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ABSTRACT
In this paper we present results from the application of a posteriori diagnostics on existing data assimilation systems.
The systems of interest are the global data assimilation Arpége 3D-VAR of Météo-France, and the limited-area 3D-VAR
analysis of Aladin. First, we discuss how the diagnostics can be ported from theory to practical applications, using

aggregates of analysis information over time. We then compare the behaviour of the diagnostics in the two different data
assimilation systems, with a focus on the properties of the background and observational error variances. Secondly, the
a posteriori validation is used for the off-line tuning of two scalar error parameters in the Aladin 3D-VAR. The tuning

provides error variances that better fit the statistics of the innovation vector, without loss of quality in the analyses.
Finally, the link of this approach with ensemble-based techniques is made. Especially, we propose to couple the a
posteriori diagnostics directly with the usual output of ensemble samples, which could be done at no extra cost. If

the results are then used to tune error parameters, then an on-line adaptive assimilation system, based on a posteriori

considerations, is obtained.

1. Introduction

The evaluation of the quality of an operational type of data as-
similation system, using real data as opposed to simulated data,
is a matter of permanent and various efforts in the numerical
weather prediction community. On the one hand, classical mon-
itoring, cross-validation and inter-comparisons between centres
give either general or detailed overviews of the performances of
the systems. On the other hand, it is difficult to verify the ini-
tial assumptions or simplifications needed to install the system
in practice. One typical example is the specification of the er-
ror statistics that appear in the optimal control problems. From
optimal interpolation (OI; see Gandin, 1963), to variational tech-
niques (3D-VAR or 4D-VAR; see, for instance, Courtier et al.,
1994, 1998) and Kalman filtering (Kalman and Bucy, 1961), we
require realistic definitions for the error covariance matrices.

A number of approaches are available for estimating the ma-
jor error covariance matrices, namely those associated with the
model forecast information (the background) and those associ-
ated with the observations. These methods either rely strongly
on the dynamical construction of the errors or on the direct com-
parison with validating observations. In the first category, we
can find the so-called National Meteorological Center (NMC) —
now the National Center for Environmental Prediction (NCEP)
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— method, where the background errors are derived from sets of
forecast differences, valid for the same date (Parrish and Derber,
1992). In the second category, the sampling of statistics from sets
of binned observation minus forecast differences, and their fit to
pre-specified analytical functions can be cited (Hollingsworth
and Lonnberg, 1986; Lonnberg and Hollingsworth, 1986). With
the increasing computer power, ensemble estimates start to be
used, either statically (fixed) inside the assimilation system
(Houtekamer et al., 1996; Belo Pereira et al., 2002) or in a cycled
mode in the frame of ensemble Kalman filters (Evensen, 1994;
Houtekamer and Mitchell, 1998).

Another original approach for error covariance estimation
consists of maximum-likelihood methods. One usually starts
with an a priori construction of the covariance matrices. Using
extra assumptions, the statistical behaviour of a given diagnostic
functional, which depends on a set of parameters that control the
shape of the covariance model, is known. The covariance param-
eters are then retrieved as those values that give the maximum
likelihood for the functional (Dee, 1995; Wahba et al., 1995).

As described in Desroziers and Ivanov (2001) and Chapnik
et al. (2004), a posteriori validation of the assimilation system
provides diagnostics that can also be iteratively used to pro-
vide covariance parameter estimates, equivalent to maximum-
likelihood estimates. A posteriori validation consists of deriving
some diagnostic properties, which are verified by the assimila-
tion system, provided the initial assumptions to derive the diag-
nostic properties are valid. As shown in the core of the paper,
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22 W. SADIKI AND C. FISCHER

one such property is the statistical behaviour of the total cost
function of a variational assimilation system, after minimization
is completed. Provided that the modelled background and ob-
servational error covariances correspond to those of the actual
sequences of observation minus forecast vectors, the statistical
expectation of the minimum of the cost function is proportional
to the number of observations (Bennett et al., 1993; Talagrand,
1998). This specific property also has a counterpart in optimal
interpolation in the form of a x2 law, when error distributions
are assumed to be Gaussian (Ménard et al., 2000). Thus, in terms
of a posteriori validation, any departure of the diagnostic from
its theoretical behaviour indicates a misspecified initial assump-
tion, probably a misspecification in the covariance model. Note
that a good match of the a posteriori result with theory does not,
reversely, imply correct a priori specifications. Furthermore, as
we will show in this paper, it is not in general straightforward to
perfectly pinpoint what exactly the initial misspecification is, in
a real data environment.

The goal of our work is threefold. First, we derive a set of a
posteriori diagnostic functionals (later, J iy, Sp and S,) along
with practical methods for their computation in a real data en-
vironment (Sections 2.1-2.4). Mostly, we concentrate on the er-
godicity of the diagnostic terms and their evaluation by a Monte
Carlo method. These developments partially rely on previous
works by Girard (1987), Talagrand (1998) and Desroziers and
Ivanov (2001). We then present results for two operational types
of data assimilation systems, namely the global Arpege 3D-VAR
[formerly Météo-France’s operational system, close to the Euro-
pean Centre for Medium-Range Weather Forecasts (ECMWF)
version presented in Courtier et al. (1998)] and its limited-area,
biperiodic counterpart in the Aladin model [see Radnéti et al.
(1995) and Hordnyi et al. (1996) for a presentation of Aladin, and
Siroka et al. (2003) for information on the 3D-VAR in Aladin].
The parallel between two distinct, although closely intertwined,
systems such as Arpege and Aladin gives an extra, original, view
of the results, as shown in Section 2.5.

Secondly, we address the tuning of error covariances using the
output a posteriori diagnostics in Aladin (Section 3). We con-
centrate on two scalar error variance parameters, for background
and observation error statistics, respectively. The initial incen-
tive for this part of our study was the early recognition that the
Aladin background error variances probably are not very accu-
rately known. Indeed, presently, the background error statistics
are obtained from an NMC method. In its traditional setting, this
method leads to generally overestimated error variances, espe-
cially in datavoid areas (for a short discussion about the limi-
tations of the NMC method, we refer to Sadiki et al., 2000). A
similar result was noticed in the frame of Aladin-derived NMC
statistics. We refer to the background error statistics derived from
the traditional NMC technique as the ‘standard NMC’ statistics.
A modification of the NMC method was however proposed in
Siroka et al. (2003), which consists of computing the forecast
differences at constant lateral boundary conditions. The con-

stant boundary conditions force the sample statistics to maxi-
mum variance in an intermediate, mesoscale range, while the
largest model scales have smaller error variance. Thus, a scale
selective band-pass filter is obtained for the background error
term. However, this so-called ‘lagged NMC’ technique also re-
duces the amount of variance globally, at all scales, so that one
faces the reverse problem from the standard NMC case. Lagged
NMC statistics in Aladin very likely underestimate variances.

