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Abstract

Fluxes between carbon reservoirs on Earth are central for understanding
the global carbon cycle. The goal of the NASA Carbon Monitoring Sys-
tem (CMS) Flux Pilot Project is to utilize the full suite of NASA data,
models, and assimilation capabilities for attributing changes in the atmo-
spheric accumulation of carbon dioxide to spatially resolved fluxes. For the
oceanic part of this project, we introduce “ECCO2-Darwin”, a new ocean
biogeochemistry general circulation model based on combining the following
pre-existing components: (i) a full-depth, eddying, global-ocean configura-
tion of the Massachusetts Institute of Technology general circulation model
(MITgem), (ii) an adjoint-method-based estimate of ocean circulation from
the Estimating the Circulation and Climate of the Ocean, Phase IT (ECCO2)
project, (iii) the MIT ecosystem model “Darwin”, and (iv) a marine carbon
chemistry model. Initializing a global, eddying biogeochemical ocean general
circulation model like ECCO2-Darwin poses major challenges due to compu-
tational constraints and to model drifts. Here, we present a proof-of-concept
study that applies a Green’s functions approach to optimize modeled air-sea
CO, fluxes by adjusting initial conditions and air-sea gas exchange coeffi-
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cients. We use observations of carbon dioxide partial pressure (pCOs) for
2009-2010, global air-sea CO, flux estimates, and the seasonal cycle of the
Takahashi et al. (2009) climatology to constrain the model and to obtain
initial fields of dissolved inorganic carbon, alkalinity, and oxygen that allow
us to improve estimates of air-sea carbon fluxes at high spatial and temporal
resolution. We have performed a variety of sensitivity experiments starting
from different initial conditions, as well as experiments that perturb air-sea
gas exchange parameters and the ratio of particulate inorganic to organic
carbon. The Green’s functions approach yields a linear combination of these
sensitivity experiments, which minimizes the model-data differences; it is a
first step towards a more realistic representation of the ocean carbon cycle
by the ECCO2-Darwin model. Comparisons with observations help identify
critical regions for improvement, for instance, regions of overly strong carbon
uptake in the Southern Ocean and weak outgassing the Equatorial Pacific.

Keywords:
Carbon Monitoring System, ocean biogeochemical circulation model,
Green’s function, data assimilation

1. Introduction

The components of the global carbon cycle interact through fluxes be-
tween the carbon reservoirs on our planet: atmosphere, land, oceans, and the
geosphere. Understanding the exchange processes between these reservoirs
requires knowledge about these fluxes. As there is no global scale observation
network in place that could provide these flux estimates, we need to combine
existing observations with models to compute them indirectly. To achieve
the most realistic results, models can be constrained by observational data,
especially global space-based observations that provide information about
the physical and biological state of the land, atmosphere or ocean.

The goal of the NASA Carbon Monitoring System (CMS) Flux Pilot
Project is to incorporate the full suite of NASA data, models, and assimi-
lation capabilities to attribute changes in the atmospheric accumulation of
carbon dioxide to spatially resolved fluxes *. The oceanic component of these
fluxes is of critical importance as it is estimated that the oceans have ab-
sorbed 48 4 9% of the anthropogenic CO, emitted during 1880-1994, that is,

lcompare http://carbon.nasa.gov and http://cmsflux. jpl.nasa.gov/
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since the beginning of the industrial period (Sabine et al., 2004). The current
oceanic CO, uptake is estimated to about a quarter of the anthropogenic
emissions (Le Quéré et al., 2010). The ECCO2-Darwin model, described
herein, along with the NASA Ocean Biogeochemical Model (NOBM; Gregg
and Casey, 2007), provides spatially resolved oceanic CO; fluxes constrained
by observations of the physical ocean and ship-based CO; measurements
for the CMS project. These fluxes are calculated for the period 2009-2010,
the time frame for which GOSAT (Kuze et al., 2009) atmospheric zCOy (dry
mole air fraction of CO4) measurements are available. The ocean fluxes serve
as a priori surface forcing for the “top-down” atmospheric flux estimates in
the CMS project.

