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We develop and test new methodologies to best estimate CO2 fluxes on the 

Earthôs surface by assimilating observations of atmospheric CO2 concentration, using 

the Local Ensemble Transform Kalman Filter.  We perform Observing System 

Simulation Experiments and assimilate simultaneously atmospheric observations and 

atmospheric carbon observations, but no surface fluxes of carbon. For the 

experiments, we modified an atmospheric general circulation model to transport 

atmospheric CO2 and coupled this model with a dynamical terrestrial carbon model 

and a simple physical land model. 

The state vector of the model prognostic variables was augmented by the 

diagnosed carbon fluxes CF, so that the carbon fluxes were updated by the 

background error covariance with other variables.  We designed three types of 

analysis systems: a C-univariate system where CF errors are coupled only with CO2, a 



  

multivariate system where all the error covariances are coupled, and a one-way 

multivariate analysis where the wind is included in the carbon error covariance, but 

there is no feedback on the winds.  With perfect model experiments, the one-way 

multivariate analysis has the best results in CO2 analysis.  For the imperfect model 

experiments, we applied techniques of model bias correction and adaptive inflation.  

With those, we obtained a high-quality analysis of surface CO2 fluxes.  Furthermore, 

the adaptive inflation technique also provides a good estimate of observation errors.   

A new approach in the multivariate data assimilation with ñvariable 

localizationò, where the error correlations between unrelated variables are zeroed-out 

further improved the multivariate analyses surface CO2 fluxes. We note that with the 

simultaneous assimilation of winds and carbon variables, we are able to transport 

atmospheric CO2 with winds as well as, for the first time, couple their error 

covariances. As a result, the multivariate systems perform well, and do not require 

any kind of a-priori  information that should be pre-calculated by independent 

observations or model simulations.   

 The many new techniques that we developed and tested put us on a solid basis 

to tackle the assimilation of real atmospheric and CO2 observations, a project being 

carried out collaboratively by Dr. Junjie Liu under the direction of Prof. Inez Fung at 

UC Berkeley. 
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for atmospheric CO2 using the low-dimensional method. ............................... 138 
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Chapter 1: Introduction  

The atmospheric CO2 concentration has increased from about 280 parts per 

million (ppm) in the beginning of industrial age to more than 380 ppm today (Figure 

1.1).  Since the released CO2 in the atmosphere traps long-wave radiation emitted 

from the Earthôs surface, the global surface temperature has increased as much as 0.6 

± 0.2°C during the last century (Houghton et al, 2001).  Thus, an estimation of future 

atmospheric CO2 concentration has been highlighted as essential for the projection of 

the future climate. 

 
Figure 1. 1. Time Series of atmospheric CO2 concentration:  (Samiento and Gruber, 

2002; Barnola, 1999, and Keeling et al., 2000) 

 

From the comparison of growth rates between the fossil fuel emissions and 

atmospheric CO2 concentration, it has been found that only about half of the emitted 

CO2 remains in the atmosphere and the rest of it sequestered by the land and the 

Time series of atmospheric CO 2 (ppm)  
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ocean (Sarmiento et al., 2002).  Moreover, the increase rate of atmospheric CO2 has a 

significant variability on interannual timescales (Figure 1.2).  That means the capacity 

of the land and ocean CO2 uptakes are varying substantially with time and are 

strongly connected with the climate.   

 
Figure 1. 2. Time series of Growth rate in atmospheric CO2 (red) for past 25 years, and 

increase rate of released CO2 by fossil fuel emission (yellow).  Shaded green portion 

stands for the total surface CO2 uptake and blue vertical shading indicates El Nino 

years. 

 

This is a highly nonlinear problem which has complex interactions and 

feedbacks among all the components of land, ocean and atmosphere: the CO2 

remaining in the atmosphere is determined by the uptake of the land and the ocean, 

the atmospheric CO2 concentration changes the global temperature due to its radiative 

properties, and the global warming caused by the increased CO2 can have an obvious 

influence on the capacity of CO2 uptake over the land and the ocean through 

biogeochemical processes.  
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So far, many studies have been done with in-situ measurements in order to 

understand the global carbon cycle.  As one of those studies, Manning and Keeling 

(2006) estimated global oceanic and land biotic carbon sinks from the measurement 

of atmospheric O2/N2 ratio and CO2 concentration over the period of 1989-2003.  

Observations come from the three stations of Scripps Institution of Oceanography 

global flask sampling network, which have the longest records in the network.  The 

O2/N2 ratio and CO2 concentration can characterize the fossil fuel combustion, 

terrestrial sinks and ocean uptake based on the knowledge in the chemical processes.  

This allows calculating how much of anthropogenic CO2 emission is sequestered by 

land and by ocean quantitatively.  The resultant 10-year oceanic and land biotic sinks 

during each period of 1990-2000 and 1993-2003 show that the ocean uptake has 

relatively constant value around 2.0 PgC/yr whereas the land biotic carbon sink has 

much greater natural variability, from 1.2 PgC/yr to 0.5 PgC/yr.  These values are 

global total estimates. 