Thirdly, we show the relationship of the a posteriori approach
with ensemble techniques (Section 4). The functionals consid-
ered in this paper are derived in practice using a Monte Carlo
method, and thus they can be evaluated using the output samples
of an ensemble of forecasts and analyses. Thus, a posteriori val-
idation can be a candidate for on-line parameter estimation in an
ensemble-based assimilation system. Limitations to our study
are discussed in Section 5, while conclusions and operational
considerations are drawn in Section 6.

2. Minimum of the cost function and gain
matrix products

2.1. Ensemble relationships

We focus on the properties of a given linear estimation prob-
lem, such as the least-squares error estimation or the variational
algorithm. Following Talagrand (1998), it is always possible to
define a complete information vector z of dimension m by an
appropriate change of variable in information space

b
()

where x° denotes the background vector and y represents the
observations. We note that n and p are the lengths of x® and y,
respectively, and m = n + p. The information vector z and the
truth x' are related by the formula

z=Tx'+¢ (@3]

where

In*n
r— ( . ) 3)

denotes the complete information operator, 1 ,,, is the Identity
operator of rank n, H is the observation operator, and

(0
€o

is the vector of errors, known only through its statistical
properties.

In a variational formulation, the best linear unbiased estimate
(BLUE) is given by the value of the minimum of the cost function
defined in information space:

1 _
J(x) = E(rx — TS (Tx — 2). 5)
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Following the developments of Desroziers and Ivanov (2001), we
now consider a subpart J; of the total cost function, J =), J;,
computed over a subpart z; of the information vector with m; ele-
ments, m = y_, m;. The subpart is obtained by projection of the
total information vector, z; = I1;z, where I1; is a projection op-
erator. We also assume that these components have uncorrelated
errors. We can then develop J;

i

J(xY) = %(ma — zi)TSfl(r,.x“ -z, (6)

where I'; = I1;T" and S; are the linearized information operator
and the error covariance matrix associated with z;, respectively.
x* denotes the analysis, taken as the solution of the minimization.
Desroziers and Ivanov have shown that the expectation of J;(x*)
reads

E[J;(xY] = %[m,- — Tr([ AT ST )

A first application of eq. (7) is to compute the expectation of
the weighted departure to the observations, which corresponds
to the total observation cost function J ,, taking z; = y, m; = p,
I'; = H and S; = R. We then have

E[J,(xY] = %[p —Tr(H'R™'HP,)]. (8)

Because the gain K verifies K = P, H'"R 'and KT = R™'HP,
(P, and R are symmetric), we also have

1
E[J,(xY] = 5 Telpy — HK). ©)

In a similar way, we can derive an equivalent formula for
the weighted departure to the background (the background cost
function Jy), taking z = x*, m; = n, I'; = I, and S; = Py,
Using the relationship P, = P, — KHP,,, we have

1
E[H(Y] = ETr(KH). (10)
As Tr(HK) = Tr(KH), we finally write
1
E[J(x")] = E[J(x)] + E[H(Y] = ETr(Ip*p) = g. (11)

Thus, under the assumption that all the a priori error covari-
ances are properly specified, the statistical expectation of the a
posteriori total cost function is simply proportional to the number
of observations. In contrast, any deviation from the theoretical
value of any a posteriori formula indicates a failure in the a priori
error specification. Note that in the case where an a posteriori re-
lationship is found to be verified in practice, no firm conclusion
can be drawn as concerns the reliability of the a priori specifica-
tions. In the following, we will also refer to eq. (11) in the form
E(J min)/ p = 1/2, and we identify the value of the cost function
at the analysis with its minimum value [J(x*) = J pin]-

In Sections 3.1 and 3.2, we will go one step further and try
to use the a posteriori diagnostics to calibrate two scalar error
variance parameters. Following Desroziers and Ivanov, these two
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scalar parameters are defined from the previous relationships
as

B 2E[Jo(x")] a2
* T Tr(l e, — HK)

B 2E[Jy(x™)]
" TTkH) (1

If the assimilation systems were consistent as regards a priori
versus a posteriori error statistics, then one would expect

So =8 =1. (14)

A first illustration of the behaviour of the Aladin 3D-VAR as
regards the diagnostics J min/ p, S, and Sy, is shown in Fig. 1. The
diagnostics were computed for a one-month period (November
2000). The complete ratio J i,/ p is stable, just slightly smaller
than its theoretical expectation of 1/2. The two individual co-
efficients S, and Sy, however exhibit very different behaviours:
S, 1s slightly below its theoretical value (1.0), with a time mean
of 0.86, while Sy, is clearly above 1.0, with a mean of about
1.67. Jmin/p and S, are very stable with time. S, has much
more variability, as it is more sensitive to small daily changes in
the estimate of Tr(KH) (see also Section 2.2). The a posteriori
validation applied to S, and S, then tells us that the observation
errors are slightly overestimated, while the background errors are
underestimated. In its present setting, the Aladin 3D-VAR gives
too much confidence to the background information according
to the a posteriori diagnostics. As explained in the introduction,
the underestimation of the variances in the Aladin J, was antic-
ipated, and therefore we believe this result from the a posteriori
diagnostic to be valid.

"lagged-NMC" statistics
(01 Nov 2000 through 30 Nov 2000)
3 T — T T T T
T T T T T

A—A Jmin/P (mean=0.45)
25+ GO So (mean=0.86) _
’ G Sb (mean=1.67)

A posteriori validation

5 10 15 20 25 30
Day

Fig 1. Time series of the total cost function at the minimum, weighted
by the number of observations, and the ratios S, and Sy, in the
limited-area Aladin 3D-VAR over a one-month period. Note that

J min/ p should be compared to its theoretical value 1/2, while S, and
S have to be compared with 1, by definition from Section 2.1.
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2.2. Practical evaluations

We now briefly discuss the practical evaluation of the trace op-
erators involved in expressions (9) and (10): Tr({ ,., — HK) and
Tr(KH). This estimation is made difficult because the explicit
evaluation of the analysis error covariances P, is not available
in a variational scheme. A practical method to approximate the
trace of the operators is therefore used. It is based on a Monte
Carlo method developed by Girard (1987) and requires a random
perturbation of the vector of observations. Let 8} be a random
vector of size p, following a normalized Gaussian probability
density function, 8~y = N(0, I,,4,). If p is sufficiently large, the
following relationships hold:

