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Abstract
The SOPRANE operational forecasting system is based on a quasi-geostrophic (QG) model of the Northeast Atlantic. The
assimilation scheme used to constrain the model consists of a Reduced Order Optimal Interpolation (ROOI) using an Extended
Kalman Filter (EKF) formulation. Corrections to the model fields at the surface are consistent with satellite along track data and
a priori statistical information on the forecast error. The required forecast error variance is updated using an estimation of the
time evolution of the analysis error variance (taken as the initial condition error variance). A correlation function C then leads to
the forecast error covariance matrix. However, our knowledge on these statistics is poor. We then achieve ensemble forecast
experiments based on perturbed initial condition fields so as to estimate initial condition error growth and check if the ROOI
hypothesis is relevant.
Tests on six different initial ensembles of 140 members, integrated over 35 days, have been performed to correctly determine
characteristics of the initial condition statistics. We can clearly show the strong correlation between local dynamics and spatial
repartition of the error growth, which concentrates on the most energetic regions. Some interannual variability patterns can also
be found.
This leads to the computation of a new ensemble, with statistics consistent with what is observed in the previous
experiments. Time propagation of the initial condition error variance, the C matrix and its parameters are estimated. It shows a
northward decrease of the error correlation radii and a westward propagation of the errors. There is an interannual and spatial
variation of C, on the contrary to what is stated in the SOPRANE ROOI scheme. Moreover, the increase error variance in time
is also correlated with the dynamics.
D 2003 Elsevier Science B.V. All rights reserved.
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1. Introduction
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Since 1998, the SOPRANE ocean forecast system
has been used to provide weekly ocean forecasts of
the Northeast Atlantic mesoscale dynamics for French
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naval application. This system is composed of a quasigeostrophic (QG) model, derived from the Blayo
(1992) model and an assimilation scheme based on
Reduced Order Optimal Interpolation (ROOI) (De
Mey and Benkiran, 2000). Correction to the model
field is estimated from equations derived from the
Extended Kalman Filter formulation, which requires
the forecast error covariance matrix to compute the
Kalman gain. The forecast error covariance matrix is
generally computed using the time evolution of the
error probability density function (pdf). But, for
strong non-linear model, such as the QG model, it
leads to closure problems for the time propagation of
the second order of this pdf (Evensen, 1994). Many
methods have been investigated to approximate forecast error covariance, such as splitting the transition
matrix to obtain pure evolution of error covariance
and a representation of the nonlinear effects (Evensen,
1992), by using Monte Carlo methods (Molteni et al.,
1996) or assuming a priori spatial and temporal
variation of the model errors. This third solution has
been chosen for SOPRANE.
In the OI scheme, the forecast error covariance
matrix is replaced by an approximation. Only the
forecast error variance is predicted from the previous
analysis error variance, taken as the initial condition
error variance. Time propagation of this matrix is
parameterised, according to a priori knowledge of
the model dynamics effects. Simplified correlation
function is introduced diagnostically to estimate spatial and temporal structure of the forecast error covariance. It means that no time propagation of the
forecast error covariance is explicitly computed in
the ROOI scheme. Only the analysis error variance is
propagated and used to update forecast error variance.
But less is really known about error statistics and
most of the assimilation parameters are empirically
set.
The goal of this paper is to check the approximations made in the ROOI and to better estimate
parameters used in the correlation function and in
the time propagation of the analysis error variance. It
is known that a Monte Carlo (MC) approach, used for
example in the Ensemble Kalman Filter (Evensen,
1994), can significantly improve the estimation of the
forecast error covariance matrix. But the computational cost of this scheme is a strong restriction to its
use. Anyway, the MC method is helpful to determine

an a priori initial error covariance and its spatial and
temporal evolution. This method has been investigated here, first to set as well as possible the initial
ensemble perturbations to use to represent the initial
condition error statistics. Then, we use ensemble
method to characterise initial condition error growth,
covariance and assimilation parameters. So, the model,
the assimilation scheme and the ensemble methods are
introduced. Then, the evaluation of an optimal ensemble is performed and error growth characteristics are
discussed. Finally, the last part of this paper is dedicated to the evaluation of the assimilation parameters
and to the discussion on the new computed model
forecast.

2. The SOPRANE system
2.1. The model
The dynamical model used here is the one used in
the French Navy’s SOPRANE operational ocean forecasting system. It is based on the quasi-geostrophic
baroclinic model of the North Atlantic basin developed by Blayo (1992). The QG stream function
(model state) is found as the solution to:
B
f0
DWi ¼ J ðf þ DðWi ; Wi ÞÞ þ ðxi1=2  xiþ1=2 Þ
Bt
hi


curl T
2
A2 D Wi þ di1
 di10 ðCB DWi Þ
hi
ð1Þ
xiþ1=2 ¼


f0
B
 ðWi  Wiþ1 Þ
Bt
giþ1=2
V


þJ ðWi  Wiþ1 ; Wiþ1=2 Þ

ð2Þ

Here D is the horizontal Laplacian operator, J is the
Jacobian operator, f = f0 + by is the Coriolis parameter
on the b-plane centered at 39jN. The subscript i + 1/2
indicates variables at the interface between layers i
and i + 1. g iV+ 1/2 = g(qi + 1  qi)/q0 is the reduced gravity at the interface, with g acceleration due to gravity
and q0 climatological density. xi + 1/2 is the vertical
velocity at the interface, A2 and CB are the lateral and
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bottom friction coefficients, respectively, while s is
the wind stress distribution and hi the layer thickness.
dlk = 1 if l = k, 0 otherwise.
Wi + 1/2=(hi + 1Wi +hiWi + 1)/(hi +hi + 1) is the stream
function at the interface.
Some modifications have been made to take into
account the North East Atlantic domain, which now
spans from 24j to 54jN and 35jW to the 200 m
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isobath near the European continental shelf and the
African coast (Fig. 1). The eastern 200 m isobath
boundary is closed along the European and African
coast with a no slip condition. The Gibraltar Strait is
also closed. The model has 10 layers and a 1/10j horizontal resolution. The vertical stratification has been
computed from Robinson’s climatology (Robinson
et al., 1979).

