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ABSTRACT
Following the recent development of a three-dimensional ensemble–variational (3DEnVar) data assimilation algorithm for the AROME-France NWP system, this paper examines different approaches to reduce
the sampling noise in the ensemble-derived background error covariances in this new scheme without
modifying the background ensemble generation strategy. We first examine two variants of scale-dependent
localization: one method consists of applying different amounts of localization to different ranges of background error covariance spatial scales, while simultaneously assimilating all of the available observations.
Another separate approach uses time-lagged forecasts in order to increase the effective ensemble size, up to a
factor of 3 here. This approach of time-lagged forecasts is considered both on its own and together with scaledependent localization. When the background error covariances are derived from the most recent 25-member
ensemble forecasts, the results from data assimilation cycles over a 33-day winter period show that avoiding
cross covariances between scales in the scale-dependent localization formulation first proposed by Buehner
performs better than the more recent formulation of Buehner and Shlyaeva. However, when increasing the
effective ensemble size to 75 members with time-lagged forecasts, the two scale-dependent formulations
provide similar forecast improvements overall. It is also found that the lagged-members approach outperforms scale-dependent localization on its own. The largest forecast improvements are obtained when
combining the two approaches.

1. Introduction
A three-dimensional ensemble–variational (3DEnVar;
e.g., Lorenc 2003; Buehner 2005) data assimilation
scheme for the AROME-France NWP system has been
presented by Montmerle et al. (2018, hereafter M18).
The scheme was evaluated in the context of a lower
spatial resolution (i.e., 3.8 vs 1.3 km) and temporal updates (i.e., 3 h vs hourly), compared to the operational
configuration (Brousseau et al. 2016). M18 showed that
the new algorithm largely outperformed standard 3DVar
in terms of forecast scores when the flow-dependent covariances are derived from a 25-member ensemble data
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assimilation (EDA; e.g., Houtekamer et al. 1996; Fisher
2003; Belo Pereira and Berre 2006) at the same spatial
resolution and considering the same observation types in
the assimilation process. Similar to the recent work of
Lorenc (2017) in a global EnVar system, the aim of this
work is to examine different approaches to improve the
ensemble-derived background error covariances in this
new data assimilation system without modifying the EDA
strategy.
Ensemble-derived background error covariances
from limited ensemble sizes are strongly affected by
sampling noise. Increasing the ensemble size is desirable
but limited by the computational and time constraints
for operational applications, especially for regional
systems. As in most ensemble-based data assimilation
schemes [e.g., see section 3e of Houtekamer and Zhang
(2016)], M18 relied on spatial localization of the covariances. The localization consists of using a prescribed
homogeneous and isotropic function to gradually damp
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distant covariances to zero at a given distance. Such a
distance can be objectively estimated from the EDA
using the diagnostic of Ménétrier et al. (2015a).
Here, we examine the potential benefits of applying
different localization length scales to different ranges of
background error covariance spatial scales from two
scale-dependent localization formulations: 1) the original approach of Buehner (2012) in combination with
spectral localization, which assumes that the covariance
between the scales are zero, and 2) the more recent
formulation of Buehner and Shlyaeva (2015) that
avoids such complete removal of the between-scale covariances. Buehner (2012) and Lorenc (2017) showed
that scale-dependent localization in combination with
spectral localization has a positive impact on the accuracy of global NWP forecasts. Caron and Buehner (2018,
hereafter CB18) recently revealed similar positive impacts from the formulation of Buehner and Shlyaeva
(2015), also in a global context. This work represents the
first application of scale-dependent localization in a
high-resolution limited-area model (LAM) context. It is
also the first time, to our knowledge, that the two approaches are directly compared. Previous scale-dependent
localization approaches were implemented in an EnVar
formulation that uses a preconditioning based on the
square root of background error covariance matrix
(denoted B). We demonstrate here that scale-dependent
localization is also straightforward to implement in
the Météo-France EnVar scheme, currently developed
with a B preconditioning (Derber and Rosati 1989;
Gürol et al. 2014). Although scale-dependent localization can be applied, in theory, to both horizontal and
vertical scales, this paper only focuses on the horizontal,
as in previous studies.
In addition, we test the time-lagged ensemble methodology (Hoffman and Kalnay 1983), which is based on
the use of ensemble forecasts with different ranges but
valid at the correct time. This simple and pragmatic
approach allows increasing the rank of the ensemblederived background error covariances without increasing
the ensemble size in the EDA, but at the cost of the time
extension of each ensemble forecast. In our LAM case,
it enables information to be gathered from observations
performed at different times, from forecasts at different
ranges, and, in some cases, from different lateral
boundary conditions (LBCs). For high-resolution NWP,
it has been mostly used in the past for improving precipitation forecast in a nowcasting context, either in a
probabilistic way or by using the ensemble mean (e.g.,
Lu et al. 2007; Yuan et al. 2009). In an EnVar context,
the interest of adding lagged forecast to compute the
ensemble-derived B has been recently shown at the
global scale by Lorenc (2017) and at the regional scale
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by Gustafsson et al. (2014) and Wang et al. (2017). In the
latter studies, improvements in forecast scores have
been clearly shown. In this paper and through this
technique, 3DEnVar experiments with larger effective
ensemble size were conducted both in the context of the
traditional spatial localization and in combination with
scale-dependent localizations.
The spatial localization approach implemented for
AROME-France is first described in section 2. The three
techniques tested to improve the ensemble-derived
background error covariances are then presented in
section 3. Section 4 presents the adopted configurations
for the two scale-dependent localization methods and
illustrates their impacts on the horizontal distribution of
the analysis increments through the assimilation of a
pseudo-single observation in two different flow regimes.
Section 5 presents the impact on the AROME-France
forecast scores of cycled experiments that make use of
the above methods both individually and combined.
Finally, the outcomes are summarized and further
discussed in section 6.

