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Abstract Coupled numerical models address the interaction between processes in
the atmosphere, ocean, land surface, biosphere, chemistry, cryosphere, and
hydrology. Including interaction between such processes can potentially extend the
predictability and eventually help in reducing the uncertainty of the prediction.
Coupled data assimilation is a branch of data assimilation that deals with coupled
modeling systems. In this article the fundamentals of coupled data assimilation are
described. Challenges of coupled data assimilation are addressed in terms of the
variational and ensemble methods, with implications for hybrid data assimilation
methods. Several illustrative examples of coupled data assimilation of a single
observation with realistic regional coupled modeling systems are included as well.

1 Introduction

Use of coupled modeling systems is important for improving the predictability of
coupled processes. The components of coupled modeling system may include
atmosphere, ocean, land surface, biosphere, cryosphere, hydrology, chemistry,
aerosol, as well as other processes of interest. The role of data assimilation for
coupled modeling systems (e.g., coupled data assimilation) is also important as it
has a capability to utilize the information from various observation types across the
components to improve the prediction by coupled models.

Due to their increased complexity, coupled modeling systems are potentially
more sensitive to the initial conditions than the individual components, and thus
require special attention in data assimilation (Sakaguchi et al. 2012). In general one
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can distinguish three main regimes of coupled data assimilation systems: (a) un-
coupled, (b) weakly coupled, and (c) strongly coupled.

Uncoupled data assimilation implies that each system is completely independent:
the model and data assimilation for each individual component is done separately
from each other. Using as an example atmosphere and hydrology, the atmospheric
model forecast and data assimilation are used to produce the precipitation, which
can be then used as forcing in the hydrology model with its own, independent data
assimilation system.

Weakly coupled data assimilation allows some interaction between components.
Typically, this means that data assimilation is performed completely separately for
each component, but their initial conditions and parameters are fed back into the
coupled model. In terms of sequential data assimilation, which consists of the
forecast and the analysis steps, the weakly coupled data assimilation implies cou-
pling in the forecast step, but no coupling in the analysis step. Most importantly,
there is no use of the cross-component part of the forecast error covariance in data
assimilation.

Strongly coupled data assimilation means that both the coupled forecast and
coupled data assimilation are done in a single system that combines the information
from all components. The cross-component part of the forecast error covariance is
used in data assimilation, thus the forecast and observations of each component
have a potential to influence all other components. In this paper we focus on
strongly coupled data assimilation, as it offers a more profound, but also a more
natural way of combining the information from models an observations.

Although limited in number, the coupled data assimilation systems have already
been developed (Sugiura et al. 2008; Rasmy et al. 2012; Han et al. 2013). They are
mostly based on variational data assimilation, as most operational weather and
climate data assimilation systems are variational, but there are also few ensemble
coupled data assimilation systems being developed (Zhang et al. 2007; Tardif et al.
2014).

The paper is organized as follows. We begin by describing the motivation for
coupled data assimilation in Sect. 2, followed by the challenges of coupled data
assimilation in Sect. 3. An example of the two-component coupled data assimila-
tion is presented in Sect. 4, followed by realistic applications of coupled data
assimilation to investigate the coupled forecast error covariance and uncertainty
interaction in Sect. 5. The summary and future development are presented in
Sect. 6.

2 Motivation

Main motivation for developing coupled data assimilation is to improve the
knowledge and/or improve the prediction of a coupled modeling system, in terms of
the state and its uncertainty. The benefit of having a combined modeling system, as
opposed to having the individual systems only, is that the model components are
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acting as “constraints” that restrict possible adjustments of the state to those that are
“allowed” by other system components. In other words, it is anticipated that the
analysis adjustment in the coupled data assimilation is in better physical agreement
with the real world than the analysis adjustments in data assimilation of individual
components.

A coupled modeling system is schematically represented in Fig. 1. While the
interaction between the driver and the model components is always present, the
interaction between model components is optional, related to the degree of
dependence between relevant physical processes.

