
HAL Id: hal-04903750
https://hal.science/hal-04903750v1

Submitted on 21 Mar 2025

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documentsmay come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaireHAL, est des-
tinée au dépôt et à la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
français ou étrangers, des laboratoires publics ou
privés.

Distributed under a Creative Commons CC BY-NC-ND 4.0 - Attribution - Non-commercial use - No
Derivative Works - International License

Impact of ensemble-based hybrid background-error
covariances in ECMWF’s next-generation ocean reanalysis

system
Marcin Chrust, Anthony Weaver, Philip Browne, Hao Zuo, Magdalena Alonso

Balmaseda

To cite this version:
Marcin Chrust, Anthony Weaver, Philip Browne, Hao Zuo, Magdalena Alonso Balmaseda. Impact of
ensemble-based hybrid background-error covariances in ECMWF’s next-generation ocean reanalysis system.
Quarterly Journal of the Royal Meteorological Society, 2025, 151 (767), pp.Part B e4914. ⟨10.1002/qj.4914⟩.
⟨hal-04903750⟩

https://hal.science/hal-04903750v1
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://hal.archives-ouvertes.fr


Received: 24 July 2024 Revised: 23 October 2024 Accepted: 2 November 2024

DOI: 10.1002/qj.4914

R E S E A R C H A R T I C L E

Impact of ensemble-based hybrid background-error
covariances in ECMWF’s next-generation ocean
reanalysis system

Marcin Chrust1 Anthony T. Weaver2 Philip Browne1 Hao Zuo1

Magdalena Alonso Balmaseda1

1Research Department, European Centre
for Medium-Range Weather Forecasts,
Reading, UK
2ALGO Team, CERFACS / CECI CNRS
UMR 5318, Toulouse, France

Correspondence
Marcin Chrust, ECMWF, Shinfield Park,
Reading, UK.
Email: marcin.chrust@ecmwf.int

Funding information
Copernicus C3S under contract 321b led
by INRIA

Abstract
An ensemble of data assimilations (EDA) can provide valuable information on
analysis and short-range forecast uncertainties. The present European Centre
for Medium-Range Weather Forecasts (ECMWF) operational ocean analysis and
reanalysis system, called the Ocean Reanalysis System 5 (ORAS5), produces an
ensemble but does not exploit it for the specification of the background-error
covariance matrix B, a key component of the data assimilation system. In
this article, we describe EDA developments for the ocean, which take advan-
tage of the short-range forecast ensemble for specifying, in two distinct ways,
parameters of a covariance model representation of B. First, we generate a cli-
matological ensemble over an extended period to produce seasonally varying cli-
matological estimates of background-error variances and horizontal correlation
length-scales. Second, in each assimilation cycle, we diagnose flow-dependent
variances from the ensemble and blend them with the climatological estimates
to form hybrid variances. We also use the ensemble to diagnose flow-dependent
vertical correlation length-scales. We demonstrate for the Argo-rich period that
this new, ensemble-based hybrid formulation of B results in a significant reduc-
tion of background errors compared with the parameterized formulation of
B used in ORAS5, with the globally averaged reduction ranging between 5%
and 15% for subsurface temperature and salinity and up to 17% and 20% for
sea-surface temperature and sea-surface height, respectively. The new ocean
EDA system will be employed in ORAS6, ECMWF’s next-generation ocean
reanalysis system.
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1 INTRODUCTION

The current generation of the European Centre for
Medium-Range Weather Forecasts (ECMWF) ocean
reanalysis system, called ORAS5 (Zuo et al., 2019), is
an ensemble system, but makes no use of the ensemble
of forecasts to provide climatological or flow-dependent
covariance information on forecast errors. Such infor-
mation could be used to improve the specification of
the background-error covariance matrix B in the varia-
tional data assimilation system used to produce the ocean
reanalysis. This is supported by growing evidence of the
benefits of using ensembles to enrich the representation
of B not only in variational data assimilation systems for
the atmosphere, where it is already a very well-established
practice (Berre et al., 2015; Bonavita et al., 2012; Bonavita
et al., 2016; Buehner, 2005; Clayton et al., 2013; Kleist &
Ide, 2015), but also for the ocean (Daget et al., 2009; Lea
et al., 2022; Penny et al., 2015; Storto et al., 2018).

In this article, we describe an ensemble of data assim-
ilations (EDA) framework that will be the basis of the
upcoming sixth generation of ECMWF’s ocean reanalysis
system (ORAS6). While the ensemble of forecasts can be
used directly to define a sample covariance matrix estimate
of B (e.g., see Lorenc (2003); Buehner (2005)), here we use
it indirectly to calibrate the parameters of a modelled rep-
resentation of B. To simplify the illustration of how this
is achieved, we follow the standard decomposition of a
covariance matrix into a correlation matrix and a diagonal
matrix of standard deviations that multiplies the corre-
lation matrix on either side. The ensemble of forecasts
is used in two distinct ways. First, using the empiri-
cally parameterized representation of B from ORAS5, an
11-member ensemble is produced for the years 2010–2015
in order to compute seasonal climatological estimates
of both standard deviations and parameters of the cor-
relation matrix. Using a climatological ensemble in the
specification of B underpins many practical approaches
to ensemble-based data assimilation with both sequen-
tial methods such as ensemble optimal interpolation
Castruccio et al. (2020); Sakov and Sandery (2015) and
variational methods (Bonavita et al., 2016; Clayton
et al., 2013). Second, the ensemble of forecasts is also
employed to estimate flow-dependent forecast errors, by
updating the background-error standard deviations and
vertical correlation length-scales during each assimilation
cycle. As in the ensemble Kalman filter (Evensen, 1994),
this aspect of the system attempts to capture important
state-dependent features in B. We then conduct a series of
data assimilation experiments for the period 2017–2021.
In order to assess the strengths and weaknesses of the new
formulation of B, we evaluate the impact of the hybrid
variances and hybrid correlation model in isolation before

reporting on the performance of the fully hybrid model.
We demonstrate that accounting for flow-dependent
background-error covariances allows surface observations
to be assimilated more effectively, including, for the first
time at ECMWF, sea-surface temperature (SST) obser-
vations. We show that the improvements in B coupled
with the assimilation of SST have enabled us to address
a long-standing issue of large temperature biases in the
Gulf Stream that were present in ORAS5.

The development of the ocean EDA can also be seen as
an important step towards building a coupled EDA system
at ECMWF. It is expected (de Rosnay et al., 2022) that
coupled data assimilation would allow for better exploita-
tion of interface observations and reduction of the
initialization imbalances of the Earth System Model. The
ability of the ocean data assimilation system to exploit
surface observations in an optimal way is thus of strategic
importance.

The article is structured as follows. Section 2 describes
methodological aspects of the new system. An overview
of the covariance model used to define B is presented in
Section 2.1 and is followed in Section 2.2 by a descrip-
tion of how the forecast ensemble is used to estimate the
covariance model parameters. Section 2.3 describes how
the climatologies of the covariance model parameters are
constructed and subsequently combined with “errors of
the day” to form a hybrid covariance model. The perfor-
mance of the new system is discussed in Section 3. First, a
baseline configuration, defined using an ORAS5-like B, is
described in Section 3.1. The subsequent subsections illus-
trate the impact of using ensemble-derived parameters in
B. Section 3.2 and Section 3.3 describe the impact of the
hybrid variances and hybrid correlation model, respec-
tively, while Section 3.4 describes the impact of the fully
hybrid covariance model that includes both the hybrid
variances and hybrid correlation model. Conclusions and
outlook are given in Section 4 .