2. Standard spatial localization
We first summarize how the same spatial localization
can be implemented either when the preconditioning is
based on B, as in M18, or on the square root of B, as is
the case at Environment and Climate Change Canada
(ECCC). Using the notation of CB18, the ensemblederived B with standard spatial localization that does
not depend on scale can be written as
!
N
BL 5

ens

å

k51

ek eTk +L,

(1)

where ek is the kth normalized ensemble member perturbation (i.e., the difference
of the kth forecast and the
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ensemble mean divided by Nens 2 1, where Nens is the
ensemble size), L is the spatial (horizontal and vertical)
localization matrix, and the symbol ‘‘+’’ denotes a Schur
product, which is an element-by-element product.
When using a preconditioning based on the square
root of B, the analysis increment Dx of the EnVar
scheme is obtained by computing (Lorenc 2003;
Buehner 2005)
Dx 5

Nens

å ek +(L1/2 vk ) ,

(2)

k51

where vk represents the portion of the complete control
vector corresponding to the kth ensemble member. At
Météo-France, an alternative formulation based on a B
preconditioning is used instead, leading to (M18)
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Dx 5

Nens

å ek +[L(ek +D~x)],

(3)

k51

where D~
x represents the control vector having the exact
same dimension as the analysis increment vector. Interested readers are referred to Desroziers et al. (2014)
for a detailed description of this alternative formulation.
As detailed by M18, two variants of spatial covariance
localization methods within the L operator were implemented for AROME-France and are based either
on a spectral or a gridpoint formulation. As in
Gustafsson et al. (2014), the spectral-space approach is
similar to the spectral correlation model used in the
3DVar (e.g., Derber and Bouttier 1999; Berre 2000). It
consists of applying the same vertical correlation matrix
for each horizontal total wavenumber of a bi-Fourier
decomposition (i.e., using a bi-dimensional Fourier
transform; e.g., Berre 2000). In this approach, the choice
has been made by M18 to use the compactly supported
fifth-order piecewise rational function of Gaspari and
Cohn (1999) as a localization function both on the
horizontal and on the vertical. The second alternative
approach makes use of homogeneous recursive filters on
the horizontal (Purser et al. 2003) to impose a quasiGaussian localization function in gridpoint space. In the
vertical, the localization employs homogeneous recursive filters together with a vertical grid transform
(Michel 2013). The gridpoint approach has been shown
by M18 to provide significantly better forecast performance than the spectral approach, possibly because the
bi-Fourier approach introduces artificial periodicity of
the analysis increments induced by observations located
close to the boundaries.

3. Methods examined for improving the
ensemble-derived covariances
a. Scale-dependent localization
Over the last decade, more advanced localization
methods have been proposed mostly for ensemble
Kalman filter applications (Bishop and Hodyss 2009; Lei
and Anderson 2014; Flowerdew 2015), where spatial
localization is performed in observation space, although
Bishop and Hodyss (2011) proposed a method suited for
variational algorithms where the localization is performed
in model space. In the former method, flow-dependent
(i.e., nonhomogeneous and anisotropic) localization functions are used to localize the ensemble-derived covariances. Scale-dependent localization (Buehner 2012;
Buehner and Shlyaeva 2015) is another advanced
method to improve model-space spatial localization and
consists of applying appropriate (i.e., different) localization

length scales to different ranges of background error covariance (spatial) scales while simultaneously assimilating
all the available observations. The methods still rely on
homogeneous and isotropic correlation modeling and
avoid the need to perform the analysis using multiplestep strategies like in Zhang et al. (2009) or Miyoshi and
Kondo (2013). In practice, more severe localization is
applied to small scales and less localization to large
scales within the same single analysis procedure, but at
the expense of an increase in the computational cost. As
shown by CB18, a horizontal-scale-dependent localization allows the horizontal localization to vary implicitly
as a function of the vertical level, the variable, and the
horizontal location.

1) BUEHNER AND SHLYAEVA (2015)
FORMULATION

The following description in this paragraph is derived
from CB18, with only minor modifications and new
formulations suited to the B preconditioning. To modulate the spatial localization as a function of horizontal
scale following Buehner and Shlyaeva (2015), the normalized ensemble member perturbations are first each
decomposed into a set of Nband overlapping wave bands
(for the limited-area application in this paper, wave
bands are defined in terms of bi-Fourier total wavenumbers), with scale denoted by index j:
ej,k 5 Cj ek ,

(4)

where Cj is the spectral filter that isolates the jth
wave band, and ej,k is the kth normalized ensemble
perturbation containing only the jth wave band. By
introducing this scale separation into (1) and imposing that the scale-separated ensemble member
perturbations sum to equal the original (i.e., full)
perturbation, it can be shown that (1) can be rewritten as
BSDL 5

Nband Nband

å å

j151 j251

!

Nens

å

k51

ej1,k eTj2,k

+Lj1,j2 ,

(5)

where the spatial localization matrix applied to the cross
covariances between wave bands j1 and j2 is expressed in
terms of the specified within-scale localization matrix as
1/2
T/2
Lj1,j2 5 Lj1
,j1 Lj2,j2 .

(6)

If the same localization matrix is applied to all withinscale and between-scale covariances, then the resulting
matrix from (5) will be identical to the resulting matrix
from (1). With this new formulation, the analysis increment resulting from this approach in an EnVar
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scheme with a preconditioning based on the square root
of B is obtained from
Dx 5

Nband Nens

å å ej,k +(Lj1,/j2 vk ) .

