
On errors in meteorological

data assimilation

MAGNUS LINDSKOG

AKADEMISK AVHANDLING

för filosofie doktorsexamen vid Stockholms universitet
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On errors in meteorological data assimilation

Magnus Lindskog

Abstract

Data assimilation in Numerical Weather Prediction (NWP) optimally blends ob-
servations with atmospheric model data in order to obtain the best possible initial
state for an atmospheric model prediction. Specification of error characteristics is
an important part of data assimilation. This thesis is concerned with representation
of background error standard deviations, with handling of observations, and with
observation error characteristics. The research includes both the study of basic as-
similation problems within the framework of an idealised quasi-geostrophic model
and the development of assimilation algorithms for a full scale limited area high
resolution forecasting system.

It is shown in this thesis that an accurate representation of background error standard
deviations is important for the quality of NWP forecasts. In particular the effect
of introducing a time-dependency is investigated and a novel approach to relate
the flow-dependency of background error standard deviations to an Eady baroclinic
instability measure is developed. The Eady based flow-dependent background error
representation is demonstrated to have a positive impact on NWP, as compared to
horizontally and temporally independent background error statistics. An alternative
method, based on on-line error estimation and maximum likelihood theory, is proven
to be able to represent the flow-dependency of background error standard deviations
and encouraging results are obtained within the quasi-geostrophic model framework.
Furthermore, it is shown that a proper observation handling is an important part
of data assimilation. The treatment of error characteristics is specifically shown to
be of major importance when exploiting the potential benefit of radar radial wind
observations within data assimilation.
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1 Introduction

Weather forecast models in Numerical Weather Prediction (NWP) predict future
atmospheric states as typically represented by the variables: surface pressure, tem-
perature, specific humidity, wind components and clouds. In the case of a grid point
forecast model (spectral models also exist) all model variables are defined on dis-
crete grid points. Starting from an initial state, the forecast models are integrated
forward in time with the aim to simulate the atmospheric evolution on the temporal
and spatial scales of the model. Sub-grid processes are parameterised, to represent
the average effect, at the scales resolved by the model, of processes not represented
by the model.

Data assimilation in NWP is the process of utilising observations of the atmosphere
to obtain the best possible initial state for an atmospheric forecast model. The
observed quantities may be variables that are directly represented in the model or
are physically related to the model variables. Some 10 years ago the relatively sim-
ple assimilation methods could only handle observations that were linearly related
to the model variables and almost only in-situ measurements of atmospheric quan-
tities were utilised. These (so-called conventional) observations include measure-
ments from SYNOP stations, ships, drifting or moored buoys (DRIBU), radiosondes
(TEMP), PILOT balloons and aircrafts (AIREP). During the last decades an increas-
ing amount of remote sensing observations have become available, such as satellite
radiances, GPS (Global Positioning System) atmospheric delays and radial wind data
from ground-based Doppler radars. Some of the new data types are non-linearly re-
lated to the forecast model variables and can only be utilised in their original form
within more advanced assimilation schemes, based, for example, on variational tech-
niques (Le Dimet and Talagrand, 1986; Lewis and Derber, 1985).

Within the data assimilation a short range forecast (background state) is utilised
as apriori information. Also apriori information in the form of statistical knowl-
edge about the errors of this forecast, in addition to statistical knowledge about the
observation errors, is needed. One may also utilise additional apriori information
regarding, for example, balances between different model variables. The initial state
produced by the data assimilation is called the meteorological analysis. Simplify-
ing assumptions applied during the data assimilation may cause imbalances between
different meteorological variables. If not taken care of, such imbalances will result
in spurious high frequency gravity wave oscillations during the model integration.
Therefore, an initialisation (Machenhauer, 1977; Lynch and Huang, 1992) counter-
acting the effects of the imbalances caused by the analysis may be applied to the
analysis before the model integration is carried out (for some assimilation systems
the initialisation can be applied within the assimilation).
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Regardless of the assimilation technique, data assimilation in NWP is mostly carried
out within an intermittent data assimilation cycle. In the case of a 6 h intermittent
data assimilation cycle, the 6 h forecast launched from the initial state based on the
data assimilation 6 h earlier is used as background state when assimilating a new set
of observations. The 6 h forecast launched from the new initial state will 6 h later
be used as the background state for the assimilation, and so forth. In other words,
the forecast model is used to propagate observed information from one assimilation
cycle to the next.

It was early realised (Lorenz, 1965) that the forecast quality is strongly dependent on
an accurate description of the initial state and hence on the abilities of the assimila-
tion system. It has been demonstrated theoretically (Daley, 1991) that specification
of error characteristics is a crucial part of data assimilation. There are, however,
considerable uncertainties associated with the estimation of background error and
observation error characteristics.

A limited area data assimilation system based on variational techniques has been
developed within the international HIRLAM (HIgh Resolution Limited Area Model)
project. The research related to error handling in data assimilation, which is pre-
sented in this thesis, is mainly carried out within this advanced 3-dimensional vari-
ational framework, the only exception being Paper V, for which a more idealised
quasi-geostrophic (QG) assimilation system is used. The HIRLAM variational data
assimilation system (HIRVDA) is documented within two companion scientific pa-
pers, included in this thesis (Paper I and Paper II).

This thesis summary is outlined as follows: The general formulation and the back-
ground error constraint of the HIRLAM variational system are described in Section
2, based on Paper I. Section 3, based on Paper II and Paper III, is concerned with
handling of observations and observation errors. Methodologies applied to represent
flow-dependent background errors are presented in Section 4, based on Paper IV and
Paper V. Section 5 deals with diagnosis of the error specification within HIRVDA.
Finally, in Section 6 the main results are summarised, followed by an outlook for the
future.