In addition, there are studies to estimate the time-averaged CO2 fluxes over 

the ocean (Mikaloff Fletcher et al., 2007, Gruber et al., 2009).  As a most recent work, 

Gruber et al. (2009) estimates the contemporary net air-sea CO2 flux using an 

inversion of interior ocean carbon observations using 10 ocean general circulation 

models (Mikaloff Fletcher et al., 2006, 2007).  The spatial distribution of oceanic CO2 

fluxes has been estimated reasonably for 23 oceanic regions: the outgassing in the 

tropics, uptake in midlatitudes, and relatively small fluxes in the high latitudes even 

though the uncertainty in the Southern Ocean is high. 
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On the other hand, the terrestrial carbon uptake still remains highly uncertain 

in terms of its spatial and temporal variations according to the climate.  However, 

Tans et al. (1990) has highlighted a terrestrial CO2 uptake in the northern hemisphere 

to explain the north-south gradient of atmospheric CO2 concentration.  Moreover, 

there is much research to emphasize understanding CO2 sequestration over the land 

(Bousquet et al., 2000; Gurney et al., 2002; DeFries et al., 2002; Rodenbeck et al., 

2003; Friedlingstein et al., 2006) in order to figure out the interannual variability of 

atmospheric CO2 (Figure 1.2) and to project the potential reservoir of CO2 in the 

future.   

One of the most important issues on the carbon cycle is the temporal and the 

spatial pattern of CO2 sources and sinks at the Earthôs surface.  It is necessary to see 

those patterns with a finer resolution enough to understand the interaction and 

feedback between the climate change and the biogeochemical processes.  This is an 

essential question in order to understand the changes in surface CO2 fluxes under the 

current climate and to project the future climate.   

Thus, the purpose of this study is to explore the feasibility of estimating 

surface CO2 fluxes by assimilating remotely sensed atmospheric CO2 observations 

using one of the advanced data assimilation methods, the Local Ensemble Transform 

Kalman Filter (LETKF; Hunt et al., 2007).  We investigate the analysis system to 

estimate surface CO2 fluxes and atmospheric CO2 concentration as well as 

atmospheric variables simultaneously on a fine temporal and spatial scale.  Because 

this is the first test of a new methodology, this work is limited to simulated 

observations for an Observing System Simulation Experiment (OSSE).  Only if the 
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results are promising in this simple approach, we will start working with real 

observations. 

 

1.1. Problems in the estimation of surface CO2 fluxes 

There is a direct observation network of surface CO2 fluxes, FLUXNET (Figure 1.3), 

a global collection of micro-meteorological flux measurement sites.  The flux tower 

sites measure the exchanges of carbon dioxide between terrestrial ecosystems and the 

atmosphere.  However, the observed fluxes are representative of areas ranging from 

square meters to square kilometers.  Besides, there are no standard methods for 

aggregating flux data into various temporal scales (daily, monthly, or annual time 

periods) so that there are various methods used at each site for temporal scaling 

(http://www.fluxnet.ornl.gov/fluxnet/index.cfm).  For these reasons, this dataset was 

unlikely to be directly used for the global analysis of surface CO2 fluxes with an 

atmospheric global circulation model, although it could provide good information for 

the validation of the resultant analysis.  Recently, Stockli et al. (2008) attempted to 

use this dataset to a land-surface model CLM3.5 which has been coupled with NCAR 

CAM3.5 model.  Data from 15 sites are used to improve the model, and this study 

suggests that FLUXNET is a valuable tool to develop and validate land surface model. 

In addition, atmospheric CO2 concentrations have not been observed densely 

enough to estimate the global distribution of CO2 sources and sinks.  In situ 

measurements of CO2 concentrations at ground stations have been used to monitor the 

carbon dioxide in the atmosphere (GLOBALVIEW- CO2 data from ESRL/NOAA;  
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Figure 1. 3. FLUXNET  network which measures the exchanges of CO2 between 

terrestrial ecosystems and the atmosphere at flux tower sites (http://www.  fluxnet.ornl.  

gov/fluxnet/index.cfm). 

 
Figure 1. 4. Sampling location of GLOBALVIEW - CO2 (http://ww w.esrl.noaa.gov/gmd/ 

ccgg/globalview/co2/co2_sites.html; CO2 concentration measurements near the surface) 
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Figure 1.4).  The network of surface stations provides high precision information 

about variations of CO2 fluxes in the global scale.  This dataset has been used for a 

number of previous studies on the carbon cycle and hence it has contributed to extend 

our understanding on this field.  However, the observations are spatially too sparse 

and temporally heterogeneous for representing the regional variations of surface CO2 

fluxes and understanding surface CO2 sinks and sources in finer scales. 