(7)

j51 k51

By comparing (7) with (2), it is obvious that the approach leads to an increase in the computational cost
that is proportional to the (arbitrarily) chosen number of
wave bands (Nband).
In the Météo-France B-preconditioning formulation
used so far in EnVar, the analysis increment resulting
from a direct application of this scale-dependent localization formulation is given by
Dx 5

Nband Nband Nens

å å å ej1,k +[Lj1,j2 (ej2,k +D~x)] .

(8)

j151 j251 k51

By comparing (8) with (3), we remark that this formulation leads to an increase in the computational cost that
is proportional to the square of Nband. However, using
(6) allows rewriting (8) as
Dx 5

Nband Nens

"N

(

å å ej1,k +

j151 k51

1 /2
Lj1
,j1

band

å

j251

#)
LTj2/,2j2 (ej2,k +D~
x)

,

vk 5

Nband

å

j51

LTj,j/2 (ej,k +D~
x) .

spectral filter coefficients whose squares sum to one
(mandatory in this formulation to minimize the changes to
the overall background error variance). The resulting
scale-separated ensemble perturbations are then treated as
independent, leading to an ensemble-derived B defined as
BSDLwSL 5

Dx 5

(10)

Because nothing in the sum over j2 depends on j1, (9)
allows us to bring the increase in the computational cost
close to a linear function of Nband compared to (3). This
formulation was therefore implemented in the 3DEnVar
for AROME-France. From now on, the scale-dependent
localization formulation of Buehner and Shlyaeva (2015)
will simply be referred to as SDL.

2) BUEHNER (2012) FORMULATION
The first SDL application was performed by Buehner
(2012) in combination with the discarding of the covariances between the (horizontal) scales [so-called
spectral localization (SL)1]. The normalized ensemble
member perturbations are still decomposed into a set
of Nband overlapping wave bands, but this time using

1
Not to be confused with the ‘‘spatial localization in spectral
space’’ mentioned in section 2 (i.e., the technique of modeling
isotropic, homogeneous spatial correlations by specifying statistics
of spectral coefficients).

Nband

!

Nens

å

å

j51

k51

ej,k eTj,k

+ Lj,j ,

(11)

which is different from (1), even if the same localization
matrix is applied to all within-scale covariances due to
the removal of the between-scale covariances. As shown
by Buehner and Charron (2007), SL is equivalent to
local spatial averaging of the covariances, which may be
advantageous with a very small ensemble size [i.e.,
O(10) members], as discussed by Berre and Desroziers
(2010), given their large number of sampling errors. We
remark that this formulation can be seen as a specific
limit of the SDL method presented above, in which
between-scale covariances become zero.
The analysis increments resulting from this formulation in an EnVar scheme with a preconditioning based
on the square root of B are obtained from

(9)

which is equivalent to (7) with the following variable
substitution:
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Nband Nens

å å ej,k +(Lj1,/j2 vj,k ) ,

(12)

j51 k51

where a different control vector is used for each wave
band [compare (12) with (7)]. With a B-preconditioning
approach, using again (6), it can easily be shown that the
analysis increment is given by
Dx 5

Nband Nens

h
i
Lj1,/j2 LTj,j/2 (ej,k +D~
x) ,

å å ej,k +

j51 k51

(13)

which is equivalent to (12) with the following variable
substitution:
x) .
vj,k 5 LTj,j/2 (ej,k +D~

(14)

Hereafter, the scale-dependent localization formulation
with SL of Buehner (2012) will simply be referred to
as SDLwSL.
The horizontal wave band decomposition used in both
SDL and SDLwSL are described in detail in section 4,
together with a series of single pseudo-observation assimilation experiments that illustrate the behavior of the
two formulations.

b. Time-lagged ensemble members
The effective ensemble size can be easily increased by
using ensemble forecasts of different ranges but valid at
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the correct time, using the so-called time-lagged approach
(Hoffman and Kalnay 1983). For EnVar applications in an
NWP context, this pragmatic approach has been successfully tested at regional and global scales by, for example,
Gustafsson et al. (2014) and Lorenc (2017), respectively.
Apart from potentially modifying the ensemble spread, it
results in reduced noise and increased rank of the sampled
background error covariances by a factor equal to the
number of time-lagged perturbation batches.
Extending the EDA AROME forecasts up to 9 h enabled us to conduct 3DEnVar experiments with an increased ensemble size of 50 (with the addition of 25 6-h
forecasts) and 75 (with the supplementary addition of 25
9-h forecasts) members. At t 5 t0, the ensembles of 3-, 6-,
and 9-h forecast ranges are, respectively, initialized from
analyses retrieved at t0 2 3, 6, and 9 h, considering perturbed observations performed at those different times.
In our LAM framework, the perturbed LBCs that are
applied during the forecasts can also differ between the
different time-lagged ensemble batches, depending on
the assimilation times. This is simply because the EDA
ARPEGE at the global scale, which provides these
LBCs, is based on a 6-h cycling strategy (Berre et al.
2015). For analyses performed at 0000, 0600, 1200, and
1800 UTC, the ensembles of 3- and 6-h forecasts consider LBCs drawn from forecasts performed 6 h before,
while the ensemble of 9-h forecasts uses LBCs from
forecasts initialized 12 h before. At 0300, 0900, 1500, and
2100 UTC, the ensemble of 3-h forecasts uses forecasts
of the EDA ARPEGE performed 3 h before, while the
ensembles of 6- and 9-h forecasts take their LBCs from
forecasts initialized 9 h before.

