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Abstract. A major difference in the formulation of the univariate part of static background error covariance
models for use in global operational 4DVAR arises from the order in which the horizontal and vertical transforms
are applied. This is because the atmosphere is non-separable with large horizontal scales generally tied to large
vertical scales and small horizontal scales tied to small vertical scales. Also horizontal length scales increase
dramatically as one enters the stratosphere. A study is presented which evaluates the strengths and weaknesse
of each approach with the Met Office Unified Model.

It is shown that if the vertical transform is applied as a function of horizontal wavenumber then the horizontal
globally-averaged variance and the homogenous, isotropic length scale on each model level for each control
variable of the training data is preserved by the covariance model. In addition the wind variance and associated
length scales are preserved as the scheme preserves the variances and length scales of horizontal derivatives.
the vertical transform is applied in physical space, it is possible to make it a function of latitude at the cost of not
preserving the variances and length scales of the horizontal derivatives.

Summer and winter global 4DVAR trials have been run with both background error covariance models. A
clear benefit is seen in the fit to observations when the vertical transform is in spectral space and is a function of
total horizontal wavenumber.

1 Introduction full-rank covariance matrix of degreeone needs (n+1)/2
numbers.

For the last couple of decades variational data assimilation 1N€ majority of these schemes include a background errg

schemes have been the preferred method of determining tHePVariance model - a mathematical model that uses physicg
appropriate initial conditions for global atmospheric fore- dynamlcal and statistical |ns_|ght to reduce the amount of in
casts. The schemes need to represent approximately the errffmation needed to determine the background error covar

statistics of the Bayesian prior which is normally the error as-2N¢€. One form of covariance model that is getting increas
sociated with the previous forecast. A typical forecast modelingly Popular approximates the background error covarianc

can have 19 or more degrees of freedom. To get a reason-matrix by a low rank sample covariance computed from ar
ably accurate full-rank background error covariance without€nSe€mble and then removes (localises) spurious correlatio

making any underlying assumptions as an approximation tgaused by sampling error. Such models have variances and

the prior, one would need to use an unworkably large num-correlations that change for every data assimilation cycle an
ber of samples. In this study the input data is taken from en-2€ outside the scope of this paper. This paper considers fu

sembles of forecasts and forecast differences are considerd@nk covariance models. Such models are designed to be fu
to be proxies for forecast error. Even if it were possible to "ank by using statistics that are averaged in space and/or tinf

get enough samples the data storage requirements of this c8Y r€sorting to assumptions like homogeneity, isotropy ang
variance matrix would be also be impractical. To define anyStationarity.

Published by Copernicus Publications.
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Most covariance models have a multivariate step, normallyThe key feature involves a vertical mode basis defined by the
called the parameter transform, which typically involves a re-eigenvectors that are the same across the whole globe, but
duction of the number of atmospheric variables consideredwhose variance in vertical mode space varies as a function of
to a smaller set called control variables that are assumed ttatitude. A latitude-dependent vertical regression is also ap-
be uncorrelated with one another. The standard control variplied between the full pressure increment and a geostrophic
ables used at the Met Office are streamfunctigrvelocity pressure increment derived from a variant of the linear bal-
potential x, ageostrophic pressure Ap and humidity For ance relation. This regression makiesnd Ap uncorrelated
each uncorrelated “control variable” a spatial decompositionwith each other.
is done to precondition the problem and to separate structures One of the advantages of the operational covariance model
that hold large background error variances from those that das that it can to a degree take into account the latitude depen-
not. This paper focuses on this spatial decomposition. dence of the covariance statistics. However, since a single

The three dimensional aspects of forecast errors vary withvertical covariance matrix is used for each control variable,
horizontal and vertical position and cannot be representedhe scheme is unable to preserve the variances of horizon-
completely without further approximation. The standard ap-tal derivatives that are needed to get the wind variances and
proximation that is used is to assume that the errors are hoassociated length scales right as a function of model level.
mogenous and isotropic on either some horizontal modelnstead of using the actual calibration statistics forand
level in some vertical co-ordinate or some empirical verti- x, the rotational kinetic energy (RKE) and divergent kinetic
cal mode basis. This paper looks at the differences betweeanergy (DKE) are used. These substitutes have flatter power
these two approaches within the Met Office’s global data assspectra and as a result each has a single global vertical co-
similation system. variance that is better at representing the vertical structure

The rest of this paper is organised as follows. Section 2across the full range of horizontal wavenumbers. This choice
describes the current and proposed static background err@lso shortens the length scalesyofand x. Ingleby (2001
covariance model used in global 4DVAR at the Met Office shows that this makes the implied pressure and temperature
and lists their corresponding strengths and weaknesses. Seeariances smaller than what is observed in the training data.
tion 3 gives details of the forecast trials and shows the effect Strategically it makes sense to have a covariance model
of the proposed static background error covariance modelthat preserves faithfully some key properties of the train-

Section 4 gives the conclusions. ing data. It would allow a shift in emphasis towards getting
the training data right instead of concentrating on tuning the
2 A comparison between current and proposed background error covariance model as has been the case in
static background error covariance model the past.