2 METHODOLOGY

The new ocean EDA system is built around Nucleus for
European Modelling of the Ocean (NEMO) v4.0.6, cou-
pled to a sea-ice model, the Sea Ice Modelling Integrated
Initiative (SI3: (Madec et al., 2023)). The model employs
a tripolar extended ORCA grid at approximately 0.25◦
horizontal resolution and with 75 vertical levels. Further
information about the ocean and sea-ice model configura-
tion can be found in Keeley et al. (2024). The EDA consists
of an unperturbed control member accompanied by 10
perturbed members. The perturbed members assimilate
randomly displaced observations and are forced using
hourly perturbed forcing fields derived from ERA5. The
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observation displacement errors are intended to capture
measurement errors (e.g., in the reported position of
Argo floats, because of drift during its ascending pro-
cess) as well as representativeness errors (e.g., eddies that
are not properly resolved by the model). The procedure
for constructing the perturbations for the assimilated
observations is detailed in Zuo et al. (2017). The basic
framework for constructing the forcing perturbations is
also described in Zuo et al. (2017), with recent updates
for ORAS6 reported in Zuo et al. (2024). The ocean initial
conditions are perturbed implicitly via the cycling pro-
cess of the EDA. The model itself remains unperturbed as
in ORAS5.

The ensemble size is small compared with the number
of covariance model parameters that need to be estimated,
which is of the order of 108 as discussed in Section 2.2. The
choice of size of the ensemble was mainly dictated by com-
putational cost considerations. However, parameters esti-
mated from an ensemble of size 10 cannot be used directly
in each assimilation cycle to define B, since sampling noise
is too large. In order to mitigate the impact of sampling
noise on the analysis, the ensemble-estimated parameters
are filtered and, for some parameters, hybridized with
more robust estimates, as detailed later in this section.

Data assimilation is carried out using NEMOVAR
(Mogensen et al., 2012) in its three-dimensional varia-
tional assimilation (3D-Var) first guess at appropriate time
(FGAT) configuration with a five-day assimilation win-
dow. The analysis increment obtained from the 3D-Var
minimization is applied to the model as a tendency
from the start of the window using incremental analysis
updates (Bloom et al., 1996). The assimilated observations
contain information on temperature, salinity, sea-surface
height (SSH), and sea-ice concentration (SIC). The details
of the observing network and perturbation schemes
are outside the scope of this article. As in ORAS5, the
observation-error covariance matrix (R) is taken to be diag-
onal. The observation-error variances are similar to those
of ORAS5, except for minor revision to the coastal infla-
tion factors to increase the weight to observations (reduce
the error variance) near coastlines and the introduction
of a revised superobbing sampling method for altimeter
observations (Zuo et al., 2019). The latter generally acts
to reduce the altimeter observation-error variances. The
interested reader is referred to an upcoming article ded-
icated to ORAS6 for more details. Here, we focus on the
description of B and the methods for using the ensemble
of forecasts to compute climatological and flow-dependent
parameters for B. Details of the B formulation employed in
the current operational ocean reanalysis system, ORAS5,
are provided to facilitate comparison and interpretation
of the results. The impact of the new B formulation is
illustrated in the data-rich period 2017–2021.

2.1 The background-error covariance
model

In this section, we describe the formulation of B that is
used for ORAS6 and in doing so expose the covariance
model parameters that are estimated using the EDA. We
keep technical details to a minimum, as many of them
can be found in existing references (Balmaseda et al., 2013;
Weaver et al., 2005; Weaver et al., 2016, 2021).

The ocean model state variables consist of potential
temperature (T), practical salinity (S), the two components
of horizontal velocity (u and v), SSH (𝜂), and SIC (a). In the
ORAS6 3D-Var FGAT system, the control variables that are
estimated through data assimilation are temperature, SIC,
and the so-called unbalanced parts of salinity (Su) and SSH
(𝜂u). The unbalanced parts of horizontal velocity (uu and
vu) are not considered as control variables, since no infor-
mation is assimilated in the 3D-Var system to correct them.
The state and control vectors of the assimilation problem
consist of discrete values of the state and control variables
at the model grid points.

2.1.1 Balance operator

The background-error covariance matrix is formulated in
terms of a balance operator Kb and a covariance matrix Bc
for the control variables:

B = Kb Bc KT
b .

We make the fundamental assumption that the control
variables are mutually uncorrelated, so that Bc can be
represented by a block-diagonal matrix:

Bc =

⎛
⎜
⎜
⎜
⎜
⎜
⎝

BTT 0 0 0
0 BSuSu 0 0
0 0 B

𝜂u𝜂u 0
0 0 0 Baa

⎞
⎟
⎟
⎟
⎟
⎟
⎠

,

where B
𝛼𝛼

is a univariate covariance matrix for the control
variable 𝛼 = T, Su, 𝜂u, or a.

Cross-covariances between the background errors of
different state variables are induced by the balance opera-
tor, which has the specific structure (Weaver et al., 2005)

Kb =

⎛
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

INhz 0 0 0
KST INhz 0 0
K
𝜂T 0 INh 0
0 0 0 INh

KuT 0 Ku𝜂u 0
KvT 0 Kv𝜂u 0

⎞
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

, (1)
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where the block components K
𝛽𝛼

constitute the balance
between the control variable 𝛼 and the state variable 𝛽, and
INh and INhz are identity matrices, Nh and Nhz correspond-
ing to the number of two-dimensional (2D; horizontal)
and three-dimensional (3D; horizontal–vertical) grid
points, respectively. The specific balance relationships
(K

𝛽𝛼

) between variables are essentially those described
in Ricci et al. (2005), Weaver et al. (2005), and Bal-
maseda et al. (2013), but with some refinements that have
been introduced over the years. The basic relations are
summarized below.

The balance between T and S (KST) involves making
a local vertical adjustment to S to approximately pre-
serve the water-mass properties of the background state
(Ricci et al., 2005). Changes to the water-mass properties
occur through the unbalanced component Su. The other
variables (𝜂, u, and v) depend on T and S through den-
sity, which is defined from a linear equation of state with
thermal expansion and saline contraction coefficients
computed from the background state. Note that only the
balanced component of S is used in the computation
of density, which is reflected by the absence of balance
between Su and the other variables in Equation (1). The
balance between 𝜂 and T (K

𝜂T) is determined by comput-
ing dynamic height at the surface relative to the ocean
bottom. The unbalanced component 𝜂u is interpreted as
a barotropic contribution to SSH, which is in balance
with a depth-independent geostrophic velocity compo-
nent (Ku𝜂u and Kv𝜂u ). The remaining velocity balance
(KuT and KvT) is depth-dependent and assumed to be in
geostrophic balance with a horizontal gradient of pressure
computed from the hydrostatic relation. Near the Equator,
the f -plane geostrophic balance is reduced smoothly to
zero and replaced by a 𝛽-plane geostrophic balance for the
u-component only.

In Equation (1), the velocity balance acts as a strong
constraint, since there are no unbalanced velocity com-
ponents in the control vector. It would be sufficient then
to apply this particular balance directly to the analysis
increments of T, Su, and 𝜂u generated by the 3D-Var
minimization. However, instead of applying the velocity
balance as a post-analysis adjustment, we have formally
included it in Kb (and hence as part of the 3D-Var mini-
mization algorithm) in preparation for future extensions
of the system that will assimilate velocity information and
thus allow us to estimate the unbalanced (ageostrophic)
components of velocity. There is currently no balance
imposed between SIC and any of the other variables.