Fig. 1. Bathymetry of the Northeast Atlantic on the SOPRANE domain. Areas studied in the paper are defined. The major currents are also
indicated: North Atlantic Current (NAC) north of 46jN, Azores Current (AC) near 34jN, Canary Current (CC) south of 31jN as described in
Käse and Siedler (1982) and Sy (1988).
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The model domain is characterised by the presence
of three main currents. The most energetic one is the
North Atlantic Current (hereafter NAC), which reaches the basin by crossing the Mid Atlantic Ridge at
the Gibbs fracture near 52jN (Käse et al., 1986; Sy,
1988). Most of the flow goes Northward to the
Norwegian Sea, Greenland coasts and Labrador basin.
The other part flows southward to reach the Azores
Current (hereafter AC). This current is generated by a
Gulf Stream branch which crosses the Mid Atlantic
Ridge eastward between 32j and 37jN (Oceanographer and Hayes fractures) and is associated with a
strong thermohaline front (subtropical front; Käse and
Siedler, 1982; Siedler et al., 1985). The flow propagates eastward to the Madeira shelf and turn south to
form the Canary Current (hereafter CC). This flow
then reaches the North Equatorial Current.
Another important characteristic of this area is the
exchange of water between the Atlantic and the Mediterranean sea through Gibraltar Strait. In particular, the
Mediterranean outflow of warm and salty water
between 800 and 2000 m associated to baroclinic
instabilities can lead to the formation of anticyclonic
eddy structures which can propagate far into the North
Atlantic Basin with local anomalies of temperature
( + 3 jC) and salinity ( + 0.8 psu) (Richardson and
Tychensky, 1998). The model presented here cannot
take into account this potential source of instability in
the AC and CC regions, due to the closed Gibraltar
Strait.
The model time step is 1 h. The atmospheric
mechanical forcing applied to the simulation presented here is made using an annual wind stress curl
computed from ECMWF reanalysis from 1986 to
1991.
2.2. The assimilation scheme
Sea level anomalies (SLA) observations from
Topex/Poseidon and ERS1/2 satellite altimeters are
assimilated along track using a Reduced Order Optimal Interpolation (ROOI). Assimilation occurs every
week (through an analysis step) when the model field
is updated to reflect incoming observations.
The analysis is suboptimal since for each grid
point, typically O(50) predictors are selected in an
influence bubble around the grid point of is 360 km
(zonally) by 400 km (meridionally) directions. A local

inversion is made at each grid point, providing a
correction for the given grid point. The cost of the
suboptimal analysis is an inversion of a small matrix
for each grid point while the cost of an optimal
analysis would be a single inversion of a matrix
whose size is the total number of observations in the
domain, which, in the case of altimeter data and our
domain, reaches several thousands.
In addition to this simplification, the order of the
full space is reduced using a simplification operator S
of rank rbn much smaller than the original rank n of
the problem. In our case, the order reduction consists
in applying the filter only at the surface, so the order
reduction ratio is 10 (the number of the model layer).
This sequential method can be derived from the
Extended Kalman Filter (EKF) equations as follows:
at time ti, corresponding to the end of the assimilation
cycle i, the forecast model state (stream function W)
is:
Wf ðti Þ ¼ M i1 ½Wa ðti1 Þ

ð3Þ

Mi  1 is the model operator (non-linear) at time ti  1,
Wa(ti  1) the analysis that has been computed previously at date ti  1. The corrected state (new analysis)
is computed as follows:
Wa ðti Þ ¼ Wf ðti Þ þ SI Kri di

ð4Þ

Kri is the Kalman gain in the reduced space at date
ti and S I is the pseudo-inverse of the simplification
operator S. In our case, this pseudo-inverse consists of
the vertical extension using the first dominant empirical mode as in Dombrowsky and De Mey (1992).
di = y0  HWf(ti) is the innovation vector with H the
observation operator and y0 the observed SLA. In our
case, H is linear since the streamfunction W is directly
connected to the SLA by the linear relation:
f
W  MSSH
SLA ¼
g
MSSH is a climatological Mean Sea Surface height
computed by Paillet (1996) from historical in situ
measurements. The innovation is computed on the fly
by the model so that the model/data misfits are
estimated taking into account the time of individual
observations. Altimeter observations are taken into
account for a time window starting 5 days before the
analysis data and ending 2 days after. In order to do

H. Etienne, E. Dombrowsky / Journal of Marine Systems 40 – 41 (2003) 317–339

so, the model is integrated after the analysis time to
compute the model/data misfits until the end of the
assimilation window. The assimilation acts as a
smoother since future observations are taken into account to perform the analysis.
The reduced Kalman gain formulation is:
Kri ¼

SI Pfri HTr ðHr Pfri HTr

1

þ Rr Þ

ð5Þ

Pfri = SPif S I is the forecast error covariance matrix in
reduced space at time ti. Hr = HS I is the observation
operator in reduced space. Rr is now the observation
error covariance matrix added to the covariance of the
observation representativity error in the reduced
space. Here, since the reduced space corresponds to
the surface streamfunction directly observed by altimeters, there is no additional representativity errors due
to the order reduction and thus Rr = R. Herein this
paper, error covariances and variances are adimensional variables (expressed as a fraction of the signal
variance).
2.3. Computation of the forecast error covariance
matrix
The major difference between EKF and ROOI
concerns the computation of the Pf matrix. Considering the true streamfunction Wt, we can define the
system errors g and the analysis error a as:
Wa ðti Þ ¼ Wt ðti Þ þ ai