§y HKSy = Ti(HK §y8y') ~ Tr(HK). (15)
Moreover, the gain matrix verifies

Hox!, 5, — HOx!, = HKSy = HKR'?8y (16)

where 8x{, 5, and dx{;, are the analysis increments obtained
from perturbed and unperturbed observations, respectively. The
perturbed observations are defined by adding the random noise
to the original set of observations, with an extra normalization
by R~(/? needed for the random trace estimate to hold. The
approximate estimation of Tr(HK) is now obtained by

Rand Tr(HK) = (8y)"R™VP[HoxE, 5, — H8xY)]. (17)

Note that a similar approach can be followed when considering
the background vector of information, by perturbing x® with a

random vector 8xb = N (0, I,,x,) of size n. Knowing that

Sx® — 8x? —KHéx" = —KHP!*6x> (18)

(xP+38xb) @b =

we obtain the probabilistic estimate of Tr(KH)
‘thb)] (19)

(b 8xb) and (Sx(axb) are the analysis increments obtained
from the perturbed and unperturbed backgrounds, respectively.
Thus, the method requires us to run two analyses: the original

Rand Tr(K H) = —((be)T —(1/2)[8x

(xb+sxb) T

where §x?

analysis with the available observations, and a second analysis
with the very same set of real observations but randomly per-
turbed. In this paper, we focus on the use of the observation
perturbation, which directly provides an estimate for Tr(HK)
and E[J,(x*)] using eq. (9). Because Tr(HK) = Tr(KH), we
also obtain an information on E[J(x*)] using eq. (10).

We also stress some practical hints that have arisen in the
implementation of the random trace estimation in the real data
systems. First, some physical fields, which do have threshold
values, had to be filtered out of the procedure. This was the case
for relative humidity which is bound by [0, 1]. In general, data
that are constrained by physical bounds can slightly corrupt the
results, because the Gaussian perturbation can lead to unphysical
values. Secondly, Wahba et al. (1995) provide more numerical
criteria for the Monte Carlo estimate to be valuable. Let C be
a symmetric operator of rank N, depending on some tunable

parameter « and let § = N(0, I y» ) be a random vector of size
N. Then the estimate of the trace of N~! Tr[C(«)] is given by
[N'¢€TC(«)&]. The standard deviation of the estimate is

\/z e (20)
N N

which indicates that the larger the size of the problem, the better
the estimation. As we show below, in practice, the numerical

convergence as stated by Wahba et al. was always achieved in
our analyses, both in Arpége and Aladin.

Figures 2 and 3 illustrate the results for the trace operators,
along with other products output from the variational algorithms
(minima of cost functions, number of observations), for the
Arpege and Aladin 3D-VAR analyses, respectively. The anal-
yses use all the available sets of observations of these periods:
radiosondes, surface observations, aircraft messages, 1D-VAR
inverse brightness temperature profiles, a few cloud track derived
winds from geostationary satellites. Obviously, the size of the
problem is larger in the global 3D-VAR (about 114 000 observa-
tions) than in the limited-area version (about 7000 observations).
However, we obtain reasonably stable estimates for any analysis
date, as regards the Wahba et al. criterion. A slight discrepancy
is observed between p and its random estimate Rand[Tr(/ ,.,)],
which is due to some remaining threshold observations.

In both systems, the Tr(HK) =
order of magnitude smaller than the number of observations p,

Tr(KH) trace is roughly one

Global 3D-VAR NMC statistics
(23 May 2000 through 20 Jun 2000)
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Fig 2. Time series of randomly estimated trace operators, J, and J, at
the minimum and total number of observations, in the global Arpege
3D-VAR over a one-month period.
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"lagged-NMC" statistics
(01 Nov 2000 through 30 Nov 2000)
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2000 3-8 Rand[Tr(HK)] (mean=661.94) |

Fig 3. Time series of randomly estimated trace operators, J, and J, at
the minimum and total number of observations, in the limited-area
Aladin 3D-VAR over a one-month period.

and even smaller when compared to the size of the minimization
problem, n &~ 10°. Using again the relation P, = Py, — KHPy,
we can write

n="Tr(P,P, ") + Te(K H). 21

Thus, we see that the information brought by the observations
at a given analysis time remains fairly modest, and does not
contribute to a large reduction of the analysis error. In addition,
Figs. 2 and 3 also provide quick estimates for the S, and Sy, scalar
variance parameters. In Arpege, we obtain S, ~ 0.88 and S}, ~
1.13. In Aladin, we have S, ~ 0.86 and S, ~ 1.66, as already
shown in Section 2.1. Thus, the observation term S, appears
remarkably consistent between the global and the limited-area
systems. This is a reason for confidence because we have indeed
used in the limited-area analyses the geographical subset of those
observations used in the global system. Thus, the similarity of
S, indicates that this term is controlled by the actual properties
of the observation statistical parameters (such as their standard
deviation) and not by other system-related parameters (resolution
of the analysis grid, geometry). In contrast, S, appears more
system-dependent. However, while in the Aladin case we can
guess the reason for the large value of Sy, it is not obvious what
causes the S, > 1 value in Arpege. The deviation in Arpege
might point to the inherent limitations of the NMC method.

2.3. Ergodic assumption and time-average estimates

In this section, we focus on two very specific problems that oc-
cur when the a posteriori probabilistic diagnostics are evaluated
in a real data assimilation system. First, the ensemble statistics
introduced in Section 2.1 are purely mathematical objects. In
practice, we do neither possess the actual ‘truth’ of the atmo-
sphere, with which to compare the information bits, nor are we
able to rerun a large enough number of times exactly the same
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analysis to produce the true ensemble. Secondly, the evaluation
of the traces by the Monte Carlo method requires a large num-
ber of observations, as stated in Section 2.2. In real situations,
the amount of data is limited for obvious reasons of availabil-
ity, transmissions, data quality control. Furthermore, it will be
interesting to stratify the observational a posteriori information
(as shown in Section 2.5) by observation type, observation field
or atmospheric layer. This stratification reduces even more the
size of the estimation problem. Thus, we face a difficulty both
in going from the mathematical to the sampling estimate of the
expectation, and in creating a large enough sample to derive fine
grain diagnostics.

