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Chapter 1: Introduction

The atmospheridCO, concentration has increasérom about 280 parts per
million (ppm) in the beginning of industrial age to more than 380 ppm today (Figure
1.1). Since the releas&diO, in the atmospher traps longvave radiation emitted
from the Eartlis surfacethe global surface temperatunasincreased as much as 0.6
+ 0.2°C during the last century (Houghton et al, 2001). Thuasgstimation ofuture
atmosphericCO, concentration has been highlightasl essentidbr the projection of

the future climate.
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Figure 1. 1. Time Series of atmospheric C® concentration: (Samiento and Gruber,
2002; Barnola, 1999, and Keeling et al., 2000)

From the comparison of growth rates between the fossil fuel emissions and
atmosphericCO, concentration, it &s been found that only about half of the emitted

CO, remainsin the atmosphere and the rest oséquestered bthe land and the



ocean (Sarmiento et al., 2002). Moreover, the increase ratenosphericCO, has a
significant variability on interannuéiimescals (Figure 1.2). That means the capacity
of the land and oceafQO, uptakes are varyingubstantiallywith time and are

strongly connected witthe climate.
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Figure 1. 2. Time series of Growth rate in atmospheric CQ (red) for past 25 years, and
increase rate of released COby fossil fuel emission (yellow). Shaded green portion
stands for the total surface CO, uptake and blue vertical shading indicates El Nino
years.

This is a highly nonlinear problem which hasmgdex interactions and
feedbacks among all the components of land, ocean and atmosphel@Othe
remainng in the atmosphere is determined by the uptake of the land and the ocean,
theatmosphericCO, concentration changes the global temperature diig tadiative
properties, and the global warming caused by the incr&a®gdan have an obvious
influence on the capacity of£O, uptake over the land and the ocean through

biogeochemical processes.



So far, may studies have been done withgitu measuremenis order to
understandhe global carbon cycleAs one of those studiebanning and Keeling
(2006) estimated global oceanic and land biotic carbon sinks from the measurement
of atmospheric &N, ratio and CQ concentration over the period of 198003.
Observations come from the three stations of Scripps Institution of Oceanography
global flask sampling network, which have the longest records in the netwoek.

O./N; ratio and CQ concentration carcharacterizethe fossil fuel combustion,
terrestrial s1xks and ocean uptakmsed on the knowledge in the chemical processes.
This allows calculating how much of anthropogenic,@dission issequeteredby

land and by ocean quantitativelyhe resultaniO-year oceanic and land biotic sinks
during each pénd of 19962000 and 1992003 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 {weraged Cofluxes over
the ocean (Mikaloff Fletcher et al., 2007, Gruber et al., 2009). As a most recent work,
Gruber et al. (2009stimates the contemporary net-sga CQ flux using an
inversion of irterior ocean carbon observations using 10 ocean general circulation
models (Mikaloff Fletcher et al., 2602007. Thespatialdistribution of oceanic CO
fluxes has been estimated reasondbly23 oceanic regionghe outgassing in the
tropics, uptaken midlatitudes, and relatively small fluxes in the high latitudes even

though the uncertainty the Southern Ocean lggh.



On the other hand, the terrestrial carbon uptake still remains highly uncertain
in terms of its spatial and temporal variationsaadimng to the climate.However,
Tans et al(1990) hadighlighted aterrestrial CQ uptake in the northern hemisphere
to explain the nortlsouth gradient of atmospheric @@oncentration. Moreover,
thereis much researcto emphasizeinderstanding C©Osequestration over the land
(Bousquet et al., 2000; Gurney et al., 2002Fis et al., 2002; Rodenbeck et al.,
2003; Friedlingstein et al., 20p& order tofigure outthe interannual variability of
atmospheric C®(Figure 1.2) ando projectthe potentl reservoir of CQ in the
future

Oneof the mostimportant issues othe carbon cyclés the temporal and the
spatial pattern of C&sources and sinks at the Ed@stlsurface.It is necessary to see
those patterns with a finer resolution enough to tstded the interaction and
feedback between the climate change and the biogeochemical procébkseis an
essentiauestionin order to understanithe changes in surface g@uxesunder the
current climate and to project the future climate.