4. Scale-dependent localizations: Setup and
illustration
a. Horizontal wave band decomposition
For evaluating the SDL and the SDLwSL methods,
we use a three-wave-band decomposition approach, as
in CB18 [compared to six in Buehner (2012) and four in
Lorenc (2017)]. This arbitrary choice was motivated
primarily, as in CB18, to keep the total computational
cost of the analysis step at a level that would not
prevent a potential future operational implementation
and to somewhat facilitate a comparison with the results
of CB18 in a global context.
The spectral coefficients used to decompose the
EDA-derived covariances are presented in Fig. 1. For
SDL (solid lines), the response function used to isolate
the large scale is a low-pass filter equal to 1 from wavenumber 0 (constant value over the domain) to wavenumber
2 (wavelength of ;1000 km) and then decays (following the

139

FIG. 1. Spectral filter coefficients used to separate the background error covariances into three horizontal wave bands (large
scale in green, medium scale in blue, and small scale in red) expressed as a function of (a) wavelength and (b) total wavenumber.
Solid lines (dashed lines) represent the coefficients used in the SDL
(SDLwSL) formulation.

square of a cosine) to 0 at wavenumber 8 (wavelength of
;250 km). For the small scale, a high-pass filtering is applied by a response function imposing 0 up to wavenumber
8 (wavelength of ;250 km) and reaching a plateau of 1
starting from wavenumber 25 (wavelength of ;80 km). For
the medium scale, the bandpass filtering is obtained by a
third response function, which is simply equal to the differences between a value of 1 and the sum of the two previous ones. This choice ensures that the three overlapping
functions sum to 1, which is essential for the SDL formulation to preserve as much as possible the overall background error variance. For the SDLwSL formulation
(dashed lines), we simply used the square root of the above
response functions. This way, the square of the response
functions used for SDLwSL sum to one (as required by this
approach), and the scale-separation functions used in the
two approaches remain very similar.
The flow-dependent background error covariances
used in this paper are provided by the 25-member EDA
described by M18 (see their section 2.2) that uses a
3DVar scheme in combination with a perturbed observations approach on a domain that encompasses the
operational AROME-France domain but with a grid
spacing of 3.8 km. Figure 2 presents an example of (3 h)
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FIG. 2. The 3-h ensemble forecast perturbations for temperature (K) on a model vertical level near 900 hPa from AROME EDA valid at
0000 UTC 6 Feb 2016. (a) The (full) ensemble perturbation (ensemble member 1 minus the ensemble mean). The other three figures show
the scale-decomposed ensemble perturbation obtained after applying the three bandpass filters shown with solid lines in Fig. 1.

ensemble perturbations for temperature on a native
model level near ;1 km AGL for a given ensemble
member before (Fig. 2a) and after the scale decomposition (Figs. 2b–d) using the response functions
for SDL. Therefore, in this case, the sum of the scaledecomposed perturbations equals the full ensemble
perturbation. These three scale-decomposed perturbations
were, as in the rest of this paper for both SDL and SDLwSL
approaches, simply obtained by first transforming the

original ensemble member into spectral space (using a
bi-Fourier technique2), then multiplying the resulting
spectral coefficients by the filter coefficients shown in

2
Since the forecast model used in AROME outputs horizontal
fields that are biperiodic, no additional treatment of the gridded
data was needed before applying the bi-Fourier transform from
gridpoint space to spectral space.
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Fig. 1, and finally transforming the results back into
gridpoint space. Significant differences in scales in the
three sets of scale-decomposed perturbations can be
observed, and the amplitude of the perturbations is
roughly similar in each of the wave bands (see Fig. 2).

b. Localization length scale diagnostics
To shed light on the scale differences between the
scale-decomposed perturbations and to help assign realistic localization length scale values for the
scale-dependent localization approaches, we applied the
technique recently proposed by Ménétrier et al. (2015a,b)
for objectively estimating the optimal localization amount
based only on information from the ensemble. This technique, based on both the theories of centered moments
sampling and of optimal linear filtering, was applied on the
two sets of scale-decomposed ensemble perturbations (i.e.,
for SDL and SDLwSL), as well as the full ensemble perturbations for the EDA 3-h forecasts valid at 0000 UTC
6 February 2016.
The diagnosed horizontal length scales (Fig. 3) are
very different for each wave band of the two sets
of scale-separated ensemble perturbations, with vertical averages close to 500, 250, and 80 km for the
large, medium, and small scales, respectively. 3 These
results suggest that our bandpass filters design appears to be a realistic attempt for testing these scaledependent localization approaches in the context of
AROME-France.

c. Single pseudo-observation experiments
To illustrate the impact of the two scale-dependent
localization approaches described in section 3a, we
conducted, similar to CB18, a series of pseudo- (or
synthetic) single temperature observation data assimilation experiments located here in the boundary layer
(near ;1 km AGL) with the 3DEnVar configurations
summarized in Table 1. Since the resolved scales here
are totally different to those of CB18, this simple experimental framework aims to demonstrate the flexibility and
the range of application of the two scale-dependent localization approaches that are considered here, as well
as their main behaviors in terms of the resulting analysis
increment structures.
The two chosen locations in the background for the
AROME-France analysis valid at 0000 UTC 6 February
2016 exhibit very different flow regimes: 1) a frontal-like
system in northwestern France (point A in Fig. 4), where
large-scale background error covariances should be

3
In this paper, the localization length scales refer to one-half the
distance over which the localization function reaches zero.