Recently, more CO2 estimations have become available through remote 

sensing measurements such as the Atmospheric Infrared Sounder (AIRS; Chahine et 

al., 2008), the Scanning Imaging Absorption Spectrometer for Atmospheric 

Chartography (SCIAMACHY; Buchwitz et al., 2005), the CO2-dedicated Orbiting 

Carbon Observatory (OCO; Crisp et al., 2004) and the  Greenhouse gases Observing 

Satellite (GOSAT; Maksyutov et al., 2008, Hamazaki, 2008).  Both OCO and 

GOSAT were designed specifically to estimate the total column of CO2 mixing ratio 

which has a high sensitivity to the CO2 near the surface.  Unfortunately, the launch of 

OCO failed, while GOSAT was successfully launched and should start distributing 

data in mid 2009.  These observations are expected to provide valuable information 

on global CO2, much more comprehensive than the measurements (such as ground-

based flask data) available so far.   

In early studies on CO2 sources and sinks, atmospheric inversion methods 

have been applied using an atmospheric transport model.  The point-based 

measurement of ESRL/NOAA (GLOBALVIEW- CO2) has been used for inferring 

surface CO2 fluxes within a Bayesian framework (Gurney et al., 2004; Rödenbeck et 

al., 2003).  The atmospheric transport model uses wind fields from a given reanalysis, 
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so that the impact of possible wind errors in the CO2 transport is effectively not 

considered.  Since the available spatial coverage of concentration data is not enough 

to constrain the flux estimates, a-priori  information about the fluxes has been pre-

calculated from other sources of information, such as independent measurements or 

model simulations.  Then, the system determines the surface CO2 fields minimizing 

the difference between modeled and observed concentrations and between predicted 

fluxes and their prior estimates.  With this optimization, it is able to reduce the 

uncertainties in the surface CO2 flux fields from the a-priori estimates.  The spatial 

and the temporal resolution of the resulting estimates are still limited, due to the ill-

posedness of the problem and to the limited number of available measurements 

(Gurney et al., 2004).   

In an alternative approach to inversion methods, data assimilation techniques 

have recently been used to optimize the use of the observations for the analysis of 

surface CO2 fluxes on the globe. Two advanced methods for data assimilation, 4-

dimensional variational data assimilation (4D-Var) and Ensemble Kalman Filter 

(EnKF) are being used or considered for use in operational numerical weather 

prediction centers.  Both of them have been considered for the estimation of carbon 

surface fluxes, and this thesis is devoted to the use of a particularly efficient EnKF 

method, the LETKF.  As described below, the applications of data assimilation so far 

have been ñunivariateò, i.e., they perform the analysis of only carbon variables and 

assume the winds are given from an independent analysis. By contrast, in our 

approach we propose to perform ñmultivariateò data assimilation, assimilating 

simultaneously both the carbon variables and the standard atmospheric variables 
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including winds, an approach that we will show allows estimating wind uncertainties 

and ñerrors of the dayò and therefore improves the carbon variables analysis. 

 Peters et al. (2005) applied an ensemble Kalman filter technique (EnSRF; 

Whitaker and Hamill, 2002) for estimating weekly CO2 fluxes on the surface.  They 

assimilated ESRL/NOAA GLOBALVIEW-CO2 data, and used the forward 

integration of TM5 chemistry transport model for the CO2 forecast.  The transport 

model was ran offline (univariately) with the meteorological fields from the European 

Centre for Medium Range Weather Forecast (ECMWF) model.  The state vector of 

the analysis contains surface CO2 fluxes at multiple time steps since observed CO2 

concentration variations contain a history of sources and sinks.  Unknown surface 

fluxes are optimized with atmospheric observations, linked together through the 

atmospheric transport model, which is the observation operator within an ensemble-

based data assimilation system.  That is, the Kalman gain matrix determines the 

surface CO2 flux fields to minimize the combination of the observation errors in the 

surface flask measurements and the model errors.  Here, the model errors are assumed 

to be caused by the errors in the surface CO2 flux fields, which force the transport 

model, while the system assumes a ñperfectò transport.  Then, the Kalman gain matrix 

is used to update only the mean state vector of surface CO2 fluxes.  Instead of taking 

account of uncertainties from the ensemble background, the covariance structure of 

surface CO2 fluxes is prescribed as a 3D variational technique.  Thus, their method 

could not take the advantage of ensemble forecast of estimating ñerrors of the dayò 

with respect to the surface CO2 fluxes.  This means that their approach misses an 

important advantage of ensemble Kalman filter techniques.  Although they update a 
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prior estimate from the analysis, the system was initialized by a flux estimate from 

the CASA biosphere model (Randerson et al., 1997) over the land and the Takahashi 

et al. (2002) ocean fluxes.  This work was the first trial to use an ensemble based data 

assimilation technique for estimating surface CO2 fluxes, and the results provided 

satisfactory flux estimates for the relatively large regional scales resolved by the 

surface flask measurement including aircraft measurements. 