2.1.2 The univariate covariance model
The block covariance matrices in Bc are factored as

B
𝛼𝛼

= 𝚺
𝛼

C
𝛼𝛼

𝚺
𝛼

,

where C
𝛼𝛼

is a correlation matrix and 𝚺
𝛼

is a diagonal
matrix of standard deviations. The standard deviations
for all control variables except for SIC are estimated
using the EDA as described in the next section. Each
correlation matrix is modelled using a diffusion opera-
tor, formed by discretizing the pseudo-time derivative of
a diffusion equation with an implicit (Euler backward)
scheme. In what follows, we refer to this as an implicit
diffusion operator. The total number of diffusion steps M
primarily controls the spectral decay rate of the smooth-
ing kernel of the diffusion operator at high wavenumbers.
These smoothing kernels are covariance functions from
the Matérn family (Guttorp & Gneiting, 2006; Weaver
& Mirouze, 2013). Here, we have set M to a value of
10 (for all variables) so that the spatial correlations are
approximately Gaussian (see fig. A1 in Goux et al. (2024)).

The correlation matrix has the symmetric,
factored form

C
𝛼𝛼

= 𝚪
𝛼

V
𝛼

W−1
𝛼

VT
𝛼

𝚪
𝛼

, (2)

where V
𝛼

is a discrete representation of a diffusion oper-
ator as detailed below; 𝚪

𝛼

is a diagonal matrix containing
normalization factors to ensure that the diagonal elements
of C

𝛼𝛼

are all approximately equal to one; and W
𝛼

is a
diagonal matrix of either area elements (Wh) or volume
elements (Whz) depending on the variable:

W
𝛼

=

{
Wh if 𝛼 = 𝜂u or a,
Whz if 𝛼 = T or Su.

The combined matrix operator V
𝛼

W−1
𝛼

VT
𝛼

represents
the full M-step diffusion process, while the components
V
𝛼

and VT
𝛼

constitute diffusion over half the number of
steps. Horizontal and vertical correlations are modelled
using a 2D and one-dimensional (1D) implicit diffusion
operator, respectively. Horizontal–vertical (3D) corre-
lations are modelled by combining the horizontal and
vertical implicit diffusion operators. Within V

𝛼

, the com-
bined operator, which is used for T and Su, is formed by
first applying one step of the 1D implicit diffusion oper-
ator at each horizontal grid point (an operation denoted
by F

𝛼,z), followed by applying one step of the 2D implicit
diffusion operator in each vertical level (an operation
denoted by F

𝛼,h). We refer to this 3D diffusion formula-
tion as 2D×1D. For 𝜂u and a, only the horizontal diffusion
operator is needed. In terms of the one-step components,
V
𝛼

is given by

V
𝛼

=

{
FM∕2
𝛼,h if 𝛼 = 𝜂u or a,

(
F
𝛼,h F

𝛼,z
)M∕2 if 𝛼 = T or Su.

(3)

Note that, for the 3D fields, the horizontal and vertical
diffusion operators are combined in each step, and the
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combined operator is applied M∕2 times. As pointed out
by Weaver et al. (2021), this repeated interleaving between
horizontal and vertical diffusion is important, especially
near complex bathymetry, for minimizing numerical arte-
facts caused by modelling the horizontal and vertical
correlations separately.

Rather than constructing the 3D correlation operator
as a product of 2D and 1D diffusion operators as in
Equation (3), an alternative and arguably more nat-
ural approach is to construct it directly from a dis-
cretized 3D implicit diffusion equation (see section 2.2.3
in Weaver et al. (2021)). The resulting correlation model
has similar smoothness properties to Equation (3) (see
fig. 18 in Weaver et al. (2021)) but is computation-
ally more expensive and therefore has not been used
for ORAS6.

Consider the application of the 2D×1D implicit dif-
fusion operator to a vector 𝜶m−1 where the subscript m
denotes the step counter in the diffusion process. Perform-
ing one step of 2D implicit diffusion involves solving a
linear system

Ahk𝜶
hk
m = 𝜶hk

m−1, (4)

where 𝜶
hk
m−1 is the sub-vector of 𝜶m−1 associated with

model level k. Similarly, performing one step of 1D implicit
diffusion involves solving, at each horizontal grid point
(i, 𝑗), a linear system

Azi𝑗𝜶
zi𝑗
m = 𝜶zi𝑗

m−1, (5)

where 𝜶zi𝑗
m−1 is the sub-vector of 𝜶m−1 associated with the

vertical column at (i, 𝑗). The matrices Ahk and Azi𝑗 are
positive-definite and self-adjoint with respect to the inner
product 𝜶T

i Whz𝜶𝑗 .
The matrices Ahk and Azi𝑗 are constructed from the

horizontal and vertical components of the 3D elliptic oper-
ator associated with the implicitly discretized 3D diffusion
equation. In NEMOVAR, the analysis is performed directly
on the ORCA grid, and the spatial discretization tech-
niques used for the diffusion equation are inherited from
NEMO (Madec et al., 2023). Adopting NEMO notation, the
continuous counterparts of Ahk and Azi𝑗 are the elliptic
operators,

Ah ∶= I − 1
e1e2e3

(
𝜕

𝜕i

(

𝜅11
e2e3

e1

𝜕

𝜕i

)

+ 𝜕

𝜕𝑗

(

𝜅22
e1e3

e2

𝜕

𝜕𝑗

))

(6)
and

Az ∶= I − 1
e1e2e3

(
𝜕

𝜕k

(

𝜅33
e1e2

e3

𝜕

𝜕k

))

, (7)

where I is the identity operator, and e1, e2, and e3 are
the scale factors that define the local deformation of the

general orthogonal curvilinear coordinates (i, 𝑗, k) in the i,
𝑗, and k direction, respectively. Note that the factor e1e2e3
corresponds to a volume element and its value at each grid
point constitutes a diagonal element of Whz. The elliptic
operator associated with the 2D diffusion-based correla-
tion operators for 𝜂u and a is the same as Equation (6)
but with the scale factor e3 omitted. The diffusion coef-
ficients 𝜅11 and 𝜅22 in Equation (6) are the parameters
that control the length-scales of the horizontal correla-
tions in the i and 𝑗 directions, while the diffusion coef-
ficient 𝜅33 is the parameter that controls the length-scale
of the vertical correlations. These coefficients depend on
the three spatial coordinates (i, 𝑗, k). More generally, they
constitute the diagonal elements of a 3D diffusion ten-
sor at each grid point. In the next section, we describe
how these coefficients are estimated for T, Su, and 𝜂u
from the EDA. Note that in ORAS6 the EDA has not been
used to estimate background-error covariance parame-
ters for SIC (a). For SIC, the covariance parameters are
the same as those specified in ORAS5 and described in
Zuo et al. (2015).

