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Abstract

In Ensemble Kalman Filter (EnKF), space localization is used to reduce the impact

of long-distance sampling errors in the ensemble estimation of the forecast error

covariance. When two variables are not physically correlated, their error covariance is

still estimated by the ensemble, and therefore it is dominated by sampling errors. We

introduce a “variable localization” method, zeroing out such covariances between unrelated

variables to the problem of assimilating carbon dioxide concentrations into a dynamical

model using the Local Ensemble Transform Kalman Filter (LETKF) in an Observing

System Simulation Experiments (OSSE) framework. A system where meteorological and

carbon variables are simultaneously assimilated is used to estimate surface carbon fluxes

that are not directly observed. A range of covariance structures are explored for the

LETKF, with emphasis on configurations allowing non-zero error covariance between

carbon variables and the wind field, which affects transport of atmospheric CO,, but not

between CO, and the other meteorological variables. Such “variable localization” scheme

zeroes out the background error covariance among prognostic variables that are not

physically related, thus reducing sampling errors. Results from the identical twin

experiments show that the performance in the estimation of surface carbon fluxes obtained



30  wusing ‘“variable localization” is much better than that using a standard full covariance

31 approach. The relative improvement increases when the surface fluxes change with time

32 and model error becomes significant.
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1. Introduction

An Observing System Simulation Experiments (OSSEs) system for carbon cycle data

assimilation has been created in parallel to a similar system that uses real meteorological

and CO2 observations, and a state of the art model (Kang, 2009; Liu et al., CO, transport

uncertainties from the uncertainties in meteorological fields, submitted to Geophys. Res.

Lett, 2011). The ultimate goal of these parallel projects is to estimate not only

atmospheric CO; but also surface carbon fluxes. This is a challenging problem plagued

with obstacles whose origin frequently cannot be even identified using real data and

without knowing the “truth”. In the course of performing OSSEs, we have found several

algorithms that can substantially improve the results. The focus of this paper is on one of

these algorithms, “variable localization” that reduces sampling errors and can be also

applied to other problems in data assimilation.

The Local Ensemble Transform Kalman Filter [LETKF, Hunt et al., 2007], like other

Ensemble Kalman Filter (EnKF) methods [Evensen, 1994; Houtekamer and Mitchell, 2001;

Anderson, 2001; Bishop et al., 2001; Whitaker and Hamill, 2002; Ott et al., 2004, Zupanski,

2005, and others], produces an analysis using a multivariate background error covariance

matrix that contains an estimation of the error correlation between the dynamic variables.
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When the variables are physically related to each other, the multivariate background error

estimation helps the analysis to efficiently correct the forecast errors. Indeed, Liu et al.

[2009] have shown that a multivariate assimilation of AIRS (Atmospheric Infrared

Sounder) humidity retrievals has lower wind analysis errors than the standard univariate

assimilation used in operational numerical weather prediction (NWP) system that does not

account for the error covariance between humidity and winds. However, standard

multivariate EnKF also allows for error covariances among model variables even if some of

those variables are not physically related to each other. In this case, the estimate of the

error covariance will be solely due to sampling errors.

The direct solution to reduce sampling errors would be to increase the number of

ensemble members, but this is not a practical solution because of computational and storage

requirements. It is common practice in EnKF with a limited ensemble size to introduce

“space localization” into the background error covariance [Houtekamer and Mitchell, 2001;

Hamill et al., 2001]. The background ensemble perturbations have error covariances that

are good estimates of real covariances over relatively short distances of up to about 500-

1000 km in the global NWP applications. At longer distances, the background errors are

still apparently correlated, but these correlations become dominated by sampling errors, and
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can seriously harm the analysis. In the widely adopted technique of “space localization”

to solve the problem of long-distance spurious correlations, the background error

covariance terms are multiplied by an approximation of a Gaussian function that decreases

with the distance between the two grid points whose error covariance is being computed

and becomes negligible at distances greater than about 1000 km [Gaspari and Cohn, 1999].

In our carbon cycle data assimilation OSSEs, we apply a similar concept whenever two

variables are not physically related and therefore estimates of their error covariances are

spurious. In that case, we avoid spurious correlations by zeroing out these covariances

due to sampling errors. For example, atmospheric CO, concentration is determined by the

wind transport as well as by CO, surface fluxes. However, the evolution of the carbon

variables is likely to have a much less significant dependence on some other variables such

as the specific humidity or surface pressure. If this is the case, we zero out the error

covariance between the atmospheric CO;, and both of specific humidity and surface

pressure in the analysis. This new methodology is denoted as “variable localization” by

analogy with space localization, because the background error covariances between

variables that are not physically linked in a significant way are zeroed out.

There are several previous studies that estimate surface carbon fluxes via data
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assimilation. Baker et al. [2006, 2008] have applied a four-dimensional variational (4D-

Var) method to their OSSEs while Peters et al. [2005, 2007] and Feng et al. [2008] have

used EnKFs. Peters et al. [2005, 2007] have assimilated observations from the ground-

based stations whereas Feng et al. [2008] have used simulated observations of satellite

data, Orbiting Carbon Observatory [OCO; Crisp et al., 2004]. Furthermore, as a part of

Global and regional Earth-system (Atmosphere) Monitoring project [GEMS, Hollingsworth

et al., 2008], a system with a two-step approach has been built for a carbon cycle data

assimilation system: the first is to assimilate satellite and in situ data to monitor the

atmospheric CO, within a 4D-Var [Engelen et al., 2009] and the second is a variational flux

inversion system [Chevallier et al., 2009a and b]. These studies have shown the

meaningful results in estimating surface CO, fluxes from the atmospheric CO,

concentration observations of in-situ data as well as the satellite data. On the other hand,

Zupanski et al. [2007] have applied Maximum Likelihood Ensemble Filter [Zupanski,

2005] to bias estimation of surface CO, fluxes over a local area with several tower

observations.