To this end we have developed an alternate simpler co-
The two static covariance models can be viewed in terms ofariance model that is represented By. This model has
their implied background error covariand®s Bs> and their ~ features that are similar to the old ECMWF covariance sys-
respective parameter, horizontal and vertical transforms: ~ tem (Courtier et al. 1998. While the old ECMWF system
assumed that the correlations of the control variables were
Bs1= UvaUhUgU\{Ug (1) homogenous and isotropic on each model leBgl,assumes
that the covariances are homogenous and isotropic. The main
difference betweeBs2 and the current operational Met Of-
BsZZUpUhUvsU\{SUgUg ) fice covariance model _is as follgws. Instea_ld of storing a
square root of the vertical covariance matrix and a power
whereU, is the parameter transform from control variables spectrum for each vertical mode, the order of the horizon-
to model variabled)y, is a spectral horizontal transform from tal and vertical transforms is reversed and the square root
spectral space to grid point spatg, is a vertical transform  of each vertical covariance matrix for each total horizontal
applied in grid-point space arlds is a vertical transform  wavenumber is stored. Also a global vertical regression is
applied in spectral space. stored between the full pressure increment and the balanced
The covariance model associated wBky is the current  pressure increment in order to get Ap to be uncorrelated with
static background error covariance model as described iny. By not allowing latitudinal variation in the vertical regres-
Lorenc et. al(2000. Since the Unified Model (UM)isagrid- sion, the horizontal-average variance estimate of the vertical
point based forecasting model, it is natural to consider apply-derivative of the training data is preserved. This is needed
ing the vertical transform in grid-point space. The vertical as the hydrostatic equation is used to calculate temperatures
transform from model levels to empirical vertical modes is from the vertical derivative of pressure. By preserving the
constructed by calculating the eigenvectors of a horizontally-horizontal-average variance estimate of the vertical deriva-
area-averaged vertical covariance matrix which has beetives, the horizontal-average estimate of the temperature vari-
weighted in vertical. This vertical scaling far is a pres- ance is preserved on each model level.
sure weighting that takes account of the mass of each layer.

Adv. Sci. Res., 11, 63-67, 2014 www.adv-sci-res.net/11/63/2014/



M. A. Wlasak and M. J. P. Cullen: Horizontal and vertical transform order in background covariance model 65

The advantage of this approach is that the horizontally-Table 1. Comparison of covariance models. Strengths denoted b
averaged variance estimate for each model level is preserve@d-), weaknesses denoted by)(
for the observed winds, temperatures and pressures. Also it
preserves the variance for each horizontal wavenumber and Current static operational Proposed static
thus preserves homogeneous and isotropic length scale in- covariance model covariance model
formation of the training data for each model level. By pre- Latitude dependence builtinto  Latitude dependence built into

serving the homogeneous and isotropic length scales of the ;’e”icfa' a”g )Parame“er parameter transform only (
ranstorm

derivatives of the cqntrol V,a”ables on each model I_e\,/el’ the Power spectra not conserved Global variances and power spectra
homogeneous and |sotrqp|c length scales of the training data for model variables+) conserved for model variables
for the RKE and DKE will also be preserved as well as the on model levels+)

horizontal-averaged variance estimate of the wind.
The control variablay determines the balanced pressures

and temperatures. By preserving the length scales,afe If the streamfunction and velocity potential power spectra
preserve also the balanced pressure and temperatures.  do not vary much with model level then covariance model
The mathematical mechanism can be seen most easily i8_; would sufffice. This was indeed the case when the atmo
we considery, x in spectral space. The streamfunction can spheric model was predominantly limited to the troposphere].
be written in terms of its spectral coefficients' as However as the atmospheric model now includes the stratd
L sphere and the mesosphere, the characterisation of the power

. spectra varies with height with successively longer length

V= Z Z ¥ " (0, sing), ) scales seen in the upper regions. Also there are huge diffe
[=0m==1 ences in the vertical correlations across horizontal wavenum

where L is the order of the triangular truncatiohand m bers, with much broader vertical correlations fprat low
are the total and meridional wavenumbers respectively, angvavenumbers.