2 General HIRLAM 3D-Var formulation and the

background error constraint (Paper I)

The current variational data assimilation system for HIRLAM has replaced the old
Optimal Interpolation (OI) based assimilation scheme (Gandin, 1963; Lorenc, 1981).
The goal is 4-dimensional variational data assimilation (4D-Var). A first step towards
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4D-Var is 3-dimensional variational data assimilation (3D-Var).

2.1 General formulation

In the case of Gaussian probability distribution functions for the background field
errors as well as for the observation errors, the variational data assimilation problem
consists in finding the model state vector x that minimises the following cost function
J :

J = Jb + Jo =
1

2
(x − xb)TB−1(x − xb) +

1

2
(Hx− y)TR−1(Hx − y). (1)

Here Jb measures the distance to a background model state xb, which is a short-
range forecast, and Jo measures the distance to the vector y of the observations.
The observation operator H transforms a model state into the observed quantities.
B is the matrix containing the covariances of the background field errors, while R is a
matrix containing the covariances of the observation errors. Furthermore, T denotes
the transpose, or more generally the adjoint operator. For a given inner product 〈, 〉
and for two arbitrary vectors X and Y the adjoint L∗ of the linear operator L is the
one that satisfies:

〈LX,Y〉 = 〈X,L∗Y〉. (2)

When referring to the adjoint of a non-linear operator (L), one generally means the
adjoint of its tangent-linear version (L).

The observation operator H may be non-linear, but sometimes the tangent-linear
version H of the observation operator (linearised around the background state) is
applied to δx = x− xb within an incremental formulation (described in more detail
later on in this section) of eq. (1). The advantage of using the tangent-linear operator
is that the cost function becomes quadratic, and hence multiple minima are avoided.
This makes the minimisation problem easier to solve. The disadvantage is a less
accurate projection of the model state into the observed quantities. In 4D-Var H

includes a forward model integration, and the model state projected on an observed
quantity is valid at the exact time of the observation. 3D-Var, on the other hand,
lacks the time-dimension in the sense that H does not include a forward model
run. As a result, an observation used in 3D-Var is treated as though it was made
at analysis time, although the exact time of the observation may differ from the
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analysis time. Typically, one makes use of observations within a window ±1-3 h,
relative to analysis time. Thus 4D-Var might be viewed as 3D-Var extended to take
full advantage of the time dimension. At the time when Paper I and Paper II were
published, observation operators had been developed for data from various in-situ
measurements and for satellite cloud drift winds. Since then observation operators
have been developed for several types of remote sensing observations. Observation
operators in general and for radar radial winds in particular are treated in more
detail in Section 3.

The HIRLAM 3D-Var has an incremental formulation. This means that the term Hx
(=H(xb + δx)) in eq. (1) everywhere is approximated with Hxb +Hδx, where δx =
x − xb is the model state increment vector. The non-linear observation operator H

and the tangent-linear observation operator H transform the background state and
assimilation increments, respectively, into the observed quantities. As a consequence
of the tangent-linear formulation, both an accurate projection of the background
state into the observed quantities and a quadratic cost function are obtained. Fur-
thermore, the assimilation increments can be applied at a lower horizontal resolution.
This will enable a reduction of the computing time, which is particularly important
for the computationally demanding 4D-Var.

The HIRLAM model state increment vector, δx, includes the following model state
increment variables to be determined by the variational assimilation:

δx =

















δu
δv
δT
δq

δlnps

















,

where δu is the increment vector of the wind component in the x-direction, δv the
wind component increment in the y-direction, δT the temperature increment, δq the
specific humidity increment and δlnps the increment of the logarithm of the surface
pressure.

The minimum of J with respect to the analysis increment δx is calculated iteratively,
using standard numerical optimisation methods (Gilbert and Lemaréchal, 1989).
For each iteration, calculation of one or several gradients of the cost function with
respect to the model state increment vector δx is required. A central part of the
minimisation is a pre-conditioning through a series of transforms that are applied to
the model state increment vector. These transforms result in an assimilation control
variable vector for which the background error covariance matrix can be assumed to
be an identity matrix and it enables a fast convergence of the minimisation. The
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main transformations are the subtraction of the geostrophic wind increment from
the full wind increment, the bi-Fourier transform, and the projection on vertical
eigenvectors. This design of the transformations will be referred to as the analytical
balance constraint throughout the rest of this thesis summary.