ð6Þ

Wt ðtiþ1 Þ ¼ Mi ½Wt ðti Þ þ gi

ð7Þ

System errors are due to the inability of the model
to represent perfectly the true ocean state. g contains
uncertainty on the model physics, on the numeric and
on the forcing terms. It is generally assumed to have
zero mean and a covariance matrix Q, which is often
assumed diagonal (white system noise) and which is
generally set empirically.
As Wa is taken as a restart after each assimilation, a
is also the initial condition error. Forecast errors c for
a linear model M can then be deduced from Eqs. (3),
(6) and (7):
ciþ1 ¼ Mi ½ai  þ gi

ð8Þ
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We see that the forecast error consists in the sum of
the system noise and the propagation of the initial
condition errors by the dynamics. In the EKF, Pf is
computed from Eq. (8) at every time step using the
model tangent linear M:
Pfi ¼ Mi1 Pai1 MTi1 þ Qi

ð9Þ

In the OI, the corresponding equation is:
1=2

1=2

Pfi ¼ Di CDi

ð10Þ

where Di is diagonal and contains the forecast error
variance, and C is a correlation function. Doing so, OI
assumes that the forecast errors can be characterised
only by their variance, and parameters of correlation
function. This is particularly applicable here since the
spatial structures of the errors are assumed to be
independent of the dynamics and of the errors themselves.
In our case, according to some study on the
covariance of the mesoscale signal in the eastern
North Atlantic (Arhan and Colin de Verdière, 1985),
the correlation function C is set as:


br2 br3 br t2
Cðr; tÞ ¼ 1 þ br þ

ð11Þ
e e
6
6
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
where r ¼ ðDx=rx Þ2 þ ðDy=ry Þ2 and t =(Dt/t0) are
the non-dimensional spatial and temporal distance,
respectively. The constant b is set to 3.3. rx, ry and
t0 are the zonal, meridian and time correlation radii,
respectively, with rx = 160 km, ry = 200 km and t0 = 10
days. Dx, Dy and Dt are the zonal, meridian and
temporal distance between two observations.
The forecast error variance Di is generally set
empirically. In order to utilise in our ROOI scheme
the relation of the EKF Eq. (8), we have assumed that
the forecast error can be written as:
ciþ1 ¼ K½ai  þ gi

ð12Þ

where K is an empirically determined linear operator
which plays a role similar to the one of the model
tangent linear in the EKF Eq. (8) for the initial error
propagation. Doing so, the forecast error variance
writes:
Di ¼ KDai1 KT þ Q

ð13Þ
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where Dai  1 is the error variance of the initial conditions (analysis).
The operator K has been set so that at each grid
point, the initial condition error variance is multiplied
by a scalar s and added to a constant variance. This
writes:
Di ¼ sDai1 þ F þ Q

ð14Þ

where F is a constant diagonal error covariance
matrix. This formulation assumes that the forecast
error variance is a weighted average of the initial
error variance and a random noise. This formulation
takes into account the fact that a fraction of the initial
error variance can remain unaffected by the dynamics
after the forecast and that the remaining part of the
error propagated by the dynamics has been homogenised during the model integration.
In a case of highly energetic dynamics, we might
expect s to be close to 0 and F to be large, all the
errors in the initial conditions being mixed in the
forecast, while in the case of steady dynamics, s is 1
and F is 0. In any case, these parameters are set
empirically and one cannot distinguish between F (the
part of the initial error that have been homogenised by
the dynamics), and Q (the system noise). The parameters of this formulation have been set to s = 1 and
F + Q (hereafter denoted QV) equal to 10% of the
signal variance. We consider that the assimilation
cycle is short (7 days) compared to the time scale of
the phenomenon in the area (mesoscale, 1 month) so
that most of the initial error variance is not affected by
the dynamics (s = 1).
Da is then updated as follows:
Dai ¼ ½I  Ki Hi Di

ð15Þ

All the SOPRANE system ROOI parameters have
been set to a priori values under some simplistic
hypothesis and assumptions about the structure of
the errors. These parameters are the correlation spatial
and temporal scales (rx, ry , t0) and the forecast error
parameters s and QV. The main goal of this study is to
verify the assumptions made and secondly, to optimise the ROOI parameters using ensemble integrations. We than investigate the propagation of the
initial condition error covariance.

3. Ensemble experiment setup
3.1. Definition of initial perturbations
In his work on the extended Kalman filter, Evensen
(1992) showed a closure problem in the error covariance evolution equation, due to the non-linearity of
the model. One way to solve this problem is to
estimate error statistics using ensemble methods. A
large cloud of perturbed states is created around the
analyzed initial estimate to represent possible initial
states. If the ensemble size N is large enough, one can
define a probability density function (pdf) /(w) = dN/
N. The pdf /(w,t = 0) for the initial states sets a
specific mean and covariance. The mean of the initial
ensemble k(t = 0) coincides with the analyzed initial
state w(t = 0) and the covariance of the initial distribution P(t = 0) determines the initial error covariance.
By integrating the ensemble forward in time, we can
approximate moments of the pdf with time. If we
store the forecasted model states in a matrix
B=(w1,w2,. . .wN)aRn  N, the best estimate of the
model state is the ensemble mean:
B ¼ B1N
where 1NaRN  1 has each of its element equal to 1/N.
Let us set BVas the ensemble perturbation matrix:
BV¼ B  B
The predicted error standard deviation determined
by the forecasted ensemble spread around the ensemble mean (ensemble standard deviation) and error
covariance matrix is:
Pfe ¼