Although the flux of CO5 across the air-sea interface cannot be measured
directly, its magnitude is known to depend on the difference (ApCO3) be-
tween the partial pressures of CO, of the ocean (pCO,) and of the atmosphere
(pCOS™). The air-sea CO, flux for a given ApCOy is usually estimated us-
ing a parameterization where the gas exchange coefficients depend on wind
speed at the surface of the ocean (e.g., Wanninkhof, 1992; Takahashi et al.,
2002; Sarmiento and Gruber, 2006).

Oceanic pCO5 depends on temperature and on other components of the
oceanic carbon system, which in turn depend on ocean circulation and bio-
logical activity. Observations of pCO4 are based on in-situ measurements and
have been compiled into large data bases (Takahashi et al., 2002, 2009; Pfeil
et al., 2012). Takahashi et al. (2002) used 940,000 measurements of surface-
water pCO, obtained since the International Geophysical Year of 1956-1959
to compile a gridded climatological monthly distribution of surface pCO, for
the reference year 1995, later updated for the year 2000 (Takahashi et al.,
2009).

On the basis of the available measurements numerous efforts have been
undertaken to quantify the oceanic uptake of CO, and its spatial structure
(e.g., Keeling et al., 1996; Battle et al., 2000; Takahashi et al., 2002, 2009),
its temporal variability, and the magnitude of its anthropogenic component
(e.g., Gloor et al., 2003; McNeil et al., 2003; Sabine et al., 2004).

Other approaches to quantify air-sea CO, fluxes are based on atmospheric
CO9 mixing ratios (e.g., Conway et al., 1994, and many others) and transport
inversions (e.g., Bousquet et al., 2000; Gurney et al., 2002; Rodenbeck et al.,
2003; Baker et al., 2006), which “estimate the regional distribution of air-
surface COq fluxes using the spatiotemporal variability in atmospheric CO,
concentration measurements” (Le Quéré et al., 2009). With regard to the
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oceans the results of these studies are difficult to interpret as the oceanic
signal variability is small compared to terrestrial fluxes. Nevertheless, they
provide estimates independent from gas exchange parameterizations.

Another air-sea-COs-flux estimation method that does not require knowl-
edge of a gas exchange coefficient is based on inverse calculations of oceanic
transports using ocean-interior data of dissolved inorganic carbon (DIC') and
on ocean circulation models (Gloor et al., 2003; Mikaloff Fletcher et al., 2006,
2007; Gruber et al., 2009). While this method allows a certain (coarse) re-
gionalization of model results, it only yields long-term CO, fluxes without
temporal variability.

Numerous biogeochemical ocean forward models have been developed
(Aumont and Bopp, 2006; Le Quéré et al., 2007; Thomas et al., 2008; Doney
et al., 2009; Buitenhuis et al., 2010; Assmann et al., 2010; Galbraith et al.,
2010, to name a few recent ones). These models differ substantially in resolu-
tion as well as in the formulation of model physics, biology, and the compo-
nents of the carbon cycle, depending on the questions they intend to answer.
In light of societal interest in anthropogenic changes of carbon sources and
sinks, substantial effort went into improving these models to address recent
changes of oceanic carbon uptake (e.g., Le Quéré et al., 2007, 2009, 2010;
Lenton et al., 2012) and possible future development and feedback under
climate change scenarios (e.g., Roy et al., 2011; Séférian et al., 2012).

For the specific task of developing a Carbon Monitoring System, the re-
quirement of an ocean component that represents the current state of the
oceans as realistically as possible leads to following two criteria. First, to cap-
ture the fine scale structure of sources and sinks and their temporal changes
in certain regions it is desirable to have a resolution that is at least eddy-
permitting. The North Atlantic is an example for a region exhibiting such
high variability on both temporal and spatial scales (compare, for instance,
Fig. 3 in Le Quéré et al., 2009). Second, observational data should be incor-
porated into the model simulations to the highest degree possible. In order to
address these two requirements, we developed the ECCO2-Darwin model (as
described later in this paper), which combines eddying horizontal resolution
with state-of-the-art biogeochemistry and data assimilation capability.