Another useful view of coupled data assimilation that supports its use can be
described in terms of Shannon information theory (Shannon and Weaver 1949).
Recall that the entropy is defined as

HðXÞ= −
Z
x

pðxÞlog pðxÞdx ð2:1Þ

where p denotes the probability density function (pdf) and x is a random variable.
The entropy is closely associated with uncertainty, which is important for data
assimilation. In coupled systems we are interested in the joint entropy of at least two
processes, X1 and X2,

HðX1,X2Þ= −
Z
x1

Z
x2

pðx1, x2Þlog pðx1, x2Þdx1dx2 ð2:2Þ

where pðx1, x2Þ is the joint pdf. An important quantification of the information
exchange in coupled systems can be defined in terms of mutual information

IðX1;X2Þ= −
Z
x1

Z
x2

pðx1, x2Þlog pðx1, x2Þ
pðx1Þpðx2Þ
� �

dx1dx2 ð2:3Þ

Fig. 1 Schematic
representation of an N-
component coupled modeling
system. The full lines
represent the mandatory
interaction between the model
component and the driver,
while the dashed lines
represent the optional
interaction between
components
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where pðx1Þ and pðx2Þ are the marginal probability density functions. Mutual infor-
mation measures the information shared by multi-component coupled system. It can
be conveniently represented in terms of entropy (e.g., Cover and Thomas 2006)

IðX1;X2Þ=HðX1Þ+HðX2Þ−HðX1,X2Þ c ð2:4Þ

Since HðX1,X2Þ≤HðX1Þ+HðX2Þ, with equality sign true for independent pro-
cesses X1 and X2, the mutual information is non-negative with zero value corre-
sponding to independent processes. Given that the motivation of developing
coupled systems modeling is to improve the interaction between related physical
processes, the component processes of the coupled system have well developed
dependence and are intrinsically characterized by positive mutual information. This
implies that the information from one component enhances the information about
other components. This is quite important for data assimilation of coupled systems
since it effectively reduces the dimension of the forecast error covariance and
allows cross-component impacts during data assimilation, as will be shown in detail
in the next sections.

When coupling exists, one can further partition it in terms of its strength: low
intensity coupling referring to having only marginal interaction between the com-
ponents, and high intensity coupling implying a profound interaction between the
components. This qualitative distinction can be in principle quantified by calcu-
lating the mutual information of coupled modeling system, i.e. using their prior and
joint probability density functions. Using as an example the Gaussian pdf, one can
define the mutual information of multivariate Gaussian probability distribution
(Silva and Quiroz 2003)

IðX1,X2Þ= −
1
2
ln

det Σð Þ
det Σ11ð Þ det Σ22ð Þ ð2:5Þ

where Σ, Σ11, and Σ22 are the joint, and the marginal covariances of variables X1

and X2, respectively, and det denotes the determinant of a matrix. Since the joint
covariance is

Σ=
Σ11 Σ12

ΣT
12 Σ22

� �
ð2:6Þ

and (e.g., Arellano-Valle et al. 2012)

det Σð Þ= det Σ11ð Þ det Σ22ð Þ det I −Σ− 1
11 Σ12Σ− 1

22 ΣT
12

� � ð2:7Þ

one can define the mutual information as

IðX1,X2Þ= −
1
2
ln det I −Σ− 1

11 Σ12Σ− 1
22 ΣT

12

� �� 	 ð2:8Þ
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The above equation implies that the mutual information can be calculated from
the auto- and cross-components of the coupled system error covariance. It is also
clear that, if the cross-component covariance does not exist in Eq. (2.6) (Σ12 = 0),
the mutual information is zero.

Depending on the coupled system’s complexity and dimensions, in some
applications it may be possible to calculate the exact value of the mutual infor-
mation according to (2.8), or an approximate value using only the diagonal ele-
ments of the matrices. By defining a mutual information threshold for low/high
intensity of coupling, it may be possible to have a quantitative measure of the
strength of coupling.