Thus, tle purpose of this study is texplore the feasibility ofestimaing
surfaceCQO;, fluxes by assimilatingemotely sensedtmosphericCO, observations
using one of the advanced data assimilation methibdsocal Ensemble Transform
Kalman Filter (LETKF; Huntet al., 2007). We investigatethe analysis system to
estimate surface COfluxes ad atmospheric CO concentration as well as
atmospheric variables simultaneously on a fine temporal and spatial 8=dause
this is the first test of a new methodologyis work is limited to simulated

observations for an Observing System Simulation Experiment (OSSE). Only if the



results are promising in this simple approach, we will start working with real

observations.

1.1. Problems in the estimation of surfa€g®, fluxes

There is a direct observation network of surf@® fluxes, FLUXNET (Figure 1.3),
a global collection of micraneteoological flux measurement sitesTheflux tower
sitesmeasure the exchanges of carbon diokieleveen terrestrial ecosystems amel t
atmosphere. However, the observed dlsiare represerdtive ofareas 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
periodd so thatthere are variousnethods used at each site for temporal scaling
(http://www.fluxnet.ornl.gofluxnetindex.cfn). For these reasonshis datasetvas
unlikely to be directly used for the global analysis of surf@€® fluxes with an
atmospheriglobal circulation model, although ibald providegoodinformation for
the validation of the resultant analysiRecently Stockli et al. (2008) attempted to
use this dataset to a lasdrface model CLM3.5 which has been coupled with NCAR
CAM3.5 model. Data from 15 sites are used to improve the model,thaisdstudy
suggestshat FLUXNET is a valuable tool to develop and validate land surface model.
In addition, amospheric C@ concentratios have not been observedensely
enough toestimatethe global distribution of CQ source and sinks. In situ
measurements of G@oncentratioaat ground stations kabeen usedb monitor the

carbon dioxidein the atmosphere (GLOBALVIEWCO, data from ESRL/NOAA
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Figure 1. 3. FLUXNET network which measures the exchanges of GObetween
terrestrial ecosystems and the atmosphere at flux towesites (http://www. fluxnet.ornl.

gov/fluxnet/index.cfm).
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Figure 1.4. The network of surface stations provides high precision information
about variations of C&fluxes in the global scaleThis datasetds been used for a
number of previous studies on the carbon cycle and hence it has contributed to extend
our understanding on this fieldHowever, the observatisnarespatially too sparse
and temporalljheterogeneoutr representing the regional var@s of surface CQ
fluxesandunderstanding surface G®inks and sourcein finer scales.

Recently, more C@ estimations have becomavailable through remote
sensing measuremearguch as the Atmospheric Infrared Sounder (AIRS; Chahine et
al.,, 2008), the &anning Imaging Absorption Spectrometer for Atmospheric
Chartography (SCIAMACHY; Buchwitz et al., 2005he CO,-dedicated Orbiting
Carbon Observatory (OCO; Crisp et al., 2004) and Greenhouse gases Observing
Satellite (GOSAT;Maksyutov et al.,, 2008Hamazaki, 2008) Both OCO and
GOSAT were designed specifically to estimate the total colun@QGpfmixing ratio
which has a high sensitivity to ti@&0, near the surface. Unfortunatetize launch of
OCO failed, while GOSAT wassuccessfully launched andashd start distributing
data in mid 2009 These observations are expected to provide valuable information
on global CQ, much more comprehensive than the measurements (sughbusesd
based flask dajaavailable so far