1
BVBVT
N 1

Different methods have been developed to create
perturbations with optimal initial statistics. Farrel and
Moore (1992) compute the most rapidly growing
perturbations using the adjoint of the model. Molteni
et al. (1996), Moore (1999), Moore and Mariano
(1999), and Mureau et al. (1993) describe how to
compute ensembles with singular vectors determining
the directions of the fastest growing errors. Toth and
Kalnay (1993) use breeding of growing modes. The
method used in this paper to compute initial perturba-
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tions is described in Evensen (1994). Two-dimensional pseudo-random fields q = q(x,y) are computed
using specified mean, variance and covariance. These
fields are performed via their Fourier transform q̂(k):
Z þl Z þl
qðx; yÞ ¼
q̂ðkÞeik x dk
l

l

with
2
c
2
2
q̂ðj1 ; kp Þ ¼ pﬃﬃﬃﬃﬃﬃ eðj1 þkp Þ=r ei2pu1;p
Dk

where k=(jl,kp), x=(x,y) are coordinates in phase and
direct space, respectively. For a grid of dimension Nx,
Ny with grid step of Dx and Dy, Dk=(2p)2/(NxNyDxDy).
ul,p is a random phase shift. c and r are constants
determining the ensemble covariance (for more details,
see Evensen, 1994). We choose to perform an ensemble with zero mean, variance equal to 1 and isotropic
correlation length rh so as:
qð0Þqðrh Þ ¼ e1
Two-dimensional pseudo-random field is used to
perturb the model surface layer. It is then extended
downwards to perturb lower layers using the S I
operator, i.e. the same vertical mode as the one used
to compute 3 dimensional increments from the surface
analysis in the OI.
The choice of the spatial scale rh and the variance of
the perturbation field has to be made. In order to do so,
we have performed sensitivity experiments with various values. Table 1 gives a summary of the experiments performed.
Table 1
Description of the seven ensemble experiments used in this paper,
with rh the spatial correlation radius of the perturbations
Experiment Year of
Initial ensemble
name
experiment variance
LR93

1993

SR93

1993

LR97

1997

SR97

1997

LRc97
SRc97

1997
1997

rh (km) Energy
rescaling

1993 mean
170
correction variance
1993 mean
25
correction variance
1997 mean
170
correction variance
1997 mean
25
correction variance
Constant variance 170
Constant variance
25

no
no
no
no
no
no
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We have made ensemble simulation with spatial
scales corresponding to the signal length scales measured from altimeter data in the area: rh equal to 170
km (hereafter called LR for Large Radius), and with
spatial scales close to the first Rossby radius of
deformation: rh equal to 25 km (hereafter called SR
for Small Radius), which is the smaller scale that can
be resolved with the 1/10j horizontal grid.
Two different initial states are used to study the
impact of the dynamic on the error growth. They are
taken from 1993 and 1997 winter period reanalysis.
These reanalysis have been initialised from a 3month run at the end of 1992 (October to December)
starting from the Paillet climatology and a homogeneous analysis error variance equal to the signal
variance.
The variance of the perturbation should be as close
as possible to the true error variance. We choose to
represent this field by the variance of the optimal
interpolation analysis increments (difference between
the forecast and the analysis on the first layer)
computed from 1993 and 1997 reanalysis run (Fig.
2). The perturbation fields q(x,y) has then been multiplied by the analysis increment standard deviation.
Maxima of analysis increment variance are concentrated in high energy regions such as the NAC, the AC
and the CC (Fig. 2). There is also a strong variability
at the southern part of the domain, south of 28jN,
corresponding to the path of the AC recirculation
branches out of the domain. There is also an interannual variability of the standard deviation of the
correction, with higher amplitude in 1997 (especially
in the NAC) with differences spatial repartition. Non
uniformity of the correction variance introduces spatial variations of the perturbation amplitude. We have
also performed ensemble computation with uniform
variance (hereafter called LRc and SRc, the suffix c
meaning constant variance) over the domain to check
the impact of spatial inhomogeneity of the initial
ensemble on the spatial repartition of the error growth.
The corresponding perturbation standard deviation
was chosen equal to 3000 m2 s 1, which corresponds
to the analysis increment standard deviation averaged
over the domain.
The perturbation corresponding to the experiments
described above are added to the stream function
fields for both 1993 and 1997 periods. Boundaries
are not perturbed which means that the ensemble
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Fig. 2. Annual mean standard deviation of the optimal interpolation correction at the surface. This has been computed from the 1993 and 1997
model reanalysis. Units are in m2 s 1 as the correction is applied on the stream function (model state). Contours from 2000 m2 s 1 are every
400 m2 s 1.