FIG. 3. Profiles of diagnosed horizontal localization scale (km)
from the EDA AROME and averaged for the different control
variables (temperature, zonal and meridional winds, and specific
humidity) for the full ensemble perturbation (black line) and the
scale-decomposed ensemble perturbations: small scale (red), medium scale (blue), and large scale (green). Solid lines (dashed lines)
represent the scale-decomposed perturbations obtained with the
filtering coefficients used in the SDL (SDLwSL) approach shown in
Fig. 1. Data valid at 0000 UTC 6 Feb 2016.

predominant, and 2) a relatively cloud-free area in the
highland of Galicia in northwestern Spain (point B in
Fig. 4), where significant small-scale background error
covariances were found (likely due to topographic effects; not shown). As in CB18, the results are presented
in terms of analysis increments normalized by the value
at the observation location, resulting in correlation-like
patterns helping to distinguish changes in the horizontal
distribution of the increment. In all the data assimilation
experiments reported in this section, the localizations
are applied in spectral space (note that the application of
the localizations in gridpoint space would lead to the
same conclusion since, as discussed by M18, both approaches give very close solutions far from the boundaries of the domain).
The differences in the scales of the background error
covariances found in the two locations are obvious when
comparing the resulting normalized analysis increments
obtained with a single localization length scale of 250 km.
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TABLE 1. Summary of single pseudo-observation experiments.
Name

Nband

Spectral localization

Total wavenumber peaksa

Localization length scales (km)

CTL1-obs
E-SDL1-obs
E-SL1-obs
E-SDLwSL1-obs

1
3
3
3

—
No
Yes
Yes

—
#2, 8, $25
#2, 8, $25
#2, 8, $25

250
500, 250, 80
250, 250, 250
500, 250, 80

a

Peaks refer to the total wavenumber where each response functions equal to one.

The results from this configuration named CTL1-obs (see
Table 1) lead to a relatively large-scale and elongated
(along the front axis) pattern in northwestern France
(Fig. 5a), while a noisy signal with multiple maxima
and a relatively strong negative normalized increment
along the coast of the Bay of Biscay is depicted in
northwestern Spain (Fig. 6a).
Based on the results previously presented in Fig. 3, we
opted for length scale values of 500, 250, and 80 km for,
respectively, the large-scale, medium-scale, and small-scale
wave bands in both the E-SDL1-obs and E-SDLwSL1-obs
configurations (see Table 1). Therefore, the ensemblederived covariances in the medium-scale wave band will

be localized with the same amount as in the CTL1-obs
configuration, but the small-scale (large scale) covariances will be localized significantly more (less).
Identical sets of localization length scales were adopted
here with the aim of facilitating the intercomparison
of the effect of the two scale-dependent localization
approaches.
For the frontal case, the impact of SDL (Fig. 5b) leads
to a broadening of the normalized increments, together
with a reduction of the noisy small-scale signal in the
periphery of the observation location. With SDLwSL
(Fig. 5d), the broadening is similar to with SDL, but the
normalized increment is smoother both close and away

FIG. 4. Infrared (10.8 mm) brightness temperature observation (K) valid at 0000 UTC 6 Feb
2016 from SEVIRI on board Meteosat Second Generation (MSG) spacecraft. Points A and B
indicate the location of the single pseudotemperature observations discussed in section 4c.
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FIG. 5. Zooms of normalized temperature analysis increments near 900 hPa resulting from the assimilation of a
single pseudotemperature observation located at point A in Fig. 4, obtained with four different configurations of
spectral-space horizontal localization: (a) standard localization, (b) scale-dependent localization, (c) spectral localization, and (d) spectral and scale-dependent localization (see details in Table 1). The values are exactly equal to
1 at the grid point nearest to the pseudo-observation location. Data valid at 0000 UTC 6 Feb 2016.

from the observation, which is the signature of the impact of SL when the background error covariances
project on multiple wave bands. To isolate the impact of
SL, we computed the normalized increments with the
SDLwSL approaches but using the same localization
length scales of 250 km (as in CTL1-obs) in the three wave
bands (E-SL1-obs; see Table 1). The results (Fig. 5c) show
that the spatial extension of the normalized increments
is similar than in CTL1-obs (see Fig. 5a) but that the
pattern is generally smoother, in agreement with the
findings of Buehner and Charron (2007).
The impact of SDL (Fig. 6b) and SDLwSL (Fig. 6d)
for the observation located in northwestern Spain leads,
in both cases, to a compact core of small-scale normalized

increments surrounded by a small (less than 0.25)
broader positive signal, where, again, SDLwSL presents
the smoothest pattern. However, a particular feature is
that the area of negative normalized increments located
to the north of the observations that could be noticed
with the localization that does not depend on the scale
(CTL1-obs; Fig. 6a) has almost completely vanished with
both scale-dependent localization methods. This seems
to be linked to changes in the between-scale covariances,
as SL alone (Fig. 6c) also leads to the same behavior.
Although SDL does not discard explicitly the betweenscale covariances, in practice, the requirement that
the complete localization matrix be positive–semidefinite
to ensure that the resulting localized matrix is a valid
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FIG. 6. As in Fig. 5, but for a pseudo-observation located at point B in Fig. 4.

covariance matrix inevitably reduces, to some extent, the
between-scale covariances when different localization
length scales are used for each of the wave bands (Buehner
and Shlyaeva 2015). The fact that SDLwSL and SL, which
completely remove the between-scale covariances, leads
to a stronger positive signal on the northern side of the
observation location compared to SDL supports the above
hypothesis.
We remark that the changes to the between-scale
covariances noted above have impacts on the implied
background error statistics. It was observed that this
leads to a reduction of the variances (greater in
SDLwSL than in SDL due to the complete removal of
the between-scale covariance in the former) that, on
average, does not exceed a few points of percentage
(however, locally, it can exceed 10%; not shown). In this
study, no attempt was made to estimate the impact of

this effect on the changes to the forecast performances
reported in the following section.