In these studies, surface CO, fluxes are estimated by assimilating the observations of

atmospheric CO; concentration, but not by any direct observations of carbon fluxes or other
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meteorological variables. In order to link the surface carbon fluxes with the atmospheric

CO, concentrations, these studies have used transport models that play an important role in

transferring information from the atmospheric CO, observations to corresponding changes

in the surface flux of carbon. Also, these studies need a priori information about the

carbon variables as an initial guess that is pre-calculated using independent observations or

model simulations because the problem of determining surface carbon fluxes is otherwise

ill-posed [Enting, 2002]. The surface CO, fluxes are determined by minimizing the

squared normalized difference between the simulated CO, concentration and the observed

CO,, and a priori error for the atmospheric CO, concentrations and fluxes based on their

error covariances.

So far, data assimilation studies of carbon fluxes have not yet accounted for transport

errors in the atmospheric CO, forecast that can be caused by both the imperfections of the

transport model and the uncertainty of wind analysis which drives the transport model, even

though many studies [Gurney et al., 2004; Baker et al., 2008; Stephens et al., 2007;

Miyazaki, 2009] have found that the accuracy of atmospheric CO, forecasts depends on

those transport errors. The Bayesian synthesis approaches, usually referred to as inversion

modeling, [Bousquet et al., 2000; Gurney et al., 2004; Rodenbeck et al., 2003] have been
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used to estimate surface carbon fluxes prior to the advent of the data assimilation studies

discussed above, and also have the same limitation stemming from unresolved transport

errors. Indeed, some studies [Gurney et al., 2004; Baker et al., 2008; Stephens et al.,

2007] have pointed out that the transport errors can cause biases in both the atmospheric

CO, analysis and the surface CO, flux estimation. Notably, Miyazaki [2009] shows a

significant contrast in the results of atmospheric CO; forecast obtained using wind fields of

different accuracies. This result strongly emphasizes the importance of wind uncertainty

in carbon cycle data assimilation.

As a complement of our real-data experiments (Liu et al., 2011), we present here a

similar OSSE carbon cycle data assimilation system that simultaneously assimilates the

observations of meteorological variables (wind, temperature, humidity, and surface

pressure) and atmospheric CO,. The system analyzes not only these meteorological

variables and atmospheric CO,, but also the surface CO, fluxes. Since our method

generates the analysis of meteorological variables and carbon variables simultaneously, we

do not need to run a transport model for carbon variables in addition to running a forecast

model for meteorological variables. Besides, results of our method do not depend on a

priori information on the initial condition of carbon variables which, like the
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meteorological variables, spin-up and converge even if the ensembles are started from

smooth random fields [Zupanski et al., 2006]. Since our challenging ultimate goal is to

estimate surface CO, fluxes from a simultaneous analysis of meteorological variables and

carbon variables, we have tested new techniques to improve the ability of EnKF to reach

this goal. Here we introduce one of these techniques, “variable localization” that can be

usefully applied in any EnKF system.

Previous data assimilation estimates of surface carbon fluxes [Baker et al., 2006, 2008;

Peters et al., 2007; Feng et al., 2008; Chevallier at al., 2009a] can be considered as

belonging to the case of “carbon-univariate” analyses where the atmospheric CO,

concentrations and the surface CO, fluxes are updated by themselves, without including

error correlations between these carbon variables and meteorological variables. In this

study, various types of analyses including error covariances are introduced and compared,

ranging from a standard “fully multivariate” analysis to a ‘“carbon-univariate” analysis

within the LETKF framework. Because this is the first test of a new methodology, this

work is limited to OSSEs (in a “twin experiment” approach) in which the observations are

sampled from a “nature run” assumed to be the true evolution of the system and assimilated

using the LETKF. For simplicity, we also assume that the model is perfect except in the

10
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last experiments where the surface fluxes of carbon are varied in the nature run but not in

the forecast model, and we focus on the impact of various “variable localization”

techniques.

The paper is organized as follows. Section 2 provides a description of the model used

for this study and the various “variable localization” schemes tested within the LETKF data

assimilation framework. Section 3 describes the experimental design. Results are shown

in section 4, and we summarize and discuss our findings in section 5.

2. Methodology

2.1. Model: SPEEDY-C

The SPEEDY model [Molteni, 2003] is an atmospheric global, primitive equation

general circulation model (AGCM) with simplified physical parameterization schemes that

is computationally efficient, but it maintains the basic characteristics of a state-of-the-art

AGCM with complex physics. The version used for this study has triangular truncation

T30 with 7 vertical sigma levels, and has five dynamical variables including zonal (U) and

meridional wind (V) components, temperature (T), specific humidity (q), and surface

pressure (Ps).

11
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To incorporate atmospheric carbon dioxide concentration (C) and surface flux of
carbon dioxide (CF), the SPEEDY model is extended to the “SPEEDY-C” model, which
contains these carbon-related variables.

@ +3(C)=CF (1)

ot
Equation (1) shows how the tendency of atmospheric CO; is calculated in SPEEDY-C,
where 3(C) represents the atmospheric 3-dimensional transport and mixing. In this
study, chemical processes affecting atmospheric carbon dioxide are ignored since CO, in
the atmosphere is essentially inert. Moreover, there is no feedback between the integrated
CO; and the radiative properties of the SPEEDY-C model. Surface flux of carbon (CF) on
the right-hand side of Equation (1) provides sources and sinks of CO,. Carbon flux on the
surface (CF) is converted into the atmospheric CO, concentrations added to the lowest
layer of the model. In reality, several types of forcings make up this flux: fossil fuel
emission, land surface fluxes due to vegetation and land use change, and ocean fluxes. In
this OSSE study, we test the ability of our data assimilation systems with a “variable
localization” to estimate surface CO; fluxes, so for simplicity we assume that the CF is due

only to constant fossil fuel emissions for most of experiments. However, in the last

experiment (shown in Figure 10), we do allow for variable fluxes associated with

12
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vegetation and ocean in the nature run but not in the forecast model run. Thus, the
SPEEDY-C has six prognostic variables (U, V, T, q, Ps, C), along with either a constant or a
variable forcing (CF) which is not changed by the model.
2.2. The LETKF

The LETKF is an ensemble Kalman filter method where the background error

covariance P® among the variables can be estimated as
b 1 bybT
pb -~ XbX ()
K-1

where X" is the matrix whose columns contain a departure of each ensemble forecast
(x*™) from the ensemble mean (X°): the i-th column of X° is x"V -x", {i=1,2,...,K},
K is the number of ensemble members and X is a state vector of dynamic variables at the
model grids. The evolution of P®, which contains the background error covariance
among the dynamic variables, is accounted for in every analysis step so that temporally and
spatially varying uncertainties in the background are considered when analyzing variables.