In early studies on C@sources ard sinks atmospheric inversion methods
have been applied using aatmospherictransport model. The pointbased
measurement of ESRL/NOAA (GLOBALVIEWCGO;,) has been used for inferring
surface CQ fluxes within a Bayesian framework (Gurney et al.,£20R6denbeck et

al., 2003). Thatmospheric transport model uses wind fields from a given reanalysis



so thatthe impact of possiblewind errors in the C@transport iseffectively not
considered. Since the available spatial coverage of concentratiois dataanough
to constrain the flux estimatesaspriori information about the fluxes kdeen pre
calculated from other sources of informationcls as independent measurements
model simulations. Then, the system determines the surfagdigld® minimizing
the difference betweemodeledand observed concentrations and between predicted
fluxes and their prior estimatesWith this optimization,it is able to reduce the
uncertainties in the surfac@O, flux fields from the gpriori estimates. The spatial
andthe temporal resolution of the result) estimatesare still limited, due to the i
posedness of the problem atml the limited number of available measurements
(Gurney et al., 209.

In an alternativeapproach to inversion methqd$ata assimilationethniques
have recently been uséd optimize theuse of theobservations for the analysis of
surface CQ fluxes on the globeTwo advanced methods for data assimilation, 4
dimensional variational data assimilation (#ar) 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 ETKF. As described below, the applications of data assimilation so far
have been funivariateo, i . e. they perforn
assume the winds are given from an independent analysis. By contrast, in our
approach we propose tper f orm d@Amul tivariateo dat a a s

simultaneously both the carbon variables and the standard atmospheric variables



including winds, an approach that we will show allows estimating wind uncertainties
and fAerrors of eimprevesthre gabboravaridbles dnaysie f o r
Peters et al. (2005) applieah ensemble Kalman filter technique (EnSRF;
Whitaker and Hamill, 2002) for estimating weekly £fuxes on the surfaceThey
assimilated ESRL/INOAA GLOBALVIEW-CO, datg and used the faward
integration of TM5 chemistry transport model for the ;d@recast The transport
modelwasran 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 G@uxes at multiple time steps since observed, CO
concentrationvariationscontain a history of sourseand sinls. Unknown surface
fluxes are optimized with atmospheric observations, linked together through the
atmospheric tragport modelwhich is the observation operator within an ensemble
based data assimilation system. That is, the Kalman gain matrix determines the
surface CQflux fields to minimize the combination of the observation errors in the
surface flask measuremsrdand the model errors. Here, the model eaoeassumd
to be caused by the errars the surface CQ flux fields, which force the transport
model, while the system assusrafiperfecb transport. Then, the Kalman gain matrix
is used to update only teean state vector of surface £fixes. Instead of taking
account of uncertainties from the ensemble background, the covariance structure of
surface CQ fluxes is prescribed as @3variational technique. Thus, their method
could not take the advantagé ensemble forecastf estimatingferrors of the day
with respect to the surface G@uxes. This means that thewpproachmisses an

importantadvantage of ensemble Kalman filter techniques. Although they update a



prior estimate from the analysis etlsystemwas 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 toammensemble based data
assimilation technique for estimagirsurface C@ fluxes, and the results provided
satisfactory flux estimates for the relatively langgional scales resolved by the
surface flask measurement including aircraft measurements.

Another study witithe EhsembleTransformKalman filter techniqu€ETKF:
Bishop et al., 2001) has been examined-bgig et al(2008) Thisuses a chemistry
transport model and scedependent averaging kernels of the OCO measurements
(Crisp et al.,, 2004) as an observation operator to assimilate-dag &ean CQ
obsevation from the OCO. This is an Observing System Simulation Experiment
(OSSE) so that it assimilates simulated observatioflsey made the state vector
consist of the surface GOfluxes of 144 regions on the globe at the current
assimilation timestep hut also at the previous Xiime stepssimilar tothe approach
taken byPetes et al. (2005) The basic concept of optimization is also like that in
Petes et al. (2005), calculating the adjustment to the background based on the
difference between model ad observations and their uncertainties within the
ensembleébased data assimilation framework. However, the analysis uncertainties
have beerestimaed by the ensemble Transform Kalman Filter algorithmhich is
different from Peters et al. (2005) that dgwescribed analysis uncertaintids this
experimenf they start froma-priori fluxes estimated abBaving similar distribution

but values80% higher than thétrue valu®, and could reduce uncertainties in the
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flux estimates by 200% on the 144 regienoverall, compared tthe a priori
uncertainties.