3 Challenges

There are numerous challenges of coupled data assimilation, some of which will be
discussed here. They include: control variable, spatiotemporal scales, forecast error
covariance, high state dimensions, and non-Gaussian errors.

3.1 Control Variable

In principle, control variable refers to modeling system parameters that impact its
prediction. In particular, the prediction has to be sensitive to the choice of these
parameters in the spatiotemporal limits of the data assimilation window. In practical
data assimilation one can define control variable different from the state variable.
For example, in some data assimilation systems it is assumed that the control
variable includes stream function and velocity potential, while the state (model)
variable includes the east-west and north-south wind components (e.g., u and v,
respectively). However, for simplicity of presentation, we will assume that the
control variable is a simple subset of the state variable, without requiring any
transformation.

In geophysical modeling based on using partial differential equations the control
variable typically includes (i) initial conditions, (ii) lateral boundary conditions (for
regional systems), (iii) model empirical parameters, and (iv) model and observation
operator biases (systematic errors). Therefore, for the k-th modeling component the
control variable can be written as

xk = xick xbiask xpark

� �T k =1, . . . ,N ð3:1Þ
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where the superscripts ic, bias, and par refer to the initial conditions, bias, and
empirical parameters, respectively, and N is the number of coupled system com-
ponents. Note that this formulation includes both the single and the coupled sys-
tems, N =1 corresponding to the single system, and N ≥ 2 corresponding to the
coupled system. The general form of coupled data assimilation control variable is

x= x1 x2 ⋯ xNð ÞT . ð3:2Þ

The coupled data assimilation challenge comes from the fact that practical data
assimilation for individual components does not include all possible control
parameters as in (3.2). Most often the control variable is defined as the initial
conditions. However, there are data assimilation systems that are focused on
adjusting empirical parameters (e.g., climate), empirical parameters and initial
conditions (hydrology), model bias (carbon cycle, biosphere), rather than the initial
conditions only. This creates a need for developing a coupled data assimilation
system that is general enough so that it can assimilate any type of control variable.
In practice, the control variable would include relevant control variables for each
component. For example, if the coupled system includes the following components:
atmospheric—denoted a, carbon transport—denoted c, land surface—denoted l,
and hydrological—denoted h, one could define control variable as

x= aic cbias lic lpar hpar
� �T . ð3:3Þ

Such control variable may be a very efficient way of updating the given coupled
system, but it does require a mathematical apparatus that can handle it in practice. If
the available algorithmic structure of the coupled data assimilation does not allow
the inclusion of all these variables, one may reduce the list to include only the
feasible parameters. A better solution would be to update the coupled data assim-
ilation algorithm by adding the capability to augment the control variable.

3.2 Forecast Error Covariance

The forecast error covariance is intrinsically related to the choice of control vari-
able. The forecast error covariance represents the uncertainty of the control variable
and thus includes all control variable components. Forecast error covariance has a
fundamental role in data assimilation (e.g., Bannister 2008a, b) since all analysis
adjustments are projected onto the subspace of this matrix. There are numerous
papers addressing the role of error covariance in variational and ensemble data
assimilation (Hollingsworth and Lonnberg 1986; Derber and Bouttier 1999;
Buehner 2005; Bello Pereira and Berre 2006; Berre and Desrozier 2010).
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Given a general coupled control variable (3.2), the forecast error covariance is a
matrix

Pf =

P11 P12 ⋯ P1N

PT
12 P22 P2N

⋮ ⋱ ⋮
PT
1N PT

2N ⋯ PNN

0
BB@

1
CCA ð3:4Þ

where the subscripts refer to the coupled system component. Note that, according to
(3.1), each of the inputs in (3.4) is also a matrix. For example

Pij =
Pic, ic
ij Pic, bias

ij Pic, par
ij

ðPic, bias
ij ÞT Pbias, bias

ij Pbias, par
ij

ðPic, par
ij ÞT ðPbias, par

ij ÞT Ppar, par
ij

0
B@

1
CA ð3:5Þ

where i and j define the system components. It is clear that defining the elements of
such complex matrix becomes challenging.