The first step of the analysis is to compute X°. Then, the observation operator h is
applied to the ensemble forecast X’ to transform the background from the model grid

space to the observation space, y*” =h(x""). Let Y° =y°® —y® {i=12,...,K} be

the background perturbations in the observation space. Then, the estimation of the

13
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background is ready to be compared with observations in the same space.

In order to produce the analysis at every grid point, the LETKF assimilates only

observations within a certain distance from each grid point so that the following analysis

computations are performed locally. The analysis mean, X; , is given by

Xy =Xq, + X{, W, 3)
where W,,, is the mean weighting vector calculated by

W, =Po (Ya) Ry (Y6, ~ Vi) 4)

Here, IS(E,’) = [(Yﬁ))T R(’Il) (Y(?))+(K —~DI/p]™" is the analysis error covariance in the
ensemble space, R is the observation error covariance matrix, y° is the observation
vector, and p is the inflation factor (see section 2.3.3 for details), and the subscript (1)
means a quantity defined on a local region centered at the analysis grid point |. Within a
local region, space localization is carried out by multiplying the inverse observation error
covariance matrix R(’,l) by a factor that decays from one to zero as the distance of the
observations from the analysis grid point increases [Miyoshi, 2005, Hunt et al.. 2007,
Greybush et al., 2010].

The analysis increment, X, —i?,) (Egns. 3 and 4), is given by the background

perturbation matrix multiplied by the weight vector which is a function of the

14
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innovation, y ), —7?,) , and error statistics of both background and observation. Thus, the
analysis reflects observational information more than background information if the
background error is greater than the observation errors, and vice versa. In addition, the

ensemble perturbations of the analysis are determined by

xa

4, =X [(K=DP§ ]2 (5)

)
With (5) we obtain the estimation of analysis uncertainty in addition to the analysis mean.
The global analysis ensemble x*®, {i =12,..., K}, is formed by gathering the values
obtained for X, and X{, atall the analysis grid points. (see Hunt et al. [2007] for
more details and discussion on LETKF.)
2.3. LETKF application to the SPEEDY-C: variable localization
2.3.1. Motivation
In order to estimate not only the model prognostic variables (U, V, T, q, Ps, C) but also
the unknown surface fluxes field (CF), we use an augmented state vector X consisting of
(U, V, T, q, Ps, C, CF) at all model grid points, where CF, like Ps, is defined at the model
surface grid points. This augmentation enables the LETKF to directly estimate the

parameter like any other (unobserved) variable through the background error covariance

with the observed variables [Baek et al., 2006; Annan et al., 2005].
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More sophisticated schemes can be designed by taking into account that dynamical

interactions of the augmented variables are not homogeneous in the SPEEDY-C. As

shown in Equation (1), atmospheric CO, (C) is advected by (U, V) and forced by surface

carbon fluxes (CF) but has no direct interaction with (T, q, Ps). In contrast, none of the

meteorological variables (U, V, T, q, Ps) is dynamically affected by C or CF while CF is

not affected by any of the dynamical variables (U, V, T, q, Ps), at least within the SPEEDY

model formulation. When sampling the standard fully multivariate background error

covariances using a finite-size ensemble (Figure 1a), however, spurious correlations may

arise between the variables. This motivates us to develop analysis schemes by grouping

the variables based on the idea of the localization according to the *““dynamical distance

between the variables”. This “variable localization” attempts to manage the correlations

between the model variable groups, like the conventional localization attempts to suppress

the spurious correlation based on the “physical” distance.

Various analysis methods are possible according to the method used to group variables.

For example, if one groups an analysis state vector of only carbon variables (C, CF) and

the other of meteorological variables (U, V, T, q, Ps) separately (Figure 1le), the analysis of

carbon is determined by only assimilating atmospheric CO, observations univariately for

16
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carbon (Equations 3-5). In this case, the surface CO, fluxes are updated by the
multiplication of a background perturbation matrix of surface CO; fluxes and the weight
vector (Equation 4) as calculated from the forecast and the observations of atmospheric
CO; concentrations. If the analysis state vector is designed to include other
meteorological variables in addition to (C, CF), then the analysis can reflect the
background error covariance among all those variables in order to estimate surface CO;
fluxes multivariately (e.g., Figure 1a). Such an approach implies that the analysis allows
error information to flow from carbon to the meteorological variables in the state vector
and vice versa.
2.3.2. Different covariance structures for analyses: variable localization

In this study, we introduce variable localization and test five analysis methods
characterized by the PP configurations based on the “dynamical” distance between
variables (Figure 1). The first method is the standard fully multivariate analysis
(hereafter referred as mult) in which the errors of all dynamic variables are coupled in the
background error covariance (Fig 1a). This scheme (used in present EnKF methods)
allows errors in all variables to be potentially correlated with one another. As a result,

the system gives more weight to the atmospheric CO, observations whenever any of the

17
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dynamic variables have a larger uncertainty in the background field. On the other hand,
the uncertainty of the carbon variables can also change the weight vector W, (Equations
3 and 4), which is shared among all dynamic variables. Analysis uncertainty of all
variables (U, V, T, q, Ps, C, CF) is determined by Equation (5).