On the other hand, Baker et al. (2006) developed a four dimensional
variational data assimilation approach, 4Mar, to addressthe problem of surface
CO; flux estimation, andalsotested it through theseof OSSEs. They optimized
time-varying boundary values of surface £fluxes over a long measurement span
by the adjointbased iterative descent method. The cost function was defined by the
combination ofa difference betweenthe simulated C® concentrabn and the
observed C@over the analysis windove-priori errors of atmospheric Gand CQ
fluxes, and dynamic constraibetweenthe CQ concentration and the fluxAs a
result they could correct the errors in a priori estimate well when the obiservat
errors and a priori flux covariancare assumd to be known perfectlyand the
transport model errerare ignored. From experimentbey performed to test the
sensitivity to the observation error and a prior constraint on the fluxes;dheluded
that the accuracy dibottomupd transport model is importamven wherdghere are
dense observations of GO

Recently, the European GEMS (Global Monitoring for Environment and
Security) projecthas beenbuilding 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 twestep process such as the atmospheric analysis first and then a flux

inversionbased on 4B/ar approach.
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Since the observation density of atmospheric, @GOncentrationshould
increase with upcoming satellite data in addition to increasing surface measgrement
it is not computationally feasible to use the direct inversion modelopgoachthat
has contributed to the understanding@0urcea and sinis on the global scale at the
earlier stagdGurney et al. 208 Rddenbeck et al., 2003)As the next promising
methods either ensemble Kalman filter or variational data assimilatjmoroaches
shouldbe the technique of choickie to the computational efficiency in addition to
many other advantages. So far, previous studies from both advanced data
assimilation methodsaveuseda-priori estimats of surface CQfluxes and none of
them deals with the transport error of atmospheric, €@ncentration forced by
surface CQfluxes.

For our work we introduceda new technique for the carbon cycle data
assimilation using the Local Ensemble Transform Kalman Filter (Hunt et al., 2007),
in a way that doesnot needtransportinversion or a-priori information. In our
approach we assimilate simultaneously all thatmosphericvariables and C®
variables instead of using the reanalysis data of atmospheric variables when
assimilating CQ@. From thebackground state of ensembles, we can deal figittors
of the day and further allow the errazovarianceamong the dynamical variables to
reflect the distribution of uncertainties caused by each of varialhesletails of the
newmethod are described Section 1.3.

This work is a part of the project dfiCarbon Data Assimilation with a
Coupled Ensemble Kalman Filtesupported by the Climate Change Prediction

Program in Depament of Energy. The objective of the project is to estimate surface
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CO, fluxes by assimilating atmosphefi, observation from space, atite research

has beerorganizedinto two componentsone is a simulatiofOSSE) approacko
developand to test various neapproachesn data assimilatiorusing the LETKF
coupled to a small pnitive equations global atmospheric mqadehd the other is an
application of methodologigestd by the simulatiompproachcoupling the LETKF

to a higher resolutiorCommunity Atmospheric ModelGAM) and with real, not
simulated observations The work of this thesisis devoted to thesimulation
componentin 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 compone®lRS and GOSATpf the project under the

direction of Prof. Inez Fung (UC Berkeley).