Classically, in statistical estimation, the mathematical expec-
tation is replaced by a finite estimate on a sample of real data.
To make sure that the real estimate converges to the theoretical
value, assumptions of stationarity and ergodicity of the sampled
signal are needed, and should be verified. In meteorological sig-
nals, the sample is either a time series of data or a spatial dis-
tribution, or a set of spatial distributions with time. Ergodicity
of the signal requires the data to be uncorrelated after a certain
finite time range, so that we can safely estimate the mathemat-
ical expectation by a time mean. We have therefore defined the
autocovariance with time for a given signal, for instance the ratio

Jmin/p N

1 J ]min ﬁ

t )= -
autocov(j) N, ;[( p >i ( P >i|
P Jitj P | >

where (Jmin/ p) denotes the time mean. In a similar way, we de-

fine the autocovariances with time for the signals S, and Sy, as
defined by eqs. (12) and (13). We have computed the autoco-
variances of the three signals over a two-month period (Novem-
ber/December 2000), so that in the above expression j can take
values in the range j = 1, 59 and each time gap N; is in the range
N; =60 — j.Figure 4 shows the associated time correlations (au-
tocov(j)/autocov(0)) for S, and S,,. The time correlations quickly
drop to zero, with no correlation after 4/5 d. After 10/12 d, the
curves become noisy and uncertain due to the small number of
values in the sample. For time delays of 4-10 d, the time corre-
lations are virtually zero. Similar results were obtained for the
ratio J nin/p (not shown). These figures are obtained from the
limited-area Aladin 3D-VAR, so that we suspect the 5-d decorre-
lation time to be a result both from the meteorological variability
over Western Europe and from the propagation time of a synop-
tic system inside the Aladin/France domain (whose size is about
3000 x 3000 km?).

Furthermore, we have verified that the estimates of S, and Sy
are very stable, for any starting date (separated by 20 d) and any
time length (5, 10, 15 and 20 d). Thus, the signals for S, and
S, are stationary and we have decided to compute the ensemble
estimates over a 30-d period, which is significantly larger than
the time decorrelation interval (5 d).
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"Lagged-NMC" statistics
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Fig 4. Sequential autocorrelations of the ratios S, and Sy, computed in
the limited-area Aladin 3D-VAR over a two-month period, as a
function of the time gap 7.

2.4. Observation aggregate method

The second practical problem encountered concerns the size of
the samples. First, although the number of observations p in
Aladin is large enough to provide a reliable estimate with the
Monte Carlo method, this number drops dangerously when we
try to apply the projection operator Il; from Section 2.1. In
observation space, this projection is simple and means to retain
only specific contributions in the Monte Carlo estimates of the
traces (for instance, only temperatures from radiosondes in a
given atmospheric layer). The stratification of the diagnostics
reduces the size of the information vector. In Aladin, only a few
tens or hundreds of data bits remain for radiosonde data. Even
in Arpege, this number can become small especially when both
vertical and horizontal selections are performed (for instance, to
separate the Northern and Southern Hemispheres and the tropical
latitudes).

However, we have already noticed that the signals of main
concern, i.e. the a posteriori diagnostics given by eqs. (11)—(13),
verify the ergodic assumption with a time decorrelation scale of
about 5 d. Furthermore, the Monte Carlo estimates give directly
the estimates of the traces, in a fully additive way.

Thus, if we consider a series of operators of the type H;Kj,
valid for different analysis dates j, we may generalize the Monte
Carlo estimate to the associated series of trace operators, and
estimate the total trace (defined as the total sum of all traces)
by simply adding all the individual random estimates to one
another. This result strictly only demands that the random in-
put vectors for each analysis date be independent from one
another.

Taking advantage of the good stability with time of all the a
posteriori functions at stake [ergodic behaviour of the ratios and
reasonable time invariance of the individual Tr(H;Kj) values], we
can assume that for any subpart z; of the information vector, as

defined in Section 2.1, the a posteriori ratio Sﬁ) can be estimated
by an aggregate of the form

_ M O E[20i(
P L C/10)) 23)
(Zfi ] p;‘.) — Rand Tr(D)

where D is the block-diagonal operator with all the individual
H;K; aggregated, and j is the analysis date index. In eq. (23), we
consider a set of M distinct analyses, for example 30 successive
3D-VAR analyses. We assume the searched ratio S’ to be stable
during this period, and we obviously require the information
subpart z; under concern to be present with approximately the
same properties for all the M analysis dates. In particular, the
stability of the estimate in eq. (23) requires the observation set
to be present with similar density and positions. As a counter-
example, one can clearly not consider a specific satellite beam,
over a precise geographical band. These data would be very
irregularly present. An appropriate example is provided by a
fixed network of radiosonde data, which is regularly available
for all synoptic dates. Again, eq. (23) is not exact in theory. We
have further verified the good approximation of the aggregate
estimate of eq. (23) by recomputing the total ratios S, and S,
when all the observations are retained. The aggregate approach,
compared with the exact technique suggested by eq. (12), implies
the reversion of the order of the operations. First, we sum the
individual terms over all analysis dates j [traces, Ji(x?), Ji(x?),
pil, and only then is the full ratio computed. We obtain §0 =0.86
and 5{) = 1.66, to compare with 0.86 and 1.67 obtained by the
time average from Fig. 1.

The practical implementation of eq. (23) is straightforward,
once the general tools for the estimation of the traces and other
analysis products have been prepared. We refer to this technique
as the ‘observation aggregate’ method.

2.5. Properties with respect to the observations

In this section, we present the a posteriori S, ratios, as obtained
with the aggregate observation technique. Both the global and
the limited-area 3D-VAR systems are discussed. In the global
system, the evaluation was performed over a one-month period
at a time when the 3D-VAR Arpege analysis actually was opera-
tionally run at Météo-France. The Aladin statistics were obtained
from a two-month period (November/December 2000), in order
to increase the size of the sample.

First, we discuss the Arpege results. Table 1 shows the ra-
tios S, for 10-m wind components extracted from the SYNOP
reports. These values are shown for a more general purpose, be-
cause the surface fields themselves are not variationally assimi-
lated. Surface data are fitted after the variational analysis of the
three-dimensional atmospheric fields, in a step of optimal inter-
polation which uses the three-dimensional analysis as first guess.
Therefore, at the time of the 3D-VAR analysis, the surface data
are not yet fitted, and they only enter the system as constraints
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Table 1. Ratios S, for SYNOP surface observations estimated by the
observation aggregate method. The values are computed from the
Arpege 3D-VAR over the period 23 May 2000 to 20 June 2000 (29 d)

Field Number of observations Ratio S,
Zonal wind 16 179 1.00
Meridional wind 16 179 0.98

Table 2. Ratios S, for AIREP, AMDAR, ACARS temperature
aircraft data estimated by the observation aggregate method. The
values are computed from the Arpeége 3D-VAR over the period 23 May
2000 to 20 June 2000 (29 d)

Pressure level Number of Ratio S,
(hPa) observations
1000-950 5336 0.72
950-900 7427 0.58
900-800 10 803 0.64
800-700 9169 0.69
700-500 21683 0.56
500-400 14 651 0.53
400-300 29 929 0.46
300-250 48 817 0.49
250-200 67 974 0.56
200-150 21086 0.72