mean and variance at boundary points are equal to
zero.
The size of the ensemble has been set to 140,
according to some convergence tests (not shown here)
on the mean and the variance. This number is close to
other published ensemble experiments, such as Haugen and Evensen (2002), who used 150 members for
the assimilation of SLA and SST in an Indian Ocean
OGCM.
We have integrated all these ensembles for a 35day period and have analyzed the final resulting
ensembles.
3.2. Spatial distribution of the ensemble spread
Final ensemble standard deviations are shown in
Figs. 3 and 4 for large and small perturbation, respectively. Hereafter only model data on the first layer are
considered, because only error covariances at the
surface are needed to compute the correction in the

reduced space. There is clearly a concentration of the
error variance in the high-energy regions described
above. We see that both for small and large scale
perturbations, the final patterns of the ensemble variance with homogeneous initial variance (LRc97 and
SRc97) are similar to those obtained with space
varying initial variance (LR97 and SR97). This means
that the spatial repartition of the error growth after 35
days is controlled by the model dynamic during the
integration.
We see also large differences between LR and SR
experiments. Even though the location of the highs
and lows are similar, the variance is more concentrated in specific locations for LR than for SR which
seems to indicate that there is a convergence process
during the model integration with a decrease of the
variance in the low energy areas and a concentration
of the variance in the highly energetic areas for both
large and small perturbations, and for both the homogeneous and space varying initial variance.
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Fig. 3. Ensemble standard deviation of the model stream function at day 36 for LR93, LR97 and LRc97 experiments at the surface. Contours are every 400 m2 s 1 from 2000 m2 s 1.

325

326
H. Etienne, E. Dombrowsky / Journal of Marine Systems 40 – 41 (2003) 317–339
Fig. 4. Ensemble standard deviation of the model stream function (surface layer) at day 36 for SR93, SR97 and SRc97 experiments. Contours are every 400 m2 s 1 from 2000 m2 s 1.
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Fig. 5 shows time series of the spatial correlation
between the LR and SR ensemble variance during the
35-day integration for the energetic NAC and AC
regions defined in Fig. 1. We see that initially, the
correlation is zero when the variance is homogeneous
(thick line). It remains close to zero for a few days
(less than 1 week) and then increases greater than 0.6
in both regions. When the initial variance is not
homogeneous (two thin lines), the correlation is high
at initial conditions, then decreases during the first 10
to 15 days, before stabilizing around 0.8 (except for
the AC region in 1997 where we see that it decreases
before increasing after 10 days without reaching a
stable level by 25 days of integration).
The impact of the inter-annual variability can also
be seen in Figs. 3 and 4 in many places in the domain.
The comparison of 1993 and 1997 experiments shows
that the bulk distribution of the ensemble variance is
similar for both years, but that local differences are
present with large amplitude in some places, such as
the NAC (around 48jN – 30jW). Focusing on the
region of the Bay of Biscay (hereafter GG area, see
Fig. 1), we see a major difference between the 1993
and 1997 experiments. A large error variance has
grown in the GG area in 1997 while it did not in
1993. This is due to a strong eddy that was present in
the control run in 1997 in this area. This eddy was due
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to the assimilation of a spurious altimeter data point.
Though it was an artifact, we have kept it in the model
because it illustrates the impact of the inter-annual
variability.
3.3. Temporal variation of the ensemble spread
Fig. 6 shows time series of the ensemble standard
deviation. The first remarkable fact is that we have
very similar behaviors for all the regions between
1993 and 1997, except in the Bay of Biscay due to the
1997 artifact discussed above. In this region, we have
a continuous decrease of the ensemble spread in 1993.
For the other regions, the decrease of the ensemble
spread occurs during the first 20 days for the LR.
There is an initial linear decrease of the error standard
deviation, until days 5– 7, followed by a period of
global decrease containing local maximums. The
minimum is reached between day 7 and day 20,
depending on the area and there is a small increase
of the spread afterward. The curves for the SR experiments also show a linear decrease of the ensemble
spread towards beginning. The minimum is reached
after 3 to 5 days. The ensemble spread increases
afterwards, resulting in final values eventually greater
than the initial ones, as in the AC and NAC. Table 2
summarizes the variation rates for each experiment

Fig. 5. Time correlation between large- and small-scale ensemble experiments. Thick line is correlation between LRc97 and SRc97; grey thin
line is correlation between LR97 and SR97; black thin line is correlation between LR93 and SR93.
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Fig. 6. Temporal evolution of ensemble standard deviation (model stream function at the surface) in the six areas already defined. Black bold
solid (dash) line is LRc97 (SRc97) experiment; black thin solid (dash) line is LR97 (SR97) experiment; grey thin solid (dash) line is LR93
(SR93) experiment.
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Table 2
Minimum, maximum and variation rate of the spatial mean of the ensemble spread for each experiment and area studied
Parameter

Area

LR93

LR97

LRc97

SR93

SR97

SRc97

Minimum value (m2 s 1)

SOP
CC
GG
AC
NAC
R
SOP
CC
GG
AC
NAC
R
SOP
CC
GG
AC
NAC
R
SOP
CC
GG
AC
NAC
R

2226
2367
1539
3431
2439
292
2683
2936
2257
2917
2892
2959
 17.04
 13.36
 31.83
 16.62
 15.67
 15.79
 13.92
 18.56

2343
2585
2010
2420
2531
2875
2848
3179
2429
2930
3049
3358
 17.7
 18.68
 17.23
 17.4
 17.3
 14.39
 16.78
 17.12
 6.56
 13.65
 15.05
 7.36

2425
2390
2360
2430
2480
2540
2955
2945
2865
2935
2960
2970
 17.9
 18.8
 17.62
 17.2
 16.21
 14.78
 12.86
 16.8
 10.64
 13.11
 13
 12.12

2793
2569
1616
2787
2770
2787
2685
2620
2293
3286
3289
2905
 6.53
 10.3
 29.51
 4.07
 4.63
 15.18
0.65
 8.53

2558
2793
2246
2673
2558
2979
2764
3006
2457
2924
2764
3216
 7.46
 7.08
 5.99
 6.52
 7.46
 7.47
 3.43
 4.21
2.8
2.42
3.43
 5.34

2640
2608
2573
2715
2711
2629
2880
2848
2751
2956
3000
2898
 8.3
 8.39
 6.47
 6.44
 6.87
 9.28
 4.86
 5.02
 1.38
1.84
3
 5.22