In variational data assimilation, the error covariance is modeled using some
previous knowledge about correlations and variances. Knowing a priori the cor-
relations between initial conditions, empirical model parameters, and model biases
is very difficult. In ensemble data assimilation the correlations are obtained directly
from the ensemble forecast, without the need for modeling the correlation functions.
However, ensemble data assimilation requires at least some knowledge about the
true correlations in order to know if low-dimensional approximation of the
ensemble error covariance is acceptable.

Such challenges exist even in assimilation of individual components; in coupled
systems this issue is magnified and thus made more difficult. The most challenging
aspect of defining the error covariance in coupled data assimilation is to define the
cross-component correlations, since the cross-variable correlations, and in particular
the cross-component correlations are the least known.

3.3 High-Dimensional State Vector

The dimension of the state vector can considerably impact the design and perfor-
mance of coupled data assimilation. Realistic atmospheric data assimilation systems
have the control variable of the order of hundreds of millions. Adding chemistry
component, for example, can further double the dimension of state vector since
there may be several chemical species that are adjusted in data assimilation. Sim-
ilarly, the aerosol can also add considerably to the total state dimension since it is
defined at all model grid points, and there can be a dozen of aerosol species, such as
dust, sea salt, black carbon, etc. Some other components, such as land surface, may

Data Assimilation for Coupled Modeling Systems 61



add only a smaller dimension to the augmented state since typically there are fewer
soil layers than atmospheric layers.

In general, coupled data assimilation system has to be able to deal with such high
dimensions. This may imply that new approximations may be necessary when
extending the single-component assimilation to the coupled data assimilation.
Practical data assimilation algorithms often include approximations such as
dual-resolution (i.e. coarse resolution adjoint or ensemble and a high-resolution
control), or a related incremental variational approach with additional linearization.
In cases when one coupled component is more nonlinear than others, or there is a
highly nonlinear observation operator of one of the components, it may be nec-
essary to re-validate the assumptions in the context of the coupled system.

3.4 Non-gaussian Errors

It is well known that some control variables can have non-Gaussian errors, although
typical data assimilation is based on Gaussian error assumption. If there is a small
number of such variables, this may impact the results of assimilation only locally.
However, this may become more relevant for coupled systems, as one component
can have all non-Gaussian variables. For example, typical atmospheric chemistry
and aerosol variables are strictly positive definite, which effectively excludes the
Gaussian distribution with infinite tails. Therefore, in case of coupled
atmosphere-chemistry-aerosol data assimilation, there may be a need to revisit the
Gaussian error assumptions. In more extreme cases, it may be necessary to design a
mixed Gaussian-non-Gaussian data assimilation system to accommodate all cou-
pling components.

3.5 Spatiotemporal Scales

Another potential issue in coupled data assimilation is related to characteristic
spatiotemporal scales of control variables. For example, atmospheric variables
likely have shorter temporal scales than ocean variables, or compared to some
chemistry variables such as stratospheric ozone. In the coupled system forecast, this
can be resolved by using different time steps for different components of the system.
For data assimilation, however, this may be more complicated as it should involve
the coupled forecast error covariance, given its fundamental role in data
assimilation.

In variational data assimilation the modeled error covariance has to include some
knowledge of spatiotemporal scales in order to produce a dynamically balanced
increments of both components. Since the knowledge of such cross-component
correlations is very limited in general and possibly situation-dependent, the use of
complete cross-component correlations in practical variational data assimilation is
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not very likely. The use of ensemble error covariance may be simpler since the
information about different spatiotemporal scales is already included in the coupled
forecast models used in ensemble forecasting. However, since both of these
approaches can produce only an approximate error covariance, there is still a need
for verifying the validity of the coupled error covariance in terms of the spa-
tiotemporal scales. The resolution may be more intuitive in data assimilation with
four-dimensional error covariance, since than one can impose the temporal aspect
of error covariance more directly.