Table 3. Ratios S, for AIREP, AMDAR, ACARS zonal and
meridional wind aircraft data estimated by the observation aggregate
method. The values are computed from the Arpége 3D-VAR over the
period 23 May 2000 to 20 June 2000 (29 d)

Pressure level Number of Ratio S, Ratio S,

(hPa) observations for U for V
1000-950 4661 0.90 0.92
950-900 6449 1.08 1.06
900-800 9318 1.06 1.04
800-700 8035 0.84 0.90
700-500 18124 0.74 0.79
500400 12735 0.66 0.71
400-300 26 052 0.67 0.74
300-250 44262 0.76 0.83
250-200 64217 0.76 0.81
200~150 20336 0.83 0.85

in the observation operators: 10-m wind can constrain the wind
profile in the planetary boundary layer observation operator and
thus affect the lowest model levels. The S|, ratios are fairly high,
compared to other data, and indicate that these data indeed are
not analysed during 3D-VAR, although S, are ‘by chance’ close
to 1.

Tables 2 and 3 give the S, ratios for data extracted from
aircraft flight track samples, for temperature and wind com-
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ponents, respectively. The denomination ‘AIREP’ covers both
actual AIREP, AMDAR and ACARS reports, whenever they are
retained after the quality control step. These data cover the at-
mosphere in a rather heterogeneous manner, with many points
in the low atmosphere, concentrated around airport locations,
and along the typical mid- or long-distance flight tracks. How-
ever, with the high number of measurements captured by the
aggregate technique, stable and ‘realistic’ profiles of S, ratios
are retrieved. The temperature S, profiles in Table 2 indicate
rather small values, between 0.5 and 0.7, which could indicate
that temperature standard deviations from AIREP reports could
be overestimated. Wind S, profiles in Table 3 show that the cor-
responding standard deviations are fairly well prescribed, in the
sense of the a posteriori diagnostic. There is however a slight
bias between the zonal and meridional wind component S, sets:
the meridional estimates are larger for all layers above 800 hPa.
This indicates that the error standard deviations should be differ-
entiated, with a slightly smaller value for the zonal component.
It is otherwise quite difficult to trace back the possible reason
for this differentiation.

Tables 4 and 5 show the S, profiles for data extracted from
TEMP reports, for temperature and wind components, respec-
tively. We have obtained fairly high values for the temperature
S, estimates, with many values around 0.8—1.2 and more. Com-
pared to other S, profiles, these values are significantly larger.
In the sense of a posteriori validation, Table 4 indicates that
the standard deviations of TEMP temperature profiles should be
reviewed, with larger values in the lower layers and above the
tropopause, and a decrease in the middle troposphere. Table 5
shows that the wind S, profiles are closer to the generally ob-
tained S, values for other fields and reports, with values around
0.7-0.9. The estimates could indicate a slight differentiation of
the lower atmospheric layers, where S, are largest (perhaps an ef-
fect of the greater uncertainty of wind observations in the bound-
ary layer, due to various sorts of surface forcings). Unlike for the
AIREP data, there is no significant difference between zonal and
meridional components for TEMP data.

Table 4. Ratios S, for TEMP temperature radiosonde data estimated
by the observation aggregate method. The values are computed from the
Arpege 3D-VAR over the period 23 May 2000 to 20 June 2000 (29 d)

Pressure level Number of Ratio S,
(hPa) observations
1000 13 440 1.49
850 27997 1.25
700 40 645 0.88
500 36 466 0.67
400 24 044 0.66
300 16 770 0.83
250 12 846 1.30
200 15294 1.93
150 16 158 1.64
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Table 5. Ratios S, for TEMP zonal and meridional wind radiosonde
data estimated by the observation aggregate method. The values are
computed from the Arpege 3D-VAR over the period 23 May 2000 to
20 June 2000 (29 d)

Pressure level Number of Ratio S, Ratio S,
(hPa) observations forU for V
1000 26 174 1.00 1.00

850 33778 0.98 0.88
700 35478 0.94 0.88
500 29 041 0.76 0.76
400 25114 0.76 0.71
300 24 486 0.74 0.69
250 24728 0.72 0.74
200 28 618 0.71 0.72
150 31597 0.72 0.74

From a more general perspective, the global 3D-VAR esti-
mates show the following behaviours.

(1) For data actually used and fitted in the variational formu-
lation, the S, estimates usually are around 0.7-0.9. These values
appear to be the most common, and, under the assumption that
the Arpeége system is reasonably well tuned by the experience
of routine model and data monitoring, these values also can be
considered as typical for our system. Therefore, the straight ap-
plication of the a posteriori validation, which would force us to
retune the whole system, has not been retained for Arpege.

(2) The observation aggregate method, along with the flex-
ibility of the general a posteriori diagnostic formulation in ob-
servation space (with the possibility to perform spatial stratifica-
tions), leads to ‘realistic’ vertical profiles of S,. The profiles are
not noisy, but smooth, and could actually be supported by some
meteorological understanding. However, although we have ten-
tatively tried some interpretations, we believe that it is not worth
going too far in the explanations. It is actually difficult to com-
pare the results from a posteriori diagnostics with independent
information, mostly provided by the daily monitoring of the op-
erational assimilation suite.

(3) As expected from theory, S, values for data that enter
the variational analysis in a very marginal manner (only as con-
straints in observation operators of other data) do not follow the
general behaviour because no direct use of the error statistics is
made. This holds for surface data.

Finally, we present also S, estimates from the limited-area 3D-
VAR analysis. The results are displayed in Fig. 5, for SYNOP,
AIREP and TEMP reports (over the Aladin/France domain).
Note that these data were not stratified into vertical profiles, only
overall values are available per field and observation type. First,
it is striking how well these S, values compare with those from
the global system. Although the data are extracted from the same
type of messages, one could expect different behaviours due to

Aggregate per type of field
(01 Nov 2000 through 30 Dec 2000)
— T | T T | T T

A posteriori parameter So

0 LI I | 1 | 1 J 1 | |
US VS TA UA VA ZT T.T UT V.T UP V_P
Type of field and type of observation

Fig 5. Evaluations of the ratio S, on aggregated data sets, for different
observational data types and fields (limited-area Aladin 3D-VAR). The
acronyms denote: U_S, zonal wind of SYNOP; V_S, meridional wind
of SYNOP; T_A, temperature of AIREP; U_A, zonal wind of AIREP;
V_A, meridional wind of AIREP; Z_T, geopotential of TEMP; T_T,
temperature of TEMP; U_T, zonal wind of TEMP; V_T, meridional
wind of TEMP; U_P, zonal wind of PILOT; V_P, meridional wind of
PILOT.