Equation (5) is solved exactly at each grid point (i, 𝑗)
by decomposing Azi𝑗 into Cholesky factors and using for-
ward and backward substitution. Solving Equation (4)
is the most computationally demanding operation in B.
In ORAS5, as in a previous version of the Met Office’s
NEMOVAR-based global ocean analysis system (Waters
et al., 2015), Equation (6) is approximated as a product
of 1D elliptic operators Ahi and Ah

𝑗

, which are analogous
to Az but defined for each horizontal component hi and
h
𝑗

. As with Az, the linear systems associated with the dis-
cretized forms of Ahi and Ah

𝑗

(cf. Equation 5) are solved
exactly using Cholesky factorization. This so-called 2×1D
horizontal implicit diffusion model has some major disad-
vantages in terms of flexibility, scalability, and behaviour
near coastlines as discussed in section 3.3 of Weaver
et al. (2016). An important change in ORAS6 is that the
2×1D implicit diffusion model has been replaced with a
2D implicit diffusion model based directly on a discretized
form of Equation (6). Following Weaver et al. (2016), the
associated linear system (4) is solved approximately in
each level k using a linear solver based on the Chebyshev
iteration. In order to preserve the symmetric property of
C
𝛼𝛼

to within machine precision, the same fixed num-
ber of iterations is used in both V

𝛼

and VT
𝛼

. The number
of iterations for each diffusion step is pre-computed
by solving the 2D implicit diffusion equation with a
random right-hand side and diagnosing the iterations
required to achieve a three orders of magnitude reduc-
tion of the 2-norm of the residual relative to the 2-norm
of the right-hand side. The total number of iterations
ranges between 8 and 24 for T and Su, and 25 and 36 for
𝜂u and a.

 1477870x, 2025, 767, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/qj.4914 by C
ochrane France, W

iley O
nline L

ibrary on [21/03/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



6 of 21 CHRUST et al.

2.2 Estimation of variances
and correlation model parameters

The ensemble perturbations from the EDA are used to
calibrate parameters of the background-error covariance
models for T, Su, and 𝜂u. These parameters consist of
the standard deviations 𝜎 and the coefficients 𝜅11, 𝜅22,
and 𝜅33 of the diffusion tensor, at each grid point. Note
that, in what follows, whenever we refer to the term
diffusion tensor in isolation, we mean the diffusion ten-
sor of an implicit diffusion operator employed to model
the background-error correlation matrix. The total num-
ber of discrete parameters to estimate is two variables ×
four parameters × Nhz grid points + one variable × three
parameters × Nh grid points, where Nhz and Nh are under-
stood here to include only the active (ocean) points. In
the ORAS6 configuration, this amounts to approximately
4.3 × 108 discrete parameters.

The inverse of the balance operator is required to
compute perturbations of the control variables from the
perturbations of the state variables provided by the ensem-
ble. In particular, we need to compute the perturbations of
T, Su, and 𝜂u by removing the balanced component from
the perturbations of T, S, and 𝜂. This computation requires
applying the inverse of the upper 3 × 3 block matrix in
Equation (1), which is straightforward given its lower
triangular structure. Let ̂Kb denote this block sub-matrix
and let

{
xp
}

, p = 0, … ,Ne, denote the ensemble of
background states of T, S, and 𝜂, where p = 0 corresponds
to the unperturbed member. If e′p is the vector containing
the perturbations of T, S, and 𝜂 centred about their mean,

e′p = xp −
1

Ne

Ne∑

l=1
xl,

then the centred control vector perturbations 𝝐
′
p are

defined as

𝝐
′
p = ̂K

−1
b e′p, p = 1, … ,Ne.

The unperturbed member x0 is used as the reference state
for the T–S and density relationships in ̂Kb and therefore
is excluded from the ensemble average.

A sample estimate of the variances of T, Su, and 𝜂u is
computed in each cycle from the Ne = 10 ensemble per-
turbations 𝝐′p. To reduce sampling error, the variances are
filtered in each level using a 2D implicit diffusion operator
with a horizontal filtering length-scale determined using
the method based on optimality criteria for linear filtering
of covariances derived by Ménétrier et al. (2015).

The procedure for computing a sample estimate of the
diffusion coefficients is more complicated and is detailed
in section 3 of Weaver et al. (2021). Only the main points

are summarized here. Central to the method is the rela-
tionship between Matérn correlation functions and the
smoothing kernels of the implicit diffusion operator. The
local curvature of the correlation function near its peak
can be used to characterize the spatial range of the func-
tion. For an anisotropic function, the local curvature is
defined by the local correlation (Hessian) tensor (LCT).
If H denotes the LCT of an at least twice differentiable
correlation function c(r), then H ∶= −∇∇Tc|r=0 where r is
Euclidean distance. For Matérn functions in R2, we have
the relation (Weaver & Mirouze, 2013)

𝜿 =
( 1

2M − 4

)
H−1

, (8)

where 𝜿 is the diffusion tensor of a 2D implicit diffu-
sion operator. The LCT inverse, H−1, for anisotropic func-
tions can be interpreted as the tensor generalization of
the Daley length-scale for isotropic correlation functions
(Daley, 1991).

In 2D, H is a 2 × 2 symmetric, positive-definite matrix
with elements Hpq, p, q = 1, 2. This matrix can be approx-
imated at each grid point from a sample estimate of the
tensor product of the local gradient of the ensemble per-
turbations normalized by their sample standard deviation
(Michel et al., 2016):

H ≈ ̃H = 1
Ne − 1

Ne∑

p=1
∇
(
𝜖

′
p∕𝜎

) (
∇
(
𝜖

′
p∕𝜎

) )T
, (9)

where

𝜎 =

√
√
√
√ 1

Ne − 1

Ne∑

p=1
𝜖

′
p

2
.

The derivatives in Equation (9) are estimated numer-
ically using centred finite-differences as described in
Weaver et al. (2021). As with the variances, each of the
estimated LCT elements is filtered in each model level
using a 2D diffusion operator with a constant horizon-
tal filtering length-scale determined using the method of
Ménétrier et al. (2015). A different filtering length-scale
has been estimated for each of the diagonal LCT elements,
while the heuristic procedure of Michel et al. (2016)
has been adopted to define the filtering length-scale of
the off-diagonal tensor elements in a way that preserves
positive-definiteness of the LCT. After filtering, the LCT
is inverted at each grid point to obtain the Daley ten-
sor and hence an estimate of the diffusion tensor from
Equation (8). As evident from Equation (6), the cur-
rent 2D implicit diffusion operator does not account for
the cross-derivative terms that are needed to exploit the
non-diagonal elements of the tensor. To compensate, the
diagonal elements are rescaled such that the determinant
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of the adjusted diagonal tensor equals the determinant of
the estimated non-diagonal tensor:

𝜅11 = 𝜅11

√
1 − 𝜅2

12∕𝜅11𝜅22

𝜅22 = 𝜅22

√
1 − 𝜅2

12∕𝜅11𝜅22

⎫
⎪
⎬
⎪
⎭

where the diffusion coefficients with the tilde are the
original estimates. The final values of 𝜅11 and 𝜅22 are
obtained after applying procedures to bound their
minimum-allowed values and to reduce their values in
semi-enclosed seas and close to boundaries, where the
filtered sample estimates could be excessively large (see
section 3 in Weaver et al. (2021) for details).

A similar estimation and filtering procedure is used to
determine the vertical diffusion coefficients for the 1D dif-
fusion operator (Equation 7). Instead of Equation (8), we
make use of the relation

𝜅33 =
( 1

2M − 3

)
H−1

33 ,

which has a slightly modified scaling factor that is appro-
priate for Matérn functions in R. The element H−1

33
can be interpreted as the square of the vertical (Daley)
length-scale. It is estimated at each grid point from the
inverse of a sample estimate of the square of the vertical
derivative of the ensemble perturbations normalized by
their sample standard deviation:

H33 ≈ ̃H33 =
1

Ne − 1

Ne∑

p=1

(
1
e3

𝜕(𝜖′p∕𝜎)
𝜕k

)2

.

Before inverting ̃H33, the estimate is filtered in each level
with a 2D diffusion operator equipped with an optimally
estimated horizontal filtering length-scale (Ménétrier
et al., 2015). Finally, 𝜅33 is adjusted to bound the
minimum-allowed value and to avoid excessively large
values in the mixed layer and in shallow-sea regions, as
explained in section 3 of Weaver et al. (2021).