4 Two-Component Coupled System Data Assimilation

The role of coupled forecast error covariance is now examined in the context of an
idealized two-component coupled modeling system. Let define the two state
components as x1 and x2, thus forming a two dimensional state vector of the
coupled system

x= x1 x2ð ÞT ð4:1Þ

In this system each component is represented by a value at a single grid point.
For the land-atmosphere system, for example, one grid point would be located in
the atmosphere and one in the soil. For the atmosphere-chemistry coupled system,
both components can represent the value at the same grid point. The forecast step of
such system includes a coupled prediction model (denoted m)

xn =mðxn− 1Þ ð4:2Þ

where the superscript n defines time. We are now interested in performing the
analysis at time n. In coupled data assimilation, the cost function formally appears
the same as in any other data assimilation. Assuming sequential data assimilation
for simplicity, the cost function for a general two-component system can be for-
mally defined in terms of its components

Jðx1, x2Þ= 1
2

x1 − x f1
x2 − x f2

 !T
P11 P12

PT
12 P22

� �− 1 x1 − x f1
x2 − x f2

 !
+

+
1
2
½y1 − h1ðx1Þ�TR− 1

1 ½y1 − h1ðx1Þ�+ 1
2
½y2 − h2ðx2Þ�TR− 1

2 ½y2 − h2ðx2Þ�
ð4:3Þ

where h is the nonlinear observation operator, y is the observation and R is the
observation error covariance. The subscripts 1 and 2 refer to the first and second
state vector components, respectively. It is implied in (4.3) that forecast error
covariance can have cross-component correlations, but that observation errors are
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independent. A general linear solution to the problem (4.3) can be obtained after
setting ∇J =0 (e.g., Lorenc 1986)

xa = ðI +PfHTR− 1HÞ− 1ðx f +PfHTR− 1yÞ ð4:4Þ

with

xa =
xa1
xa2

� �
x f = x f1

x f2

� �
y=

y1
y2

� �
ð4:5Þ

where H is the Jacobian of the observation operator. Now let assume that there is
only a single observation of one of the components, say the component 1, defined at
that grid point. Then the cost function (4.3) becomes

Jðx1, x2Þ= 1
2

x1 − x f1
x2 − x f2

 !T ðσ2f Þ1 ρ12

ρ12 ðσ2f Þ2

 !− 1
x1 − x f1
x2 − x f2

 !
+

+
1
2
½y1 − x1�T σ2o

� �− 1
1 ½y1 − x1�

ð4:6Þ

where σ denotes the standard deviation, the cross-component error covariance
(directly related to the correlation between the coupling components) is denoted ρ,
and indexes f and o refer to the forecast and the observation, respectively. The
analysis solution (4.4) and (4.5) for the cost function (4.6) in terms of the com-
ponents is

xa1 =
1

1+ ε21
x f1 +

ε21
1 + ε21

y1 ð4:7Þ

xa2 = x f2 +
1

1+ ε21

ρ12
ðσ2oÞ1

ðy1 − x f1Þ ð4:8Þ

where ε represents the ratio between forecast and observation standard deviations

ε1 =
ðσf Þ1
ðσoÞ1

. ð4:9Þ

The solution (4.7) and (4.8) illustrates several important aspects of coupled data
assimilation. When observing only one (the first) component, the analysis is
identical to the de-coupled assimilation of the first component (e.g., (4.7)). This
means that, although the coupled covariance has cross-component correlations, the
analysis of the first component does not benefit from the coupling. Although the
second component is not observed, the analysis of the second component is
impacted by the observation of the first component (e.g., (4.8)). A closer inspection
reveals that this was possible only because of the non-zero cross-component error
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covariance ρ12, assuming y1 ≠ x f1 . This is a very important result of coupled data
assimilation, as it indicates that it is possible to change the analysis of a coupled
component even if it is not observed. There are often instances when one com-
ponent, e.g., land surface, is not well observed, while the other component, e.g.,
atmosphere, is well observed. The above results suggest that the land surface
control variables can still be adjusted in the analysis. Note that this would not be
possible in the stand-alone land surface analysis system.