2.2 Basic representation of error characteristics

Background error statistics can be derived from a sample of differences between
24 and 48 h forecasts (or 12 and 36 h forecasts) valid at the same time by utilising
the so-called NMC-method (Parrish and Derber, 1992). These statistics include error
standard deviations for all variables contained within the control vector, spatial error
correlations as well as cross-correlations. The background error correlations are usu-
ally referred to as structure functions. Multivariate structure functions may be used,
which means that cross-correlations between the errors of different model variables
are accounted for. The basic assumption of the NMC-method is that that statistics
of the 24 and 48 h forecast differences produce realistic background error covariances.
The standard deviations of the forecast differences are generally too large and are
therefore scaled to match the amplitude of 6 h forecast errors. In many applications,
like in HIRLAM 3D-Var, the standard deviations obtained with the NMC-method
are horizontally averaged such that only the vertical variation is taken into account
within the assimilation. The theoretical justification of the NMC-method is rather
weak and its main assumptions and characteristics have been discussed by Bouttier
(1996) and Berre (2000). Another traditional method is to estimate the background
error covariances from innovations (differences between observed values and back-
ground state equivalents) under the assumption that the spatial structures of the
observation errors are known (Hollingsworth and Lönnberg, 1986; Lönnberg and
Hollingsworth, 1986). Alternatively, the time-averaged covariances of an Extended
Kalman Filter (EKF) can be used to specify the static background error covariances
(Bouttier, 1996). An interesting idea is to derive the forecast error covariances from
ensemble assimilation experiments (Houtekamer et al., 1996) by perturbing, for ex-
ample, observations and forecast model parameterisations. More recent HIRVDA
improvements, not described in the papers included in the thesis, are based on this
approach. These recent improvements involve derivation of background error co-
variances from ensemble assimilation experiments that have been carried out with
perturbed observations and with perturbed lateral boundary conditions (Lindskog et
al., 2006). Furthermore, the representation of multivariate aspects of the background
error correlations has been improved by the introduction of a so-called statistical bal-
ance constraint (Berre, 2000). Two important advantages of the statistical balance,
as compared with the analytical balance constraint, are the representation of scale
dependent geostrophy and boundary layer friction.
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A comparison of the old and the new structure functions is illustrated in Fig. 1,
which shows the horizontal impact of one single surface pressure observation (5 hPa
less than the corresponding background state equivalent) on the surface pressure
and the low level wind field. Evidently the frictional inflow associated with the low
level cyclonic circulation is represented with the new structure functions (right), but
not with the old ones (left). This is due to the statistical balance formulation used
within the new background error statistics. Furthermore, the horizontal scales of
the increments are significantly smaller when using the new structure functions, as
compared to using the old ones. The result concerning shorter correlation length
scales for ensemble based structure functions is in agreement with what has been
observed for a global assimilation system (Fisher, 2003). It is well known (Bengtsson
and Gustafsson, 1971) that the length scales of short range forecast error covariances
increase with an increasing forecast length. Therefore statistics based on differences
between 24 and 48 h forecasts are likely to overestimate the correlation length scales
of 6 h forecast errors.

-4

-3

-2

-1

-4

-3

-2

-1

Figure 1: Horizontal impact due to one single surface pressure observation, 5 hPa less
than the corresponding background equivalent. Contours represent surface pressure
increments (hPa) and arrows wind increments at the lowest model level. The left part
is for structure functions using analytical balance and the right part is for ensemble
based structure functions using statistical balance. The contour interval is 1 hPa.

The scaling of the NMC-based vertical standard deviation profiles to match the
amplitude of 6 h forecast errors has been carried out rather empirically, utilising
statistical information from innovation data. More recently Desroziers et al. (2005)
have proposed an attractive objective method to diagnose background error standard
deviations, as well as observation error standard deviations, from the time history
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of data assimilation runs (a posteriori statistics). The application of this method for
diagnosing the error specification within HIRLAM 3D-Var is presented in Section 5.

The observation errors are assumed to be mutually uncorrelated for all observation
types. This is considered to be a reasonable assumption with regard to the current
HIRLAM 3D-Var processing of conventional observations, but could be questioned
for some remote sensing types of observations. With this assumption, the covariance
matrix R for the observation errors becomes a diagonal matrix and only the obser-
vation error standard deviations need to be specified. These are discussed in the
next section for conventional observations and for radar radial winds, respectively.
The quadratic cost function is slightly generalised to account for observations with
non-Gaussian, as well as Gaussian, error distributions.

2.3 Advantages and limitations

There are several important features of the variational formalism just described that
are worthwhile to emphasize. Firstly, observations that are non-linearly coupled
to the forecast model variables can be utilised in a conceptually straightforward
way, through the link between the model state and the observed quantities provided
by the observation operator. Secondly, the change of variable approach within the
minimisation to an assimilation control variable vector for which the background
error covariance matrix has a simple diagonal expression enables a non-local usage
of data, where all observations are simultaneously used to solve a single non-local
minimisation problem. Thirdly, in the case of 4D-Var, the observations are utilised
at their correct time and the dynamics and physics of the forecast model are utilised
within the minimisation to constrain the influence of observations to be consistent
with the atmospheric flow. This stronger utilisation of the time dimension of the
model equations will for example result in a possibility to improve initial baroclinic
structures within the data assimilation process.

Furthermore, it should be mentioned that the optimality of the initial state relies
on the specified error statistics within the assimilation. Ideally, these optimal initial
conditions should also be the ones that on the average give the best forecasts. This
may, however, not necessarily be the case if the assumptions made within the as-
similation cannot be justified or if the forecast model is contaminated by systematic
errors. In the absence of cancelling effects between limitations related to different
assumptions, an improved realism of each of the assumptions should improve the
forecast quality. This thesis is mainly concerned with improving the realism of the
background error representation and with handling of observations and associated
error characteristics. However, also other important assumptions within the assim-
ilation, such as the validity of the tangent-linear assumption and the handling of
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model errors within the data assimilation, are briefly touched upon.

3 Observation handling and observation errors (Pa-

per II and Paper III)

Processing of observations in data assimilation is a challenge that includes a number
of tasks associated with observation modelling, observation errors and quality control
as well as data usage. The aim of this section is to give a structured overview of
observation handling components, with emphasize on the HIRVDA.