When setting up an Ocean Biogeochemistry General Circulation Model
(OBGCM) with this type of specifications, one of the most difficult tasks
is to account for complications resulting from high computational cost. In
the ocean, where circulation is slow compared to the atmosphere, it can
take thousands of (model) years to reach an equilibrium state. As increased
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spatial resolution requires more computing time, going to higher and higher
resolution diminishes the ability to spin-up models for a sufficiently long
time. Adding complexity to models by, for instance, including biogeochemical
cycles with many tracers, exacerbates the problem, as the model equations
have to be solved for each additional tracer.

Another problem associated with long spin-ups is model drift, that is,
the increasing biases between the model simulation and nature. Although
initial conditions are traditionally chosen to be as close to nature as possible,
systematic model or boundary condition errors will cause the simulation to
drift from a state near the attractor of nature to a state close to the attractor
of the model (Toth and Pena, 2007). If this model equilibrium state is too
far from nature, estimates of air-sea fluxes and the underlying physics and
biogeochemistry that drive these fluxes will be unrealistic, that is, they will
not or only imperfectly represent the natural phenomena they supposed to
model.

For short model integrations that circumvent these drift issues and allow
high resolution and model complexity, choosing initial conditions becomes
a critical issue. The availability of oceanic data at any given point in time
chosen to be the models starting point is extremely limited. While remote
sensing has improved the data situation drastically, it only supplies data for
the top layer of the ocean and gives very little information that can be used
to initialize ocean biogeochemistry.

To solve this initialization problem for all biogeochemical quantities simul-
taneously and to avoid producing unrealistic air-sea carbon flux estimates,
we use a simple, physically-consistent data assimilation approach based on
model Green’s functions, that is, on forward model sensitivity experiments
(Menemenlis et al., 2005a). The advantages of this method are simplicity
of implementation, the possibility of obtaining complete a posteriori error
statistics for the parameters being estimated, and improved robustness in
the presence of nonlinearities. One of the trade-offs associated with this
method is that computational cost increases linearly with the number of
control parameters (Menemenlis et al., 2005a).

This study is meant to (i) introduce the ECCO2-Darwin OBGCM, (ii)
be a proof-of-concept for the application of Green’s functions to the prob-
lem of initializing high resolution biogeochemical models, and (iii) describe
some residual problems of the ECCO2-Darwin estimates that need to be

addressed in future work. We start by introducing the various components
of the ECCO2-Darwin OBGCM (Section 2). We then describe the initial
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model simulation (Section 3) and give details about the various sensitivity
experiments (Section 4). Next we describe the observations used to evaluate
and adjust the model solution (Section 5). In Sections 6 and 7, we describe
the data assimilation method and the optimized model realization. Finally
we evaluate this optimized solution and discuss residual errors in Section 8.

2. The ECCO2-Darwin Model

The ECCO2-Darwin Ocean Biogeochemistry General Circulation Model
is based on a global, eddying, ocean and sea ice configuration of the Mas-
sachusetts Institute of Technology general circulation model (MITgcm; Mar-
shall et al., 1997a,b) and on results from two separately funded projects: the
Estimating the Circulation and Climate of the Ocean, Phase II (ECCO2)
Project, which provides a data-constrained estimate of the time-evolving
physical ocean state, and the Darwin Project, which provides time-evolving
ocean ecosystem variables. Together, ECCO2 and Darwin, supplemented by
a carbon chemistry component, supply a time-evolving physical, biological,
and chemical simulation of oceanic carbon biogeochemistry. We developed
this new OBGCM in order to compute surface fluxes of carbon at high spatial
and temporal resolution for the NASA CMS Flux Pilot Project.