5 Structure of Coupled Forecast Error Covariance

In this section we conduct single observation experiments in order to understand
and illustrate the structure of coupled forecast error covariance. As suggested
above, the true power of coupled data assimilation comes from the cross-component
correlations. They allow a more efficient use of observations by impacting all
control variables, and thus produce a more balanced change of control variables.
The structure of forecast error covariance can be assessed using a single observation
experiment setup, where only one observation at a single point is assimilated (e.g.,
Thepaut et al. 1996; Whitaker et al. 2009). We apply the Maximum Likelihood
Ensemble Filter (MLEF—Županski 2005; Županski et al. 2008) as a coupled data
assimilation system. In all experiments we use 32 ensembles. Since this system is
employing the ensemble coupled error covariance, there is no need to model the
cross-components as they are created automatically by the ensemble forecasting.

As a first example we consider a land-atmosphere coupling by using the NASA
Unified Weather Research and Forecasting (WRF) model (Peters-Lidard et al. 2015)
that has an implicit coupling between Noah land surface model and the WRF
atmospheric component. The horizontal model resolution of the parent domain is
27 km with the nest at 9 km. There are 31 vertical layers in the atmosphere, and 4
vertical layers in the soil. The control variable includes atmospheric variables (per-
turbation surface pressure, perturbation potential temperature, perturbation geopo-
tential, horizontal winds, specific humidity) with clouds (cloud ice, cloud snow, cloud
rain, cloud water, graupel) as well as land surface variables (soil moisture, soil
temperature). We assimilate a pseudo-observation of cloud rain at 700 hPa and
evaluate its impact in the analysis, in particular on land surface variables.

The analysis increments xa − x f
� �

for cloud rain and soil moisture are shown in
Fig. 2. One can note that auto-correlation of cloud rain is adequately represented by
the ensemble, indicating the maximum near the observed location and the response
in the lower troposphere spreading down to surface (Fig. 2a). From the coupled
data assimilation point of view, the analysis increments of soil variables are more
interesting (e.g., Fig. 2b). First, one can see that the soil moisture analysis incre-
ments are non-zero, implying the existence of the cross-component correlation
between cloud rain and soil moisture. The impact of cloud rain pseudo-observation
has spread into all soil layers, with stronger impact at the near-surface layers.
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A possible physical interpretation of these results is that an increase of cloud rain at
700 hPa induces an increase of moisture at the surface, which eventually spreads
into the soil causing an increase of soil moisture. A careful investigation of the
location of these impacts shows that the analysis increments of soil moisture lags
the analysis increment of the atmospheric variable by about 60 km, with a shift
towards the east. This suggests that the forecast error does not represent an
instantaneous response, which would be characterized by a response at the same
location. Rather, it reflects the interactions between atmosphere and soil as repre-
sented by the coupled modeling system, in this case characterized by a delay of land
surface response. This potentially relates to the issue of spatiotemporal scale
interaction in the coupled system (Sect. 3.5), but certainly requires further
evaluation.

As a second example we consider a coupled atmosphere-chemistry model
WRF-Chem (Grell et al. 2005). The control variables include the standard atmo-
spheric variables and five species of chemical constituents (o3, so2, so3, no2, no3).
The single observation experiments that examine the structure of the coupled
atmosphere-chemistry error covariance have been published in Park et al. (2015).
Here we present several additional cross-component correlations that confirm the
inherent complexity of the coupled forecast error covariance. As in Park et al.
(2015), we assimilate the Ozone Monitoring Instrument (OMI) total column ozone
at a single point. In Fig. 3 we present the additional cross-component correlation
that such atmosphere-chemistry coupled system describes, in terms of specific
humidity (Fig. 3a) and east-west wind component (Fig. 3b). One can notice that
both atmospheric components have well-defined analysis increments in both ver-
tical and horizontal directions. Specific humidity has somewhat smaller magnitudes
than the wind. It is also interesting to note that analysis responses for atmospheric