The second method is based on the notion that in our model the surface fluxes are only
physically related to the atmospheric CO, but not to other dynamical variables. That is,
the white areas of background error covariance matrix P° in Figure 1(b) contain sampling
errors rather than any useful error correlations or covariances. Thus, we zero out those
white areas, the covariances between CF and all variables except atmospheric CO,, in order
to eliminate sampling errors in these correlations (localized-multivariate analysis: L-mult,
Fig 1b). This scheme has two separate analyses, one for (U, V, T, q, Ps, C) (in grey) and
the other for CF (in black). Analysis of surface carbon fluxes assimilates only
atmospheric CO, observations but not the observations of meteorological variables for

computing W, and the uncertainty of CF. In contrast, the analysis of the dynamic

variables except CF assimilates all available observations of (U, V, T, q, Ps, C) for

computing the other W, and their analysis uncertainty. In other words, a set of

Equations (4)-(5) is computed separately having X,=(U, V, T, q, Ps, C) and X,=(C, CF) to

18
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get each weight vector W, and analysis error covariance IB(T) for updating (U, V, T, q,
Ps, C) and CF respectively. Eliminating spurious correlations with carbon fluxes is
especially important since we do not start the analysis with any a priori knowledge of
carbon variables. Because CF is not constrained by any direct observations, it is very
possible for the CF to degrade the analysis of the other variables due to bad initial values at
the initial stage of the mult analysis. Thus, poor initial conditions for carbon may degrade
the analysis of other meteorological variables in the mult analysis whereas L-mult prevents
initial carbon from poorly influencing the analysis of all other dynamic variables.

The third method is the 1-way multivariate analysis (1way) based on the notion that
wind uncertainties should be able to provide useful information to update carbon variables,
whereas the sampling error in the carbon variable is assumed to be too large to provide a
positive impact to the wind assimilation (Fig. 1c). In the 1way scheme, the atmospheric
CO, concentrations and surface CO, fluxes are updated using an error covariance that
includes the wind fields, while the wind and other atmospheric variables such as
temperature, specific humidity, and surface pressure are updated separately and are not
affected by these two carbon variables (Fig 1¢). This scheme was also found useful by Liu

et al. [2009] when assimilating AIRS moisture retrievals.
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The fourth method is also based on the 1way system, but zeroing out the background

error covariance between surface carbon fluxes and wind fields. We refer to this as the

localized-1way multivariate analysis (L-1way, Fig 1d), as in the case of the L-mult scheme.

It is based on the idea that winds transport atmospheric CO, but not surface carbon fluxes,

and thus their errors should be uncorrelated. @ Here, the resulting analysis of

meteorological variables should be exactly same as in 1way (Fig. 1¢). The comparison of

the L-lway method with lway provides a measure of the direct impact of wind

uncertainties on the estimation of surface CO, fluxes.

The last method considered is the Carbon-univariate analysis (C-univ). In this

method, atmospheric CO, concentration and surface CO; fluxes are updated only by these

two variables themselves, unaffected by other atmospheric variables (Fig le). The

forecasts of atmospheric CO; are still driven by the ensemble of wind fields. Although the

ensemble transport of CO, provides some information about wind uncertainties to the

background state of atmospheric CO; in C-univ, the transport error term is not explicitly

used for the carbon analysis.

2.3.3. Inflation of the background covariance

In practice, the ensemble forecast tends to underestimate the uncertainty in its state
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estimate because of limited ensemble size, model errors and nonlinearities. To

compensate for this underestimation, it is necessary to inflate the background covariance

(or the analysis covariance) during each data assimilation cycle. For the inflation factor,

multiplicative inflation has been applied in this work [Anderson and Anderson, 1999].

This is carried out by multiplying the background perturbation from the ensemble mean by

a factor larger than one (p). It is common to tune this inflation parameter manually;

however, such tuning is expensive, and becomes infeasible if the inflation factor is allowed

to depend on space and time, and/or the variable. Since we have found that the carbon

variables require quite different inflation factors compared to the inflation for the

meteorological variables, the adaptive inflation estimation introduced by Li et al. [2009]

has been used to estimate the inflation factors for the meteorological variables, on the one

hand, and the atmospheric CO, concentration on the other. Li et al. [2009] estimated

simultaneously the adaptive inflation and observation errors, using the equations derived by

Desroziers et al. [2005]. Here we assume that the observation error statistics are correct,

and we calculate the inflation adaptively for each vertical layer separately. Moreover, for

the atmospheric CO; in the lowest layer, we calculate and apply two separate inflation

factors over the land and the ocean areas. The methodology of Li et al. [2009] compares
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the analysis increment (analysis minus background) and the observation increment

(background minus observation) with the expected values in observation space. Thus, that

methodology is only available for variables having observations, which means we need to

apply a different method for the inflation of surface carbon fluxes (CF). Our approach for

CF is similar to the covariance relaxation method of Zhang et al. [2004], except that we let

the analysis perturbations maintain the same spread as the background. More details

about the adaptive inflation methods can be found in Li et al. [2009] and Zhang et al.

[2004].

3. Experimental design: Observing System Simulation Experiments (OSSES)

In the OSSEs, the SPEEDY-C model with a total constant fossil fuel emission of

6PgC/yr [Andres et al., 1996; Figure 2a] is used to create the “nature run” assumed to be

the true state in this study (but we also perform an OSSE with varying surface fluxes,

obtained with a model with interactive vegetation, see Figure 10). Simulated observations

are then obtained from this “nature run” by adding random observational errors. Standard

deviations of the simulated observation errors are listed in Table 1. For the atmospheric

variables, the observations have the spatial distribution of the rawinsonde network, with
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about 9% coverage of grid points globally (Figure 3a), with more observations in the
Northern Hemisphere mid-latitudes.

Atmospheric CO, concentration is assumed to be observed from three different
measurements: one comes from 18 in situ data locations which have continuous records of
CO; concentration near the surface (Figure 3b: crosses); another source is from 107 flask
data sites which observe CO, concentrations near the surface every week (Figure 3b: closed
circles); lastly, GOSAT column data [Yokota et al., 2004] are used (Figure 3b: gray lines),
with orbital return periods of three days. For simplicity, in this simulation we did not
account for the impact of cloud screening. We assume that the GOSAT data have the
same averaging kernel as OCO [Wang et al., 2009], i.e., nearly constant from the surface to
the top of atmosphere. For this column data, the column observation increments are
localized to each vertical level by the normalized averaging kernel for each level as

follows:

y? =h(x")=A' (HXb)=Zk:ai(HX?) (6)

where k is the number of vertical levels, H the spatial interpolation operator, y® the model

predicted CO, column mixing ratio, A the averaging kernel, and a; the element of A at

the i-th vertical level. We localize the j-th ensemble forecast column CO, to i-th vertical
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level by the i-th averaging kernel element &, as y?’i =ai><y:.J and the column CO,
observations to the i-th vertical level by a, as y/ =a;xy°. Then, y°, and y’ are
compared during the analysis.

