are corrected using the EnKF-γ-KLBC de-

scribed in Section 3. For both Exp. A and Exp. B, the

control run is the simulation without DA, with param-

eters and forcings set to the initial background control

vector γb defined at t0, γ
b
0. In Figures 4, 5, 7, 8 and 9

the b superscript is relative to the control run.

At the beginning of both experiments, γb is used

to generate the members of the ensemble in terms of

BC and parameters with the uncertainty identified in

Section 2.4 and considering initial mean Strickler values

(Ks10, Ks20 and Ks30) as shown in Table 1. If not

included in the control vector γ, the parameters Ks

and Cd are set to the values derived from the model

calibration (see Table 1) and the maritime and river

forcings (CLMAR, QGAR and QDOR) are set to the

observed time series.

Moreover, it should be noticed that both experi-

ments Exp. A and Exp. B begin with a 6 hours simu-

lation to allow for the dispersion of the Ne members of

the ensemble (Ne = 100).

4.1.1 Experimental setting for the synthetical

experiment (Exp. A)

Exp. A is an OSSE (Observing System Simulation Ex-

periment) that assimilates synthetical water levels. Exp. A

is based on the 7-day February 2003 calibration event.

The duration of the validation OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain

variables: 3 friction coefficients (Ks1, Ks2 and Ks3),

the wind influence coefficient Cd, and the time-dependent

BC at the fluvial and maritime boundaries (QDOR,

QGAR for the Dordogne, Garonne rivers respectively,

and CLMAR). The time-dependent BCs are corrected

through their modal coefficients applied to the main

components of the autocorrelation function of the tem-

poral signal, as explained in Section 3. Cycling param-

eters (Figure 3), L and S are set to 1 hour. Thus, there

is no overlap between two successive DAWs so that,

at each observation station, each hourly observation is

assimilated only once.

The initial background values γb
0 are gathered in

Table 1 (friction) and Table 5 (BC and Cd).

The synthetical water levels observations are ex-

tracted hourly at stations shown in Table 3 from the

results of the Telemac2D simulation noted Exp. True

(to which the true superscript refers in the following).

The parameters and forcing γtrue for the true exper-

iment, shown in Table 4, differ from that of the con-

trol run γb
0. Each BC (QGAR, QDOR and CLMAR)

is computed with Eq. 6 using the set of modal coeffi-

cients
(
αtrue
BC,j

)
j∈(1,··· ,pBC)

constant in time and given in

Table 4. Figure 4-a shows the time evolution over the

DAWs of the CLMAR first mode α1 with a black dot-

ted solid line. Exp. True’s maritime BC, CLMARtrue,

resulting from the CLMAR set of modal coefficients(
αtrue
j

)
j∈(1,··· ,pCLMAR)

is shown with a solid black line

in Figure 4-b. Exp. True’s Strickler coefficients Kstrue1

and Kstrue2 follow a piecewise constant time function,

with each step lasting about 12 h, i.e. one complete

tidal cycle. Kstrue1 (resp. Kstrue2 , not shown) ranges

from 30 m
1
3 .s-1 to 60 m

1
3 .s-1 (resp. from 40 m

1
3 .s-1 to

70 m
1
3 .s-1), as shown with a black dotted line in Fig-

ure 5-a. Kstrue3 is constant over time and is 40 m
1
3 .s-1,

as represented in Figure 5-b. Cdtrue is constant over

time and is 2.57× 10−6.

Exp. A has two main goals. On the one hand, it aims

at confirming with DA the conclusions described in [1]

concerning the influence area of each BC and param-

eter according to the tidal cycle. That’s why, despite

[1] showed that the wind influence coefficient Cd or the

river discharges (QGAR and QDOR) had no influence

at all on the water levels in the estuary, they were in-

cluded in Exp. A’s control vector. In contrast, as Ks4
influences water levels at the upstream part of both

Garonne and Dordogne rivers already respectively gov-

erned by QGAR and QDOR, it was not included in

γ. On the second hand, Exp. A aims at optimizing the

settings of the EnKF-γ-KLBC. For that reason, Exp. A

was declined into several configurations, as shown in Ta-

ble 3. Exp. A-1 uses all available observation stations,

while Exp A−2, Exp A−3 and Exp A−4 present a lim-

ited number of observation stations. Indeed, Exp. A-1

uses 12 observation stations homogeneously distributed

over the entire estuary, located at Le Verdon, Richard,

Laména, Pauillac, Fort Médoc, Bec d’Ambès, Le Mar-

quis, Bassens, Bordeaux (limnigraph and tide gauge),

La Réole and Pessac.

 follow a piecewise constant time 
function, with each step lasting about 12 h, i.e. one complete tidal 
cycle. 
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4 Application of EnKF-γ-KLBC to the Gironde

Estuary

Two sets of experiments, Exp. A and Exp. B, were

achieved respectively to validate and assess the per-

formance of the EnKF-γ-KLBC methodology applied

to the Gironde Estuary numerical model described in

Section 2, in terms of water level prediction at different

points of interest of the estuary located in Figure 1. For

both synthetic (Exp. A) or real in situ (Exp. B) exper-

iments, water levels observations are assimilated. The

assimilation period is ∆t = 1 hour. Experimental set-

tings for Exp. A and Exp. B are summarized in Table 2

and detailed in Section 4.1.

4.1 Experimental settings

The controlled variables, grouped within the control

vector γ, are corrected using the EnKF-γ-KLBC de-

scribed in Section 3. For both Exp. A and Exp. B, the

control run is the simulation without DA, with param-

eters and forcings set to the initial background control

vector γb defined at t0, γ
b
0. In Figures 4, 5, 7, 8 and 9

the b superscript is relative to the control run.

At the beginning of both experiments, γb is used

to generate the members of the ensemble in terms of

BC and parameters with the uncertainty identified in

Section 2.4 and considering initial mean Strickler values

(Ks10, Ks20 and Ks30) as shown in Table 1. If not

included in the control vector γ, the parameters Ks

and Cd are set to the values derived from the model

calibration (see Table 1) and the maritime and river

forcings (CLMAR, QGAR and QDOR) are set to the

observed time series.

Moreover, it should be noticed that both experi-

ments Exp. A and Exp. B begin with a 6 hours simu-

lation to allow for the dispersion of the Ne members of

the ensemble (Ne = 100).

4.1.1 Experimental setting for the synthetical

experiment (Exp. A)

Exp. A is an OSSE (Observing System Simulation Ex-

periment) that assimilates synthetical water levels. Exp. A

is based on the 7-day February 2003 calibration event.

The duration of the validation OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain

variables: 3 friction coefficients (Ks1, Ks2 and Ks3),

the wind influence coefficient Cd, and the time-dependent

BC at the fluvial and maritime boundaries (QDOR,

QGAR for the Dordogne, Garonne rivers respectively,

and CLMAR). The time-dependent BCs are corrected

through their modal coefficients applied to the main

components of the autocorrelation function of the tem-

poral signal, as explained in Section 3. Cycling param-

eters (Figure 3), L and S are set to 1 hour. Thus, there

is no overlap between two successive DAWs so that,

at each observation station, each hourly observation is

assimilated only once.

The initial background values γb
0 are gathered in

Table 1 (friction) and Table 5 (BC and Cd).

The synthetical water levels observations are ex-

tracted hourly at stations shown in Table 3 from the

results of the Telemac2D simulation noted Exp. True

(to which the true superscript refers in the following).