2.3 Hybrid B parameters

In order to produce more robust estimates of the covari-
ance model parameters, we have developed a procedure to
hybridize the flow-dependent ensemble estimates with cli-
matological and parameterized values. Hybrid variances
are built by combining climatological, flow-dependent,
and parameterized variances, while the hybridization
of the diffusion coefficients is defined somewhat differ-
ently. Here, it involves using climatological horizontal
diffusion coefficients in the 2D diffusion operator and

flow-dependent vertical diffusion coefficients in the 1D
diffusion operator. In what follows, we will loosely refer to
this way of combining climatological and flow-dependent
diffusion coefficients as the hybrid diffusion tensor for-
mulation. Climatological statistics were computed over
the six-year period 2010–2015 for each season using an
11-member (10 perturbed + 1 unperturbed) ensemble
system equipped with the previous generation, parame-
terized B (i.e., from ORAS5). The statistics were obtained
by aggregating the filtered variances and filtered LCT
elements across all the assimilation cycles in a sea-
son across the considered years. On average, the total
effective ensemble size to compute the seasonal cli-
matology was 1080 (10 perturbed member × 18 cycles
per season × 6 years). Finally, the climatological diffu-
sion coefficients are adjusted using the same procedures
described in Section 2.2 for the cycle-dependent diffusion
coefficients.

2.3.1 Hybrid variances

The background-error variances for T are parameterized in
ORAS5 (Zuo et al., 2015) in terms of the vertical derivative
of the background temperature field in order to concen-
trate the largest variances at the level of the thermocline.
The background-error variances for Su are parameterized
using the background mixed-layer depth in order to focus
large variances in the mixed layer, where the T–S balance
relationship is not applied. The background-error vari-
ances for 𝜂u are parameterized using a latitude-dependent
function to account for the importance of the barotropic
component in the extratropics.

As noted earlier, the ensemble generation scheme
employed still relies on the deterministic model and
the only sources of uncertainty that it reflects are those
attributed to position errors of the assimilated obser-
vations and to errors in the surface forcing. For that
reason, and also owing to the eddy-permitting horizon-
tal resolution of the model not being sufficient to resolve
ocean variability at the eddy scales and below, relying
on ensemble statistics alone for the specification of the
background-error variances is not advisable. The ensem-
ble spread outside eddy-active regions, like the Western
Boundary Current (WBC) or the Antarctic Circumpolar
Current (ACC) regions, is very small and not representa-
tive of diagnosed background forecast errors. To mitigate
this issue, we combine the seasonal climatological stan-
dard deviations with the ORAS5 parameterized standard
deviations using a smooth maximum function:

𝜎m = 1
h

log
(

ehwc𝜎c + ehwp𝜎p − 1
)
, (10)
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where wc and wp are dimensionless weighting factors for
the climatological and parameterized standard deviations,
𝜎c and 𝜎p, respectively, and h is a hardness factor, which
has the property that, as h →∞, 𝜎m approaches the hard
maximum, max

(
wc𝜎c,wp𝜎p

)
. The hardness factor has

physical units inverse to those of the standard deviation.
We set h = 10 K−1 for T, 10 psu−1 for Su, and 100 m−1 for 𝜂u.
The factor 1 in the argument of the logarithmic function
ensures that 𝜎m = wc𝜎c when 𝜎p = 0 and 𝜎m = wp𝜎p when
𝜎c = 0, although in practice 𝜎c and 𝜎p never attain zero
values, since they are bounded below with limiting values.

We refer to the hybridized value (𝜎m) as the modelled
background-error standard deviation. For the parameter-
ized standard deviations, we set wp = 1 for all variables.
For the climatological standard deviations, we set wc = 1
for T and Su and wc = 0.5 for 𝜂u. The climatological
standard deviations are downweighted for 𝜂u, as we found
that applying them at the full magnitude makes the
assimilation system draw too strongly towards the altime-
ter observations, which results in degraded performance.
A possible explanation is that the weight given to altime-
ter observations in ORAS5 is too low to constrain the
sea-surface height, resulting in large ensemble spread. A
consequence of this is that the ORAS5-derived climato-
logical standard deviations for 𝜂u are considered too large.
Subsequently, the modelled standard deviations, 𝜎m, are
combined, also using the smooth maximum function,
with “errors of the day”, 𝜎e, estimated from the forecast
ensemble:

𝜎h =
1
h

log
(

ehwm𝜎m + ehwe𝜎e − 1
)
, (11)

where wm and we are weighting factors for the modelled
and ensemble-derived standard deviations, respectively.
We refer to 𝜎h as the hybrid (modelled–flow-dependent)
standard deviations. Similarly to the hybridization of
the climatological component in Equation (10), we set
wm = we = 1 for T and Su, wm = 1 and we = 0.5 for 𝜂u, and
used the same values of h.

As described above, the standard deviations spec-
ified in the new system are obtained by combining,
using Equation (11), the legacy ORAS5 parameter-
ized standard deviations with climatological standard
deviations and “errors of the day” diagnosed from the
ensemble. This is illustrated Figure 1 for a particu-
lar cycle, valid on January 4, 2017, for temperature, in
level 24 of the ocean model, and for unbalanced SSH.
The climatological background-error standard devia-
tions are illustrated in the top row for boreal winter
(December–January–February (DJF)). Not surprisingly,
the errors are largest in eddy-active regions and rather
small otherwise. This is clearly visible for the unbalanced

SSH standard deviations, which appear to be close to
zero apart from the WBC and ACC regions. Seasonal
variability, not shown in the figure, is generally small. It
can be observed best for the Gulf Stream and Kuroshio
Current regions, where the errors are larger in boreal
winter and relatively smaller in boreal summer. The stan-
dard deviations corresponding to the “errors of the day”,
illustrated in the second row, show sharp flow-dependent
features in eddy-active regions. Kelvin-wave-like struc-
tures are visible in the tropical Pacific for temperature. On
the other hand, elsewhere the standard deviations are sup-
pressed compared with the parameterized values. This is
particularly visible for unbalanced SSH. It is interesting to
contrast the “errors of the day” with the climatological val-
ues. The structures are, as expected, much smoother. The
location of the largest standard deviations is unsurpris-
ingly very similar and confined to eddy-active regions. The
parameterized standard deviations, illustrated in the third
row of Figure 1, show a limited degree of flow dependence
in the extratropics in the case of temperature and fail to
capture the increase in error in the WBC and ACC regions.
For unbalanced SSH, the standard deviations are constant
except in the Tropics, where they are smoothly reduced
to zero directly at the Equator. Finally, the last row shows
the combined hybrid standard deviations. Owing to the
properties of the smooth maximum function, the struc-
ture resembles that of sharpened climatological standard
deviations with the background magnitude outside
eddy-active regions corresponding to that of the
parameterized values.

Figure 2 shows the vertical structure of the cli-
matological, ensemble, parameterized and hybrid
background-error standard deviations at the Equator (top
row) and at a constant latitude of 40◦N (bottom row), valid
on January 4, 2017. Compared with the parameterized
values, the ensemble-derived parameters show similar
vertical structure at the Equator, but the parameterized
values are substantially larger in the mixed layer and at the
level of the thermocline. At the constant latitude of 40◦N,
the ensemble-derived parameters show richer vertical and
horizontal structure and are larger in the mixed layer in
the Gulf Stream and Kuroshio Current regions and smaller
elsewhere, apart from the deep ocean, where both are close
to zero.