In the data assimilation system, the same model as the “nature run” is used for the
ensemble forecasts of 20 members (K=20), so that there is no model error (except for the
last experiment where the nature model has variable carbon fluxes not included in the
forecast model). Our goal is to test the impact of “variable localization” schemes in
estimating the spatial distribution of true CF shown in Figure 2a. Since CF is a forcing
term in the SPEEDY-C not changed by the forecast, it is updated only by the analysis step
of data assimilation, and the updated forcing from the analysis is then used for the next
forecast.

The initial ensemble members are chosen by random sampling from a long term
simulation of the SPEEDY-C and a SPEEDY-C coupled with a dynamic terrestrial carbon
model VEGAS [Zeng et al., 2005] (hereafter referred as SPEEDY-VEGAS; Kang, 2009) in
order to generate fields of the initial ensemble background with no a priori information
about the nature run: 20 states of (U, V, T, q, Ps) and C are chosen randomly in time over an

one-year SPEEDY-C output and a three-year SPEEDY-VEGAS run respectively, and then
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they are added by small random perturbations. For CF, from 20 fields of CO,
concentration of the SPEEDY-C run in the midlevel at arbitrary times, we subtract the one-
day prior state of CO, concentration, and then convert the units of the field from ppmv/day
to kg/m*/s. Figures 2¢ and 2d show that the initial ensemble mean of the surface carbon
fluxes and the first level atmospheric CO, are very different from the true states in terms of
both spatial patterns and intensity. Since CO; concentration is well-mixed in the midlevel,
Figure 2d has very small values. Starting from these initial conditions without any a
priori information, we carried out the analyses of all dynamic variables for four months
using an analysis cycle of six hours.

The experimental settings described above are used for testing all schemes introduced
in this study to see the impact of “variable localization” techniques. In addition to these
experiments carried out in a perfect model and constant flux configuration, we have also
done another set of experiments testing the impact of variable carbon fluxes in the nature
model. With the same configuration of the observations and the same initial conditions,
we repeated the L-1way and C-univ experiments now including terrestrial and oceanic CO,
fluxes which evolve in time. We replace in “nature run” the CO, forcing every six hours

by the land surface CO, fluxes computed by VEGAS [Zeng et al. 2005] that includes the
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vegetation impact on the carbon cycle, and the monthly prescribed oceanic fluxes

[Takahashi et al., 2002] in addition to the fossil fuel emission used in the previous

experiments. We have produced one-year analysis and show the results for the last two-

month average in Section 4.

4, Results

Table 2 contains the global RMS errors for all variables from all the analysis schemes

during the last week of the 4-month data assimilation, and Figures 4 and 5 show the time

evolution of the global RMS errors in zonal wind and carbon variables. Other

meteorological variables have a similar pattern of RMS errors in the time series plot,

compared to the zonal wind. First, the standard fully multivariate data assimilation (mult)

has the worst results for all the wvariables. This is because mult allows for error

covariances among all variables in the analysis even though there is no physical

relationship between (C, CF) on the one hand and (T, g, Ps) on the other in the “nature”

model. Therefore, the estimations of the error covariances among these variables are only

due to sampling errors. Moreover, a poor representation of the initial surface carbon flux

can contaminate analyses of all variables in mult. As a result, the mult analysis has larger
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errors and eventually undergoes filter divergence, i.e., the feedback from the sampling

errors makes the analysis of meteorological variables so poor that the diagnosis of the

model variables in the forecast fails after 40 days. In theory, this problem of the mult

system could be resolved by using much larger ensemble size so that sampling errors are

reduced, but in practice this approach is not computationally feasible.

By eliminating the unphysical relationship between the carbon flux CF and (U, V, T, q,

Ps), L-mult prevents a poor initial representation of CF from degrading the analysis of the

other variables. Also, the analysis of carbon variables benefits from better states of other

variables (without a contamination of the surface carbon flux). As a result, the L-mult

analysis is improved significantly for all dynamic variables and filter divergence is avoided.

Still, there is unnecessary feedback between C and (T, q, Ps), which is negligible in nature.

Thus, L-mult is not the optimal method and can be improved further by additional variable

localization (Figure 4, 5 and Table 2).

In 1way, we zero out the background error covariance between (C, CF) and (T, q, Ps).

Furthermore, 1way does not allow any changes in the meteorological variables due to the

CO; variables. Compared with mult, this does not allow any feedback between carbon

variables (C, CF) and (T, g, Ps), but, in contrast with L-mult, it does include the covariance
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between CF and wind fields. Carbon variables from 1lway analysis are improved

significantly while the analyses of meteorological variables are, as expected, comparable

with the results of L-mult. Mean RMS errors (Table 2) show that the differences between

lway and L-mult are only on the order of 1% for (U, V, T, q, Ps) whereas 1way improves

the estimates of (C, CF) by 30-35%.

Figure 6 compares maps of the analysis errors in the zonal and meridional wind fields

obtained with 1way and with L-mult. Due to the distribution of the rawinsonde network

sites (Figure 3a), errors are large over the oceans and polar regions in both L-mult and

lway. The analysis of wind in lway has similar error patterns but smaller error

amplitudes than in L-mult. By contrast, 1way results in a major improvement in the

atmospheric CO; analysis as shown in Figure 7. Since L-mult considers the background

of (T, q, Ps) in addition to (U, V, C, CF) for analyzing the atmospheric CO,, the

background uncertainties of (T, q, Ps) can influence the weight between the background

and the observations of atmospheric CO,. Although a large uncertainty of temperature

can be related to the wind uncertainty so that the carbon dioxide concentration could be

affected by those wind errors, this is not a first-order effect and does not need to be

considered during the analysis. This is what the result in Figure 7 shows: L-mult has
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larger errors overall and the spatial pattern is not as smooth as the nature run or the results

from 1way. Because the L-mult analysis reflects more strongly the observations of

atmospheric carbon whenever there are large background uncertainties of (T, q, Ps) in

addition to (U, V, C, CF), atmospheric CO, observations are over-weighted for the case of

L-mult producing an analysis with additional noise (Figure 7a) compared with the case of

lway (Figure 7c). Over the ocean, where there are few observations of meteorological

variables, their estimated error, given by the background spread, is large. Thus, the L-

mult tends to give more weights to the atmospheric CO, observations than it should

because it considers the joint background uncertainties of (U, V, T, q, C, Ps) altogether.