The parameters and forcing γtrue for the true exper-

iment, shown in Table 4, differ from that of the con-

trol run γb
0. Each BC (QGAR, QDOR and CLMAR)

is computed with Eq. 6 using the set of modal coeffi-

cients
(
αtrue
BC,j

)
j∈(1,··· ,pBC)

constant in time and given in

Table 4. Figure 4-a shows the time evolution over the

DAWs of the CLMAR first mode α1 with a black dot-

ted solid line. Exp. True’s maritime BC, CLMARtrue,

resulting from the CLMAR set of modal coefficients(
αtrue
j

)
j∈(1,··· ,pCLMAR)

is shown with a solid black line

in Figure 4-b. Exp. True’s Strickler coefficients Kstrue1

and Kstrue2 follow a piecewise constant time function,

with each step lasting about 12 h, i.e. one complete

tidal cycle. Kstrue1 (resp. Kstrue2 , not shown) ranges

from 30 m
1
3 .s-1 to 60 m

1
3 .s-1 (resp. from 40 m

1
3 .s-1 to

70 m
1
3 .s-1), as shown with a black dotted line in Fig-

ure 5-a. Kstrue3 is constant over time and is 40 m
1
3 .s-1,

as represented in Figure 5-b. Cdtrue is constant over

time and is 2.57× 10−6.

Exp. A has two main goals. On the one hand, it aims

at confirming with DA the conclusions described in [1]

concerning the influence area of each BC and param-

eter according to the tidal cycle. That’s why, despite

[1] showed that the wind influence coefficient Cd or the

river discharges (QGAR and QDOR) had no influence

at all on the water levels in the estuary, they were in-

cluded in Exp. A’s control vector. In contrast, as Ks4
influences water levels at the upstream part of both

Garonne and Dordogne rivers already respectively gov-

erned by QGAR and QDOR, it was not included in

γ. On the second hand, Exp. A aims at optimizing the

settings of the EnKF-γ-KLBC. For that reason, Exp. A

was declined into several configurations, as shown in Ta-

ble 3. Exp. A-1 uses all available observation stations,

while Exp A−2, Exp A−3 and Exp A−4 present a lim-

ited number of observation stations. Indeed, Exp. A-1

uses 12 observation stations homogeneously distributed

over the entire estuary, located at Le Verdon, Richard,

Laména, Pauillac, Fort Médoc, Bec d’Ambès, Le Mar-

quis, Bassens, Bordeaux (limnigraph and tide gauge),

La Réole and Pessac.

 (resp. 
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4 Application of EnKF-γ-KLBC to the Gironde

Estuary

Two sets of experiments, Exp. A and Exp. B, were

achieved respectively to validate and assess the per-

formance of the EnKF-γ-KLBC methodology applied

to the Gironde Estuary numerical model described in

Section 2, in terms of water level prediction at different

points of interest of the estuary located in Figure 1. For

both synthetic (Exp. A) or real in situ (Exp. B) exper-

iments, water levels observations are assimilated. The

assimilation period is ∆t = 1 hour. Experimental set-

tings for Exp. A and Exp. B are summarized in Table 2

and detailed in Section 4.1.

4.1 Experimental settings

The controlled variables, grouped within the control

vector γ, are corrected using the EnKF-γ-KLBC de-

scribed in Section 3. For both Exp. A and Exp. B, the

control run is the simulation without DA, with param-

eters and forcings set to the initial background control

vector γb defined at t0, γ
b
0. In Figures 4, 5, 7, 8 and 9

the b superscript is relative to the control run.

At the beginning of both experiments, γb is used

to generate the members of the ensemble in terms of

BC and parameters with the uncertainty identified in

Section 2.4 and considering initial mean Strickler values

(Ks10, Ks20 and Ks30) as shown in Table 1. If not

included in the control vector γ, the parameters Ks

and Cd are set to the values derived from the model

calibration (see Table 1) and the maritime and river

forcings (CLMAR, QGAR and QDOR) are set to the

observed time series.

Moreover, it should be noticed that both experi-

ments Exp. A and Exp. B begin with a 6 hours simu-

lation to allow for the dispersion of the Ne members of

the ensemble (Ne = 100).

4.1.1 Experimental setting for the synthetical

experiment (Exp. A)

Exp. A is an OSSE (Observing System Simulation Ex-

periment) that assimilates synthetical water levels. Exp. A

is based on the 7-day February 2003 calibration event.

The duration of the validation OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain

variables: 3 friction coefficients (Ks1, Ks2 and Ks3),

the wind influence coefficient Cd, and the time-dependent

BC at the fluvial and maritime boundaries (QDOR,

QGAR for the Dordogne, Garonne rivers respectively,

and CLMAR). The time-dependent BCs are corrected

through their modal coefficients applied to the main

components of the autocorrelation function of the tem-

poral signal, as explained in Section 3. Cycling param-

eters (Figure 3), L and S are set to 1 hour. Thus, there

is no overlap between two successive DAWs so that,

at each observation station, each hourly observation is

assimilated only once.

The initial background values γb
0 are gathered in

Table 1 (friction) and Table 5 (BC and Cd).

The synthetical water levels observations are ex-

tracted hourly at stations shown in Table 3 from the

results of the Telemac2D simulation noted Exp. True

(to which the true superscript refers in the following).

The parameters and forcing γtrue for the true exper-

iment, shown in Table 4, differ from that of the con-

trol run γb
0. Each BC (QGAR, QDOR and CLMAR)

is computed with Eq. 6 using the set of modal coeffi-

cients
(
αtrue
BC,j

)
j∈(1,··· ,pBC)

constant in time and given in

Table 4. Figure 4-a shows the time evolution over the

DAWs of the CLMAR first mode α1 with a black dot-

ted solid line. Exp. True’s maritime BC, CLMARtrue,

resulting from the CLMAR set of modal coefficients(
αtrue
j

)
j∈(1,··· ,pCLMAR)

is shown with a solid black line

in Figure 4-b. Exp. True’s Strickler coefficients Kstrue1

and Kstrue2 follow a piecewise constant time function,

with each step lasting about 12 h, i.e. one complete

tidal cycle. Kstrue1 (resp. Kstrue2 , not shown) ranges

from 30 m
1
3 .s-1 to 60 m

1
3 .s-1 (resp. from 40 m

1
3 .s-1 to

70 m
1
3 .s-1), as shown with a black dotted line in Fig-

ure 5-a. Kstrue3 is constant over time and is 40 m
1
3 .s-1,

as represented in Figure 5-b. Cdtrue is constant over

time and is 2.57× 10−6.

Exp. A has two main goals. On the one hand, it aims

at confirming with DA the conclusions described in [1]

concerning the influence area of each BC and param-

eter according to the tidal cycle. That’s why, despite

[1] showed that the wind influence coefficient Cd or the

river discharges (QGAR and QDOR) had no influence

at all on the water levels in the estuary, they were in-

cluded in Exp. A’s control vector. In contrast, as Ks4
influences water levels at the upstream part of both

Garonne and Dordogne rivers already respectively gov-

erned by QGAR and QDOR, it was not included in

γ. On the second hand, Exp. A aims at optimizing the

settings of the EnKF-γ-KLBC. For that reason, Exp. A

was declined into several configurations, as shown in Ta-

ble 3. Exp. A-1 uses all available observation stations,

while Exp A−2, Exp A−3 and Exp A−4 present a lim-

ited number of observation stations. Indeed, Exp. A-1

uses 12 observation stations homogeneously distributed

over the entire estuary, located at Le Verdon, Richard,

Laména, Pauillac, Fort Médoc, Bec d’Ambès, Le Mar-

quis, Bassens, Bordeaux (limnigraph and tide gauge),

La Réole and Pessac.

 not shown) ranges from 30 m1/3 .s-1 to 
60 m1/3  .s-1 (resp. from 40 m1/3  .s-1 to 70 m1/3  .s-1), as shown with a 
black dotted line in Figure 5-a. 