1.2. SPEEDY-C and SPEEDYVEGAS

In the OSSEs, there should Adong model integration, known asinature
rundo assumedto be thefiruthd. From the nature run, we can simulate the
obsevations which will be assimilated in the analysis. On the other hand, wéameed
makeforecass 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
conditiors that arenot the same as the nature run, then the departure of the forecast
from the nature run can latributed ascoming onlyfrom the initial conditios. On

the other hand, when we ugdifferent model for the forecast from that for the nature
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run, model errors should be considered as welddition tothe errors causedyb
initial condition. These experimental designs provide a very good tool to déissess
performance of a new data assimilation methedause in an OSSE, unlike in real
life, we know the truth and we can control the errors

In this study, we modified an termediatecomplexity atmospheric general
circulation model, SPEEDY (Molteni, 2003), to simulate atmospheric, CO
concentration with a given forcing of surface Cfluxes. For the perfect model
experiments, the modified SPEEDY is used for both the naturamd 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 C@prognostic. The coupled atmosphesgetatiodland model is
used for the nature run while the modified version of SPEEDY corgtioumake the
ensemble forecasin the imperfect model experimen®he forecast model does not
make any changes in surface {fldxes since the surface G@uxes are the ficing
term constant with time. The nature run, however, calculates the surfacéu£3
every six hows through the interaction among tle@mospherethe land, and the
vegetation. Thus, the changes in the surface f® analysis only come from the

dat@ 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)as advanceegnsembldalman filter

data assimilation scheme. ltasquarerootensembldilt 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 ais Bishop et al. (2001).The analysis is danindependently

at every grid point using observations from a local regsonthis scheme is expected

to be efficient for parallel computing system

b(i) — bi) i1 &
Yig =HgXqg -i=1, € K (1.1)
b _— b(i —b
Yig —{y[é]’ - y[g]} (1.2)
Xog =048 - %0} (1.3)

Here, x) is the ith member of ensemble forecask,, the observation operator,

and y;{ the ith member of background observation ensemble. Subscript [g]

indicates that the values are estietha globally and the bars above the vectors
represent the mean of ensembles. Let the number of ensemble fore&ashde
number of observatiai, the dimension of state vector First, the analysis system
calculates the ensemble forecasttbe obseration locations usingH, the global

observéion operatofEquation 1.1)and then computes the observation increment for

every ensemble membeh([g] (Equation 1.2). On the other hand, the deviation of

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

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

Now, the analysis mean statéab and the analysis error covariancé?() are
calculated by the ensemble forecast and the observation located within each of the

local patch (Equation 1-4.6).

x? =%+ XK (y° - y°) (1.4)
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K =[(Y?)"RYY® +(k- DITY(YP)'R™? (1.5)
X2 = XP[(k - 1)56]% (1.6)
P =[(Y®)R Y + (k- 1] 1.7)

Here, K is the Kalman gain matrix in ensemble spat@R is the observation

error covarianceand P?is the analysiserror covariance matrixn the ensemble
space This is the system to analyze the state vectwhich containsnormally the

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

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

The state vector in the analyss augmented by adding therrface CQ
fluxes, which are themupdatedhroughthe background error covarian@a approach
similar to parameter estimation (Baek et al., 2006). In the formulation of LETKF,

background error of surface G@uxes arenot involved explicitly in calculatinghe

Kalman gain matrixK |, sincethey arenot observed (Equation 1.5). Bbgckground
errors of surface COfluxes result in background error of atmospheric €0
concentration. That is, the background errors of atmosphericcQ@@entratbn are
partially a resultof the errorsin surface CQ forcing. Thus, K is determined in a
way to minimize the errors of other dynamic variables including the atmospheric CO
as well as the C£Xlux error.

According to choices ofariables whichare includednto the state vectorx, ,
with surface CQ fluxes, various ways to estimate surface,G@dxes are possible.

When we makeraanalysisstate vector with only thatmosphericCO, concentration
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in addition tothe surface C® fluxes, the Kalman gain is calculated by only
assimilating atmospheric G@bservations univariately. As mentioned before, the
errors of surface COfluxes implicitly affect the compuation of theKalman gain
matrix. Then, the surface G@uxes are updated by multiplying a background error
covariance matrix of atmospheric €@nd surface COfluxes to the Kalman gain
matrix (Equation 1.4). If thanalysisstate vector is designed atso includehe wind
fields, in addition toatmosphac CO, and surface C®fluxes, then the analysis can
reflect the background error covariance among those variables to estimate surface
CO, fluxes multivariately. In our analysis system, atmospheric variables are
assimilated simultaneously using thiemnulaed 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 G@uxes effects on the analysis of surface,GlOxes,
we designed various data ass#ation techniques ito the LETKF framework and

those are introduced @hapters 2 and 6.