Another study with the Ensemble Transform Kalman filter technique (ETKF: 

Bishop et al., 2001) has been examined by Feng et al. (2008).  This uses a chemistry 

transport model and scene-dependent averaging kernels of the OCO measurements 

(Crisp et al., 2004) as an observation operator to assimilate the 8-day mean CO2 

observation from the OCO.  This is an Observing System Simulation Experiment 

(OSSE) so that it assimilates simulated observations.  They made the state vector 

consist of the surface CO2 fluxes of 144 regions on the globe at the current 

assimilation time step but also at the previous 11 time steps, similar to the approach 

taken by Peters et al. (2005).  The basic concept of optimization is also like that in 

Peters et al. (2005), calculating the adjustment to the background based on the 

difference between model and observations and their uncertainties within the 

ensemble-based data assimilation framework.  However, the analysis uncertainties 

have been estimated by the ensemble Transform Kalman Filter algorithm, which is 

different from Peters et al. (2005) that used prescribed analysis uncertainties.  In this 

experiment, they start from a-priori  fluxes estimated as having similar distribution 

but values 80% higher than the ñtrue valueò, and could reduce uncertainties in the 
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flux estimates by 20-70% on the 144 regions overall, compared to the a priori 

uncertainties. 

On the other hand, Baker et al. (2006) developed a four dimensional 

variational data assimilation approach, 4D-Var, to address the problem of surface 

CO2 flux estimation, and also tested it through the use of OSSEs.  They optimized 

time-varying boundary values of surface CO2 fluxes over a long measurement span 

by the adjoint-based iterative descent method.  The cost function was defined by the 

combination of a difference between the simulated CO2 concentration and the 

observed CO2 over the analysis window, a-priori  errors of atmospheric CO2 and CO2 

fluxes, and dynamic constraint between the CO2 concentration and the flux.  As a 

result, they could correct the errors in a priori estimate well when the observation 

errors and a priori flux covariance are assumed to be known perfectly, and the 

transport model errors are ignored.  From experiments they performed to test the 

sensitivity to the observation error and a prior constraint on the fluxes, they concluded 

that the accuracy of ñbottom-upò transport model is important even where there are 

dense observations of CO2.  

Recently, the European GEMS (Global Monitoring for Environment and 

Security) project has been building a comprehensive monitoring and forecasting 

system for atmospheric composition on both global and regional scales 

(Hollingsworth et al., 2008).  For the data assimilation of carbon cycle in this project, 

it introduced a two-step process such as the atmospheric analysis first and then a flux 

inversion based on 4D-Var approach.   
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Since the observation density of atmospheric CO2 concentration should 

increase with upcoming satellite data in addition to increasing surface measurements, 

it is not computationally feasible to use the direct inversion modeling approach that 

has contributed to the understanding CO2 sources and sinks on the global scale at the 

earlier stage (Gurney et al. 2004; Rödenbeck et al., 2003).  As the next promising 

methods, either ensemble Kalman filter or variational data assimilation approaches 

should be the technique of choice due to the computational efficiency in addition to 

many other advantages.  So far, previous studies from both advanced data 

assimilation methods have used a-priori  estimates of surface CO2 fluxes, and none of 

them deals with the transport error of atmospheric CO2 concentration forced by 

surface CO2 fluxes. 

For our work, we introduced a new technique for the carbon cycle data 

assimilation using the Local Ensemble Transform Kalman Filter (Hunt et al., 2007), 

in a way that does not need transport inversion or a-priori  information.  In our 

approach, we assimilate simultaneously all the atmospheric variables and CO2 

variables instead of using the reanalysis data of atmospheric variables when 

assimilating CO2.  From the background state of ensembles, we can deal with ñerrors 

of the dayò and further allow the error covariance among the dynamical variables to 

reflect the distribution of uncertainties caused by each of variables. The details of the 

new method are described in Section 1.3. 

This work is a part of the project on ñCarbon Data Assimilation with a 

Coupled Ensemble Kalman Filterò supported by the Climate Change Prediction 

Program in Department of Energy.  The objective of the project is to estimate surface 
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CO2 fluxes by assimilating atmospheric CO2 observation from space, and the research 

has been organized into two components: one is a simulation (OSSE) approach to 

develop and to test various new approaches in data assimilation using the LETKF 

coupled to a small primitive equations global atmospheric model, and the other is an 

application of methodologies tested by the simulation approach coupling the LETKF 

to a higher resolution Community Atmospheric Model (CAM) and with real, not 

simulated observations.  The work of this thesis is devoted to the simulation 

component in this project.  Thus, all the experiments here are Observing System 

Simulation Experiments (OSSEs).  Dr. Junjie Liu is carrying out the real model, 

CAM3.5, real observations component, AIRS and GOSAT, of the project under the 

direction of Prof. Inez Fung (UC Berkeley). 