Reducing the infered time-varying forcings’ dimension to improve water level prediction in the Gironde estuary 9

4 Application of EnKF-γ-KLBC to the Gironde

Estuary

Two sets of experiments, Exp. A and Exp. B, were

achieved respectively to validate and assess the per-

formance of the EnKF-γ-KLBC methodology applied

to the Gironde Estuary numerical model described in

Section 2, in terms of water level prediction at different

points of interest of the estuary located in Figure 1. For

both synthetic (Exp. A) or real in situ (Exp. B) exper-

iments, water levels observations are assimilated. The

assimilation period is ∆t = 1 hour. Experimental set-

tings for Exp. A and Exp. B are summarized in Table 2

and detailed in Section 4.1.

4.1 Experimental settings

The controlled variables, grouped within the control

vector γ, are corrected using the EnKF-γ-KLBC de-

scribed in Section 3. For both Exp. A and Exp. B, the

control run is the simulation without DA, with param-

eters and forcings set to the initial background control

vector γb defined at t0, γ
b
0. In Figures 4, 5, 7, 8 and 9

the b superscript is relative to the control run.

At the beginning of both experiments, γb is used

to generate the members of the ensemble in terms of

BC and parameters with the uncertainty identified in

Section 2.4 and considering initial mean Strickler values

(Ks10, Ks20 and Ks30) as shown in Table 1. If not

included in the control vector γ, the parameters Ks

and Cd are set to the values derived from the model

calibration (see Table 1) and the maritime and river

forcings (CLMAR, QGAR and QDOR) are set to the

observed time series.

Moreover, it should be noticed that both experi-

ments Exp. A and Exp. B begin with a 6 hours simu-

lation to allow for the dispersion of the Ne members of

the ensemble (Ne = 100).

4.1.1 Experimental setting for the synthetical

experiment (Exp. A)

Exp. A is an OSSE (Observing System Simulation Ex-

periment) that assimilates synthetical water levels. Exp. A

is based on the 7-day February 2003 calibration event.

The duration of the validation OSSE equals 96 hours.

The control vector γ is composed of 7 uncertain

variables: 3 friction coefficients (Ks1, Ks2 and Ks3),

the wind influence coefficient Cd, and the time-dependent

BC at the fluvial and maritime boundaries (QDOR,

QGAR for the Dordogne, Garonne rivers respectively,

and CLMAR). The time-dependent BCs are corrected

through their modal coefficients applied to the main

components of the autocorrelation function of the tem-

poral signal, as explained in Section 3. Cycling param-

eters (Figure 3), L and S are set to 1 hour. Thus, there

is no overlap between two successive DAWs so that,

at each observation station, each hourly observation is

assimilated only once.

The initial background values γb
0 are gathered in

Table 1 (friction) and Table 5 (BC and Cd).

The synthetical water levels observations are ex-

tracted hourly at stations shown in Table 3 from the

results of the Telemac2D simulation noted Exp. True

(to which the true superscript refers in the following).

The parameters and forcing γtrue for the true exper-

iment, shown in Table 4, differ from that of the con-

trol run γb
0. Each BC (QGAR, QDOR and CLMAR)

is computed with Eq. 6 using the set of modal coeffi-

cients
(
αtrue
BC,j

)
j∈(1,··· ,pBC)

constant in time and given in

Table 4. Figure 4-a shows the time evolution over the

DAWs of the CLMAR first mode α1 with a black dot-

ted solid line. Exp. True’s maritime BC, CLMARtrue,

resulting from the CLMAR set of modal coefficients(
αtrue
j

)
j∈(1,··· ,pCLMAR)

is shown with a solid black line

in Figure 4-b. Exp. True’s Strickler coefficients Kstrue1

and Kstrue2 follow a piecewise constant time function,

with each step lasting about 12 h, i.e. one complete

tidal cycle. Kstrue1 (resp. Kstrue2 , not shown) ranges

from 30 m
1
3 .s-1 to 60 m

1
3 .s-1 (resp. from 40 m

1
3 .s-1 to

70 m
1
3 .s-1), as shown with a black dotted line in Fig-

ure 5-a. Kstrue3 is constant over time and is 40 m
1
3 .s-1,

as represented in Figure 5-b. Cdtrue is constant over

time and is 2.57× 10−6.

Exp. A has two main goals. On the one hand, it aims

at confirming with DA the conclusions described in [1]

concerning the influence area of each BC and param-

eter according to the tidal cycle. That’s why, despite

[1] showed that the wind influence coefficient Cd or the

river discharges (QGAR and QDOR) had no influence

at all on the water levels in the estuary, they were in-

cluded in Exp. A’s control vector. In contrast, as Ks4
influences water levels at the upstream part of both

Garonne and Dordogne rivers already respectively gov-

erned by QGAR and QDOR, it was not included in

γ. On the second hand, Exp. A aims at optimizing the

settings of the EnKF-γ-KLBC. For that reason, Exp. A

was declined into several configurations, as shown in Ta-

ble 3. Exp. A-1 uses all available observation stations,

while Exp A−2, Exp A−3 and Exp A−4 present a lim-

ited number of observation stations. Indeed, Exp. A-1

uses 12 observation stations homogeneously distributed

over the entire estuary, located at Le Verdon, Richard,

Laména, Pauillac, Fort Médoc, Bec d’Ambès, Le Mar-

quis, Bassens, Bordeaux (limnigraph and tide gauge),

La Réole and Pessac.

 is constant over time and is 
40 m1/3 .s-1, as represented in Figure 5-b. Cdtrue is constant over time 
and is 2.57 × 10−6.
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Table 1: Calibrated Strickler (Ks) coefficients computed from the NashHT and RMSE criteria and initial ensemble
mean Strickler coefficients for OSSE 2003 event during Exp. A and for 2016 real event during Exp. B, also used
for the control run forced by γb

0. Ks4 is not corrected.

Input variable Strickler coefficients Strickler coefficients Initial ensemble mean Strickler coefficients
with NashHT criterion with RMSE criterion for Exp. A for Exp. B

Ks1 55 70 35 60
Ks2 70 70 35 60
Ks3 75 65 35 50
Ks4 50 55

Table 2: DA experimental settings for OSSE 2003 event during Exp. A and for 2016 real event during Exp. B.

Experiment Observations Control vector DAW cycling
Name Type duration type assimilation period γ L∆t S∆t

(in hours) ∆t (in hours) (in hours) (in hours)
Exp. A twin 96 synthetic water levels 1 Ks1, Ks2, Ks3, Cd 1 1

CLMAR, QGAR, QDOR
Exp. B real 66 in situ 1 Ks1, Ks2, Ks3 3 2

observed water levels CLMAR

Table 3: Location of the ”assimilated” observations for OSSE 2003 event during Exp. A and for 2016 real event
during Exp. B. For Exp. A, observations are synthetic and hourly water levels extracted from the simulation
Exp. True. For Exp. B, assimilated observations are hourly real observed water levels.

Exp. Number of stations Location

Exp. A-1 12 Le Verdon, Richard, Laména, Pauillac, Fort-Médoc, Bec d’Ambès,
Le Marquis, Bassens, Bordeaux Pabx, Bordeaux2, La Réole, Pessac.

Exp. A-2 8 Le Verdon, Richard, Pauillac, Bec d’Ambès,
Bordeaux2, La Réole, Pessac.

Exp. A-3 3 Lamena, La Réole, Pessac.

Exp. A-4 4 Le Verdon, Pauillac, La Réole, Pessac.

Exp. B 3 Port-Bloc, Pauillac, Bordeaux Pabx

Table 4: “True” parameters and “modal” coefficients applied on CLMAR, QGAR and QDOR modes collected in
γtrue for Exp. True for OSSE 2003 event during Exp. A.