5. Impact on the forecasts
a. Experimental setup
The impact on the AROME-France forecast performances of scale-dependent localization, as well as timelagged approaches described in section 3, was evaluated
in data assimilation cycles that follow the strategy described by M18. All experiments span the 33-day winter
period of M18 (from 0000 UTC 6 February to 0000 UTC
10 March 2016), with frequent stormy activity over
western Europe (see section 3.1 in M18).
A 3-h update cycling strategy was also adopted, and
30-h forecasts were performed here four times per day
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TABLE 2. Summary of NWP experiments.

Name

Nband

Spectral localization

Total wavenumber peaks

Localization length scales (km)

Time-lagged members

CTL
E-SDL
E-SL
E-SDLwSL
E-L3
E-L3&6
E-SDL-L3&6
E-SDLwSL-L3&6

1
3
3
3
1
1
3
3

—
No
Yes
Yes
—
—
No
Yes

—
#2, 8, $25
#2, 8, $25
#2, 8, $25
—
—
#2, 8, $25
#2, 8, $25

250
300, 150, 75
250, 250, 250
448, 224, 84
250
250
430, 215, 100
448, 224, 84

No
No
No
No
3h
3 and 6 h
3 and 6 h
3 and 6 h

(at 0000, 0600, 1200, and 1800 UTC) instead of twice per
day (0000 and 1200 UTC) as in M18. In addition, for the
time-lagged experiments, 9-h forecasts are performed
from all retrieved EDA analyses every 3 h. As previously described, both the 25-member EDA and the
AROME-France model adopted a grid spacing of
3.8 km. Interested readers are referred to M18 for a
complete description of the assimilated observations,
which include conventional and radar data, as well as
radiances from geostationary and low-orbiting satellites.
For simplicity, only the experiments with the bestperforming horizontal localization length scales found
for each combination of localization approaches and
ensemble sizes, in terms of forecast scores performed
over the considered time periods, are reported (see
Table 2). Scale-dependent localizations require the determination of different horizontal localization length
scales for each wave band. Those values can be derived
from the objective diagnostic of Ménétrier et al. (2015a,b)
or through a more costly procedure of trials and errors.
The application of the Ménétrier algorithm to the
AROME EDA presented in section 4b suggests values of
500, 250, and 80 km for the localization length scales of
the three horizontal bands. However, better results were
obtained, with the refined values listed in Table 2 obtained by trials and forecast scores comparisons (using
two to four attempts for each experiment, with some
attempts covering only a shorter period of 2 weeks), a
result shared by Lorenc (2017). The Ménétrier algorithm only considers sampling errors when determining
the optimal localization, and better results can be obtained with fine tuning, but the values are useful as a first
guess, especially when a large number of bands are
considered.
In all the data assimilation experiments reported in
this section, the localizations are applied in gridpoint
space, since the latter was found to provide better
forecast performance than the localization applied in
spectral space by M18. The control experiment (CTL;
see Table 2) uses a single localization length scale of
250 km, the best-performing value found by M18 in a
one-size-fits-all context. Finally, all experiments consider a

vertical localization length scale of 0.3 unit of the natural
logarithm of pressure, as in M18.
To get a global view of the impact on the forecasts, the
verification observation database includes Doppler
radial winds (only from the French network), groundbased weather stations, integrated water vapor from
ground-based GPS receivers, wind profilers, and water
vapor channels from the Spinning Enhanced Visible and
Infrared Imager (SEVIRI). As in M18, these observations
were used to compute relative changes in RMS error
(RMSE) with respect to a given control experiment multiplied by 21 to simulate a change in a quality index and
were represented with a ‘‘score card’’ graphical approach.
Therefore, positive (negative) values represent improved
(degraded) forecasts with respect to the observations. The
observations in upper air were used to compute a change in
quality index per 100-hPa vertical bin per variable, and the
results were vertically averaged and gathered by observed
variable type as detailed in Table 3. An F test was used to
assess the significance of the differences for each variable
and level (or vertical bin) and revealed that many differences exceed a confidence level of 90%, mostly in the first
15 h of the forecasts (not shown). Furthermore, the scores
have been computed considering forecasts launched four
times a day every 6 h. As a consequence, large samples of
observations were available, avoiding, for example, the
lack of aircraft data during nighttime.

b. SDL
The largest benefits of SDL were obtained when using
localization length scales of 300, 150, and 75 km for the
large-scale, medium-scale, and small-scale wave bands
(experiment named E-SDL), respectively. The score
card against the control experiment using a single
localization length scale of 250 km (CTL; Fig. 7a) shows
that the improvements both at the surface and in altitude are maxima at short lead time (close to 2%) and
gradually decay to vanish beyond 15 h. The changes in
this ad hoc quality index were also averaged over all
variables and lead times in order to obtain a single value
for each surface and altitude (see Table 4). This led to
global forecast improvements of 0.27% and 0.26% for
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TABLE 3. List of observations used for the altitude verification reported in the score cards.
Score card parameter
T (ALT)
HU (ALT)
UV (ATL)

Observation type

Observation source

Temperature
Humidity
Zonal and meridional winds

Aircraft
Ground-based GPS and SEVIRI’s water vapor channels
Aircraft, Doppler radial wind, and wind profilers

altitude and surface, respectively. Using an hourly verification database (not shown) reveals further the significant improvement at very short lead time, with
statistically significant error reduction reaching about
5% at some vertical levels in the first 3 h with respect to
aircraft data.