 

1. 2. SPEEDY-C and SPEEDY-VEGAS 

In the OSSEs, there should be a long model integration, known as a ñnature 

runò assumed to be the ñtruthò.  From the nature run, we can simulate the 

observations which will be assimilated in the analysis.  On the other hand, we need to 

make forecasts to create the background for the analysis.  The same model can be 

used for both the nature run and the forecast model, or it is possible to use a different 

model for the forecast from that for the nature run.  If we use the same model for both 

the nature run and the forecast, and the forecast starts from the perturbed initial 

conditions that are not the same as the nature run, then the departure of the forecast 

from the nature run can be attributed as coming only from the initial conditions.  On 

the other hand, when we use a different model for the forecast from that for the nature 
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run, model errors should be considered as well in addition to the errors caused by 

initial condition.  These experimental designs provide a very good tool to assess the 

performance of a new data assimilation method because in an OSSE, unlike in real 

life, we know the truth and we can control the errors. 

In this study, we modified an intermediate-complexity atmospheric general 

circulation model, SPEEDY (Molteni, 2003), to simulate atmospheric CO2 

concentration with a given forcing of surface CO2 fluxes.  For the perfect model 

experiments, the modified SPEEDY is used for both the nature run and the ensemble 

forecast.  Then, we coupled a dynamic terrestrial carbon model, VEGAS (Zeng et al., 

2005), and a physical land surface model, SLand (Zeng et al., 2000) to the SPEEDY 

with atmospheric CO2 prognostic.  The coupled atmosphere-vegetation-land model is 

used for the nature run while the modified version of SPEEDY continues to make the 

ensemble forecasts in the imperfect model experiment.  The forecast model does not 

make any changes in surface CO2 fluxes since the surface CO2 fluxes are the forcing 

term constant with time. The nature run, however, calculates the surface CO2 fluxes 

every six hours through the interaction among the atmosphere, the land, and the 

vegetation.  Thus, the changes in the surface CO2 flux analysis only come from the 

data assimilation, not from the forecast model. 

 

1.3. LETKF for carbon cycle data assimilation 

1.3.1. Formulation of LETKF 

LETKF (Hunt, 2005, Hunt et al., 2007) is an advanced ensemble Kalman filter 

data assimilation scheme.  It is a square-root ensemble filt er in which the observations 
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are assimilated simultaneously to update the ensemble mean while the ensemble 

perturbations are updated by transforming the forecast perturbations through a 

transform matrix term as in Bishop et al. (2001).  The analysis is done independently 

at every grid point using observations from a local region, so this scheme is expected 

to be efficient for parallel computing systems.   
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Here, b(i)

[g]x  is the i-th member of ensemble forecast, [g]H  the observation operator, 

and b(i)

[g]y  the i-th member of background observation ensemble.  Subscript [g] 

indicates that the values are estimated globally and the bars above the vectors 

represent the mean of ensembles.  Let the number of ensemble forecast be k, the 

number of observations l, the dimension of state vector m.  First, the analysis system 

calculates the ensemble forecast on the observation locations using H, the global 

observation operator (Equation 1.1), and then computes the observation increment for 

every ensemble member, 
b

[g]Y  (Equation 1.2).  On the other hand, the deviation of 

each ensemble forecast from their mean is calculated (Equation 1.3).  These processes 

are done globally initially before going to the computation for each local patch.   

Now, the analysis mean state (x
a

) and the analysis error covariance (aX ) are 

calculated by the ensemble forecast and the observation located within each of the 

local patch (Equation 1.4-1.6).    
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Here, K
~

is the Kalman gain matrix in ensemble space, and R is the observation 

error covariance, and a
P
~

is the analysis error covariance matrix in the ensemble 

space.  This is the system to analyze the state vector x which contains normally the 

meteorological variables such as wind, temperature, humidity and surface pressure.   

 

1.3.2. Carbon cycle data assimilation: multivariate vs. univariate analyses 

The state vector in the analysis is augmented by adding the surface CO2 

fluxes, which are then updated through the background error covariance, an approach 

similar to parameter estimation (Baek et al., 2006).  In the formulation of LETKF, 

background error of surface CO2 fluxes are not involved explicitly in calculating the 

Kalman gain matrix, K
~

, since they are not observed (Equation 1.5).  But, background 

errors of surface CO2 fluxes result in background error of atmospheric CO2 

concentration.  That is, the background errors of atmospheric CO2 concentration are 

partially a result of the errors in surface CO2 forcing.  Thus, K
~

 is determined in a 

way to minimize the errors of other dynamic variables including the atmospheric CO2 

as well as the CO2 flux error.   

According to choices of variables which are included into the state vector, xb , 

with surface CO2 fluxes, various ways to estimate surface CO2 fluxes are possible.  