CLMAR QGAR QDOR Ks1true Ks2true Ks3true Cdtrue

α1
true -4.71×10−01 +5.56×10−03 +1.01 piecewise constant 40 m

1
3 .s-1 2.57 × 10−6

α2
true -9.27×10−01 -1.17 +9.44×10−01 time function

α3
true -7.26×10−01 -1.13 -1.41 on the

α4
true +4.14×10−01 -4.26×10−01 +4.82×10−01 range

α5
true +1.34 - - [30;60] [40;70]

α6
true +9.62×10−01 - - Each step lasts

α7
true -1.32 - - about 12 h.
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Le Marquis, Bassens, Bordeaux Pabx, Bordeaux2, La Réole, Pessac.
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CLMAR QGAR QDOR Ks1true Ks2true Ks3true Cdtrue

α1
true -4.71×10−01 +5.56×10−03 +1.01 piecewise constant 40 m

1
3 .s-1 2.57 × 10−6

α2
true -9.27×10−01 -1.17 +9.44×10−01 time function
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true -7.26×10−01 -1.13 -1.41 on the

α4
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α5
true +1.34 - - [30;60] [40;70]

α6
true +9.62×10−01 - - Each step lasts
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true -1.32 - - about 12 h.

Table 3: Location of the ”Assimilated” Observations for OSSE 2003 Event During Exp. A and for 2016 Real Event During Exp. 
B. For Exp. A, Observations are Synthetic and Hourly Water Levels Extracted from the Simulation Exp. True. For Exp. B, 
Assimilated Observations are Hourly Real Observed Water Levels.

Table 4: “True” Parameters and “Modal” Coefficients Applied on CLMAR, QGAR and QDOR Modes Collected in γtrue for Exp. 
True for OSSE 2003 Event During Exp. A.



Env Sci Climate Res, 2025 Volume 3 | Issue 1 | 12

Reducing the infered time-varying forcings’ dimension to improve water level prediction in the Gironde estuary 17

Table 5: “modal” coefficients applied on CLMAR, QGAR and QDOR modes and wind influence coefficient Cd

at t0, also used for the control run forced by γb
0, for OSSE 2003 event during Exp. A.

CLMAR QGAR QDOR Cdb0

α1
b
0 -1.28×10−02 +4.19×10−02 +2.07×10−02 1.80×10−06

α2
b
0 +2.93×10−02 -4.39×10−02 -6.15×10−02

α3
b
0 -6.15×10−02 -6.19×10−02 +3.02×10−02

α4
b
0 -2.61×10−02 -1.28×10−02 -4.39×10−02

α5
b
0 -3.14×10−02 - -

α6
b
0 -4.76×10−02 - -

α7
b
0 -7.55×10−02 - -

Table 5: “Modal” Coefficients Applied on CLMAR, QGAR and QDOR Modes and wind Influence Coefficient Cd at t0, also used 
for the Control Run Forced by γb

0, for OSSE 2003 Event During Exp. A.
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(a) CLMAR - mode 1

(b) CLMAR

Fig. 4: Time evolution (since the beginning of the event) of the CLMAR first mode α1 (top) and of the recon-

structed maritime boundary condition CLMARa (bottom) corrected using EnKF-γ-KLBC for OSSE 2003 event

during Exp. A-1 over the DAWs (L=1h - S=1h). The maritime signal at Le Verdon is shown with a blue dashed

line using the blue axis on the right. The green dots represent the ensemble of values taken by the control variable

at each time step. CLMARtrue is the ”true” value of maritime boundary condition CLMAR for Exp. True from

which the synthetic observations y0 are derived . CLMARb is the ”background” forcing of the control simulation.

Figure 4: Time Evolution (Since the Beginning of the Event) of the CLMAR first mode α1 (top) and of the reconstructed maritime 
boundary condition CLMARa (bottom) corrected using EnKF-γ-KLBC for OSSE 2003 event during Exp. A-1 over the DAWs (L=1h - 
S=1h). The maritime signal at Le Verdon is shown with a blue dashed line using the blue axis on the right. The green dots represent the 
ensemble of values taken by the control variable at each time step. CLMARtrue is the ”true” value of maritime boundary condition CLMAR 
for Exp. True from which the synthetic observations y0 are derived . CLMARb is the ”background” forcing of the control simulation.
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(a) Ks1

(b) Ks3

Fig. 5: Evolution of Ks1 and Ks3 for OSSE 2003 event during Exp. A-1 during the assimilation cycles (L=1h -
S=1h). The maritime signal at Le Verdon is shown with a blue dashed line using the blue axis on the right. The
green dots represent the ensemble of values taken by the control variable at each time step.

Figure 5: Evolution of Ks1 and Ks3 for OSSE 2003 event during Exp. A-1 during the assimilation cycles (L=1h S=1h). The maritime 
signal at Le Verdon is shown with a blue dashed line using the blue axis on the right. The green dots represent the ensemble of values 
taken by the control variable at each time step.

Exp. A has two main goals. On the one hand, it aims at confirming 
with DA the conclusions described concerning the influence area 
of each BC and parameter according to the tidal cycle [1]. That’s 
why, despite showed that the wind influence coefficient Cd or 
the river discharges (QGAR and QDOR) had no influence at all 
on the water levels in the estuary, they were included in Exp [1]. 
A’s control vector. In contrast, as Ks4 influences water levels at 
the upstream part of both Garonne and Dordogne rivers already 

respectively governed by QGAR and QDOR, it was not included 
in γ. On the second hand, Exp. A aims at optimizing the settings 
of the EnKF-γ-KLBC. For that reason, Exp. A was declined into 
several configurations, as shown in Table 3. Exp. A-1 uses all 
available observation stations, while Exp A−2, Exp A−3 and Exp 
A−4 present a limited number of observation stations. Indeed, 
Exp. A-1 uses 12 observation stations homogeneously distributed 
over the entire estuary, located at Le Verdon, Richard, Lam´ena, 
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Pauillac, Fort M´edoc, Bec d’Amb`es, Le Marquis, Bassens, 
Bordeaux (limnigraph and tide gauge), La R´eole and Pessac.

4.1.2. Experimental Setting for real Experiment (Exp. B)
Exp. B assimilates “real” hourly observed water levels during 
the 2016 event described in Section 2.2 at the tide gauges located 
at Port-Bloc, Pauillac and Bordeaux PABx, as shown in Table 3 
during the last 66 hours of the flood event where observations are 
available.

As [1] concluded that the most influential inputs on water levels 
in the estuary are the Strickler coefficients Ks1, Ks2, Ks3 and the 
maritime BC noted CLMAR, the control vector is composed of 4 
uncertain variables: 3 Strickler coefficients (Ks1, Ks2 and Ks3) and 
the maritime time-dependent BC CLMAR through the estimation 
of its modal coefficients 
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4.1.2 Experimental setting for real experiment
(Exp. B)

Exp. B assimilates “real” hourly observed water lev-
els during the 2016 event described in Section 2.2 at
the tide gauges located at Port-Bloc, Pauillac and Bor-
deaux PABx, as shown in Table 3 during the last 66 hours
of the flood event where observations are available.

As [1] concluded that the most influential inputs on
water levels in the estuary are the Strickler coefficients
Ks1, Ks2, Ks3 and the maritime BC noted CLMAR,
the control vector is composed of 4 uncertain variables:
3 Strickler coefficients (Ks1, Ks2 and Ks3) and the
maritime time-dependent BC CLMAR through the es-
timation of its modal coefficients

(
αtrue
j

)
j∈(1,··· ,pCLMAR)

.