Examining the new hybrid background-error stan-
dard deviations, it is clear that the background fore-
cast is given less confidence in the eddy-active regions
in the new system and as a consequence is allowed to
draw more towards observations there. Such behaviour
is desirable in order to improve the accuracy of the ini-
tial state where the uncertainty in the background state
is highest.
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CHRUST et al. 9 of 21

F I G U R E 1 Standard deviations (SD) for temperature at 97 m depth (left column) and the unbalanced component of sea-surface height
(SSHu, right column). First row: climatology estimated from ensemble perturbations for months December–January–February (DJF) during
the period 2010–2015. Second, third, and fourth rows: “errors of the day”, parameterized, and hybrid for the cycle starting on January 4, 2017.
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10 of 21 CHRUST et al.

F I G U R E 2 Vertical sections of standard deviations at the Equator (left column) and at a constant latitude of 40◦N (right column).
First row: climatological standard deviations estimated from ensemble perturbations for DJF in the period 2010–2015. Second, third, and
fourth rows: “errors of the day”, parameterized, and hybrid standard deviations, respectively, on January 4, 2017.
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2.3.2 Hybrid diffusion tensor

As described in Section 2.1, the implicit diffusion operator
used to model the correlation matrix requires normaliza-
tion. Computing accurate normalization factors for a 3D
implicit diffusion operator is costly, which precludes us
from using a fully flow-dependent 3D correlation model.
When the horizontal and vertical correlations are mod-
elled separately as in Equation (3), Weaver et al. (2021)
showed that the normalization matrix can be approxi-
mated well by a product of a normalization matrix for
the horizontal diffusion component and a normaliza-
tion matrix for the vertical diffusion component, where
each can be estimated separately using randomization
or exactly in the case of the latter. This approximation
allows us to decouple the specification of the horizontal
and vertical diffusion tensor components. While the cost
of computing the normalization factors of the horizontal
component is high and can be considered not affordable
in a cycling system, the cost of computing the vertical nor-
malization factors is low. For this reason, the new system
uses a climatological horizontal diffusion tensor and a fully
flow-dependent vertical diffusion tensor.

Figure 3 shows a comparison of the zonal and merid-
ional components of the horizontal correlation length-
scales for temperature at 1 m depth between ORAS5 in
the left column and the new system in the right col-
umn. In ORAS5, the horizontal correlation length-scales,
which are proportional to the square-root of the diagonal

elements of the horizontal diffusion tensor, were specified
for temperature using a parameterization based on the
Rossby radius. The correlation length-scales are largest in
the Tropics and decrease with increasing latitude. Zonal
correlation length-scales are larger than meridional cor-
relation length-scales, reflecting well-known anisotropy
related to equatorial dynamics. The anisotropy is also
clearly visible in the climatological length-scales. Simi-
larly, the length-scales are largest in the Tropics, albeit
shorter than in ORAS5, and smaller in the extratropics, in
particular in the WBC and ACC regions. In the Tropics, the
climatological length-scales show clear minima associated
with the location of tropical instability waves. It is also
interesting to observe that larger correlation length-scales
are diagnosed in the Southern Hemisphere in boreal win-
ter, which is not the case in boreal summer (not shown).

Figure 4 shows the comparison of the zonal and
meridional components of the horizontal correlation
length-scales for unbalanced SSH. As can be seen in
the left column of the figure, the zonal and meridional
length-scales are constant and equal to approximately
222 km (two degrees) everywhere, except in the proximity
of land boundaries, where they are reduced. The clima-
tological length-scales are significantly shorter and also
reduced artificially in the proximity of land boundaries.
Similarly, as for temperature, the zonal correlation
length-scales are larger than the meridional correlation
length-scales, reflecting the anisotropic nature of the
dynamics in this region.

F I G U R E 3 Temperature
meridional (L11, top row) and zonal
(L22, bottom row) horizontal
background-error correlation
length-scales at 1 m depth. Left: ORAS5
parameterized length-scales. Right:
climatological length-scales estimated
from ensemble perturbations for
months DJF in the period 2010–2015.
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12 of 21 CHRUST et al.

F I G U R E 4 Unbalanced
component of SSH (SSHu) meridional
(L11, top row) and zonal (L22, bottom
row) horizontal background-error
correlation length-scales. Left: ORAS5
parameterized length-scales. Right:
climatological length-scales estimated
from ensemble perturbations from
months DJF in the period 2010–2015.

The vertical diffusion tensor coefficients are param-
eterized in ORAS5 such that the vertical correlation
length-scales are proportional to the vertical grid-scale fac-
tors. The proportionality constant was set to be equal to
one. The parameterized vertical correlation length-scales
are very short in the upper ocean, equal to roughly 1 m
at the top model level (approximately at 0.5 m depth),
and increase roughly linearly with ocean depth to reach
approximately 100 m at 1000 m depth. They continue to
increase with depth, but at a slower rate, until they reach
approximately 200 m at the bottom model level (roughly
at 6000 m depth). The vertical correlation length-scales
estimated from the ensemble are shown in Figure 5 for
the assimilation cycle starting on January 4, 2017. The
top panel shows the vertical correlation length-scales at
97 m depth. The vertical length-scales near the surface
are much larger in the Northern Hemisphere than in the
Southern Hemisphere. This is consistent with the expec-
tation that the errors are strongly correlated in the mixed
layer, which is deeper in boreal winter in the North-
ern Hemisphere. The bottom row panels show a verti-
cal cross-section of the vertical correlation length-scales
at the Equator (left panel) and at 40◦N latitude (right
panel). At 40◦N latitude, the highly stratified thermo-
cline region, where the vertical length-scales are markedly
shorter, can be distinguished clearly from both the mixed
layer and the deep ocean, where the length-scales are
much larger. The parameterized formulation of the verti-
cal diffusion tensor used in ORAS5, by construction, nei-
ther distinguishes the thermocline region nor represents

the length-scales in the mixed layer and the deep ocean
well. In both cases, the vertical length-scales are much
smaller than those estimated from the ensemble. In fact,
the short vertical correlation length-scales in the mixed
layer in the parameterized error covariances make the
assimilation of SST ineffective, as will be illustrated in the
next section.

3 RESULTS

In this section, we demonstrate the impact of the new,
hybrid formulation of B. We carry out a series of experi-
ments in the observation-rich period spanning 2017–2021.
The evaluation period is outside the period we used
to compute the climatology of the parameters of B.
Before commenting on the results, we start by describ-
ing our baseline configuration in Section 3.1. Rather
than presenting the overall impact of the new, hybrid B
formulation, we first show the impact of the hybrid vari-
ances and the hybrid tensor in isolation in Sections 3.2
and 3.3, respectively. Finally, the impact of the complete
hybrid B formulation is presented in Section 3.4. Our
evaluation metric focuses on analysing the impact on
root-mean-squared (RMS) errors of the background fore-
casts relative to the observations (before assimilation).
We consider the new system to be an improvement over
the baseline configuration whenever the background
errors are reduced relative to those from the baseline
configuration. For plots in this section showing spatial
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F I G U R E 5 Top row: vertical (L33) background-error correlation length-scales estimated from the ensemble for temperature at 97 m
depth. Bottom row: vertical section at the Equator (left panel) and at a constant latitude of 40◦N (right panel) of the vertical (L33)
background-error correlation length-scales estimated from the ensemble. Plots are valid on January 4, 2017.

maps of RMS error, we have computed the statistics after
binning observation-minus-background departures in
5◦ × 5◦ grid boxes. The negative values in the spatial maps
indicate reduced errors, while the positive values indi-
cate increased errors. We do not attempt to analyse the
impact on climate trends in this article. This topic will be
addressed in a separate article.