3.1 Observation modelling

The observation operator describes the relevant physical and geometrical relation-
ships between the observed quantities and the model variables. The observation
operator may be non-linear and an observed quantity may be related to more than
one of the model variables. An illustrative example from the HIRLAM 3D-Var is
the non-linear observation operator transforming the model variables specific hu-
midity and temperature into satellite radiances (Schyberg et al., 2003). A single
radiance observation may thus directly influence both the temperature and the hu-
midity field of the analysis and, furthermore, the wind field also will be influenced via
the background error structure functions. Detailed descriptions of the HIRLAM 3D-
Var observation operators for in-situ measurements and radar radial wind data are
given in Papers II and III, respectively. The radar radial wind observation operator
projects the horizontal model wind vector towards the radar, and on the slanted di-
rection of the radar beam. Three assumptions are made in Paper III: (1) the height
of the radar observation is calculated by assuming a 4

3
-Earth’s radius law for the

radar beam bending (Doviak and Zrnić, 1993), (2) a straight path of the radar beam
is assumed within the vertical projection part of the observation operator and (3) no
vertical broadening of the radar pulse is accounted for. In later versions of the ob-
servation operator (Järvinen et al., 2007) these simplifying assumptions are removed
to make the radar radial wind observation model in better accordance with radar
pulse propagation theory. These improvements have been shown to have a positive
impact on radial wind innovation statistics. The broadening of the radar pulse with
an increasing distance from the radar is accounted for by using a Gaussian averaging
kernel. The height of the central part of the pulse, as well as the path itself, are
calculated using vertical layers of the background state in combination with Snell’s
law:
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n1sin(90o − φ1) = n2sin(90o − φ2), (3)

where n1 and n2 are the refraction indices of the first and the second layer, respec-
tively. Furthermore φ1 and φ2 are radar pulse propagation angles of the first and the
second layer respectively. The refraction indices are calculated from the background
temperature, pressure and humidity fields.

At the time when Paper I and Paper II were published, observation operators had
been developed for data from TEMP, AIREP, PILOT, SYNOP, SHIP and DRIBU
observation reports, as well as for satellite cloud drift winds. Since then, observation
operators have been developed for several types of remote sensing observations, such
as satellite radiances, GPS atmospheric delays, scatterometer winds and radar winds.
Observation operators exist both for radar data in the form of vertical profiles of hor-
izontal winds, obtained by applying the Velocity Azimuth Display (VAD) technique
(Lhermitte and Atlas, 1961; Browning and Wexler, 1968; Andersson, 1992), and for
radar data in the form of radial winds, spatially averaged into superobservations.

3.2 Observation errors and quality control

Meteorological observations are contaminated by errors that may be classified into
two types (Daley, 1991, page 24):

• Natural errors: Including instrument errors and representativeness errors, which
are present since observations might not be representative at the spatial and tem-
poral scales of the model. In addition, a contribution may come from modelling
errors, caused by interpolation and numerical errors as well as errors in the physical
modelling of the measurement.

• Gross errors: Originating from, for example, improperly calibrated instruments,
incorrect registration of observations, incorrect coding of observations or telecommu-
nication errors.

Ideally, all data affected by gross errors should be identified and removed before the
assimilation, because they may significantly degrade the resulting forecast. A dan-
ger when identifying and removing gross errors is to remove also correct information.
The methods for identification and removal of gross errors in the HIRLAM 3D-Var
are described in Paper II. One important method is based on a comparison of obser-
vations with the background state equivalents (background quality control) in order
to identify and remove gross errors before the minimisation of the cost function. If
the squared deviation between the observation and the background state equivalent,
normalised by the sum of the observation error variance and the background error
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variance in observation space, is larger than a defined threshold value, the observation
is rejected. The observed quantities are not always the ones for which the background
error variances are specified in the background error constraint. Therefore a method
is needed for derivation of the background error variances in observation space. In Pa-
per III it is described how the background error variance of radial wind is estimated
by a randomisation method originally proposed by Andersson et al. (2000). The
dependencies on the radar antenna elevation angle and the range are investigated.
In addition to the background error quality control, the cost function described in
eq. (1) has been slightly modified to account for a probability of gross errors in
the minimisation (Lorenc and Hammon, 1988; Ingleby and Lorenc, 1993; Andersson
and Järvinen, 1999). This modification results in a non-linear cost function. Some
specific checks, other than the comparison of observations with background state
equivalents, needed for radar radial wind data are mentioned in Paper III.

The natural errors can generally be assumed to have a Gaussian distribution. If this
is not the case, like for specific humidity observations, it can be handled by change of
variable approaches (Holm et al., 2003). The representativeness part of the natural
errors are reduced for radar radial wind high resolution data through an averaging
in polar space, with a constraint on the maximum wind direction difference, to yield
radial wind superobservations (Paper III). The superobservations are expected to
be more representative of the horizontal scales of the forecast model. The spatial
scales of the superobservations described in Paper III were rather intuitively chosen.
More recent studies (Salonen et al., 2007) have focused on optimal superobservation
averaging scales for different model resolutions and the outcome indicate that the
maximum allowed wind direction difference within the averaging process should be
further decreased. Furthermore, it seems that the improvement of the known weak-
nesses in the radial wind observation operator has decreased the modelling error
contribution to the observation error.

Representativeness errors are considered to be unacceptable for surface observa-
tions that are situated too far from the model orography and these observations are
presently rejected (Paper II). The observation error characteristics of natural errors
for different data types may be estimated by extended experiments (Hollingsworth
and Lönnberg, 1986; Lönnberg and Hollingsworth, 1986; Desroziers et al., 2005).
The magnitude of the observation error standard deviations for different types of
observations, as compared to the background error standard deviations, determines
the influence of the observation on the initial state. The smaller the observation error
standard deviation, the larger the influence of the observation and the less influence
of the background field. In addition, the magnitude of the observation error standard
deviation is influencing the spatial filtering effects of data assimilation (Daley, 1985).
The background error structure functions, on the other hand, determine the spread-
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ing of the observation information in space and also affect the spreading between
different model variables.