1.33. 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 tdeal with the errors of forecast model in reality. The
model bias is due tthe discrepanciesf a forecast model such as a coarse resolution,
imperfect parameterization, etcThis study applies the lodimensional method
introduced by Danforth et al. (2007p the bias correction ofhe atmospheric

variables.
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In practice, he ensemble forecast tends to underestimate the uncertainty in its
state estimatebecause of model errors and nonlinearitieIhis leads to the
underestimtion of theuncertainties from the forecastAs a resultthe analysis
overfits the background state estimate gives too littleweightto the observations.

This inconsistency becomes largerer time,so thatthe information of observations
is less ad less usetby the analysis andventually it leadsto an analysis that has
little relationship with the observations, known féifter divergencé. Thus, it is
necessary to inflate the background covariafmethe analysis covarianceuring
each da 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 bymultiplying the
background perturbation from the ensemiriean 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. tBisttuningis expensive, and becomes
further infeasible if the inflation factor should pd on the region or variable.
Thus, Li et al. (2009) introduceal method foradaptive inflation estimation. Since
the estimation of adaptive inflation is dependent on the observation errors, the paper
also estimates the observation error simultaneou$lye methodology presentéd
this papehas been found to essential to the carbon cycle data assimilation because
it is necessary to deal with the inflation for the atmospherig $&parately from the
meteorological variables.

Furthermore, we also oeider the inflation for the surface @@uxes which

do not have observations. The adaptive inflation @ paper is connected to the
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existence ofobservatios so it cannot be appliedo estimate the inflation for the
surface CQflux forecastwithout observations Thus, we applied a simple inflation
method to surface CQOluxes. It is basically to make the ensemble spread of analysis
correspondto the background ensemble spread at each analysis (simdar to

Zhanget 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 assimilasdor the carbon cycle in the LETKF framework.
To test the performance of a new data assimilation system, the experaregirtst
done under thesimple scenario given by thperfect model assumption. Next,
Chapter 3 showhow a coupled atmosphexegetatioAland modelwas constructed
to estimate the timearying surface C@fluxes over the land. In Chapter 4, the
imperfect modeéxperiments arearried outwith a method for bias correction, aad
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 @¥ariable localizatioa in the LETKF data
assimilation. Chapter 7 has a summary and lessons we leantstiscussesome

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 moded good enougto completely ignorenodel erroy
andwe will have toaddresghis seriousissue especially for the cadm cycle But,in
this chapter, we want to address the pure performance of a new analysis system for
CO, variables with no model error or bias. To do this, we figientical twird
Observing System Simulatiorxperimens (OSSEs)using a singlenodelwith CO..

One run, called thénature rug, serves as th&rutho for the experiment.Sincewe

will use the same modébr the truthand for the forecasthere is no model error. A
second run, using an ensemble data assimilation system, can then be camifered
truth. Thus, we build one forecast system@@, 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 afodel error fothemoment.

In order to simulate th€0O, concentration in the atmosphere, we modified an
intermediatecomplexity 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 simulationagsesshe performance clearly 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 frameworl&ection 2.4escribeghe 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, 20D3is a global atmospheric primitive
equations general circlation model (AGCM) Its simplified physical
parameterization schememe computationally efficient, but maintain the basic
characteristics of a statd-the-art AGCM with complex physs. Theversion used
for this study has triangular truncation T30orresponding to about 400 km
horizontal resolutionyvith 7 sigma levels.