Ks4, Cd, QGAR and QDOR are not corrected. The
initial background values in γb

0 are shown in Table 1
and Table 5. The cycling parameters are set to L = 3
hours and S∆t=2 hours.

4.2 Validation with an Observing System Simulation
Experiment (OSSE) environment (Exp. A)

Section 4.2 is dedicated to the discussion about the re-
sults for Exp. A. For figures representing the evolu-
tion of the controlled variables (Figures 4-a and 5), the
mean background value of each controlled variable is
displayed with a solid blue line, while the mean “true”
value is displayed with a solid black line. The mean of
the analysis is plotted with a red solid line. The green
dots display the ensemble of values taken by the ensem-
ble of analysis in the control space at each time step.
The maritime signal at Le Verdon is displayed with a
blue dashed line using the right blue axis. Figure 4-b
displays the evolution of the maritime forcing CLMAR.
The “analyzed” maritime boundary CLMARa is shown
with a solid red line. The “true” (resp. background) sig-

nals CLMARtrue (resp. CLMARb) are displayed with
a solid black (resp. blue) line. The difference between
CLMARa and CLMARtrue is shown with a red dashed

line using the right ordinate axis.

Sections 4.2.1 and 4.2.2 present the DA results for
Exp A-[1,2,3,4] in the control space (Section 4.2.1) and
in the observation space 4.2.2. The impact of the obser-
vation network characteristics is assessed in Section 4.2.3
and the influence of the DA hyperparameters is assessed
in Section 4.2.4. Illustrations are shown for Exp A-1
only while results for all Exp A are expressed in terms
of RMSE for water level at observations stations and
are gathered in Table 6.

4.2.1 Results in the control space : parameters and
forcings estimation

Figure 4-a shows the evolution of the modal coefficient
α1 of the maritime BC CLMAR over time. The modal
coefficient obtained at the end of the successive DA cy-
cles varies in time and does not converge towards its
true constant value (see table 4). Same observation is
made for all maritime and fluvial BC modal coefficient.
The DA strategy thus suffers from an equifinality prob-
lem. These sets αa = (αa

i)i∈(1,,..p) of time-dependent
modal coefficients that differ from the “true” ensemble
αtrue = (αtrue

i)i∈(1,,..p) are further used to reconsti-

tute CLMARtrue, as shown in Figure 4-b on the right
y-axis. CLMARtrue is plotted in black, the background
CLMARb is plotted in blue and the reconstructed an-
alyzed forcing noted CLMARa is plotted in red for
OSSE 2003 event.

The error between CLMARa and CLMARtrue is
plotted with a triangle dashed red line. It is less than
10 cm at the end of Exp. A-1 for OSSE 2003 event. Sim-
ilarly, QGAR and QDOR are reconstructed to within
2 % with respect to their true equivalent for OSSE 2003
event during Exp. A-1 (not shown here). These results
show that, inspite of the equifinality in the space of the
modal coefficients, the analysis allows to reconstruct a
forcing that is very close to the true forcing for both
maritime and fluvial BC.

Figure 5 displays the evolution of the friction co-
efficients Ks1 and Ks3 for “background”, “analysed”
and “true” values over time for the OSSE 2003 event.
Ks1a (Figure 5-a) is in good agreement with Ks1true

despite the presence of noise of maximum amplitude of
10 m

1
3 .s-1. Similar results (not shown here) were ob-

tained for Ks2a with a noise that reaches a maximum
amplitude of 35 m

1
3 .s-1 and seems to be decoupled from

the tide signal.

The analysis for Ks3 is plotted in Figure 5-b and
shows a noise of maximum amplitude 15 m

1
3 .s-1 around

the true value Ks3true=50 m
1
3 .s-1. This noise tends to

weaken at the end of the OSSE 2003 event.

4.2.2 Results in the observation space: water level
prediction

As shown in Figure 2, step 7 and step 7bis, the analyzed
parameters and forcings are used to simulate the ana-
lyzed water levels with Telemac2D. These are then com-
pared to the synthetical observations for OSSE 2003
event during Exp. A. The maximum RMSE computed
over the entire 2003 synthetical flood event between ob-
served and predicted water levels with EnKF-γ-KLBC
over the total duration of Exp. A-1, as shown in Fig-

 Ks4, Cd, QGAR 
and QDOR are not corrected. The initial background values in γb

0 
are shown in Table 1 and Table 5. The cycling parameters are set 
to L = 3 hours and SΔt=2 hours.

4.2. Validation with an Observing System Simulation
Experiment (OSSE) environment (Exp. A)
Section 4.2 is dedicated to the discussion about the results for 

Exp. A. For figures representing the evolution of the controlled 
variables (Figures 4-a and 5), the mean background value of each 
controlled variable is displayed with a solid blue line, while the 
mean “true” value is displayed with a solid black line. The mean of 
the analysis is plotted with a red solid line. The green dots display 
the ensemble of values taken by the ensemble of analysis in the 
control space at each time step. The maritime signal at Le Verdon 
is displayed with a blue dashed line using the right blue axis. 
Figure 4-b displays the evolution of the maritime forcing CLMAR. 
The “analyzed” maritime boundary CLMARa is shown with a solid 
red line. The “true” (resp. background) signals CLMARtrue (resp. 
CLMARb) are displayed with a solid black (resp. blue) line. The 
difference between CLMARa and CLMARtrue is shown with a red 
dashed line using the right ordinate axis.

Sections 4.2.1 and 4.2.2 present the DA results for Exp A- in the 
control space (Section 4.2.1) and in the observation space 4.2.2 [1-
4]. The impact of the observation network characteristics is assessed 
in Section 4.2.3 and the influence of the DA hyperparameters is 
assessed in Section 4.2.4. Illustrations are shown for Exp A-1 only 
while results for all Exp A are expressed in terms of RMSE for 
water level at observations stations and are gathered in Table 6.
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Table 6: RMSE with (column “with DA”) and without (columns “without DA”) EnKF-γ-KLBC for OSSE 2003
event during Exp. A. The last line (“global”) is the average of the RMSE calculated on the 23 stations of the
Gironde estuary. Stars (*) besides RMSE indicate the “assimilated” stations.

Station RMSE without DA RMSE with DA
Exp. A-1 Exp. A-2 Exp. A-3 Exp. A-4

Royan 0.31 0.06 0.06 0.21 0.26
Port-Bloc 0.32 0.05 0.05 0.13 0.23
Le Verdon 0.32 0.05* 0.04* 0.12 0.23*
Meshers s/ Gir. 0.33 0.06 0.05 0.18 0.25
Richard 0.34 0.08* 0.06* 0.27 0.28
Mortagne s/ Gir. 0.35 0.07 0.06 0.21 0.22
Port Maubert 0.37 0.07 0.06 0.18 0.19
Laména 0.41 0.08* 0.07 0.17* 0.18
Vitrezay 0.42 0.08 0.07 0.17 0.18
CE Blayais 0.45 0.09 0.08 0.19 0.2
Pauillac 0.47 0.09* 0.08* 0.19 0.21*
Fort Médoc 0.51 0.09* 0.08 0.21 0.23
Bec d’Ambès 0.58 0.1* 0.09* 0.25 0.29
Le Marquis 0.6 0.1* 0.09 0.26 0.29
St Louis de M 0.6 0.1 0.09 0.24 0.33
Bassens 0.63 0.1* 0.09 0.24 0.38
Bordeaux Pabx 0.65 0.11* 0.1 0.23 0.44
Bordeaux 2 0.63 0.11* 0.1* 0.23 0.46
Bègles 0.64 0.11 0.1 0.23 0.51
Cadillac 0.34 0.12 0.12 0.19 0.2
Langon 0.36 0.13 0.13 0.19 0.19
La Réole 0.42 0.09* 0.09* 0.11* 0.1*
Ambès 0.51 0.1 0.09 0.22 0.29
St Vincent de P. 0.32 0.09 0.09 0.17 0.19
Libourne 0.33 0.1 0.1 0.14 0.13
Pessac 0.72 0.1* 0.1* 0.08* 0.08*