In HIRLAM 3D-Var, like in most other assimilation systems the observation errors
are assumed to be uncorrelated for all observation types. This is considered to be
reasonably appropriate for in-situ observations, but could be questioned for some
remote sensing types of observations. The treatment of observation error correla-
tions is however a difficult problem that probably will receive more attention in the
future. To assimilate data with spatially correlated observation errors the assimila-
tion scheme should include a model for observation error correlations, in addition to
structure functions for the background errors. The first challenge is to accurately
describe the observation error correlations. Another problem is that most assimila-
tion schemes are not designed to easily handle these correlations, although it would
be theoretically possible. These difficulties have generally been circumvented in data
assimilation by applying data selection and processing algorithms that are assumed
to remove the observation error correlations. An example of such processing and data
selection is given in Paper III, for radial wind data. The importance of applying the
spatial error correlations is not very well established. However, some research has
been carried out within this area (Liu and Rabier 2002; Lin et al. 2000; Eresmaa
and Järvinen, 2005).

For assimilation system where the time dimension is fully accounted for, like in
4D-Var, temporal observation error correlations need to be thought of. These cor-
relations are however not a critical issue in data assimilation techniques where the
time-dimension is not fully taken into account, such as OI and 3D-Var. The temporal
correlations are usually eliminated by a data selection, also taking care of redundant
information. In the case of multiple reports from the same station, only the observa-
tion closest to the analysis time is accepted. Such a data selection is applied in the
HIRLAM 3D-Var and is described in Paper II. In assimilation techniques that take
full advantage of the time-dimension, such as 4D-Var, data selection in the sense de-
scribed above is not considered an appropriate way to handle temporal observation
error correlations. Ideally, with such techniques, a series of observations from the
same station but varying slightly in time should all be accepted, since the assimi-
lation is carried out over a time window. However, when using time sequences of
observations one needs to represent the observation error correlations between the
observations within a time sequence (Daley, 1992; Järvinen et al., 1999).

Most data assimilation systems (like HIRLAM 3D-Var) are based on the assumption
that observation error biases (as well as background error biases and model errors
in general) are negligible as compared to other error sources. Therefore observation
error biases need to be estimated and, if significant, removed. The biases may be de-
tected by monitoring of deviations between the observed values and the correspond-
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ing background values. Then, the biases may be corrected for before the assimilation,
using different approaches (Harris and Kelly, 2001; Eyre, 1992). However, the main-
tenance of such bias correction schemes is a practical problem. Another attractive
approach practiced within some assimilation systems is to handle the bias correction
within the assimilation procedure (Derber and Wu, 1998; Dee, 2003). Recently a
methodology for bias estimation of Doppler radar radial wind observations, more
appropriate than the one applied in Paper III, were described (Salonen et al., 2007).
A difficult problem is to separate the observation error bias from the model error
bias (Dee, 2005). It should be noted that the issue of bias correction is related to the
issue of temporal as well as spatial error correlations. For example, by changing the
time scale of the bias correction scheme from one not including air-mass dependent
variations to one including air-mass dependent variations might effect both temporal
and spatial observation error correlations.

Finally, it should be mentioned that, within the assimilation, observation errors
are assumed to be uncorrelated with the background errors. This is a reasonable
assumption since the sources of these errors are different. However, the application
of observation pre-processing algorithms utilising model information, like 1D-Var
retrievals of satellite radiances, may cause undesirable correlations between errors of
(pre-processed) observations and background errors.

3.3 Data usage

In addition to removing data affected by Gross errors a thinning may be applied
to reduce data amounts (for computer memory reasons or for removing observation
error correlations). In the HIRLAM 3D-Var observation handling system such a
thinning, described in Paper II, significantly reduce the number of AIREP and SHIP
observation reports to be used by the variational assimilation.

On the other hand, one should avoid disregarding available useful observation infor-
mation. This is shown in Paper II, which demonstrates the importance of utilising
all significant level data from radiosonde and PILOT balloon reports, as compared
to using standard pressure levels only. A positive impact of combined effects of
an improved utilisation of conventional observations on NWP is also illustrated in
Paper II. The improved data handling includes a non-local data selection, with all
observed values influencing all grid-points, utilisation of all significant levels in up-
per air data and a variational quality control. In addition, one important feature of
the variational algorithm is that it is conceptually rather straightforward to utilize
direct or indirect observations of the atmospheric state from a wide range of data
sources. In Paper III it is demonstrated that a proper handling of information on the
atmospheric state available in the form of radar radial wind data may have a posi-
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tive impact on NWP forecasts, although the results need to be confirmed in longer
parallel assimilation experiments.

4 Flow-dependent background error standard de-

viations (Paper IV and Paper V)

The static and homogenous representation of background errors in HIRLAM 3D-Var
should be regarded as a first order approximation. Different Kalman filter based
techniques have been used to obtain flow dependent background characteristics of
error covariances (Fisher, 1998; Evensen, 2003; Houtekamer and Mitchell, 1998).
It has been shown (Bouttier, 1993; Bouttier, 1994; Cohn and Parrish, 1993) that,
in addition to the dependence on atmospheric flow situation, the errors are influ-
enced by inhomogeneities in the station network. The importance of atmospheric
dynamics for the background error covariances has also been demonstrated within a
4D-Var framework (Thépaut et al., 1996). A dynamically dependent representation
of background error covariances can also be achieved by methods based on change
of coordinate system (Desroziers, 1997), change of variable (Holm et al., 2003) or by
incorporating flow-dependence in the balance formulation of the background error
constraint (Fisher, 2003; Fillion et al., 2007). An alternative approach to capture
the flow-dependency is based on maximum likelihood theory through a fitting of a
covariance model to innovation vectors (Dee, 1995).