When we make an analysis state vector with only the atmospheric CO2 concentration 
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in addition to the surface CO2 fluxes, the Kalman gain is calculated by only 

assimilating atmospheric CO2 observations univariately.  As mentioned before, the 

errors of surface CO2 fluxes implicitly affect the computation of the Kalman gain 

matrix.  Then, the surface CO2 fluxes are updated by multiplying a background error 

covariance matrix of atmospheric CO2 and surface CO2 fluxes to the Kalman gain 

matrix (Equation 1.4).  If the analysis state vector is designed to also include the wind 

fields, in addition to atmospheric CO2 and surface CO2 fluxes, then the analysis can 

reflect the background error covariance among those variables to estimate surface 

CO2 fluxes multivariately.  In our analysis system, atmospheric variables are 

assimilated simultaneously using the simulated rawinsonde observations as a version 

of LETKF used in Liu (2007). 

In order to see how the background error covariance of the atmospheric 

variables with the surface CO2 fluxes effects on the analysis of surface CO2 fluxes, 

we designed various data assimilation techniques into the LETKF framework and 

those are introduced in Chapters 2 and 6. 

 

1.3.3. Analysis in a presence of model error: bias correction and adaptive inflation 

Since there is no model to represent the true state of atmospheric conditions 

perfectly, it is necessary to deal with the errors of forecast model in reality.  The 

model bias is due to the discrepancies of a forecast model such as a coarse resolution, 

imperfect parameterization, etc.  This study applies the low-dimensional method 

introduced by Danforth et al. (2007) to the bias correction of the atmospheric 

variables.  
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In practice, the ensemble forecast tends to underestimate the uncertainty in its 

state estimate because of model errors and nonlinearities.  This leads to the 

underestimation of the uncertainties from the forecasts. As a result, the analysis 

overfits the background state estimate and gives too little weight to the observations.  

This inconsistency becomes larger over time, so that the information of observations 

is less and less used by the analysis and, eventually, it leads to an analysis that has 

little relationship with the observations, known as ñfilter divergenceò.  Thus, it is 

necessary to inflate the background covariance (or the analysis covariance) during 

each data assimilation cycle to increase a model error covariance.  

For the covariance inflation, multiplicative inflation has been applied in this 

work (Anderson and Anderson, 1999).  It is carried out by multiplying the 

background perturbation from the ensemble mean by a constant factor larger than 

one.  It is common to tune the inflation parameter manually in order to decide a 

reasonable value for the analysis system.  But this tuning is expensive, and becomes 

further infeasible if the inflation factor should depend on the region or variable.  

Thus, Li et al. (2009) introduced a method for adaptive inflation estimation.  Since 

the estimation of adaptive inflation is dependent on the observation errors, the paper 

also estimates the observation error simultaneously.  The methodology presented in 

this paper has been found to be essential to the carbon cycle data assimilation because 

it is necessary to deal with the inflation for the atmospheric CO2 separately from the 

meteorological variables. 

Furthermore, we also consider the inflation for the surface CO2 fluxes which 

do not have observations.  The adaptive inflation of Liôs paper is connected to the 
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existence of observations so it cannot be applied to estimate the inflation for the 

surface CO2 flux forecast without observations.  Thus, we applied a simple inflation 

method to surface CO2 fluxes.  It is basically to make the ensemble spread of analysis 

correspond to the background ensemble spread at each analysis time (similar to 

Zhang et al., 2004). 

 

1.4. Outline of the thesis 

Chapter 2 has the description of the model which we modified for this study and 

the three types of data assimilations for the carbon cycle in the LETKF framework.  

To test the performance of a new data assimilation system, the experiments are first 

done under the simple scenario given by the perfect model assumption.  Next, 

Chapter 3 shows how a coupled atmosphere-vegetation-land model was constructed 

to estimate the time-varying surface CO2 fluxes over the land.  In Chapter 4, the 

imperfect model experiments are carried out with a method for bias correction, and an 

adaptive inflation and observation error estimation.  The advanced adaptive inflation 

techniques are also applied to the perfect model simulation in Chapter 5.  From the 

findings in Chapter 5, we introduce a new multivariate data assimilation system in 

Chapter 6 and see the effect of ñvariable localizationò in the LETKF data 

assimilation.  Chapter 7 has a summary and lessons we learned, and discusses some 

future research directions. 
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Chapter 2: Carbon Cycle Data Assimilation in the Perfect 

Model Simulation Using SPEEDY-C 

 

2.1. Introduction 

In reality, no forecast model is good enough to completely ignore model error, 

and we will have to address this serious issue, especially for the carbon cycle.  But, in 

this chapter, we want to address the pure performance of a new analysis system for 

CO2 variables with no model error or bias.  To do this, we run ñidentical twinò 

Observing System Simulation Experiments (OSSEs) using a single model with CO2. 

One run, called the ñnature runò, serves as the ñtruthò for the experiment.  Since we 

will use the same model for the truth and for the forecast, there is no model error.  A 

second run, using an ensemble data assimilation system, can then be compared to the 

truth.  Thus, we build one forecast system for CO2 and use it to create nature run as 

well as to run the ensemble forecast for a data assimilation so that it allows us to 

avoid the effects of model error for the moment.   