Global 0.46 0.09 0.08 0.19 0.25

Table 6: RMSE with (Column “with DA”) and Without (Columns “Without DA”) EnKF-γ-KLBC for OSSE 2003 Event During 
Exp. A. The Last Line (“global”) is the Average of the RMSE Calculated on the 23 Stations of the Gironde Estuary. Stars (*) 
Besides RMSE Indicate the “Assimilated” Stations.
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4.2.1. Results in the Control Space: Parameters and Forcings 
Estimation
Figure 4-a shows the evolution of the modal coefficient α1 of the 
maritime BC CLMAR over time. The modal coefficient obtained 
at the end of the successive DA cycles varies in time and does 
not converge towards its true constant value (see table 4). Same 
observation is made for all maritime and fluvial BC modal coefficient. 
The DA strategy thus suffers from an equifinality problem. These 
sets 
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4.1.2 Experimental setting for real experiment
(Exp. B)

Exp. B assimilates “real” hourly observed water lev-
els during the 2016 event described in Section 2.2 at
the tide gauges located at Port-Bloc, Pauillac and Bor-
deaux PABx, as shown in Table 3 during the last 66 hours
of the flood event where observations are available.

As [1] concluded that the most influential inputs on
water levels in the estuary are the Strickler coefficients
Ks1, Ks2, Ks3 and the maritime BC noted CLMAR,
the control vector is composed of 4 uncertain variables:
3 Strickler coefficients (Ks1, Ks2 and Ks3) and the
maritime time-dependent BC CLMAR through the es-
timation of its modal coefficients

(
αtrue
j

)
j∈(1,··· ,pCLMAR)

.

Ks4, Cd, QGAR and QDOR are not corrected. The
initial background values in γb

0 are shown in Table 1
and Table 5. The cycling parameters are set to L = 3
hours and S∆t=2 hours.

4.2 Validation with an Observing System Simulation
Experiment (OSSE) environment (Exp. A)

Section 4.2 is dedicated to the discussion about the re-
sults for Exp. A. For figures representing the evolu-
tion of the controlled variables (Figures 4-a and 5), the
mean background value of each controlled variable is
displayed with a solid blue line, while the mean “true”
value is displayed with a solid black line. The mean of
the analysis is plotted with a red solid line. The green
dots display the ensemble of values taken by the ensem-
ble of analysis in the control space at each time step.
The maritime signal at Le Verdon is displayed with a
blue dashed line using the right blue axis. Figure 4-b
displays the evolution of the maritime forcing CLMAR.
The “analyzed” maritime boundary CLMARa is shown
with a solid red line. The “true” (resp. background) sig-
nals CLMARtrue (resp. CLMARb) are displayed with
a solid black (resp. blue) line. The difference between
CLMARa and CLMARtrue is shown with a red dashed
line using the right ordinate axis.

Sections 4.2.1 and 4.2.2 present the DA results for
Exp A-[1,2,3,4] in the control space (Section 4.2.1) and
in the observation space 4.2.2. The impact of the obser-
vation network characteristics is assessed in Section 4.2.3
and the influence of the DA hyperparameters is assessed
in Section 4.2.4. Illustrations are shown for Exp A-1
only while results for all Exp A are expressed in terms
of RMSE for water level at observations stations and
are gathered in Table 6.

4.2.1 Results in the control space : parameters and
forcings estimation

Figure 4-a shows the evolution of the modal coefficient
α1 of the maritime BC CLMAR over time. The modal
coefficient obtained at the end of the successive DA cy-
cles varies in time and does not converge towards its
true constant value (see table 4). Same observation is
made for all maritime and fluvial BC modal coefficient.
The DA strategy thus suffers from an equifinality prob-
lem. These sets αa = (αa

i)i∈(1,,..p) of time-dependent
modal coefficients that differ from the “true” ensemble
αtrue = (αtrue

i)i∈(1,,..p) are further used to reconsti-

tute CLMARtrue, as shown in Figure 4-b on the right
y-axis. CLMARtrue is plotted in black, the background
CLMARb is plotted in blue and the reconstructed an-
alyzed forcing noted CLMARa is plotted in red for
OSSE 2003 event.

The error between CLMARa and CLMARtrue is
plotted with a triangle dashed red line. It is less than
10 cm at the end of Exp. A-1 for OSSE 2003 event. Sim-
ilarly, QGAR and QDOR are reconstructed to within
2 % with respect to their true equivalent for OSSE 2003
event during Exp. A-1 (not shown here). These results
show that, inspite of the equifinality in the space of the
modal coefficients, the analysis allows to reconstruct a
forcing that is very close to the true forcing for both
maritime and fluvial BC.

Figure 5 displays the evolution of the friction co-
efficients Ks1 and Ks3 for “background”, “analysed”
and “true” values over time for the OSSE 2003 event.
Ks1a (Figure 5-a) is in good agreement with Ks1true

despite the presence of noise of maximum amplitude of
10 m

1
3 .s-1. Similar results (not shown here) were ob-

tained for Ks2a with a noise that reaches a maximum
amplitude of 35 m

1
3 .s-1 and seems to be decoupled from

the tide signal.

The analysis for Ks3 is plotted in Figure 5-b and
shows a noise of maximum amplitude 15 m

1
3 .s-1 around

the true value Ks3true=50 m
1
3 .s-1. This noise tends to

weaken at the end of the OSSE 2003 event.

4.2.2 Results in the observation space: water level
prediction

As shown in Figure 2, step 7 and step 7bis, the analyzed
parameters and forcings are used to simulate the ana-
lyzed water levels with Telemac2D. These are then com-
pared to the synthetical observations for OSSE 2003
event during Exp. A. The maximum RMSE computed
over the entire 2003 synthetical flood event between ob-
served and predicted water levels with EnKF-γ-KLBC
over the total duration of Exp. A-1, as shown in Fig-
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are further used to reconstitute CLMARtrue, as shown in Figure 4-b 
on the right y-axis. CLMARtrue is plotted in black, the background 
CLMARb is plotted in blue and the reconstructed analyzed forcing 
noted CLMARa is plotted in red for OSSE 2003 event.

The error between CLMARa and CLMARtrue is plotted with a triangle 
dashed red line. It is less than 10 cm at the end of Exp. A-1 for 
OSSE 2003 event. Similarly, QGAR and QDOR are reconstructed 
to within 2 % with respect to their true equivalent for OSSE 2003 
event during Exp. A-1 (not shown here). These results show that, 
inspite of the equifinality in the space of the modal coefficients, the 
analysis allows to reconstruct a forcing that is very close to the true 
forcing for both maritime and fluvial BC.

Figure 5 displays the evolution of the friction coefficients Ks1 and 
Ks3 for “background”, “analysed” and “true” values over time for 
the OSSE 2003 event. Ks1a (Figure 5-a) is in good agreement with 
Ks1true despite the presence of noise of maximum amplitude of 10 

m1/3 .s-1 . Similar results (not shown here) were obtained for Ks2a 
with a noise that reaches a maximum amplitude of 35 m1/3 .s-1  and 
seems to be decoupled from the tide signal.

The analysis for Ks3 is plotted in Figure 5-b and shows a noise of 
maximum amplitude 15 m1/3 .s-1 around the true value  Ks3true = 50 
m1/3 .s-1. This noise tends to weaken at the end of the OSSE 2003 
event.