One step towards a flow-dependent full covariance matrix is to consider the flow-
dependency of the background error standard deviations only, assuming the error
correlations to be static. This could for example be achieved by propagating esti-
mated analysis error standard deviations from the previous analysis forward in time
(Fisher, 1996), applying a relatively simple error growth model (Savijärvi, 1995) or
by a tangent-linear version of the full, non-linear forecast model (Andersson and
Fisher, 1998). More recently it has been demonstrated that an ensemble of forecasts
from parallel assimilation cycles may be used (Berre et al., 2007) to catch the flow
dependency of background error standard deviations.

4.1 Error representation based on an Eady index

A first development towards a fully flow-dependent representation of background
errors in the HIRLAM 3D-Var is the introduction of a horizontally varying clima-
tological background error standard deviation field (Paper IV). This field represents
horizontal variations of the background error standard deviation due to spatial vari-



14 SUMMARY

ations in the station density and due to time average baroclinicity. It is calculated
using innovations of surface pressure observations from SYNOP, SHIP and DRIBU
reports for an area covering the Northern Hemisphere, down to approximately 20◦N.
The climatological field has a maximum over the Atlantic south of Greenland, an
area characterized by strong baroclinic developments (Petterssen, 1956, page 268)
and by few observations. Minima are found over the dense conventional observation
networks in Europe and North America. A future improvement could be to ex-
tend the climatological background error representation to include also the vertical
dimension.

Important features for time dependent variations of the atmospheric flow on the syn-
optical scale are cyclone developments. To identify the corresponding areas, associ-
ated with increased forecast uncertainties, spatial variations in upper air throughs,
jets and thermal gradients must be utilised. Early ideas of Eady (1949) have formed
the basis for the so-called Eady index (Lindzen and Farrell, 1980; Hoskins and Valdes,
1990), which provides one objective way of measuring the dynamical origin of these
variations. The Eady index represents the maximum normal mode error growth rate
in baroclinic disturbances and is given by:

E = 0.3125
f

N

dV

dz
, (4)

where f is the Coriolis parameter, N is the boyancy frequency, dV

dz
is the vertical

wind shear and 0.3125 an analytically and numerically derived coefficient.

The Eady index approach has formed the basis for the introduction of a time de-
pendent variation of the background error standard deviations on synoptic scales in
HIRLAM 3D-Var (Paper IV). It is achieved by the horizontally varying Eady index
field described in eq. (4), as calculated from forecasts of preceding assimilation cy-
cles. The local error standard deviations are assumed to be proportional to the error
growth.

The Eady index methodology has been demonstrated to capture the day-to-day
variation associated with synoptical cyclone developments. Parallel assimilation and
forecasts experiments reveal a slightly positive impact from having a synoptical back-
ground error representation on average verification statistics, and a positive impact
has been demonstrated for a synoptically active case. An obvious weakness is that
the Eady based standard deviations are independent of station density. Therefore
an interesting refinement would be to combine the climatological and Eady-based
representations of the background error standard deviations to obtain background
error standard deviations that are dependent of both station density and synopti-
cal situation. In the longer term, utilisation of an ensemble of forecast background



LINDSKOG 15

states could improve the representativeness of the Eady based estimate. It should
be emphasized that in Paper IV the improved representation of background error
standard deviations was applied only within the variational assimilation and not
within the background quality control (see Section 3). Results from recent studies
have indicated a considerable positive effect on forecast quality from utilising the cli-
matologically varying background error standard deviation field for the background
check of observations, in combination with modified rejection limits. A next natural
step would be to utilise the Eady based background error standard deviations for
investigating the effect of having a flow-dependent background check of observations.

4.2 On-line error estimation

An alternative method for estimating flow-dependent background error standard de-
viations has been introduced into an idealised QG assimilation system (Paper V).
The idea is to estimate background error standard deviations on-line from inno-
vations, based on maximum likelihood theory (Dee, 1995). The data assimilation
system, developed for a three-level global QG model, is based on OI. The reason for
selecting the QG model is its ability to capture the basic features of the spatial and
temporal variations of forecast errors of more advanced operational NWP models,
and still being relatively simple, making the understanding and the analysis more
straightforward.

First, static background error covariances were derived from nine months of analyses
from the European Centre for Medium-Range Weather Forecasts (ECMWF) 40 year
re-analysis data archive (Uppala et al., 2005). Then, observing system simulation
experiments were carried out to investigate the effect of an improved specification of
error statistics for the background error standard deviations. In particular the effect
of flow-dependent error statistics based on on-line error estimation was investigated.
The locations of the simulated observations were chosen to resemble a realistic distri-
bution of conventional observations, with higher observation density over land areas
and sparse observations over oceans.

The maximum likelihood background error standard deviation estimates were shown
to represent the increased forecasts errors generally associated with strong gradients
of developing and propagating baroclinic weather systems. Furthermore, a slightly
positive impact is demonstrated, as compared to using static background error statis-
tics, both in terms of mean forecast verification scores and in a meteorological case
study. These encouraging results stimulate further development and future appli-
cation in more advanced assimilation systems. However, there is room for further
improvements concerning the background error estimation within the present QG
assimilation system. The present two-dimensional covariance model could be gener-
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alised to include also vertical correlations. Furthermore, maximum likelihood esti-
mation could be extended to handle also other parameters relevant for the dynamics
of the covariance model, such as horizontal correlation length scale and vertical tilt.
These should improve the capability of the covariance model to capture structures
associated with baroclinic instability. The potential danger of increased noise with
increasing number of parameters to be estimated could possibly be handled by in-
troduction of an ensemble averaging technique.