different model geometries and resolutions. The similarity of the
limited-area and global S, indicates that representativeness er-
ror is not a dominant feature in our diagnostic. Furthermore, the
Aladin 3D-VAR analyses are not embedded in an assimilation
cycle. Despite these structural differences, the S, estimates are
close to the global ones, slightly smaller in general with values
rather around 0.6-0.75. We recover values around 0.75 for the
TEMP wind S,, and fairly large values for the TEMP temper-
ature S, (around 1.25). The AIREP S, also are similar to the
Arpege estimates: around 0.6 for temperature, around 0.75 for
zonal wind and 0.8 for meridional wind. SYNOP wind S, are
however much smaller for Aladin than for Arpege, but again
these values cannot be diagnosed under the assumptions for a
posteriori validation. In Section 3.1, we use another S, estimate,
valid for all observations in general, which is then considered
as a tuning factor for a scalar standard deviation correction in
the 3D-VAR analyses. Following the results developed in Sec-
tion 2.1, a finer retuning either by observation type (following
the values displayed in Fig. 5) or by vertical levels could have
been possible as well.

3. Application to the Aladin data
assimilation system

3.1. Tuning of scalar error parameters

We have shown in Section 2 how to evaluate some a posteri-
ori diagnostic outputs from an operational type of variational
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assimilation system. In Section 2.5, we have obtained very sta-
ble practical results, which give us confidence in the reliability
of the diagnostics derived from aggregated analysis outputs as
introduced in Section 2.4. A further step now consists of rein-
troducing the a posteriori results into the assimilation system,
in order to modify its behaviour. To be specific, we follow the
spirit of Desroziers and Ivanov (2001) and Chapnik et al. (2004)
who propose an iterative method where the ratios S, and S, are
reinjected into the analysis as scaling factors in front of the error
covariance matrices. The new analysis then in turn produces a set
of diagnostics, which are again reinjected in the analysis and so
on. They show that this successive updating forces the analysis
to converge towards the theoretical a posteriori result. Eventu-
ally, limit values for the ratios S, and S}, are obtained. Chapnik
et al. (2004) furthermore demonstrate that the iterative updates
are equivalent to a maximum-likelihood estimate of S, and S},.
However, they also give some limitations to their method, espe-
cially the need for a large enough amount of observations (an
issue addressed here by the observation aggregate technique),
the simultaneous evaluation of both ratios S, and S, (as op-
posed to a separate evaluation, with one ratio fixed and the other
adaptive), and the spurious contamination of the tuned ratios by
other shortcomings in the modellization of the error covariance
matrices. In particular, the results of the tuning are less reliable
when the modelled correlation lengths prescribed in the P, ma-
trix are shorter than the actually ‘observed’ correlation lengths
from the innovation vector y — H (x?).

As described in the introduction, we strongly suspect the raw
error variances specified in the Aladin ‘lagged NMC’ P}, matrix
to be an underestimation of realistic values. In contrast, the ‘stan-
dard NMC’ evaluation probably overestimates the error vari-
ances. This behaviour is also suggested by the ratios S} and S,
obtained in Aladin. Figure 1 indicates that the lagged background
error variances are underestimated in the sense of the a poste-
riori diagnostics, because globally S, > 1. In Fig. 6, however,
we always have Sy, < 1, which indicates overestimated variances
by the standard NMC method. Note that the observation error
variances behave in a more similar manner, whatever system is
considered: as amean, S, ~ 0.86 when lagged statistics are used,
while S, ~ 0.60 for standard statistics. We retrieve a more stable
behaviour of the observation term, and most of the variability
by changing the background error matrix is supported by the Sy,
ratio. Therefore, we do have a natural testbed for the practical
application of the variance parameter tuning by an a posteriori
approach.

However, unlike Desroziers and Ivanov (2001) and Chapnik
et al. (2004), we do not consider an iterative method, but we
focus on a simpler ‘one-step’ procedure. The first set of ratios
S, and S, obtained as time-averaged values are used to rescale
the columns of the P}, and R matrices, respectively, and a second
set of ‘tuned’ analyses is then performed, over the whole period
of interest (November 2000). Because a single scalar rescaling
is performed, the ratios Sy and S, are called ‘scalar error pa-
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Fig 6. Time series of the total cost function at the minimum, weighted
by the number of observations, and the ratios S, and Sy, in the
limited-area Aladin 3D-VAR but for a so-called ‘standard NMC’ Jy,
over a one-month period. These curves have to be compared with those
of Fig. 1 where the background error statistics are different (so-called
‘lagged NMC’ Jy).
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Fig 7. Time series of the total cost function at the minimum, weighted
by the number of observations, after the limited-area 3D-VAR is rerun
with tuned background and observational standard deviations. Both the
‘lagged’ and ‘standard’ NMC J, cases are depicted.

rameters’. The retained parameters are S, = 1.67 and S, = 0.86
for lagged NMC statistics, and S, = 0.53 and S, = 0.60 for
standard NMC statistics. We then recompute the a posteriori di-
agnostics (J min here) for the tuned analyses. Figure 7 shows the
results for J;, for the original and new analyses, and for both
lagged and standard statistics. For standard statistics, the tuned
curve is clearly shifted towards the theoretical mean, starting
from initially very low values. For lagged statistics, where the
initial curve already seems reasonably close to the theoretical
mean, the tuned curve is only slightly displaced. As a whole,
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we have verified that the rescaling by the scalar error parameters
indeed forces the new analyses to better verify the a posteriori
theoretical values, for the parameters J iy, Sp and S,.

3.2. Impacts on the performances of the analysis

We have first verified that the rescaled analyses produce solu-
tions that are quite close to the original 3D-VAR increments.
When looking at individual charts, the analysis solutions look
very similar, in intensity and structure, which points to the dom-
inating effect of the observations as strong constraints in the
minimization problem (not shown). As a further validation, we
have computed some classical monitoring scores for the different
sets of Aladin 3D-VAR analyses: original 3D-VAR with lagged
and standard P, matrix formulations, and rescaled 3D-VAR with
lagged and standard matrices. The period of validation is again
November 2000. We stress that the analyses are not cycled: each
analysis uses as first-guess field a 6-h Aladin forecast started
from a global Arpege analysis, not a regional LAM analysis.
Thus, we measure the impact of the rescaling and the individual
3D-VAR analyses, but not the cumulative effect inside an assim-
ilation cycle. Figure 8 shows that, as expected from an optimal
control system, the four analyses are closer to the observations
(here, zonal wind profiles from radiosondes) than the first guesses
(6-h forecast). For the lagged P}, matrix, the analyses are closer
to the observations when the rescaled variances are used. This
result is expected because the rescaling acts in the direction of
amplifying the background error variances (multiplication by
Sy = 1.67) while diminishing the observation error variances
(multiplied by S, = 0.86). For the standard Py, matrix, where
both background and observation error variances are reduced,
Fig. 8 indicates that the analyses are slightly further away from
the radiosonde observations after rescaling.