4.2.2. Results in the Observation Space: Water Level Prediction
As shown in Figure 2, step 7 and step 7bis, the analyzed 
parameters and forcings are used to simulate the analyzed water 
levels with Telemac2D. These are then compared to the synthetical 
observations for OSSE 2003 event during Exp. A. The maximum 
RMSE computed over the entire 2003 synthetical flood event 
between observed and predicted water levels with EnKF-γ-KLBC 
over the total duration of Exp. A-1, as shown in Figure 6, is less 
than 11 cm for all stations, except at B`egles and Cadillac where 
it reaches 12 and 13 cm respectively. Moreover, the EnKF-γ-
KLBC reduces the time shift between predicted and observed 
HT (not shown here). Thus, despite a poor estimation of the 
modal coefficients associated with time-dependent forcings and 
some noise in the estimation of Ks3, as well as the equifinality 
mentioned in Section 4.2.1, the results in terms of water level 
prediction, obtained by correcting all the forcings and parameters 
of the Gironde estuary Telemac2D numerical model using its main 
stations, are very good.
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Fig. 6: Root mean square error along the Gironde estuary for OSSE 2003 event during Exp. A-1.

Figure 6: Root Mean Square Error Along the Gironde Estuary for OSSE 2003 Event During Exp. A-1.

4.2.3. Impact of the Observing Network
The various settings of experiments noted Exp. A aim at studying 
the influence of the location of the observing stations described 
in Table 3 on the performance of the EnKF-γ-KLBC along the 
Gironde estuary.

The RMSE between observed and predicted water levels with 
and without DA for each Exp. A are summarized in Table 6. The 
“assimilated” stations are noted with a star (*). The RMSE is 
computed for stations where the data is assimilated as well as where 
the data is used for validation only. Exp. A-2 presents the best 
water levels’ prediction performance for all stations, including the 
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validation stations. In this configuration (L = S = 1 hour), the ideal 
observation network is that of Exp. A-2 that includes 7 tide gauges 
located in Royan, Richard, Pauillac, Bec d’Amb`es, Bordeaux 
(limnigraph), to which La R´eole (resp. Pessac) should be added, if 
the Garonne (resp. Dordogne) discharge needs to be corrected with 
EnKF-γ-KLBC. The analysis of the contributions brought by each 
assimilated station to the correction of each control variable Ks1, 
Ks2 and Ks3 (not shown here) shows, in agreement with the GSA 
results presented in that Ks1, Ks2 and Ks3 are mainly corrected 
using the water levels computed at the stations under maritime 
influence and that the contributions depend on the tidal cycle [1]. 
On the other hand, it was shown that the stations of Pessac and 
La R´eole don’t contribute at all to the correction of Ks1, Ks2 and 
Ks3.

4.2.4. Influence of DA Hyperparameters
It should be noted that a preliminary sanity check to study the 
influence of Ne (Ne ∈ [10,50,100,125,1000] members) showed 
that, beyond 50 members, Ne no longer influences the temporal 
evolution of the controlled variables nor the performance of the 
EnKF-γKLBC. It does not improve the equifinality issue that was 
previously highlighted. Ne = 100 members was further used to 
lower the computational cost and investigate the performance of 
EnKF-γ-KLBC for the water levels’ RMSE criterion in a synthetic 
framework.

Finally, the influence of the cycling of DAWs was considered for 
Exp. A-1. A 6-hours DAW shifted by 2 hours with the following 
DAW (L = 6 and S = 2 according to Figure 3) was considered. In 
this experiment, for each station, 6 observations are assimilated 
per cycle Fk and the last 4 observations are used for the next DAW 
Fk+1. The RMSE between observed and predicted water levels with 
DA is 1 cm lower for L = 6 and S = 2 than for L = 1 h and S = 1. The 
main benefit is that the high-frequency oscillations of γ, described 
in Section 4.2.1 for Ks1a and Ks3a, are, by construction, smoothed 
(not shown here).

5. Results for a Real Experiment (Exp. B)
5.1. Results in the Control Space: Parameters and Forcings 
Estimation
For the real experiment Exp. B, as in Exp. A, the “analysed” modal 
coefficients αa governing the maritime BC CLMAR show some 
variability and do not converge to a constant value (not shown 
here). The resulting CLMARa and the instantaneous correction 
(CLMARa−CLMARb) are shown in Figure 7. The latter is a periodic 
signal, with a different period from tide, which proves that EnKF-
γ-KLBC reduces the time shift between CLMARa and CLMARb. It 
supports the hypothesis of decoupling the uncertainties linked to 
the tide and the meteorological surge levels, as concluded in [1]. 
Moreover, CLMARa, compared to CLMARb, is not the result of bias 
or amplitude correction.

−
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Fig. 7: Maritime boundary condition CLMAR of the numerical model for 2016 event during Exp. B

Figure 7: Maritime Boundary Condition CLMAR of the Numerical Model for 2016 Event During Exp. B.
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The evolution of Ks1a, Ks2a and Ks3a, controlled during Exp. 
B, are respectively displayed over time in Figure 8-a, -b and -c. 
On one hand, they show “high frequency” oscillations already 
highlighted in Section 4.2. This noise seems to be related to the 
use of the resampling method described in Section 3.2.1 and, also, 
to the cycling DAW with L = 3 h and S = 2 h. On the other hand, 
while Ks1a is generally in a range of “physical” admitted values for 
Strickler coefficients ([20 m1/3 .s-1; 80 m1/3 .s-1]), Ks2a and Ks3a reach 
higher values. Ks2a shows high values during the first part of Exp. 
B and values in the range ([60 m1/3 .s-1; 80 m1/3 .s-1]) after 100 h. Ks3a 
oscillates around 100 m1/3 .s-1. A too large value for Ks may reveal 
the decorrelation between friction in the river and the dynamics of 
the flow (water depth and velocity) in the estuary because of high 

water depths. Such values are not relevant in rivers where the water 
level is the result of a compromise between the upstream inflow, 
the downstream BC, bathymetry and friction. In these areas, a 
very large Strickler’s coefficient probably reveals an error in some 
other physical process not accounted for in the model. A threshold 
on Ks was applied here to constrain Ks2a and Ks3a to physical 
values. This highlights the sub-optimality of EnKF-γ-KLBC for 
this area subject to non-linear physical processes, especially at the 
confluence between the Garonne and Dordogne rivers. In this area, 
the correction of the friction coefficients tends to compensate other 
errors, such as the 3D flow turbulence or the diphasic stratification 
brought by the silt plug, especially in the Gironde estuary.26 V. Laborie, S. Ricci and N. Goutal

(a) Ks1

(b) Ks2

(c) Ks3

Fig. 8: Evolution of Ks1, Ks2 and Ks3 for 2016 event during Exp. B during the assimilation cycles (L=3h -

S=2h). The maritime signal at Le Verdon is shown with a blue dashed line using the blue axis on the right. The

ensemble is represented by green circles.
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Fig. 8: Evolution of Ks1, Ks2 and Ks3 for 2016 event during Exp. B during the assimilation cycles (L=3h -
S=2h). The maritime signal at Le Verdon is shown with a blue dashed line using the blue axis on the right. The
ensemble is represented by green circles.

Figure 8: Evolution of Ks1, Ks2 and Ks3 for 2016 event during Exp. B during the assimilation cycles (L=3h S=2h). The maritime signal 
at Le Verdon is shown with a blue dashed line using the blue axis on the right. The ensemble is represented by green circles.

5.2. Results in the Observation Space: Water Levels Scores
The performance of EnKF-γ-KLBC is assessed over time using 
(y0 - ya) at the ”assimilated” observation station Bordeaux PABx 
and at validation stations Bordeaux2 and Cadillac in Figure 9. For 

complementary analysis, the water level RMSE is computed using 
the whole water level time series or using HT values only, at each 
station along the Gironde estuary. The RMSE for the 2016 event 
and Exp. B is displayed in Figure 10 and Figure 11.