5 Diagnosis of error statistics

Even in the process of introducing increasingly more complexity in the representation
of error standard deviations in data assimilation, it is important to regularly evaluate
the realism of the area average of the specified errors. Statistics of innovation vectors,
do

b
, provide a global check of the specification of the observation error covariance, R,

and the covariance of background errors in observation space, HBHT (see e.g. An-
dersson 2003). If R and B are correctly specified within the analysis, the covariance
of innovations E[do

b
(do

b
)T ] should approximately be equal to R + HBHT , where E

denotes the statistical expectation operator. Desroziers et al. (2005) have proposed
a method to separately check the observation and background error statistics used
in the analysis. The methodology and application within HIRVDA are described in
the remaining part of this section.

5.1 Methodology

The methodology makes use of innovations and difference between analysis and back-
ground in observation space, da

b
, to check the consistency of the background errors

in observation space. So if HBHT (HBHT + R)−1 are correctly specified then

E[da

b
(do

b
)T ] = HBHT . (5)

The consistency of the observation error covariance can also be checked by means
of statistics of the analysis residuals (differences between observations and analysis
state equivalents), do

a
, and innovations, because if HBHT (HBHT +R)−1 is correctly

specified,
E[do

a
(do

b
)T ] = R. (6)

The diagnosed background and observation error covariance matrices ˜HBH
T

and
R̃ can be seen as adjusted covariance estimates, related to the exact HB?HT and
R? covariance matrices through the specified covariances of background errors in
observation space, HBHT and the specified observation errors R:
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˜HBH
T

= HBHT (HBHT + R)−1(HB?HT + R?), (7)

R̃ = R(HBHT + R)−1(HB?HT + R?). (8)

5.2 Study of the HIRVDA error specification

Within the HIRVDA framework diagonal elements of eq. (5) and (6) have been used

to calculate diagonal elements of ˜HBH
T

and R̃, respectively, for various observation
types (Navascués et al., 2006). Taking the square root of the diagonal elements gives
the adjusted background error standard deviations in observation space (σb) and
adjusted observation error standard deviations (σo).

Statistics have been calculated for four different operational data sets from appli-
cation of the HIRLAM 3D-Var (at the Spanish Meteorological Institute (INM), the
Swedish Meteorological Institute (SMHI), the HIRLAM reference system (RCR) and
the Danish Meteorological Institute (DMI)). The different model domains are illus-
trated in Fig. 2. There are several differences between the configurations of the dif-
ferent assimilation systems, in addition to the differences in model domains. These
differences include among others the applied background error statistics, the obser-
vation usage and the length of assimilation cycle, as well as differences in horizontal
diffusion and physical parameterisations. Three of the data sets are based on ap-
proximately one year of data (during 2004-2005), while the fourth data set is based
on approximately 3 months of data (from 2005).

As an example, Fig. 3 illustrates diagnosed σb- and σo-values for temperature as ob-
tained from radiosonde observations (and their corresponding model counterparts),
in comparison with σb- and σo-values specified within the assimilation. The specified
values in observation space are obtained by applying the randomisation technique in
combination with an analytical and with a statistical balance background error con-
straint formulation, respectively. Within the troposphere, the diagnosed σb-values
from all data sets appear slightly smaller than the specified ones. In the stratosphere
(above roughly 200 hPa), the adjusted σb-values are roughly in accordance with the
specified ones when using an analytical balance. The specified σb-values within the
stratosphere are too large when using a statistical balance. Within the troposphere,
the diagnosed σo-values appear slightly smaller than the ones specified within the
assimilation. In the stratosphere, on the other hand, the diagnosed σo-values are
larger than the specified ones. Thus, within the troposphere, the diagnosed ratio
between σb- and σo-values are roughly in agreement with the specified ratio within
the assimilation systems. However, within the stratosphere it seems that too much
weight is given to radiosonde temperature observations, as compared to the back-
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INM

C22

RCR
T15

Figure 2: Model domains from which the four different data sets. (ONR-INM, C22-
SMHI, RCR-HIRLAM reference and T15-DMI).

ground equivalents, in particular for the assimilation using structure functions with
a statistical balance. Note that, for both diagnosed background errors and diagnosed
observation errors there is a dependence on model configuration.
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Figure 3: Diagnosed temperature background error standard deviations (left) and
observation error standard deviations (right) for different data sets (INM, SMHI,
RCR and DMI). Also shown are the profiles of specified background error standard
deviations (NMC ANA - with analytical balance, NMC STA - with statistical bal-
ance) and specified observation error standard deviations (oper). Unit: K.

It should be pointed out that in case the experimentally determined statistics are
utilised to modify the HIRVDA specified error standard deviations, the statistics
should be re-estimated based on the new specified error standard deviations. This
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is because the innovations and residuals are themselves dependent on the specified
error statistics. Furthermore, more detailed studies of the effect of miss-specified
observation and background error correlation length scales on the resulting diagnosed
error standard deviations should be carried out. However, since several different
assimilation configurations including also different background error statistics are
used, the sensitivity to these factors are partly touched upon within the present
study.

6 Main results and Outlook

This thesis deals with error handling in meteorological data assimilation. The re-
search has mainly been carried out within an advanced 3-dimensional variational
data assimilation system, designed for a high-resolution limited area forecasting sys-
tem. Research has also been carried out within an idealised QG data assimilation
framework.