c. SDLwSL
With SDLwSL, the best results were obtained when
relaxing the localization in each wave band compared to

SDL (i.e., when using 448, 224, and 84 km instead of 300,
150, and 75 km for the large-scale, medium-scale, and
small-scale wave bands, respectively; see experiment
E-SDLwSL in Table 2). The improvements, compared
to CTL, depicted in the associated score card (Fig. 7b)
appear similar to the improvements found with SDL but
are globally somewhat larger, as confirmed by the
change in quality indices (see Table 4) at both the surface (0.34% vs 0.26%) and in altitude (0.46% vs 0.27%).
An experiment with only SL (E-SL) was designed in an

FIG. 7. Changes in the forecast quality index (defined as the relative changes in RMSE times 21) for paired
configurations (experiment name in blue, reference name in red) listed in Table 2 and measured using various
altitude and surface observations over a period of 33 days (from 0000 UTC 6 Feb to 0000 UTC 10 Mar 2016).
Upward-pointing (downward pointing) blue (red) triangles indicate a reduction (increase) of the RMSE in the
experiment (name in blue) with respect to the reference (name in red). The larger the area of the triangles, the
greater the RMSE differences. See text for further details.
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TABLE 4. Summary of changes in total forecast quality index
(in %; see text for the details on the computation of this metric).
The largest improvements are highlighted in bold.
Experiment

Altitude

CTL
E-SDL
E-SL
E-SDLwSL
E-L3
E-L3&6
E-SDL-L3&6
E-SDLwSL-L3&6

0.27
0.36
0.46
0.50
0.70
0.92
1.01

Surface
Control
0.26
0.26
0.34
0.54
0.68
0.90
0.76

attempt to differentiate with SDLwSL in the case where
the same amount of localization (length scale of 250 km;
as in CTL) was enforced in the three wave bands. The
results presented in Fig. 7c and Table 4 reveal that SL
leads to less improvement than SDLwSL but that the
former equals the improvements from the SDL at the
surface and even outperform SDL in altitude, which
tends to confirm the importance of covariance smoothing in very low-rank ensemble-derived background error covariances (Berre and Desroziers 2010).

d. Time-lagged ensemble members
The time-lagged ensembles are constituted of forecasts at different lead times that are initialized considering different perturbed observations and that, in some
cases, use different LBCs (see section 3b). They may
likely sample different probability density functions
(PDFs), preventing the application of the theory of
Ménétrier et al. (2015a). The horizontal localization
length scale value of 250 km used by CTL has been used
again with time-lagged ensembles since no significant
forecast improvements were noticed when increasing
the single horizontal localization length scale in this
context, whereas one could expect the sampling noise to
be reduced, which would imply less localization.
Increasing the ensemble sizes using ensemble forecasts with 3-h (i.e., 6-h forecasts) and 6-h (i.e., 9-h
forecasts) initialization time lag (but still valid at the
analysis time) is definitely beneficial in the context of
this 3DEnVar prototype for AROME-France. With an
additional 25 members from 6-h forecasts (E-L3), the
improvements are similar (greater) at the surface (in
altitude) than the best-performing scale-dependent localization experiments with only 25 ensemble members
(E-SDLwSL; cf. Figs. 8a and 7b and see Table 4). Increasing the size of the ensemble to 75 members with the
addition of 25 members with 9-h forecast ranges
(E-L3&6) allows increasing further the benefits. The
altitude scores now peak around 2% for the all the
variables and reach as high as 4% for humidity at 2 m

and the mean sea level pressure (Fig. 8b) at t 1 3 h.
Overall, E-L3&6 outperformed all of the configurations
tested so far (see Table 4). It is interesting to note that
despite the fact that the improvements still decrease
with lead time, some small benefits are now maintained
up to 30 h when the ensemble size is increased. No attempt was made to further increase the ensemble size
through the time-lagged members approach.

e. Combined approaches
The largest forecast improvements were obtained
when combining scale-dependent localization with
the increase of the size of the ensemble to 75 members through the time-lagged members approach (see
experiments E-SDL-L3&6 and E-SDLwSL-L3&6 in
Table 2). In this context, SDLwSL seemed to perform
best when using the same localization length scale than
with 25 members, but it was found beneficial to increase
the length scales used in SDL to 430, 215, and 100 km for
the large-scale, medium-scale, and small-scale wave bands,
respectively (see Table 2). When looking at the score cards,
both E-SDL-L3&6 and E-SDLwSL-L3&6 (Figs. 8c,d)
appear to provide similar improvements, with changes
in quality index reaching nearly 5% at t 1 3 h for some of
the variables both in altitude and at the surface. The overall
measure (see Table 4) shows that E-SDLwSL-L3&6
performs best in altitude, with a total change in quality
index of 1.01% (cf. to 0.92% for E-SDL-L3&6), but that
E-SDL-L3&6 leads to the largest improvements for
surface variables (cf. 0.90% to 0.76%).
The above results indicate that with a 75-member
ensemble, SDLwSL still performs better than SDL in
altitude but not at the surface. This is better illustrated
by isolating the added value of the two scale-dependent
localization variants in the context of 75-member ensembles (i.e., by computing the forecast performances of
the two latter experiments with respect to E-L3&6).
The associated score cards (Figs. 8e,f) and the overall
changes in the quality index (Table 5) confirm that SDL
outperforms SDLwSL for surface variables, and averaging the forecast improvements for altitude and surface
variables indicates that the two formulations bring
similar improvements with an increased ensemble size.
This result tends to support the view of Buehner and
Shlyaeva (2015) that preserving the heterogeneity of
covariances by avoiding the removal of the between-scale
covariances should be beneficial for larger ensemble sizes
[i.e., O(100) members].