Maximum value (m2 s 1)

Decreasing rate (%)

Increasing rate (%)

 10
 8.03
 14.34

13.09
13.26
 11.57

Decreasing rate corresponds to the difference between minimal and initial value in percentage of the initial value. Increasing rate corresponds to
the difference between final and initial value in percentage of the initial value (in the case where the final value is different from the minimum
value).

ensemble spread and area. The decreasing rate corresponds to the quantity lost to obtain the minimum
value, in percentage of the initial ensemble spread.
The increasing rate represents the percentage of the
initial value gained to obtain the final value in percentage of the initial value. The impact of the initial
error variance spatial length on variation rate is underlined by these ratios. We can see that the three LR and
SR experiments have similar variation range, respectively, which means that the variation rate of the error
spread growth is strongly correlated to the initial
perturbation size.
These curves have to be considered with a particular attention, since they represent the propagated part
of the forecast error variance matrix (propagation of
the initial condition error variance). The ratio between
the forecasted error variance D8 at day 8 (analysis
date) and its initial value (corresponding to D1a) is the
s parameter of Eq. (13). So, the choice of the initial
ensemble variance spatial scale determines s and must
be carefully chosen.

3.4. Discussion
One of the goals of this study is to refine the
optimal interpolation parameters. Fig. 7 shows the
correlation between two successive analysis increments obtained with the optimal interpolation described above, for the year 1993 and 1997. We see that
in the major part of the domain, the correlation is
negative. In some regions, especially in the NAC and
AC where large eddies can be observed during several
weeks, the correlation is positive. These positive
correlation spots are not located at the same place
for the 2 years while most of the negative spots are.
This indicates that the general behavior of the assimilation is to destroy at least partly the correction
applied the week before, except for some specific
regions associated to long lasting observed features,
for which several successive corrections are necessary
to put them into the model state. This shows the
inadequacy of the optimal interpolation parameters,
which were defined a priori to account for the real
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Fig. 7. Annual mean of the ROOI correction correlation over year 1993 and 1997 on the first layer of the model. The ROOI correction
correlation is computed between two consecutive correction fields (distant of one assimilation cycle and apply on the stream function). Contour
is every 0.2.

error budget. The results obtained with these ensemble
experiments give some input to improve these parameters. First, Figs. 3 and 4 show that in the low energy
regions, the ensemble standard deviation decreases,
and it concentrates in the regions characterized by
strong variability such as the NAC and AC regions.
This is true for all the initial characteristics of the
perturbations we have studied. Consequently, the error
variance in the D matrix should depend on the
location. Second, the temporal variations of the
ensemble standard deviation depend on the location
and are similar from one year to another as shown in
Fig. 6. So s has to be set at each grid point, according
to the variation rate between day 1 and day 8 (the
analysis date) of the error variance.
Though the main characteristics of the ensemble
spread are the same in 1993 and in 1997, some

differences exist in some regions of the domain. This
shows that the stationary hypothesis of the optimal
interpolation is not valid. More sophisticated schemes
which take into account the dynamics of the day such
as the EnKF or adaptive schemes can account for this.
Finally, experiments with constant initial ensemble
variance (LRc97 and SRc97) are not retained to
represent the initial ensemble. As it can be seen in
Figs. 3 and 4, after 35 days of integration, the
ensemble spread is not as concentrated in high energy
regions as it can be in the other experiments. So, these
ensembles are not able to represent the impact of the
dynamics on the spatial variation of the error growth
as well as LR97 and SR97.
Then, as in the SR experiments, the LR experiments tend to reach stable states as shown in Fig. 6 for
most of the studied areas. However, spatial repartition
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in the ensemble spread of the LR experiments seems
to be more representative of the mean current path in
the AC and DNA regions.
Thus, LR93 and LR97 ensembles at day 36 are
chosen to compute the initial condition perturbations
used in the further ensemble experiments.

4. Optimal ensemble experiments
Optimal perturbations for the winter time period of
1993 (1997) are computed by subtracting the 1993
(1997) control run field to the LR93 (LR97) ensemble
members at day 36. The initial perturbation ensemble
mean is not set to zero, but remain small compare to
the unperturbed state. These ensembles are then used
as the initial state (the one used to compute LR93 and
LR97). They are then integrated over 35 days. The
1993 and 1997 experiments (hereafter E93 and E97,
respectively) are used to compute the error correlation
function in 1j boxes over the domain. The C function
is then fitted on the computed correlation function to
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estimate the correlation radii and the error propagation
velocity (Eq. (11)). Moreover, time variation of the
error variance leads to the estimation s.
4.1. Parameter evaluation
Fig. 8 shows the spatial variation of s for E93 and
E97. As explained above, s = D8/D1 and can be
computed at every grid point using the ensemble
variance. For both years, s ranges from 0.5 to more
than 2 on the domain. Values greater than 1, due to an
increase of the initial condition error variance, can be
found sparsely in NAC and AC. But, the spatial
repartition of s is quite uniform while the mean value
is about 0.9, and corresponds to the mean obtained for
each studied area (Fig. 1). But, if QVis kept unchanged
(Eq. (14)), assimilation sensitivity to s parameter is
low. With QV= 0.1, there is no sensible change of the
assimilation diagnostics (not shown here) for s varying between 0 and 9, both in global and regional
diagnostics. Relevant diagnostics are taken here as the
RMS and average misfits.