The development and utilisation of a powerful data assimilation technique, suitable
for assimilation of conventional and remote sensing types of observations in NWP
models is presented. In its original form it includes specification of static background
and observation error statistics, in addition to an advanced observation handling,
suitable for processing of conventional as well as remote sensing types of observa-
tions. A positive impact of an improved utilisation of conventional observations
on NWP is illustrated. The improved background error statistics and the improved
data handling are believed to be the main contributing factors. The background error
statistics improvements include a representation of the vertical variability of horizon-
tal correlations and the dependence of vertical correlations on horizontal scale. The
improved data handling include a non-local data selection, with all observed values
influencing all grid points, utilisation of all significant levels in upper air data and a
variational quality control.

A novel methodology for processing of radar wind data from ground-based Doppler
radars, based on generation of radial wind superobservations, is described. Impor-
tant ingredients are the estimation of observation error standard deviations and the
estimation of background error standard deviations in observation space. Results are
encouraging, but should be interpreted with care because of known weaknesses in the
radial wind observation operator and the rather short assimilation period. Known
weaknesses include a representation of the increased vertical spreading of the radar
pulse with an increasing distance from the radar and an improved modelling of the
radar pulse propagation path. More recent work has dealt with improvements with
regard to these known weaknesses. Future work should focus on evaluation with
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regard to these improvements within extended full-scale assimilation experiments.
Also spatial observation error correlations should be studied and the effect of these
correlations in data assimilation should be investigated.

The difficulties of spatially and temporally correlated observation errors have gener-
ally been circumvented in data assimilation by applying thinning of data, or through
observation processing algorithms that are assumed to remove the observation error
correlations. Methods have been developed to account for serially correlated errors
(Järvinen et al., 1999) but there is certainly room for improvements regarding spa-
tially correlated errors. However, some research has already been carried out in this
area (Liu and Rabier 2002; Lin et al. 2000; Eresmaa and Järvinen 2005).

The importance of even a simple representation of the flow-dependency of back-
ground error standard deviations for the forecast quality is demonstrated. An in-
novative approach is developed, within an advanced variational data assimilation
system to represent the flow dependency of background error standard deviations
by applying an Eady instability measure to the background field. This methodology
could potentially be further developed, to include also background error variations
caused by differences in density of the meteorological observing system. This could,
for example be, achieved by merging the Eady-based background error standard de-
viation field with the climatological field, based on statistics of innovation vectors,
also presented in this thesis. An alternative method for obtaining background error
standard deviations that are dependent on the atmospheric flow situation has been
demonstrated in an idealised QG framework, with encouraging results. The appli-
cation of the methodology in a more advanced assimilation system remains to be
done.

A closely related area of research, not touched upon within this thesis, is the flow
dependency of background error correlations. For example, forecast errors are ob-
served to be more correlated along fronts than across fronts (Desroziers, 1997; Hamill,
2003), so that an isotrophic description of forecasts error correlations is not optimal
in frontal areas. As discussed in Section 4, different methods have been tried to
represent the flow-dependency, including several Kalman filter based ones, change of
coordinate methods, change of variable approaches and dynamical balance formula-
tions. An interesting approach, which remains to be tested in advanced assimilation
systems, is to extend the method of maximum likelihood estimation that was applied
in Paper IV also to correlation length scales and to vertical tilt, in order obtain an
increased degree of flow dependency.

Another important issue covered only very briefly within this thesis is moisture as-
similation. Clouds and precipitation are very important aspects of ’weather’ for
people all over the world. A crucial challenge is to accurately describe the relevant
flow-dependent coupling between the moisture field and dynamical fields within the
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assimilation. If this coupling is not sufficiently described, like in HIRLAM 3D-Var
and most other assimilation schemes, the moisture modifications added by the assim-
ilation will tend to be rejected by model adjustments. The moisture field will instead
be forced by the dynamical fields. A natural way to link the moisture field incre-
ments to the dynamical field and its increments is to apply 4D-Var. A non-trivial
challenge is therefore to realistically describe moist processes in the tangent-linear
forecast model in a sufficiently simple and smooth way, such that it will not interfere
with convergence of the cost function minimisation. Furthermore, since moist pro-
cesses in general are non-linear, several re-linearisations may be needed, due to the
tangent-linear assumptions in 4D-Var. A problem with the present HIRLAM 3D-Var
formulation is that the moisture assimilation is carried out in terms of specific hu-
midity, which has a rather non-Gaussian error distribution. Ongoing work involves
carrying out the moisture assimilation in terms of a variable with a more Gaussian
error distribution, obtained though a variable transformation (Holm et al., 2003).

HIRLAM 4D-Var has now been developed and its meteorological impact is under
careful evaluation. It has been proven to result in forecasts of a higher quality than
with the present 3D-Var scheme, both for dry and moist variables. However, there
are potential for further improvement of the HIRLAM 4D-Var. For example, as dis-
cussed above, an improved description of moist processes is desirable, in addition
to utilisation of more observations and control of lateral boundary conditions. Fur-
thermore, in a longer perspective, one should consider to include and describe model
errors within the assimilation process. Due to more and better observations and due
to improved utilisation of observations, it is likely that the model error part will
not be negligible as compared with other error sources in the assimilation system,
although forecast models improve too.

A real challenge comes with data assimilation at horizontal scales of roughly 3 kilo-
metres, which will be important for NWP within a couple of years. Components
described within this thesis may be important contributions to such meso-gamma
scale assimilation. In particular the radar radial wind observation handling has the
potential to be beneficial, especially if combined also with radar reflectivity assim-
ilation. The handling of flow-dependent background error covariances at this high
spatial resolution will be a challenge. Ensemble approaches or possibly maximum
likelihood approaches, like the one applied within this thesis, are possible candidates
for flow-dependent covariance estimation.
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