We further localize the variables in L-1way by zeroing out the correlation between CF

and (U,V) from the 1way system. The analysis can still include the uncertainties in the

wind field to assist the analysis of atmospheric CO,, but the error of surface carbon flux is

coupled with only the atmospheric CO, uncertainty reflecting the fact that carbon flux is

only related to low level atmospheric CO, and not with the wind. Again, the

meteorological variables are not affected by (C, CF), so that the analysis of (U, V, T, q, Ps)

are exactly the same as in 1lway, also true for the C-univ analysis for the same reason.

From Table 2 and Figure 5, we find that L-1way has the best performance of five schemes
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for estimating surface CO, fluxes, while the result for atmospheric CO, concentration is

comparable with that from 1way (Figure 4). This implies that the surface carbon fluxes

should not be linked to the wind fields in the background error covariance matrix. As a

result, the spatial distribution of the analysis from L-lway in Figure 8 also shows a

promising performance in estimating surface carbon fluxes, capturing well the major source

regions in the Northern Hemisphere.

The last method considered, C-univ, has stable results in the analysis of the carbon

variables, but the surface carbon flux is slightly worse than that of L-1way (Figure 4, 5 and

Table 2). Interestingly, the RMS error of surface carbon analysis grows with time whereas

L-1way keeps reducing the errors (Figure 5). Since these two systems differ only in

whether the transport error is considered when analyzing the atmospheric CO,

concentrations, the gradual increase of RMS error in C-univ can be seen as a result of

neglecting transport errors.

Figure 9 displays global maps of analysis errors in surface CO, flux analyses resulting

from the L-mult, 1way, L-lway, and C-univ experiments (recall that the standard

multivariate LETKF without any variable localization blew up after 40 days). L-mult has

a broad area of overall errors (Fig 9a). It is apparent that the presence of an error
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covariance among all of the atmospheric variables is not helpful for the analysis of carbon,

since it just introduces sampling errors. By removing the irrelevant error covariance

between carbon and temperature, humidity, and surface pressure from L-mult, the results in

1way show improvement overall (Fig 9b) compared to the multivariate analyses. L-1way

provides further localization between the surface carbon flux and wind fields, compared to

1way, and hence obtains the smallest errors in carbon flux analysis. This technique clearly

has less error, especially over the oceans, than L-mult or 1way.

The approach embodied in C-univ has lost the error information contained in the

relationship between wind and atmospheric CO, uncertainties and hence has somewhat

worse results than L-lway. Indeed, over the polar regions (Figure 9d), C-univ has

spurious estimates of surface carbon fluxes in areas where there are large errors in the wind

analysis (Figure 6), whereas L-1way does not have those errors. We also note that the

error in C-univ over the polar region grows with time, and this leads to RMS error

increases in Figure 5. Thus, we can conclude that the reason for increasing RMS error in

the surface carbon fluxes is that transport errors are not accounted for in C-univ. In

addition, experiments with an imperfect model [Kang, 2009] indicate that the perfect model

assumption underestimates the impact of this deficiency of C-univ since transport errors are
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also underestimated in this scenario.

When we allow for time-varying surface CO, forcing, the estimation problem becomes

more difficult because we are not anymore under a perfect model scenario, since the

forecast model does not change the surface fluxes, only changed by the analysis cycle.

Thus, the overall errors for both schemes become larger and require further research on

potential improvements in the data assimilation techniques (see below). Nevertheless, the

relatively small advantage of L-1way compared to C-univ observed with constant fluxes

(Fig. 9¢ and Fig 9d) becomes much more significant (Figure 10) indicating that, for this

scenario, the estimation of surface CO; fluxes from L-1way is significantly better than that

from C-univ. It is important to note that L-1way outperforms C-univ especially over the

ocean and the Southern Hemisphere where the wind uncertainties are dominant due to the

lack of rawinsonde observations. Since the analysis cycle updates surface CO, fluxes

which in turn force the atmospheric CO, forecast for the next six hours, unresolved

transport errors when assimilating CO;, in C-univ can degrade the analysis of carbon

variables more in the case with the time-varying forcing than in the case with a constant

forcing.

We note that the adaptive inflation estimation has relatively large changes during the
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first ten days of the analysis when the errors in the initial conditions of the background

states are very large compared to the observation errors (not shown). The adaptive

inflation of the background covariance for the meteorological variables, which is estimated

initially to be about 35%, settles after spin-up at about 5% ( p =1.05 in Equation 4). The

inflation factor estimated for the atmospheric CO, concentration also decreases with time:

the inflation factor is estimated at about 50% during the first week and then converges in

time to less than 10%. These adaptive inflation factors are similar for all the variable

localization schemes that we have examined in this study. The inflation for the surface

carbon fluxes is estimated to be small, less than 2%, as could be expected for a variable that

is not observed [Anderson, 2009]. If instead, we allow the inflation for the carbon flux to

be the same as for atmospheric CO,, there is filter divergence in the estimation of the

surface carbon flux analysis. Thus, the adaptive inflation estimation algorithm [Li et al.,

2009; Zhang et al., 2004] appears to work quite well in the carbon cycle data assimilation

system.