Fig. 2 Vertical cross-section of analysis increments xa − x f for a cloud rain (kg/kg), and b soil
moisture (kg/kg), as a response to a single pseudo-observation of cloud rain at 700 hPa. Note that
the vertical index increases downwards for soil moisture, thus defines the depth. The vertical
location of single observation is near level 11
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variables are located in middle and lower troposphere, while the maximum ozone
response is at 250 hPa (e.g., Park et al. 2015). These analysis increments confirm
that the cross-component covariance holds important information that could
potentially benefit coupled atmosphere-chemistry data assimilation.

Lastly, we consider the experiment with coupled atmosphere-aerosol-chemistry
model, which is the WRF-Chem model with the Goddard Chemistry Aerosol
Radiation and Transport (GOCART) aerosol model (Chin et al. 2000) that includes
the prediction of sulfates, black carbon, organic carbon, sea salt and dust. In par-
ticular, we investigate the correlations between ozone and dust. These correlations
are largely unknown, but this example suggests that they do contain information
that could be made useful in coupled data assimilation. The augmented control
variable includes atmospheric variables, chemistry variables, and the aerosol vari-
ables (dust) at 0.5, 1.4, 2.4, 4.5 and 8.0 μm. As in the previous example we
assimilate a single point OMI total column ozone observation. The analysis
increments for selected dust variables are shown in Fig. 4. The cross-component
correlation between ozone and dust indicates that the maximum analysis response
of dust to ozone observation is at 300-400 hPa. One can again notice well-defined
analysis increments, which suggests that the cross-component correlations are not a
noise; rather, they appear to be a signal with important information about the
coupled system uncertainties. A closer inspection of Fig. 4a, b shows that, although
the responses are similar, larger dust particles have the maximum response at lower
levels than small particles. Also, the magnitude of the increments is larger for
smaller dust particles.

In overview, the above results indicate that the structure of coupled ensemble
forecast error covariance is complex and contains important cross-component
correlations, with potential benefit for coupled data assimilation.

Fig. 3 Vertical cross-section of analysis increments xa − x f for a specific humidity (kg/kg), and
b east-west wind component (m/s), as a response to a single observation of total column ozone.
The single observation location is near level 24
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6 Summary and Future

Coupled data assimilation is an important component of the coupled system
modeling. It holds a great potential for improving the forecast of various Earth
science components, as well as for better understanding of the coupled systems’
state and uncertainty.

The coupled data assimilation formally represents a system very similar to single
component data assimilation, however with increased difficulty. Main challenges
that make coupled data assimilation difficult are associated with the structure of the
forecast error covariance, the augmented control variable, the increased state
dimensions, potentially non-Gaussian errors, and the interactions between the
coupled components characterized by different spatiotemporal scales.

A simple two-component coupled system analysis indicates the relevance of the
cross-component correlations. In particular, the cross-component correlations have
a potential to increase the utility of observations in data assimilation by spreading
the information throughout the components. The conducted single observation
assimilation experiments confirm that the structure of cross-component correlations
is complex and clearly related to the dynamical links between the coupled com-
ponents and their control variables.

Numerous challenges of coupled data assimilation are still remaining, in par-
ticular related to the use of hybrid variational-ensemble systems, as the
cross-component correlations of hybrid error covariance, coming from both the
variational and ensemble methodologies, need to be reconciled. However, given the
relevance and the increased interest in performing the forecasts with coupled
modeling systems, the role of coupled data assimilation and its benefits will likely
steadily increase.

Fig. 4 Vertical cross-section of analysis increments xa − x f in response to a single OMI total
column ozone observation for a dust-1 (0.5 μm), and b dust-5 (8.0 μm)
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