In order to simulate the CO2 concentration in the atmosphere, we modified an 

intermediate-complexity atmospheric general circulation model, SPEEDY (Molteni, 

2003).  Next, we investigated a new analysis system for the carbon cycle and tested it 

under the perfect model simulation to assess the performance clearly in the absence of 

model error.   
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Section 2.2 introduces the model we chose and a detailed description of 

modification we have done. Section 2.3 introduces the three types of data assimilation 

we have tested in LETKF framework.  Section 2.4 describes the experimental design. 

The results are shown in Section 2.5.  Finally, there is summary of Chapter 2 in 

Section 2.6. 

 

2.2. Model: SPEEDY-C 

The SPEEDY model (Molteni, 2003) is a global atmospheric, primitive 

equations general circulation model (AGCM).  Its simplified physical 

parameterization schemes are computationally efficient, but maintain the basic 

characteristics of a state-of-the-art AGCM with complex physics.  The version used 

for this study has triangular truncation T30 (corresponding to about 400 km 

horizontal resolution) with 7 sigma levels.   

The original version of SPEEDY has five dynamical variables: zonal (U) and 

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

pressure (Ps).  To use the model for this study, we added two variables: one is 

atmospheric carbon dioxide (CO2) which is treated as a tracer, so that it is affected 

only by the two processes of advection and diffusion, and the other is a surface flux 

of carbon dioxide (CF) which is a source and sink of the atmospheric carbon.  

Basically, CF is not changed in the model and only plays the role of forcing the 

atmospheric CO2.  Later, it will be updated only by the analysis step of data 

assimilation.  Chemical processes for the atmospheric carbon dioxide have been 

ignored since CO2 is one of the inert gases in the atmosphere.  Moreover, there is no 
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feedback between the integrated CO2 and radiative properties.  Thus, the model reads 

the surface CO2 fluxes as a forcing and allows it to be transported and mixed 

(Equation 2.1).  From now on, the SPEEDY model that contains these carbon-related 

variables will be referred to as ñSPEEDY-Cò.   

                                                        CFCO
CO

2

2 =À+
µ

µ
)(

t
                                   (2.1) 

Equation (2.1) shows the way to calculate the tendency of atmospheric CO2 in 

SPEEDY-C, where )( 2COÀ  represents the atmospheric 3-dimensional transport and 

mixing, and the forcing term, CF, on the right-hand side of Equation (2.1) indicates 

the surface fluxes of CO2.  In reality, the forcing should include fossil fuel emission, 

land surface fluxes, ocean fluxes, and fluxes due to land use changes.  In this chapter, 

since we are testing the ability of data assimilation to estimate surface CO2 fluxes, we 

choose a very simple scenario: the source of surface CO2 fluxes is only caused by 

fossil fuel emissions, which we assume to be constant in time (Andres et al., 1996).   

Due to a problem with SPEEDY dynamics, based on a spectral discretization, 

the total amount of atmospheric CO2 is not conserved exactly by atmospheric 

transports, and there is a small but significant sink of CO2 concentrated in the 

Southern Hemisphere stratosphere. Since lack of conservation is a well known 

generic problem, especially for spectral models, and it is desirable to conserve total 

CO2, we opted for making a simple correction.  After the model reads the surface CO2 

flux fields, they are converted to the atmospheric CO2 and then transported and mixed 

in the atmosphere.  Thus, we could calculate how much the total amount of 

atmospheric CO2 should be with the given forcing of surface CO2 flux fields.  We 

also computed the actual amount of global atmospheric CO2 in the SPEEDY-C 
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simulation.  From this, we could estimate the ratio of the total amount of atmospheric 

CO2 which the model should have to what the model actually has.  By multiplying the 

atmospheric CO2 by this ratio at every grid point and every time step, we can get an 

increase of simulated atmospheric CO2 concentration with a given forcing.  Although 

this is not an ideal correction, it maintains conservation of total CO2, but with a small 

global redistribution. 

 

2.3. Three types of data assimilation techniques 

So far, estimations of surface fluxes of carbon have been made univariately, 

with inversion methods or with data assimilation systems that assume that the wind is 

given by a reanalysis, and do not couple CO2 and wind errors (Chapter 1).  Here we 

will compare such univariate approach with a multivariate approach in which the 

estimated errors of CO2 are coupled with the other atmospheric estimated errors 

within the background error covariance.  As far as we know, this is the first time that 

this has been done, even in simulation mode.  Since the CO2 errors estimated in the 

EnKF data assimilation may have large sampling errors, we found it desirable to 

create a ñone-wayò multivariate system in which CO2 errors do not provide feedback 

to the winds. 