The original version of SPEEDY has five dynamical variabkemal (U) and
meridional (V) wind components, temperature (T), specific humidity (q), and surface
pressure (Ps). To udbe model for this stugywe addedtwo variables:one is
atmospheric carbon dioxid€Q,) which is treated as a tracer, so that it is affected
only by thetwo processes of advection adiffusion, and the other is a surface flux
of carbon dioxide (CF) whit is a source and sink of the atmospheric carbon.
Basically, CF is not changed in the model and only thg role of forcing the
atmosphericCO,. Later, it will be updated only by the analysis step of data
assimilation. Chemical process for the atmapheric carbordioxide have been

ignored sinceCO, is one oftheinert gases in the atmosphere. Moreover, there is no
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feedback between the integrateé@®, and radiative propertiesThus, the model reads
the surfaceCO, fluxes as a forcing and allows it toe transported and mixed
(Equation 2.1).From now onthe SPEEDY modethatcontains these carbarlated
variables will bereferred taasiSPEED Y-Co.

%+A(COZ) =CF (2.1)

Equation 2.1) shows the way to calculate the tendency of atmospl&ian
SPEEDY-C, whereA(CO,) representshe atmospheri@-dimensionalransport and

mixing, and the forcing termCF, on theright-hand side oEquaton (2.1) indicates
the surface fluesof CO,. In reality, the forcingshouldincludefossil fuel emission,
land surface flugs ocean flues and fluxesdue to landuse change In this chapter
sincewe aretesing the ability of data assimilation tes#mate surface C{luxes we
choosea very simple scenario the source of surface GGluxesis only caused by
fossil fuel emissios, whichwe assume to beonstanin time (Andres et al., 1996).

Due to a problem with SPEEDY dynamidsased on a speatrdiscretization
the total amount of atmospheri€O, is not conserved exactlpy atmospheric
transports, and there is a small but significant sinkC&, concentrated in the
Southern Hemisphere stratosphere. Since lack of conservation is a well known
gereric problem, especially for spectral models, and it is desirable to conserve total
CO,, we opted for making simple correctionAfter the model reads the surface £O
flux fields, they are converted to the atmosph&@, and then transported and mixed
in the atmosphere Thus, we could calculate how much the total amount of
atmospheriaCO, should be with the given forcingf surface CQ flux fields. We

also computed the actual amount of global atmosphe@g in the SPEEDYC
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simulation. From this we could estimate the ratio of the total amount of atmospheric
CO, which the model should have to what the model actually has. By multighgng
atmosphericCO;, by this ratio at every grighoint and every time stepve can getma
increase of simulated atmdsgric CO, concentration with a given forcingAlthough

this is not an ideal correction, it maintains conservation of @@a| but with a small

global redistribution.

2.3. Three types of data assimilation techniques

So far, estimations of surface fluxekcarbon 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 coupl®, and wind errors (Chapter 1). Here we
will compare such univariate approach with althaariate approach in which the
estimated errors o€0O, 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 mo8ece theCO, errors estimated in the
EnKF data assimilation may have large sampling errors, we found it desirable to
creat eway oiomuel t i var i aOserrossyds rioteprovide feedmabki ¢ h

to the winds.

2.31. Carbonunivariate data assimilation
For the carbon-univariate (C-univariate) data assimilationatmospheric
CO, concentration and surfac@O, fluxes are updatednly by these two variables

andarenot affected by other atmospheric variables. That is, there are two separate
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analysis system onefor the atmospheric variablesnd the other for the COelated
variables. These two systems never talk to each dtiverg the analysiésimilar to

the univariateCO, assimilation that assumes winds are given by another reanalysis)
The system for theatmospheric variables has dynamic variab{state vector)

X, =(U,V, T,q,Ps), while the one for the CQ variables hax, =(CO,,CF) as a

state vector in the analysis cycle (EquatiorILA.). Figure 2.1is a schematic plot to
show the bekground error covariance mates used for those analysedDiagonal
components of those matrices indicate the error variance of each variable while the
off-diagonal components are the correlatioetweenthe variables. Black boes
indicate thatthere isno correlation allowed between the variablds.om this,the

pink box of Figure 2.1(a)allows only the background error covariance between
atmosphericCO, and surface&€ O, fluxes to produce theanalyses while the errors of

all atmospheric variables aceupled in a green box of the ploAs indicated above,

thi s appr oach carlsonusnii wialra ra testhiat hakplepeniosadcsh

far to perform carbon data assimilatig?eterset al., 2005; Baker et al., 2006eng et

al., 2008 or inversiors (Bousquet et al. 2000; Gurney et al. 200R™ denbeck et

2003.