6. Summary and discussion
Following the recent development of a 3DEnVar data
assimilation algorithm for the AROME-France NWP
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FIG. 8. As in Fig. 7, but for experiments using time-lagged ensemble members on its own or combined with scaledependent localization. See Table 2 for the description of the experiments.

system at 3.8-km horizontal resolution, this paper examined different approaches to improve the ensemblederived background error covariances that are exploited
in this new data assimilation scheme without modifying
the ensemble of background generation strategy. Two

variants of the scale-dependent localization method that
consist of applying appropriate (i.e., different) amounts
of localization to different ranges of background error
covariance spatial scales while simultaneously assimilating all of the available observations were examined
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TABLE 5. As in Table 4, but with respect to E-L3&6.
Experiment

Altitude

E-L3&6
E-SDL-L3&6
E-SDLwSL-L3&6

0.22
0.31

Surface
Control
0.22
0.08

and compared: 1) the original approach of Buehner
(2012) in combination with spectral localization, which
assumes that the covariance between the scales is zero,
and 2) the more recent formulation of Buehner and
Shlyaeva (2015) that avoids the complete removal of the
between-scale covariances imposed in the former formulation. Increasing the effective ensemble size in the
representation of the background error covariance from
the use of time-lagged members was also considered both
on its own and in combination with scale-dependent
localization.
The results from data assimilation cycles over a 33-day
winter period show the scale-dependent localization
approach of Buehner (2012) performs better than the
more recent formulation of Buehner and Shlyaeva
(2015) when the background error covariances are derived from the most recent 25-member ensemble forecasts. However, when increasing the effective ensemble
size to 75 members with time-lagged forecasts, the two
scale-dependent formulations provide similar forecast
improvements overall, albeit the approach of Buehner
(2012) still performs better for variables in altitude. In
contrast, the formulation of Buehner and Shlyaeva
(2015) was found to provide the largest improvements
for surface variables, where the heterogeneity of covariances could be greater due to, for example, land/
sea contrasts, land-usage variability, and topographic
effects. These results support the hypothesis of Buehner
and Shlyaeva (2015) that local spatial averaging
enforced by the elimination of the between-scale covariance in the method of Buehner (2012) may only be
beneficial with very small ensemble sizes [i.e., O(10)
members] and that their alternative scale-dependent
formulation should become advantageous with larger
ensemble sizes [i.e., O(100) members].
In every scenario, the positive impacts of each scaledependent localization method gradually decrease with
forecast lead times. This can be attributed in part to the
intrinsic nature of limited-area data assimilation, where
the impact of the lateral boundary conditions reduces
the impact of any improvements to the initial conditions
with increasing lead time, especially in cases of a strong
synoptic forcing. Nevertheless, a similar dissipating positive signal can be seen in the results of Lorenc (2017) in a
global context with SDLwSL (see his Fig. 14g), especially
in the Northern Hemisphere, though the improvements
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noted in the latter study lasted much longer (about
3 days), compared to our limited-area application (about
15 h). Using the SDL method in a global application,
CB18 also reported a dissipating signal in the Northern
Hemisphere (see their Fig. 9) that lasted for about
5 days, but, on the other hand, the beneficial impact in
the Southern Hemisphere (tropics) was found to increase (stay constant) up to days 5 and 6 (up to day 7).
These results could suggest that most of the time, scaledependent localizations tend to improve mostly the
smallest scales, which have a shorter predictability time.
Increasing the effective ensemble size in the ensemblederived background error covariance with time-lagged
ensemble members on its own improves the forecast performances as a function of the number of added ensemble
members. Again, the largest benefits were found at short
lead time but lasted somewhat longer than with scaledependent localizations. These results are compatible
with those of Wang et al. (2017), Gustafsson et al.
(2014), and Lorenc (2017), though the latter employed
time-lagged perturbations in combination with a timeshifting strategy. Here, the improvements from using
time-lagged members outperform the impact of scaledependent localizations on its own, whereas Lorenc
(2017) reported about equal average benefits from the
two approaches (but with a larger ensemble size). As in
Lorenc (2017), the largest forecast improvements are
obtained when combining the two approaches.
As stressed in CB18, finding the optimal scale-dependent
localization configuration (i.e., the number of wave
bands, the filtering response function design, and the
amount of localization for each of the wave bands) is not
trivial and still relies on ad hoc procedures. The methodology of Ménétrier et al. (2015a,b), however, allows
localization length scales to be obtained that are close to
the optimal values (i.e., those values found to result in
the best forecast scores). Therefore, we cannot conclude
that the results presented here with a 3DEnVar at
3.8-km horizontal resolution depict all of the benefits
that could be obtained with this method in the AROMEFrance system that relies on a 1.3-km resolution.
The outcomes of this study will impact the future work
in each of our organizations. At ECCC, it is planned to
perform a similar investigation with the new prototype
4DEnVar scheme, developed for high-resolution application and presented by Bédard et al. (2018). This will
shed light on the impact of the methods tested here in
the context of a much larger ensemble (256 members)
and a much larger domain (pan-Canadian; about 5 times
the size of the AROME-France domain). At MétéoFrance, work is ongoing using a dual-resolution EnVar,
with the goal of computing analyses from different
flavors of EnVar (4DEnVar, hybrids) at the operational
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resolution of 1.3 km, while keeping an EDA at a lower
resolution that is comparable to the one used in this
study. Given their clear positive contributions in the
EnVar system, the scale-dependent localization, as well
as the use of time-lagged ensembles, will be exploited in
this context.
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