We have furthermore computed 12-h forecasts started from
each individual analysis, and computed the scores with respect
to the radiosonde data for 6 and 12 h of integration. The fore-
casts are run without numerical initialization (by digital filters),
but are otherwise close to operational Aladin forecasts. Figure 9
shows the results for the 12-h forecasts compared to zonal wind
profiles. Figure 9 also includes the scores for the model inte-
grations started from the first-guess data. There remains a clear
benefit from first performing the 3D-VAR analysis in Aladin,
and it is reassuring to observe that the benefit from the 3D-VAR
still is perceptible at 12 h, and secondly rescaling in the case of
the lagged statistics. At 6 h of integration, the beneficial signal
from both 3D-VAR and rescaling is even larger (not shown).

Thus, the scalar error variance rescaling, based on the reuse
of the a posteriori information, is consistent with the overall ex-
pected performance of a real assimilation device. In particular,
the rescaling does not lead to non-meteorological or absurd so-
lutions in the analysis, nor does it lead to deteriorated scores.
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Fig 8. Root mean square of analysis zonal wind field minus TEMP
radiosonde data, computed over the one-month period. The retuned
analyses have been performed with Sy, = 1.67 and S, = 0.86 for
lagged NMC statistics (top panel) in Py, and S, = 0.53 and S, = 0.60
for standard NMC statistics (bottom panel), respectively.

4. A posteriori diagnoses in an
ensemble framework

The fact that the practical estimation of the (S, S,) diagnostics is
performed with a Monte Carlo estimate of some trace operators
suggests a closer comparison with the general ensemble-based
computations of error statistics. In particular, ensemble analyses
are becoming common methods in order to evaluate background
error covariances (Houtekamer et al., 1996; Belo Pereira et al.,
2002; Mike Fisher, ECMWE, private communication). The en-
semble of analyses is usually obtained by running a number of
assimilation cycles which differ by the inclusion of perturbations
in the first guesses, the observations and the model parameters.
Typically, 30 d and 10 analyses per day are considered. The
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Fig 9. Root mean square of 12-h forecast zonal wind field minus
TEMP radiosonde data, computed over the one-month period. The
retuned analyses have been performed with S, = 1.67 and S, = 0.86
for lagged NMC statistics (top panel) in Py, and Sp, =0.53 and S, =
0.60 for standard NMC statistics (bottom panel), respectively.

analysis error covariances are then estimated as the mean over-
all differences:

P, = E[Ax*(AxHT]. (24)

A represents here the difference between two members of the en-
semble and the statistical expectation E[ ] denotes actually sam-
pled statistics, for simplicity. Each analysis departure is added
to the control, and a set of forecasts is performed, possibly with
some noise process on model parameters. The differences be-
tween the forecasts (Ax’) are then sampled to provide an en-
semble estimate of the a priori background error statistics Py,
Furthermore, the forecasts provide a set of background fields for
the next set of analyses, possibly using also perturbed observa-
tions. If, at first, we assume no perturbation on the observations,
and using the same notations as in Section 2.1, we have

a__ .a _,a
AXT= XAy X (25)
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with Ax® = N(0, Py) by construction. Introducing the Kalman
gain K yields

Ax* = K[y — H(x®) — HAx®] — K[y — H(x")] (26)
= —KHAx® 27)
= —KHP*Ax® (28)

where K;b = N(0, I,,) is normalized. Thus, any Ax?* from the
ensemble can stand for the analysis difference formally needed
to derive the probabilistic traces (compare the above formula
with eq. 18). By substitution of Ax* into eq. (19), we therefore
have

Rand Tr(K H)

—(Ax®)T P, P Axt

— bT p—1 a

= —Ax Pb Ax (29)
and eq. (13) yields

2E[Jy(x)]

= (30)
—AxT P Axa

which corresponds to an ‘ensemble analysis’ estimate of Sj.
Thus, at the same time as the differences of ensemble members
are sampled to compute the a priori error statistics for the next
assimilation cycle, we could also randomly evaluate the traces.
Then, an ensemble-derived estimate of S, is available. From
scratch, there is no reason for the a posteriori relationship to be
valid (for instance, Sy, ~ 1). The ensemble Sy, could then indicate
whether the ensemble spread should be inflated or deflated, from
an a posteriori point of view. Further work will be devoted to the
application of this proposal in the future.

5. Limitations

A specific example of the difficulties encountered with the (S},
S,) interpretation is given in the frame of our work with the Al-
adin 3D-VAR. Indeed, an interesting point there was to compare
the parameters for two different specifications of the P}, ma-
trix. However, these two statistics differ not only by their global
error variance, but also by their typical horizontal correlation
length-scales. We illustrate this aspect in Figs. 10 and 11 where
we have plotted several horizontal autocovariance profiles: the
lagged and standard P, horizontal autocovariances, the autoco-
variance profile derived from a Lonnberg—Hollingsworth method
(HL for short), and a simple Gaussian fit to the HL estimate. The
HL curves are obtained by sampling the statistics of the depar-
tures y — H(x®) over horizontal bins of size 100 km and using
temperature data from TEMP messages (see also Hollingsworth
and Lonnberg, 1986; Lonnberg and Hollingsworth, 1986). Fig-
ure 10 is for 500 hPa, and Fig. 11 for 850 hPa. At both levels,
it appears clearly that the HL autocovariance profiles are in rea-
sonable accordance with the standard NMC profiles, while the
lagged NMC profiles are shorter. This resultis consistent with the
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derived from different sets of data: standard NMC statistics over 90 d
(solid); lagged (constant lateral boundary) NMC statistics
(short-dashed); HL for TEMP data (long-dashed); HL curve fitted to a
Gaussian curve (thin dash-dotted).
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Fig 11. Horizontal error autocovariances of temperature at 850 hPa

derived from different sets of data: standard NMC statistics over 90 d
(solid); lagged (constant lateral boundary) NMC statistics
(short-dashed); HL for TEMP data (long-dashed); HL curve fitted to a
Gaussian curve (thin dash-dotted).

fact that when sampling in the HL method, all horizontal scales
between TEMP station locations are considered. Thus, the HL
statistics do not concentrate on a specific, mesoscale band of
scales, as for the lagged NMC autocovariances, which were de-
signed exactly for this purpose of scale selection. Therefore, in
a strict application of the a posteriori diagnostics, the departures
of S}, from 1 in the Aladin 3D-VAR can also partially be due to
the different correlations.