3.1 Baseline configuration

Our baseline experiment for evaluating the impact of the
new, hybrid B formulation employs the strictly param-
eterized formulation of B that was used for ORAS5.
The assimilation window is five days as in ORAS5. The
assimilated observations include information on tem-
perature and salinity from in situ measurements (Argo
floats, moored buoys, ships, marine mammals, and glid-
ers), sea-level anomalies (SLA) from altimeters, and SIC
from L3 satellite-based products. Unlike in ORAS5, the
L4 OSTIA SST data are assimilated in NEMOVAR. All
other aspects of the system, including the model bias cor-
rection scheme and the mean dynamic topography used
for referencing SLA observations, are those developed for

ORAS6. Our goal is to evaluate the impact of the hybrid B
formulation with respect to its parameterized predecessor.

3.2 Impact of the hybrid variances

We focus first on evaluating the impact of replacing the
parameterized variances with the newly developed hybrid
variances that we described in Section 2.3.1. The diffu-
sion tensor is the same parameterized tensor used in the
baseline experiment. Figure 6 shows spatial maps of the
relative change in RMS background errors for temperature
and salinity averaged over depth ranges of 0–200 m and
200–1000 m. For temperature, the results are largely posi-
tive in the extratropics, in particular in regions where the
climatological parameters are able to describe the ocean
variability more faithfully, specifically in the WBC and
ACC regions. Some degradation is visible in the Tropics,
in both the Atlantic Ocean and the Pacific Ocean. The
hybrid variances, which by construction are larger than
the parameterized values, allow the system to draw close
to observations in these regions. The results for salinity are
more mixed. The RMS errors are largely reduced below
200 m, both reduced and increased in the upper 200 m
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F I G U R E 6 Top row: impact of using hybrid variances in B on the temperature RMS background errors in the top 200 m (left panel)
and in the depth range 200–1000 m (right panel); bottom row: the same but for salinity. The errors are plotted relative to those of the baseline
experiment, which employed a parameterized B. Negative and positive values indicate reduced and increased RMS background errors,
respectively.

F I G U R E 7 Impact of using hybrid variances in B on the
standard deviation of SSH background errors. The errors are plotted
relative to those of the baseline experiment, which employed a
parameterized B. Negative and positive values indicate reduced and
increased RMS background errors, respectively.

in the extratropics, and mainly increased in the tropical
Pacific Ocean and tropical Atlantic Ocean. There is a sign
of degradation in the Antarctic region too. Figure 7 shows
the relative change in the standard deviation of back-
ground errors for SSH. While the errors are significantly
reduced in the WBC and ACC regions, there is also large
degradation in the Tropics and south of the ACC. As can
be seen, using the hybrid variances in isolation brings a
mixed bag of results. While the overall performance is pos-
itive, especially in the extratropics, noticeable degradation
is also present. It should be noted that the hybrid vari-
ances were computed together with the hybrid tensor and
are thus representative of the error structures induced by
the latter. Still, we find it of interest to assess the impact
of hybrid variances in isolation in order to understand bet-
ter where the improvements associated with the hybrid B
come from. In particular, such results may prove useful
when trying to explain the origins of degradation, should
there be any, of the full hybrid B.
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3.3 Impact of the hybrid tensor

As described in Section 2.3.2, the hybrid correlation matrix
is built from a horizontal diffusion operator equipped with
a climatological diffusion tensor and a vertical diffusion
operator equipped with a fully flow-dependent vertical
diffusion tensor. The vertical correlation length-scales
diagnosed from the forecast ensemble are typically much
larger in the mixed layer and in the deep ocean com-
pared with those from the parameterized formulation.
The larger values in the mixed layer should in principle
allow the SST observations to have larger impact on the
analysis by projecting them further into the mixed layer.
Figure 8 shows spatial maps of the relative change in
RMS background errors for temperature and salinity for
depth ranges of 0–200 m and 200–1000 m. For tempera-
ture in the extratropics, we can see a pattern similar to
that obtained with the hybrid variances, where the errors

are significantly reduced in the eddy-active regions. Inter-
estingly, the background errors are now also reduced
in the Tropics, in particular in the upper ocean. Unlike
when using hybrid variances, the background errors are
larger in Baffin Bay at both plotted depth ranges. Salin-
ity forecast errors are reduced in the Tropics, with the
exception of the Banda Sea, and the high-latitude extra-
tropics. There is significant degradation in Baffin Bay
and in the Arctic Ocean. Some degradation is also visible
off the coasts of Antarctica. Figure 9 shows the relative
change in the standard deviation of background errors
for SSH. The background errors are significantly reduced
everywhere except in Baffin Bay and the Arctic Ocean.
The degradation in all three variables at high latitudes
may be associated with the relatively small horizontal cli-
matological correlation length-scales compared with the
parameterized length-scales, which is evident in Figures 3
and 4, for temperature and SSH, respectively.

F I G U R E 8 Top row: impact of using the hybrid diffusion tensor in B on the temperature RMS background errors in the top 200 m (left
panel) and in the depth range 200–1000 m (right panel); bottom row: the same but for salinity. The errors are plotted relative to those of the
baseline experiment, which employed a parameterized B. Negative and positive values indicate reduced and increased RMS background
errors, respectively.

 1477870x, 2025, 767, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/qj.4914 by C
ochrane France, W

iley O
nline L

ibrary on [21/03/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



16 of 21 CHRUST et al.

3.4 Impact of the hybrid variances
and hybrid tensor combined

We demonstrated in the previous subsections that the
impact of the hybrid variances and the hybrid tensor on
reducing background errors is generally positive when
each of them is tested independently from the other. There
were some caveats, however. In both cases, the impact is
largely positive in the WBC and ACC regions, which are
important regions from the point of view of medium-range
coupled ocean–atmosphere forecasting. We now check the
performance obtained when using the hybrid variances
together with the hybrid tensor.

F I G U R E 9 Impact of using the hybrid diffusion tensor in B
on the standard deviation of SSH background errors. The errors are
plotted relative to those of the baseline experiment, which
employed a parameterized B. Negative and positive values indicate
reduced and increased RMS background errors, respectively.

In order to provide a more quantitative assessment of
the impact, we show in Figure 10 the globally averaged
vertical profiles of the normalized RMS errors of the anal-
ysis and background computed against the assimilated
observations for temperature for the three configurations
considered: with hybrid variances, hybrid diffusion tensor,
and both together. The RMS errors are normalized with
the RMS errors of the baseline experiment employing
the parameterized B. As could be anticipated, applying
hybrid variances while keeping the parameterized tensor
results in an analysis that fits the observations much more
closely. This is consistent with the fact that the clima-
tological variances are larger in the eddy-active regions
around the globe. The improvement of the background
fit to observations, on the other hand, is relatively mod-
est, especially in the upper ocean. This may be due either
to overfitting the observations or mis-specifying the cor-
relation length-scales. When applying the hybrid tensor
together with parameterized variances, on the other hand,
the background fit to the observations is improved to an
extent similar to the analysis fit to the observations. It may
be expected that both drawing closer to observations in
the analysis and improving the representation of the struc-
ture of the correlation matrix should be beneficial. This is
indeed the case, as the configuration with both hybrid vari-
ances and hybrid tensor performs the best. The globally
averaged temperature RMS errors are reduced by roughly
10% throughout the whole water column with respect to
the configuration employing the ORAS5 B, except for the
very deep ocean.