2.32. Oneway multivariate data assimilation

Next, we considerla oneway multivariate data assimilation in which the
atmosphericCO, concentration and surface g@uxes are updated byhese two
carbonvariables as well as the wind fie|dshile the wind field in addition to other

atmospheric variables such @snperaturespecific humidity and wface pressures
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Update UV T,¢q, Ps

(b)

(€)

| Update U, V, T, g, Ps, C, CF

Figure 2. 1. Schematic plots of the backgpund error covariance matrix for (a) C-
univariate, (b) 1-way multivariate, (c) multivariate data assimilations. (C: atmospheric
CO,, CF: surface CGO, fluxes)
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not affected by these two carboglated variablesAs indicated above, this is done to
minimize spurious feedback due to sampling errors in the estimatiG®gpérrors

This method also has two analysis systerasd the system for the
atmospheric variables is exactly same as one irCtheivariatedataassimilation.
For the CQ variables, howewe we made the state vector »f =(U,V, CO,,CF) to
allow the flowrdependenerrors estimateéor the wind fields tgorovidefeedback to

the CO, variables. However,the wind field from the analysis witk, is discarded
and weupdate onlyCO, and CF from the system of,. That is, the pink box of

Figure 2.1(b) includes the background error of wind but we only save the analyses of
CO, and CF from the pink box. The wind fields are updated by the green box as i
the C-univariate analysis. Thus, information from the wind field is given to the
carbonrelated variables buhe information from CQ variables does not cause any
change in the analysis tiewind field as well as other atmospheric variables. This
methodwasdesigred because the atmospheric A®©transported and diffused by the
wind field, butis not influenced by thether atmosphericvariables in the forecast
mode| and at the same time it prevents sampling errors ilCMeestimation from

contamnating the winds

2.33. Multivariate data assimilation

In this methodwhich is the standard approach that would be taken in EnKF
systems)all the dynamical variables are included in one vektso that the analysis
of every vaiable is determined by the background error covariance anating

variables. In other words thereis only one analysis system and the state vector
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isx=(,V,T,q,Ps,CO,,CF). Thus, the background error covariance matrix has the

shape of Figure 2.1(c).

With this methodology, we allow the atmospheric £X0 be analyzed by the
updatedbackground error oWind field simultaneously not using reanalysiwinds
like most of the other previous studies.Furthermore, we can assimilate
simultaneously all the atnspheric variables and G®ariables. This is because we
do not use any inversioto calculate the backrajectory of atmospheri€CO;,
concentration in order to estimate surf&@, fluxes using the wind fields. Most of
research on this issue gdbe inversion methodEnting, 2002)which requires the
wind fields, mainly froma reanalysis,in order to estimae surface CO, fluxes,
whereas we do assimilate atmosph&id, concentration and other meteorological
variables simultaneouslyso that we calculate ¢h Kalman gain matrix with a

background error of all the dynamic variables including sur@@gfluxes.

2.4. Experimental Design

Under the perfect model assumptipthe SPEEDYC was used to creata
finatur®  ( t ranu Wehcreate observatisrirom this naturerun by adding random
perturbatios. At the same time, SPEEDE with six prognostic variables including
atmospheric C@concentration is usedsthe forecast model in which the Giver
land is updated only by the analysis. Again, the forecast mddet not have

dynamical forecast equation fGF, sothe forecast o€Fis persistence (starting from
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Figure 2. 2. (a) A true state of surface CQ fluxes which includes only anthropogenic
emission as a constant forcing wh time, (b) Initial condition of surface CO, fluxes
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