5. Summary and Discussion

We have developed a method to estimate surface carbon fluxes via an EnKF data
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assimilation analyzing the meteorological variables and the carbon variables

simultaneously. The method is fairly efficient in terms of computational cost since it does

not require an additional run of the transport model as the observation operator during the

analysis, a step generally used in previous studies. In addition, simultaneous analyses

allow accounting for the important day-to-day wind uncertainties when analyzing CO,

variables. Atmospheric CO, observations are assimilated from a simulated network of in

situ (continuous record), flask (weekly record), and satellite-based measurements with

realistic resolution. The results of this study, although far from perfect, are promising

especially considering that no a priori information about carbon has been used.

The focus of this paper is a comparison of several “variable localization” schemes that

reduce sampling errors in the ensemble estimation of the covariance between physically

uncorrelated variables by zeroing out the background error covariance among these

variables. Since carbon variables in the nature run do not have a physical relationship

with temperature, specific humidity and surface pressure, the standard EnKF approach of

coupling errors of all variables in mult analysis induces sampling error into the system.

As a result, the accuracy of mult analyses for all dynamic variables gets progressively

worse together with surface carbon flux estimation until about 40 days, when filter
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divergence takes place. Of the five new methods introduced here, the localized one-way

approach, L-1way, has the best performance in the estimation of surface carbon fluxes. The

atmospheric CO; analysis includes the error covariance of CO; and surface carbon flux as

well as the wind transport error, which is strongly related to the forecast of atmospheric

CO,. This approach excludes the non-physical error covariance between the wind field

and surface CO;, flux and among the carbon variables and temperature, humidity, and

surface pressure, which are dominated by sampling errors. Moreover, the carbon variables

are not allowed to influence the analysis of meteorological variables because CO; is poorly

observed, and thus would increase the sampling errors in the better observed winds and

temperatures [Liu et al., 2009].

The results from L-1way can be contrasted with C-univ, which is closer to previous

studies in a sense that transport error covariances are not considered during the carbon

analysis. Nevertheless, the C-univ approach within EnKF does allow for information on

transport uncertainties because the different ensemble members have different winds, and

therefore different CO,; transports. As a result, the carbon univariate approach gives quite

good results when we use constant surface fluxes, although slightly worse than those

obtained with the L-1way approach. The improvement of L-1way over C-univ becomes
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much larger when the imperfection of CO, forecast becomes important. The advantages

of L-1way results compared to C-univ results demonstrate that it is necessary to resolve

transport error for the analysis of atmospheric CO,.

We note that the variable localization design of the most successful method in this

paper, the L-1way, is based on our OSSE experimental setting since, in our nature run,

atmospheric CO; is only transported and mixed by the wind fields and the varying CO; has

no radiative impact and thus no temperature dependence. In a more realistic model,

assimilating real observations, the variable localization technique we have introduced needs

to be adapted by considering the *““dynamical distance” between each pair of variables in a

real nature and model. If the background error covariance is dominated by sampling

errors, it will be beneficial to zero out the covariance as we did here, even if the two

variables are, to some extent, physically related. For example, biospheric and air-sea

carbon fluxes have diurnal, seasonal, and interannual variabilities that are modulated by

precipitation, temperature, cloud cover, relative humidity, and wind speeds. Only if the

atmospheric carbon model is realistic enough to represent well the covariability of two of

these variables, should the corresponding error covariance be retained. Furthermore, a

study with more realistic settings such as using a realistic model and an imperfect model
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assumption is required as a next step, in order to further examine the impact of this new

method on assimilating real observations.

We point out that, in this paper, we introduced the methodology of constraining the

unobserved surface CO, fluxes by assimilating atmospheric CO, observations

simultaneously with atmospheric observations allowing transport errors to be considered

during the analysis step. In principle, this methodology could be extended to the

estimation of surface moisture/heat fluxes from the assimilation of observations of

humidity/temperature in the atmosphere, another major challenge in current models.

Finally, we note that the results of these new techniques such as variable localization

and adaptive inflation have clearly improved our ability to estimate the surface fluxes, so

that these techniques can be used in other Ensemble Kalman Filter data assimilation

problems. Nevertheless, since our ultimate goal is to estimate as well as possible not only

the atmospheric CO, but also the surface carbon fluxes, it is clear that significant more

progress is needed, especially in the imperfect model scenario. We are doing research

with several promising additional new techniques, including the estimation of the model

bias, and the restructuring of ensemble perturbations that in time tend to align themselves

too much along the most unstable direction (leading local Lyapunov vectors). The
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611  difficulty of the problem makes clear the need to perform OSSEs as well as real data

612  experiments in order to understand what can be achieved with real data and what

613  techniques should be tested.
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Figure Captions

Figure 1. Schematic plots of background error covariance matrices (Pb=(xb)(xb)T/(K—l)) for
(a) mult, (b) L-mult, (c) 1way, (d) L-1way, and (e) C-univ analysis systems. Here, C
indicates atmospheric CO, concentration and CF indicates surface carbon fluxes. The
colors of the variable names are matched with the system used for their updates. White
areas with “no” indicate the error correlation between variables is assumed to be zero
during the analysis while areas with “yes” indicate that the errors are allowed to be
correlated. For example, in 1(d), the errors of the standard atmospheric variables are
coupled, the atmospheric CO, errors are coupled with those of the wind but the wind errors
are not coupled with the CO, errors (1-way coupling), and the surface carbon flux errors are

only coupled with the CO, errors.

Figure 2. True state of (a) surface CO, fluxes (6 PgC/yr) and (b) atmospheric CO,
concentrations in the lowest layer at the initial time, as well as initial ensemble mean of (c)
surface CO; fluxes and (d) atmospheric CO,. Units for atmospheric CO, concentration are

ppmv, units for surface CO, fluxes are 10° kg/m?/s.
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Figure 3. The simulated observational coverage of (a) meteorological variables (black dots)

and (b) atmospheric CO, concentration (gray lines: GOSAT column data, crosses:

continuous in situ data, closed circles: weekly flask data).

Figure 4. Time series of global RMS error of (a) U (m/s) and (b) atmospheric CO,

concentration in the lowest layer (ppmv) for four months of analysis. (solid gray: mult,

solid black: L-mult, dashed gray: 1way, dashed black: L-1way, dotted light gray: C-univ)

Figure 5. Same as Figure 4, except for the surface CO, fluxes.