Figure 11 shows the corresponding globally averaged
vertical profiles of normalized RMS errors for salinity. This

F I G U R E 10 Globally averaged
normalized RMS errors for (a) the
analysis and (b) the background,
computed with respect to the
assimilated observations for
temperature as a function of ocean
depth. The baseline experiment with
the parameterized formulation of B
marks the 100% line.
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F I G U R E 11 Globally averaged
normalized RMS errors for (a) the
analysis and (b) the background,
computed with respect to the
assimilated observations for salinity as
a function of ocean depth. The baseline
experiment with the parameterized B
marks the 100% line.

F I G U R E 12 Globally averaged normalized RMS errors for (a)
the analysis and (b) the background, computed with respect to the
assimilated observations for SST and SLA. The baseline experiment
with the parameterized formulation of B marks the 100% line.

time, using the hybrid tensor alone results in a degraded
analysis fit to observations in the upper 1000 m, while
the background fit is only marginally improved. Employ-
ing hybrid variances results in the analysis drawing closer
to observations, but with little impact on the background
fit to observations. Only when the hybrid variances are
combined with the hybrid tensor can we see a signifi-
cant improvement in the system’s performance. The back-
ground fit to salinity observations is improved by over
5% in the upper ocean and up to 10% around a depth of
600 m. Figure 12 compares the globally averaged analysis

and background fit to SST and SLA observations for the
three configurations. Once again, while both the hybrid
variance and hybrid tensor configurations show reduced
analysis and background errors, it is when combining
both hybrid elements that we see the best performance.
The background fit to both SST and SLA observations is
improved by nearly 20%. In the case of SST, the bulk of this
improvement can be attributed to the impact of the hybrid
tensor.

Figure 13 shows spatial maps of the relative RMS back-
ground errors for temperature and salinity for depth ranges
of 0–200 m and 200–1000 m. The temperature RMS errors
are significantly reduced in the WBC and ACC regions.
The degradation in Baffin Bay, also observed when using
the hybrid tensor in isolation, is also visible. The salinity
background errors are significantly reduced in the upper
ocean, apart from in high-latitude regions in the North-
ern and Southern Hemispheres, which, as remarked ear-
lier, may be associated with shorter horizontal correlation
length-scales in the hybrid tensor. Figure 14 shows the
relative change in the standard deviation of background
errors for SSH. Apart from impressive background-error
reduction in eddy-active regions, Baffin Bay stands out as
an area where the background errors are increased.

The location of large reductions in the background
errors correlates well with areas where the hybrid vari-
ances are larger compared with their parameterized coun-
terparts. As could be appreciated from figures showing
vertical profiles of RMS analysis and background errors,
the hybrid variances only explain part of the improve-
ment. It is the hybrid tensor, with a better representation
of correlation spatial structure, that brings a significant
impact. While the horizontal correlation length-scales
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F I G U R E 13 Top row: impact of using the hybrid B on the temperature RMS background errors in the top 200 m (left panel) and in the
depth range 200–1000 m (right panel); bottom row: the same but for salinity. Negative and positive values indicate reduced and increased
RMS background errors, respectively.

F I G U R E 14 Impact of using the hybrid tensor in B on the
standard deviation of the background errors for SSH. Negative and
positive values indicate reduced and increased RMS background
errors, respectively.

are better aligned with the boundaries of ocean
currents, the flow-dependent specification of vertical

correlation length-scales plays an even more significant
role, in particular in improving the vertical projection
of information coming from SST observations. The
increments obtained when using the parameterized
formulation of B are relatively shallow and therefore
incapable of correcting background errors throughout the
mixed layer. The flow-dependent specification of vertical
correlation length-scales, on the other hand, results in
increments extending to the bottom of the mixed layer
and thus provides a more effective correction to the upper
ocean.

The inability of the parameterized B to project the
SST increments into the mixed layer causes large model
biases to develop in a cycled data assimilation system. This
problem is particularly acute in the Gulf Stream area. Since
IFS cycle 45r1, ECMWF’s medium-range forecasts are fully
coupled to OCEAN5 in the Tropics, but only partially
coupled in the extratropics (Browne et al., 2019). This
partial coupling strategy is used because of a known defi-
ciency of ORAS5: it is not able to represent the position of
western boundary currents accurately. Figure 15 shows the
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F I G U R E 15 SST bias (in K) obtained when using (a) the parameterized B and (b) the new hybrid B. SST is verified against the
European Space Agency CCI2 SST dataset for the period 2017–2021.

SST bias computed for the period 2017–2021 when using
the parameterized B (left panel) and the new hybrid B.
The bias is largely reduced, thus eliminating the need for a
partial coupling strategy in the coupled forecasting system.

4 CONCLUSIONS

In this article, we have described an EDA framework
that has been developed for ECMWF’s next-generation
ocean reanalysis system, ORAS6. The forecast ensemble
is used in two ways: first, to construct seasonal clima-
tologies of parameters of the background-error covari-
ance matrix (B), specifically the variances and horizontal
length-scales of the correlation model; and second, to pro-
vide flow-dependent estimates, in each assimilation cycle,
of the background-error variances and vertical correlation
length-scales. The climatological and flow-dependent esti-
mates are blended in a hybrid formulation of B. The impact
of this new, hybrid B has been assessed with respect to the
formulation of B used in OCEAN5 and ORAS5, ECMWF’s
current ocean analysis and reanalysis systems. In the cur-
rent system, the variances and correlation length-scales
are parameterized using empirical and analytical relation-
ships, without making use of an ensemble.

The performance of the new formulation of B has
been assessed in the Argo-rich period. The climatological
estimates of the covariance parameters have also been
computed in the Argo-rich period, over a six-year interval
preceding the assessment period. The new formulation

of B has not been assessed, however, in periods prior to
the introduction of Argo. It is worth remarking that the
climatological estimates of the covariance parameters
computed here are not appropriate for the pre-Argo period,
when background errors can be expected to be much
larger. In that period, or in any period where there is
a substantial change in the observation network, the
hybrid B should employ an appropriate climatology.

The results from this study are overwhelmingly
positive with the new, hybrid formulation of B, with
background errors being significantly reduced for tem-
perature, salinity, and sea-surface height. Improvements
are largest in extratropical eddy-active regions. Relatively
small degradation is present at high latitudes, in particular
in Baffin Bay and the Arctic Ocean. An important feature
of the new B is that it allows increments from SST obser-
vations to be projected effectively into the mixed layer,
which is not possible with the parameterized B used in
ORAS5. As a result, in ORAS6, SST observations can now
be assimilated directly using the 3D-Var FGAT scheme,
and hence in synergy with the other assimilated observa-
tions, instead of indirectly via an ad hoc nudging scheme
as done in ORAS5.

There is considerable scope for improving the EDA,
both in the ensemble-generation strategy and in the
way the ensembles are used in the hybrid B. Improving
the quality and reliability of the forecast ensemble can
potentially be achieved by introducing stochastic perturba-
tions in the ocean model to account for uncertainty arising
from random model errors. The covariance model can also
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be enhanced to make more effective use of the ensemble
information. For example, the diffusion-based correlation
model could be generalized to account for a non-diagonal
diffusion tensor in order to exploit the anisotropic
information in the ensemble more appropriately than
done here. Building scale dependence into the covariance
model, so that observations can correct different spa-
tial scales more effectively, is another promising avenue
to explore. Recent work to develop a scale-dependent,
ensemble-based B suggests that this approach can be
substantially beneficial to the analysis.
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