Fig. 8. s parameter fields obtain from the E93 and E97 experiments.
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Correlation function of initial condition errors at
day 8 (analysis date) has been computed for E93 and
E97. The maximum correlation time lag is of 28 days.
We then fit the C function (Eq. (11)) on the computed
correlation function to evaluate rx, ry, t0 and the error
propagation velocities Cx and Cy. Spatial correlation
radii are quite similar for E93 and E97 experiments
(Figs. 9 and 10). rx and ry range between 60 and 180
km. But the spatial mean value is about 100– 110 km
and extreme values are reached in very sparse areas.
Values obtained for ry are quite smaller than the 200
km set in SOFA, whereas rx stands in the range of the
120 km. Spatial variation of the correlation radius is
smooth over the domain. There is no strong gradient,
except at the closed boundary, due to the fitting
procedure (not enough model grid points in the
vicinity of the estimation grid point). We can globally
observe a decrease of the spatial correlation radii
northward, with lower values in the NAC. This area
contains the most important variability, which can
explain the low value of rx and ry. We can also

observe a decrease of rx and ry in the AC location,
which also corresponds to a high variability region.
The correlation function is not isotropic, as seen in the
AC area and in the southern part of the domain. In
most of the areas, including the NAC, differences
between rx and ry range around 20– 30 km. In the
southern part of the domain, including the AC and
further south, we can see a strong error covariance
anisotropy. South of the AC, between 28j and 33jW,
a correlation structure with high zonal correlation
radius (rx greater than 180 km) developed in E93
and E97. This structure disappears in the ry field.
Notice the difference in rx amplitude between E93
and E97 near the Gibraltar Strait (between 10– 15jW
and 31 – 36jN). In this area, rx in E97 is about 50– 60
km greater than in E93. This is mainly due to the
greater eastern extension of the AC in 1993, and the
increase of variability in this part of the domain. So,
here again is an illustration of the correlation between
dynamics and the error pattern, more precisely error
correlation spatial length.

Fig. 9. Zonal correlation radius (rx) fields obtained from the E93 and E97 experiments. rx is in km and contours are every 10 km.
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Fig. 10. Meridian correlation radius (ry) fields obtained from the E93 and E97 experiments. ry is in km and contours are every 10 km.

Estimation of t0 is shown in Fig. 11. Values greater
than 28 days (corresponding to the time period
available for estimation) have to be taken with
caution, considering the possible errors that could
exist in the fitting procedure. Spatial mean of this
parameter is about 35 days, both in E93 and E97 and
t0 ranges between 20 days and about 100 days,
showing a strong spatial variation in some regions.
This is quite long compared to the 10 days initially
used and the 7-day time window of the data selection.
So, according to this result, we can assume that there
is no temporal decorrelation during the considered
time period (temporal windows of 7 days around the
assimilation date for the selection of the predictors).
This result makes sense since we have accounted for
the propagation velocity in the estimation of the
parameters. In the AC, for example, some eddy
structures can be detected and followed during weeks
by altimeter measurements (Le Traon and De Mey,
1994). So, by taking into account error variance
structure displacement, the time correlation radius is
increased. But, Fig. 11 also shows a strong interan-

nual variation of this parameter, especially south of
the AC and west of the Gibraltar strait (near 17jW,
36jN), whereas the spatial mean seems to be constant
for these two years.
In the ROOI scheme used here, null error propagation velocities are stated, but estimated values are
greater than 2 km/day (Fig. 12) in some regions. We
can observe a global westward propagation of the
errors for both experiments, with a strong spatial and
interannual variability (strong increase in E97). This
can be due to the change in the dynamic regime
between 1993 and 1997 and its interaction with
internal waves, that the model is able to represent.
4.2. Correlation function
While parameters presented above shows an interannual and spatial variability, we expect to find the
same pattern in the initial condition error correlation
function. Fig. 13 shows some examples of the computed function (here taken at 18jW, 40jN in a nondynamic regime) and the corresponding C function
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Fig. 11. Temporal correlation radius (t0) fields obtained from the E93 and E97 experiments. t0 is in day and contours are every 10 days.

obtained both in E93 and E97. C (as expressed in Eq.
(11)) is able to represent quite well the anisotropy
(good estimation of rx and ry) and the spatial decrease
of the correlation between 0 km and distance equal to
the correlation radius (positive part of the function).
But for greater distances (where the correlation is
negative), C differs from the computed error correlation function. This is mostly due to the polynomial
part of C, which determines the amplitude of the
function (see Eq. (11)). Moreover, in some region,
the temporal decrease is not well set showing that 28
days is probably not enough to precisely estimate t0. A
time lag of more than a week is needed to clearly see
the impact of the time decrease on the correlation
function. This time range is unused in our case
(selection of the observation in a 7-day time window).
Fig. 14 shows another example of the C function,
computed at 25jW, 34jN in the AC. Its spatial
variation is obvious here by comparison with Fig.
13, particularly the change in anisotropy direction and
in the number of negative lobes.