=
1

Y/ (%, sing) is the spherical harmonic function for latituge A weakness of this approach is that the covariance statig-
and longitude.. tics can only take account of latitudinal dependency throug
One property of the gradient of a spherical harmonicis ~ the parameter transform. Also both methods suffer from th
degree to which homogeneity and isotropy assumptions afe
12m valid.
i//vyz[/\ sing] - VY[ sing]d2d sing A summary of the strengths and weaknesses of the twp
ATl r o L methods is given in Table 1.
=11+ 1.8}, 4)

3 Results

where « denotes the adjoint operatatr, and !/ are total
wavenumberst andm are meridional wavenumbery, is
the gradient operatas,is the Dirac delta function andsthe  Two forecast trials were run to compare the strengthg
scalar product operator between two vectors. and weaknesses of the two covariance model formulations.
We first consider the variance of the divergent wind, which 4DVAR non-hybrid trials were used for this comparison so
is given by the variance of the gradient of the velocity po- that the behaviour of the two models could be seen clearl
tential. The divergent wind can be calculated by the sum ofand not obscured by the effects of the errors of the day from
the product of the spectral coefficients of the velocity poten-the ensemble. The UM (version 7.9) was used at N320 res
tial and the derivative of the spherical harmonics. The aboveolution. The data assimilation VAR system (version 29.2.1
Eq. @) tells us that the gradient of the spherical harmonicswas run in a two step process with the first step running at
has an orthogonal basis for each total wavenumber. So praN108 resolution, giving Hessian eigenvectors for a subse
vided the total variance of the spectral coefficients of velocityquent N216 resolution minimisation.
potential is kept for each total wavenumber then we will be  The background error statistics were generated using th
able to conserve the full variance of the divergent wind. same set of training data — 300 samples of forecast errofs
A similar argument holds for streamfunction spectral co- from a spun up early version of the ECMWF ensemble of
efficients and the variance of the rotational wind, noting thatanalyses system that was propagated for 6 h by the UM. Th
(kxVY)-(kxVY)=VY- -VY,wherek is the unit vectorin 6 h run ensures compatibility with the UM while not chang-
the vertical andx is the vector product of two vectors. ing the statistics much. The period from which the ensemble
This argument is not limited to variances but extends toof analyses was extracted was 1-17 October 2006.
cross-covariances between different model levels as we do The first trial was a summer trial from 28 June to
not need the product of the spectral coeffficients to be posi31 July 2012. The overall measure used at the Met Office
tive. for verification is the NWP index for fit to observations and

3.1 Trial results

1]

[¢)
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VERIFICATION VS OBSERVATIONS In addition a winter trial was run from 18th January 2012
OVERALL CHANGE IN NWP INDEX = 1.200 to 28 Febuary 2012. The results for this trial were even more
201 ] favourable with an improvement in the NWP index fit to ob-
WL MEAN PERCENTAGE CHANGE IN RMSE = -0.362 ] servations oft+-1.2. As shown in Fig. 1, the benefit was seen
Z f ] for most measures in north, south and tropical regions.
= C 4
g 10E E
z ¢ 1 3.2 Analysis increments
I - ]
o r b . . —
W of -ty The biggest difference seen between the analysis increments
E F ] from the two systems is in the horizontal scale and variance
8 r b of the pressure and potential temperature. The new covari-
E _wf,g 2ng 8 T EeNIIINTILNG ] . g, ance model has doub_led the variance of_the pressure and po-
AU R S L R R tential temperature with much more variance at lower hori-
w C J . —
= /2222233338588 8222228388% zontal wave numbers due to preserving the characteristics of
: PPPSESESEEEEE2REE ] i : :
pof @R BETITT the training data. The larger length scale also manifests itself

—
3
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SHEM in the first Hessian eigenvector.

0.2

OVERALL CHANGE IN WEIGHTED SKILL = 0.259 4 Conclusions

The paper shows that a simple covariance model designed to
preserve global length scales and variances for each model
level of each model variable can beat a long standing opera-
tional covariance model. Getting the global length scales and
variances right on each model level matters.

This study has limited itself to two static covariance mod-
els. When including a non-static component to the covariance
model as is described i@layton et al (2013 we see a neu-
tral signal. Further work on tuning the non-static model is
required.

0.2 ShEM It is noted that homogeneity and isotropy are quite harsh

approximations. It would be good to identify an intermedi-
Figure 1. Verification results for winter trial 2012: new covariance ate vertical grid that varies with latitude such that for each

model versus current covariance model. Upper plot shows reductiofransformed model level the assumption of homogeneity of
in RMSE. Lower plot shows how the change in RMSE affects NWP the variance holds more strongly.

observation index.
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The NWP index is a basket of scores of different forecast

parameters. Detail of the NWP index is found in the Ap- References
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