Reducing the infered time-varying forcings’ dimension to improve water level prediction in the Gironde estuary 27

(a) Bordeaux PABX

(b) Bordeaux 2

(c) Cadillac

Fig. 9: Evolution of water levels for 2016 event during Exp. B (L=3h - S=2h) at a) the ”assimilated” station of

Bordeaux, b) the validation station Bordeaux2, and c) the validation station Cadillac.
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Figure 9: Evolution of Water Levels for 2016 Event During Exp. B (L=3h - S=2h) at a) the ”Assimilated” Station of Bordeaux, b) the 
Validation Station Bordeaux2, and c) the Validation Station Cadillac.28 V. Laborie, S. Ricci and N. Goutal

Fig. 10: Root mean square error along the Gironde estuary for 2016 event during Exp. B.

Fig. 11: Mean Absolute Error on HT peaks along the Gironde estuary for 2016 event during Exp. B.
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Fig. 10: Root mean square error along the Gironde estuary for 2016 event during Exp. B.

Fig. 11: Mean Absolute Error on HT peaks along the Gironde estuary for 2016 event during Exp. B.

Figure 10: Root Mean Square error Along the Gironde Estuary for 2016 Event During Exp. B.

Figure 11: Mean Absolute error on HT Peaks Along the Gironde Estuary for 2016 Event During Exp. B.
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Water levels at Bordeaux PABx, Bordeaux2 and Cadillac are 
represented in Figure 9-a, -b and -c. For the three stations, HT 
peaks are better represented when DA is used. Same goes for peaks 
at low tides (LT), particularly after 160 h. For Bordeaux PABx and 
Bordeaux2, the amplitude and shape of ya are also closer to y0 
than yb. The Cadillac station is located between Bordeaux and La 
R´eole on the Garonne river. In spite of an unrefined mesh and no 
DA of observed water levels at la R´eole, at the upstream part of 
the Garonne river, the water level time series and the HT peaks, are 
better represented with EnKF-γ-KLBC. The water level RMSE at 
this station is thus halved, from 68 cm to 39 cm.

Figure 10 shows the water level RMSE obtained “without” (in 
blue) (resp. “with” in red) EnKF-γ-KLBC for all stations in the 
estuary where measurements were available during the event. 
The water level RMSE is computed from the instantaneous errors 
between ya (with DA) or yb (without DA) and y0 and significantly 
increases if the signal is time-shifted. EnKF-γ-KLBC allows for a 
small improvement in RMSE (less than 5 cm) downstream of Bec 
d’Amb`es. Yet, it allows for a significant improvement between 
the confluence and Bordeaux with a decrease in RMSE of 10 cm to 
20 cm, and at Cadillac with a decrease in RMSE of 29 cm.

Figure 11 represents the mean absolute error (MAE) on water 
levels computed for HT peaks. While remaining lower than 10 
cm, the MAE on HT peaks is degraded at Port-Bloc and Pauillac 
(eventhough observations are assimilated), as well as at Royan. 
Downstream of the confluence, the MAE decreases by 6 cm at Le 
Verdon and Lam´ena and is little influenced by EnKF-γ-KLBC at 
Fort-M´edoc and Bec d’Amb`es. On the Garonne river, the HT 
peaks estimation is substantially improved: the RMSE on HT 
peaks decreases from 30 cm to 46 cm between Le Marquis and 
Cadillac to RMSE on HT peaks lower than 18 cm. In conclusion, 
considering real observations in Exp. B, the methodology EnKF-
γ-KLBC leads to a better representation of water level time series 
and HT peaks at almost all stations upstream of Le Verdon.

6. Conclusions and Perspectives
This article presents a DA strategy, denoted as EnKFγ-KLBC, for 
improving water level simulation by correcting scalar parameters 
such as friction and wind influence coefficients as well as time-
dependent boundary conditions of a Telemac2D numerical model 
with a stochastic EnKF for the Gironde estuary. The dimension of 
the time series prescribed as upstream and downstream boundry 
conditions is reduced using the Karhunen-Lo`eve decomposition. 
The hydraulic state is not included in the control vector as any 
initial condition has limited impact on the simulated hydraulic 
state over time. Such extension could be investigated for very 
short term forecasts with high frequency of DAWs overlapping. 
The EnKF-γ-KLBC was successfully validated in OSSE mode 
for a non-overflowing 2003 event. It was shown that the time-
dependent forcings are properly reconstructed and that the water 
level RMSE is significantly reduced and remains below 10 cm at 
almost all stations in the estuary. The commonly known equifinality 
issue was highlighted here in the space of the KL decomposition, 

especially when the control vector is extended with the friction 
coefficients. Nevertheless, the reconstructed forcing time series is 
satisfyingly close to that of the reference simulation. As a result, 
the analyzed water level is close to the synthetical observations. A 
series of OSSE experiments with different observation networks 
and assimilation settings are carried out and the most favorable 
choices are kept for the real mode experiment. The performance 
of the EnKFγ-KLBC was then assessed in real mode with the 
assimilation of in situ water level observations for the 2016 real 
non-overflowing event, in hindcast mode. The data assimilation 
analysis leads to a time-dependent variability of the Strickler 
coefficients and the coefficients of the KL decomposition for the 
maritime and fluvial boundary conditions. It was shown that the 
water level time series is better represented in terms of amplitude 
and that HT peaks are better estimated at almost all stations along 
the Gironde estuary. The merits of the proposed EnKF-γ-KLBC 
strategy were assessed for non-overflowing events. It appears as a 
reliable yet parsimonious alternative to setting up and running an 
overflowing 2D numerical model that classically implies access 
to high resolution topography data, resolution of complex physics 
and an associated high computational cost. For that reason, the 
proposed strategy paves the way for operational simulation of 
estuarine dynamics.
Sequential water level forecast is beyond the scope of this study 
and should be investigated with various strategies as presented in 
[42]. In that perspective, a free run (or an ensemble of free runs) 
would be issued starting from the last time of each assimilation 
window, for a chosen lead time period, for instance of +24h. 
While the correction of the hydraulic state is commonly known to 
be of limited use for mid- to long-term forecast, the correction of 
hydraulic parameters and forcing may allow for improvement. A 
straightforward strategy would consists in persisting the correction 
of the vector control beyond the end of the assimilation window, 
over the forecast period. In the present work, this resumes to 
applying the correction of the KL decomposition coefficients 
to build the boundary conditions over the forecast period. The 
corrected friction coefficients would be kept constant to the 
analyzed values over the forecast period. While this approach 
makes the most of the previously computed correction, it is 
questionable as the nature of the error in forcing and in friction 
may not be persistent over the assimilation and forecast periods.

Another perspective for this study stands in extending the control 
vector in order to take into account uncertainties in the surface 
forcing atmospheric fields (wind and pressure) over the Gironde 
estuary. A similar strategy to that applied for maritime and fluvial 
forcing could be applied, but this time over a 2D forcing field 
of atmospheric variables. In the context of ensemble forecast, 
the simulations for PE-ARPEGE issued at M´et´eoFrance could 
be used. As the size of the control vector increases, the cost of 
the ensemble based data assimilation strategy may become 
untrackable. The use of a surrogate model in place of the direct 
Telemac solver may be considered to limit the computational cost 
of the EnKF-γ-KLBC algorithm. This strategy was proven to be 
efficient in the context of sensitivity analysis with the 1D SWE 
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software Mascaret or with Telemac over the Garonne river [43-
46].
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