 

2.3.1. Carbon-univariate data assimilation 

For the carbon-univariate (C-univariate) data assimilation, atmospheric 

CO2 concentration and surface CO2 fluxes are updated only by these two variables, 

and are not affected by other atmospheric variables.  That is, there are two separate 
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analysis systems: one for the atmospheric variables, and the other for the CO2-related 

variables.  These two systems never talk to each other during the analysis (similar to 

the univariate CO2 assimilation that assumes winds are given by another reanalysis).  

The system for the atmospheric variables has dynamic variables (state vector) 

Ps)q,T,V,(U,x =1 , while the one for the CO2 variables has CF),(COx 2=2  as a 

state vector in the analysis cycle (Equation 1.1-1.6.).  Figure 2.1 is a schematic plot to 

show the background error covariance matrices used for those analyses.  Diagonal 

components of those matrices indicate the error variance of each variable while the 

off-diagonal components are the correlation between the variables.  Black boxes 

indicate that there is no correlation allowed between the variables.  From this, the 

pink box of Figure 2.1(a) allows only the background error covariance between 

atmospheric CO2 and surface CO2 fluxes to produce their analyses while the errors of 

all atmospheric variables are coupled in a green box of the plot.  As indicated above, 

this approach is similar to the ñcarbon-univariateò approaches that have been used so 

far to perform carbon data assimilation (Peters et al., 2005; Baker et al., 2006; Feng et 

al., 2008) or inversions (Bousquet et al. 2000; Gurney et al. 2004; R denbeck et al., 

2003). 

 

2.3.2. One-way multivariate data assimilation 

Next, we consider a one-way multivariate data assimilation in which the 

atmospheric CO2 concentration and surface CO2 fluxes are updated by these two 

carbon variables as well as the wind fields, while the wind field in addition to other 

atmospheric variables such as temperature, specific humidity and surface pressure is  
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Figure 2. 1. Schematic plots of the background error covariance matrix for (a) C-

univariate, (b) 1-way multivariate, (c) multivariate data assimilations. (C: atmospheric 

CO2, CF: surface CO2 fluxes) 
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not affected by these two carbon-related variables.  As indicated above, this is done to 

minimize spurious feedback due to sampling errors in the estimation of CO2 errors.  

This method also has two analysis systems, and the system for the 

atmospheric variables is exactly same as one in the C-univariate data assimilation.  

For the CO2 variables, however, we made the state vector of CF),COV,(U,x 22 =  to 

allow the flow-dependent errors estimated for the wind fields to provide feedback to 

the CO2 variables.  However, the wind field from the analysis with 2x  is discarded 

and we update only CO2 and CF from the system of 2x .  That is, the pink box of 

Figure 2.1(b) includes the background error of wind but we only save the analyses of 

CO2 and CF from the pink box.  The wind fields are updated by the green box as in 

the C-univariate analysis.  Thus, information from the wind field is given to the 

carbon-related variables but the information from CO2 variables does not cause any 

change in the analysis of the wind field as well as other atmospheric variables.  This 

method was designed because the atmospheric CO2 is transported and diffused by the 

wind field, but is not influenced by the other atmospheric variables in the forecast 

model, and at the same time it prevents sampling errors in the CO2 estimation from 

contaminating the winds.   

 

2.3.3. Multivariate data assimilation 

In this method (which is the standard approach that would be taken in EnKF 

systems), all the dynamical variables are included in one vector x  so that the analysis 

of every variable is determined by the background error covariance among all 

variables.  In other words, there is only one analysis system and the state vector 
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is CF),COPs,q,T,V,(U,x 2= .  Thus, the background error covariance matrix has the 

shape of Figure 2.1(c).   

  

With this methodology, we allow the atmospheric CO2 to be analyzed by the 

updated background error of wind field simultaneously, not using reanalysis winds 

like most of the other previous studies.  Furthermore, we can assimilate 

simultaneously all the atmospheric variables and CO2 variables.  This is because we 

do not use any inversion to calculate the back trajectory of atmospheric CO2 

concentration in order to estimate surface CO2 fluxes using the wind fields.  Most of 

research on this issue uses the inversion method (Enting, 2002) which requires the 

wind fields, mainly from a reanalysis, in order to estimate surface CO2 fluxes, 

whereas we do assimilate atmospheric CO2 concentration and other meteorological 

variables simultaneously so that we calculate the Kalman gain matrix with a 

background error of all the dynamic variables including surface CO2 fluxes. 

 

2.4. Experimental Design 

Under the perfect model assumption, the SPEEDY-C was used to create a 

ñnatureò (truth) run.  We create observations from this nature run by adding random 

perturbations.  At the same time, SPEEDY-C with six prognostic variables including 

atmospheric CO2 concentration is used as the forecast model in which the CF over 

land is updated only by the analysis.  Again, the forecast model does not have a 

dynamical forecast equation for CF, so the forecast of CF is persistence (starting from  
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Figure 2. 2. (a) A true state of surface CO2 fluxes which includes only anthropogenic 

emission as a constant forcing with time, (b) Initial condition of surface CO2 fluxes 

 