5. Conclusion
Characteristics of initial condition error are investigated by the use of ensemble method to better
estimate parameters set in an ROOI assimilation
scheme. A methodology evaluating the initial ensemble needed to represent the initial condition error
statistics is described. We show that initial condition
errors grow in some particular regions of strong
dynamics and variability (Figs. 3 and 4). They remain
concentrated in these parts of the flow (AC and DNA
regions) and vanish elsewhere (example of the GG
area in Fig. 3 for LR97). This distribution is obtained
whatever the initial spatial property of the ensemble,
but is reached more rapidly if the initial ensemble
distribution of the variance reflects this pattern (spatial
inhomogeneity of the initial ensemble spread as in
Fig. 2). Time variation of the error variance is also
space dependent. Fig. 6 clearly shows that the error
variance increases in high energy regions and decreases elsewhere, even if it always follows a period
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Fig. 12. Initial condition error propagation velocity fields obtained from E93 and E97 experiments. Velocity is in km/day.

of decrease, with time scale depending on the initial
ensemble spatial scale. Moreover, another consequence of the strong correlation between dynamics
and the error growth leads in interannual variability of
the initial condition error variance, which can be seen
in some places of the domain.
All these considerations lead to the choice of an
initial ensemble, which is a characteristic of the initial
condition error variance patterns in the QG model.
These ensemble results are used to evaluate the error
correlation function and correlation parameters. As
expected by the previous results, we obtain spatial and
interannual variations of all the different parameters.
Spatial variation is smooth over the domain, both for
the s parameter (Fig. 8), which determines the temporal evolution of the initial condition error variance
between two analysis dates, and for the spatial correlation radii (Figs. 9 and 10). But the use of the
estimated s parameter to compute the forecast error
variance in the ROOI scheme does not lead to relevant
improvement of the model forecast. As explained
previously, sensitivity to s is really poor, given a
constant QV (Eq. (14)). Spatial variation of this
parameter is not so important that it could influence

the assimilation results. We cannot see any improvement of the assimilation diagnostics, even by regional
computations.
Spatial variation of the time correlation radius is
more important (Fig. 11). The spatial mean is about 35
days, which means that this parameter is underestimated in the actual assimilation scheme, as it is set
to 10 days. We can then assume no time decrease of
the error correlation function C, considering that the
observations are selected in a 7-day time window
around the analysis date. Error propagation velocity
are globally westward (Fig. 12) and seem to result
from an interaction between dynamics and internal
waves.
A new version of the ROOI scheme has been
implemented in the model, taking into account spatial
variation of the correlation radii and error propagation velocities. No improvement is obtained with
these new parameters (not shown here). But we have
to keep in mind that error growth is strongly correlated to the dynamics of the day. So parameters
estimated here are probably only representative of
the winter-time period of the considered year. Moreover, selected predictors are taken in a 360-km
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Fig. 13. Computed (left column) and estimated (right column) error correlation function at position 18jW, 40jN for both year 1993 (four upper
plots) and 1997 (four plots below). Correlation functions for time lag t = 0 (origin) and t = 7 days (analysis date) are plotted.

H. Etienne, E. Dombrowsky / Journal of Marine Systems 40 – 41 (2003) 317–339

Fig. 14. Same as Fig. 13, but at position 25jW, 34jN (AC).
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(zonally) and 400-km (meridionnally) influence bubble. Even by doubling the bubble size, assimilation
diagnostics remain unchanged, showing that only the
nearest selected predictors are influent on the assimilation and that observations located at distance such
that they are weighted by negative correlation are not
important in the correction. So the influence of
bubble can probably be reduced, if the C function
is used as is (no change in the formulation of the
function).
A description of the spatial and interannual variability of the correlation parameters leads to the
assumption that the choice of a constant correlation
function C (in space and time) is not really relevant
for this model. Figs. 13 and 14 show that these
hypothesis made in the ROOI are not valid here, and
that the correlation function can also support strong
interannual variation. Comparisons between ensemble estimated and assumed correlation functions
show that C, as expressed in Eq. (11), is a good
representation of the spatial and temporal structure of
the error correlation. Improvement has to be made in
the choice of the parameters contained in the polynomial part of the function, but the major structures
of the correlation are reproduced. New model forecasts including these new parameters in the ROOI
finally show that the choice initially made in the
ROOI to parameterise the forecast error covariance
matrix may not be optimal, nonetheless suitable in
the QG context, as no improvement is obtained in
the new forecast fields. Two hypotheses can be
made:
– First, the resolved dynamics are probably not
permissive enough to take into account a such low
spatial variation of the correction in forecast field.
As explained previously, the QG model simplifies
severely the ocean dynamics (heat fluxes are not
considered, we use constant wind forcing for our
experiments, a constant Rossby radius over the
domain). This simplified model can probably not
be improved any more by this assimilation scheme.
If the model is not able to deal with the incorporated correction (see Section 3.4), no improvement of the forecast is obtained.
– Secondly, we can suppose that the ROOI is
correctly set in the model and parameters are
well determined. In one hand, this study shows

that the stationary assumption of the forecast
error correlation function and the associated
correlation radii made in the ROOI scheme are
not representative of what is really propagated by
the model. But on the other hand, the model is
not sensitive enough to spatial variation of the
correlation radii. So, by keeping its actual form
of the C function and expression of D, we
probably obtain the best correction that this
scheme can produce for the studied QG model.
The other solution would be to use another form
for the correlation, for example with a larger
negative lobe, as Figs. 13 and 14 suggest. It
leads to a new formulation of the polynomial part
of C.
Moreover, we show the strong correlation between
the dynamic of the day and the error growth. Even if it
implies no difference in the temporal error growth
variation (Fig. 6 and Table 2), we observe interannual
variability in the spatial repartition and in the value of
the correlation radii. It may be of interest to study the
time variation of these radii and the impact on the
forecast, even if both the model and the assimilation
scheme do not seem to be sensitive enough to their
variations. That is why an Ensemble Kalman Filter
will be soon implemented in the model. This costly
method will be used for reanalysis only. For this new
scheme, we should include perturbations for the
model error (Q matrix). We have not considered here
the model error because estimation of this kind of
uncertainty cannot be obtained with ensemble methods. It requires complementary comparison with independent data to isolate model errors and characterise
Q (Eq. (9)). It will be an opportunity to evaluate the
impact of this error on the model forecast and assimilation results to better estimate the QVparameter
contained in the computation of the forecast error
variance D.
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