More generally, it can sometimes be very difficult to prove
that an observed departure of an a posteriori diagnostic is due
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to a misspecification of error variances only. The trace-based
diagnostics used in this paper should not leave the misleading
impression that only variances are at stake. Wrong error corre-
lations can spoil the results, and in that case one should develop
more refined diagnostics that actually can separate the informa-
tion on correlations and length-scales from the information on
variances.

Alternatively, an extension of a posteriori diagnostics to the
estimation of correlation length-scales represents a challenging
topic for future research. New a posteriori properties need to be
defined which would point to these geographical parameters.

6. Conclusion

The a posteriori validation, and the trial to derive useful infor-
mation from it with respect to the behaviour of the assimilation
systems, certainly represents an elegant theoretical framework.
The very specific methodology implied by a posteriori valida-
tion, based both on (sometimes strong) a priori assumptions and
on the derivation of a posteriori properties of the assimilation
system, makes it quite a powerful tool for general investigations
and pedagogical tutorials.

However, the move from the theoretical properties to the ac-
tual evaluation in a real data assimilation system demands some
preliminary verification, as we have shown in this paper. Typ-
ically, the conditions for which the a posteriori diagnostics are
obtained generally are not met in reality. A striking example is the
impossibility to repeat the very same analysis a number of times
‘in laboratory conditions’. Thus, ensemble statistics need to
be replaced by sampling, and therefore basic properties of sta-
tionarity and ergodicity must be verified (Section 2.3). We have
shown that these properties indeed hold for the diagnostics of in-
terest in this paper, namely scalar error variance parameters for
the background and the observation cost functions (so-called S},
and S,). In addition, the practical evaluation of the diagnostics
requires the use of Monte Carlo estimates of specific trace oper-
ators, following the suggestions of Girard (1987) and Desroziers
and Ivanov (2001); see Section 2.2. An interesting aspect of the
(Sp, S,) type of diagnostics is that they can be stratified per
pieces of the full information vector, as shown in Section 2.1.
The more trivial splitting for the time being consists of stratifying
S, into observation data type, physical field, possibly geograph-
ical location. We have then obtained very stable and ‘realistic’
results, using observation aggregates as explained in Section 2.4.
Mostly, when assuming no other shortcoming in the assimilation
systems at stake, the results indicate that the observation error
variances are generally slightly overestimated, because typical
values for the S, parameters are about 0.7-0.9 for the global
3D-VAR Arpege, and about 0.6-0.75 for the limited-area 3D-
VAR Aladin system (Section 2.5). The similarity of the two S,
parameters is an indication that representativeness error is not
a dominant feature, compared to the variability with respect to
observation type or vertical levels. However, we cannot rule out
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the possibility that the S, diagnostic can point to representative-
ness error if it were fed with a good quality, dense observation
network. An apparently significant difference is obtained for
temperature of TEMP messages, with S, values larger than 1
both in Arpege and Aladin. Also, a difference for aircraft mes-
sage zonal and meridional wind components was found in both
global and limited-area systems. This latter point is quite diffi-
cult to explain, and a deeper investigation would be needed. We
would recommend a more systematic evaluation of these diag-
nostics, in the frame of a daily or weekly monitoring over specific
time intervals, in any operational or pre-operational assimilation
system. Cross-comparisons can give useful indications on typi-
cal behaviours, as started in this study with both a global and a
limited-area system.

In parallel to our study, more work is presently devoted to
the evaluation of (S}, S,) type of diagnostics in the presently
operational Arpege 4D-VAR, with the aim of obtaining a strat-
ification into both background and observation bits of informa-
tion, and the reuse of these parameters for a retuning of the
error variances as proposed by Desroziers and Ivanov (2001).
Chapnik et al. (2004) already have presented this technique in
an academic framework. In our work, however, we slightly de-
part from their suggestion, and we only perform a ‘first-order’
retuning of the total error variances using the (Sy, S,) param-
eters in the Aladin 3D-VAR (Section 3.1). By ‘first order’, we
understand that we do not apply an iterative evaluation of (S},
S,), as suggested in the previously mentioned papers. We sim-
ply consider the first step (Sp, S,). In theory, our estimates are
therefore suboptimal, because only the fully converged iterative
method leads to a maximum-likelihood estimate. Our procedure
is however close to the tuning proposed in Ménard et al. (2000)
or Ménard and Chang (2000) in the frame of a Kalman filter. We
show that the correction is consistent with our a priori knowl-
edge of the shortcomings of the system (especially with respect
to the background error variance) and that it does not deteriorate
the general quality of the assimilation. Because the correction
implies a closer fit to the observations, the scores with respect to
a validating observational data set are even better after retuning
(Section 3.2). In general, however, we cannot state that depar-
tures observed in the (Sy, S,) parameters systematically should
lead to error variance retunings. Obviously, there are other short-
comings in the a priori modelled error statistics both for P, and R
matrices, such as misspecified or omitted error correlations (see
Section 5). Furthermore, one often wants its operational system
to fit more drastically to either the background (if the model is
considered as reliable, or simply to preserve model balances in
the analyses), or to closer fit to certain types of observations. In
practice, the overall experience provided by daily monitoring,
observational quality control and tools independent from a pos-
teriori diagnostics will remain dominant features. In that sense,
a posteriori diagnostics such as (Sy, S,) should be understood
as indicators, rather than systematic tuning parameters.
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The scalar error parameters considered in our tuning obviously
only represent a crude ‘global’ adaptation of the error variances.
As we have shown in the Arpege 3D-VAR, the S, term certainly
changes from one observation type to another, with sometimes
a significant vertical structure. Thus, an observation-dependent
or vertically varying tuning would be meaningful. The main jus-
tification in the Aladin 3D-VAR case, for a couple of scalar
parameters, is the early experimental recognition that the overall
estimation of background error variances by the NMC method
was not reliable. In that respect, the S}, values obtained in our
study are in full accordance with our experimental knowledge
of the system.

As discussed in Section 4, the Monte Carlo estimates pre-
sented in our study can be coupled with the output of an
ensemble-based assimilation system. Thus, an interactive a pos-
teriori diagnosis during the ensemble computations is feasible.
The randomization process could then be used both for the a
priori estimation of background and analysis error covariances,
and indirectly in the on-line estimation of the trace operators and
their associated a posteriori diagnostics. Finally, the ensemble
(Sh, S,) could be reinjected to inflate or deflate error variances,
leading to an on-line tuning in the frame of an ensemble Kalman
filter for instance.
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