Figure 6. Analysis error (unit: m/s) of (a) zonal wind and (b) meridional wind from the

localized multivariate analysis (L-mult) for the last three months of data assimilation. (c)

and (d): The same as in (a) and (b) except from 1way. Shading indicates positive errors and

contours indicate negative errors with the same color scale as the shading.
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Figure 7. Analysis (left column) of atmospheric CO, concentration in the lowest layer and
its error (right column) after four months of analysis. (a) and (b) results from L-mult, (c)
and (d) from 1way. Units are ppmv. Shading indicates positive errors and contours

indicate negative errors with the same color scale as the shading.

Figure 8. (a) True state of surface CO2 fluxes and (b) the analysis after four months of the

L-Iway (localized 1-way multivariate) data assimilation. (Units are 10” kg/m?/s.)

Figure 9. Analysis errors of surface CO; fluxes after four months of analysis. (a) results
from L-mult, (b) from 1way, (c) from L-1way and (d) from C-univ. Units are 10” kg/m’/s.
(Shading indicates positive errors and contours indicate negative errors with the same color

scale as the shading.)
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802  Figure 10. (a) True state of surface CO, fluxes from a time-varying terrestrial and oceanic

803  forcing and a fossil fuel emission, and the estimated surface CO, fluxes from (b) L-1way,

804  and (c) C-univ data assimilation for the last two months (November-December) of one-year

805  analysis
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806  Table 1. Standard deviation of errors used in creating the simulated observations.
807

Variable Std. dev. of error
U 1.0 m/s

A% 1.0 m/s

T 10K

q 0.1 g/lkg

Ps 1.0 hPa

C 1.0 ppmv
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811

812

813
814

815

Table 2. RMS error of variables from different localization schemes for the last week of

four-month analysis: one-week time average of every six hour values of

n
\/Z (x2 —=x')> /n, where x?/x' is the analysis/the truth at i-th point, and n is the total
i

number of grid points (units: CF=10"kg/m?*/s, C=ppmv, U and V=m/s, T=K, q=g/kg,
Ps=hPa). The errors corresponding to Ensemble Kalman Filter divergence are symbolically
represented as “infinite”.

mult L-mult lway L-1way C-univ
CF 0 8.65 6.10 5.65 5.79
C 00 1.05 0.68 0.71 0.67
U 00 1.32 1.32
\% 00 1.22 1.20
T 00 0.53 0.54
q 00 0.34 0.35
Ps 0 1.15 1.14
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824

(a) mult (b) L-mult

CF
q no
yes no yes
(c) 1 way (d) L-1 way

CF C

0 0
m no n no
0 O

ho yes no yes

(e) C-univ

CF C
e no
0

no yes

Figure 1. Schematic plots of background error covariance matrices (P’=(x")(x°)"/(K-1)) for (a) mult, (b) L-
mult, (¢) 1way, (d) L-lway, and (e) C-univ analysis systems. Here, C indicates atmospheric CO,
concentration and CF indicates surface carbon fluxes. The colors of the variable names are matched with the
system used for their updates. White areas with “no” indicate the error correlation between variables is
assumed to be zero during the analysis while areas with “yes” indicate that the errors are allowed to be
correlated. For example, in 1(d), the errors of the standard atmospheric variables are coupled, the atmospheric
CO, errors are coupled with those of the wind but the wind errors are not coupled with the CO; errors (1-way

coupling), and the surface carbon flux errors are only coupled with the CO, errors.
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825

826  Figure 2. True state of (a) surface CO, fluxes (6 PgC/yr) and (b) atmospheric CO;
827  concentrations in the lowest layer at the initial time, as well as initial ensemble mean of (c)
828  surface CO; fluxes and (d) atmospheric CO,. Units for atmospheric CO, concentration are

829  ppmv, units for surface CO, fluxes are 10™ kg/m?/s.
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Figure 3. The simulated observational coverage of (a) meteorological variables (black dots)
and (b) atmospheric CO;, concentration (gray lines: GOSAT column data, crosses:
continuous in situ data, closed circles: weekly flask data).
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Figure 4. Time series of global RMS error of (a) U (m/s) and (b) atmospheric CO;
concentration in the lowest layer (ppmv) for four months of analysis. (solid gray: mult,
solid black: L-mult, dashed gray: 1way, dashed black: L-1way, dotted light gray: C-univ)
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839  Figure 5. Same as Figure 4, except for the surface CO, fluxes.

58



840

841
842
843
844
845

(o) U Error: L—mult (b) V Error: L—mult

Figure 6. Analysis error (unit: m/s) of (a) zonal wind and (b) meridional wind from the
localized multivariate analysis (L-mult) for the last three months of data assimilation. (c)
and (d): The same as in (a) and (b) except from 1way. Shading indicates positive errors and

contours indicate negative errors with the same color scale as the shading.
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(c) ANAL:Tway

Figure 7. Analysis (left column) of atmospheric CO, concentration (ppmv) in the lowest
layer and its error (right column) after four months of analysis. (a) and (b) results from L-
mult, (¢c) and (d) from 1way. Units are ppmv. Shading indicates positive errors and

contours indicate negative errors with the same color scale as the shading.
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Figure 8. (a) True state of surface CO2 fluxes and (b) the analysis after four months of the
L-1way (localized 1-way multivariate) data assimilation. (Shading indicates positive errors
and contours indicate negative errors with the same contour scale as the shading. Units are
10” kg/m?*/s)
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Figure 9. Analysis errors of surface CO, fluxes after four months of analysis.

contour scale as the shading.)
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(a) results
from L-mult, (b) from 1way, (c) from L-1way and (d) from C-univ. Units are 10” kg/m”/s.

(Shading indicates positive errors and contours indicate negative errors with the same



(a) TRUTH_Cflx [NOV-DEC]

861

862  Figure 10. (a) True state of surface CO, fluxes from a time-varying terrestrial and oceanic
863  forcing and a fossil fuel emission, and the estimated surface CO, fluxes from (b) L-1way,
864  and (c) C-univ data assimilation for the last two months (November-December) of one-year
865  analysis.
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