2.1. ECCO2

The ECCO2 global-ocean model configuration uses a cube-sphere grid
(Adcroft et al., 2004) with 18-km horizontal grid spacing and 50 vertical lev-
els (Menemenlis et al., 2005b, 2008). It includes a dynamic/thermodynamic
sea ice model (Losch et al., 2010; Heimbach et al., 2010). In a first step, the
ECCO2 model configuration was adjusted using a low-dimensional (Green’s
functions) estimation approach (Menemenlis et al., 2005a). In a second step,
the method of Lagrange multipliers, also known as the adjoint method (Wun-
sch and Heimbach, 2007), was used to adjust initial and time-evolving surface
boundary conditions. Data constraints for the adjoint-method optimization
include sea level anomaly from altimeters on Jason-1, Jason-2/Ocean Surface
Topography Mission (OSTM), and Environmental Satellite (Envisat); sea
surface temperature from the Advanced Microwave Scanning Radiometer-
EOS (AMSR-E); and temperature and salinity profiles from the Argo profil-
ing floats. The adjoint-method-based ECCO2 estimates of the global-ocean
circulation available at the beginning of this study were for year 2004 and
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for 16 months starting in January 2009. These physical ocean circulation
estimates were used to drive the Darwin ecosystem model.

2.2. Darwin and Ocean Chemistry

The Darwin Project is an initiative to advance the development and ap-
plication of novel models of marine microbial communities, to identify the
relationships of individuals and communities to their environment, and to
connect cellular-scale processes to global microbial community structure (Fol-
lows et al., 2007; Follows and Dutkiewicz, 2011; Dutkiewicz et al., 2009). The
particular configuration used for the CMS Flux Pilot Project includes five
phytoplankton functional types (choices based on results from previous ver-
sions of the model, see Section 3.1) and two zooplankton types. The carbon
cycle is explicitly included in this configuration, along with those of nitrogen,
phosphorus, iron, silica, oxygen, and alkalinity. The carbonate chemistry fol-
lows the simplified model proposed by Follows et al. (2006) and air-sea COq
exchange is parameterized according to Wanninkhof (1992).

3. VERSION 1: The First ECCO2-Darwin Simulation

To obtain a first estimate of air-sea carbon fluxes for 2009 and 2010,
ECCO2-Darwin was integrated using a “best guess” set of initial and bound-
ary conditions. We will refer to this simulation as “VERSION 1”7 or “V1”.

3.1. Initial and Boundary Conditions

The ECCO2-Darwin model was initialized in January 2004 with physical
initial conditions provided by the adjoint-method-based solution described
in Section 2.1. Biogeochemical initial conditions for the spin-up were pro-
vided by an eight-year integration of Darwin driven by an earlier ECCO2
solution. The ecosystem model of that simulation was that of Dutkiewicz
et al. (2009). This earlier ECCO2 simulation did not include carbon chem-
istry and had been initialized with phosphate, nitrate, and silicate fields
from the World Ocean Atlas (Garcia et al., 2006b), and all other fields from
an ECCO-GODAE solution (Dutkiewicz et al., 2009), with the exception of
iron fields that were provided from MIT’s Integrated Global System Mod-
eling framework (IGSM; Dutkiewicz et al., 2012) in the Arctic, and ECCO-
GODAE for the rest of the world. Phyto- and zooplankton biomass were from
ECCO-GODAE, equally distributed over all types. The initial conditions for
DIC, alkalinity, and oxygen were taken from a realization of the Community
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Climate System Model (CCSM-3) ocean Biogeochemical Elemental Cycle
(BEC) model (Blackmon et al., 2001; Lovenduski et al., 2007; Doney et al.,
2009) that had been spun up for 600 years to pre-industrial conditions and
then continued with historical atmospheric CO5 for 1765 through 2004.

3.2. Model Spin-Up and Experimental Set-Up

The ECCO2-Darwin model spin-up started January 2004 with two years
of identical physical atmospheric boundary conditions provided by the 2004
adjoint-method ECCO2 solution described in Section 2.1. The two year spin-
up was followed by a “ramp-up” for the years 2004 through 2008. For this
period the atmospheric boundary conditions were obtained from the Japan
Meteorological Agency and Central Research Institute of Electric Power In-
dustry 25-year reanalysis (JRA-25; Onogi et al., 2007).

The “V1” ECCO2-Darwin simulation, which is described and evaluated
below, used physical boundary conditions from the ECCO2 adjoint solution
for the year 2009 and for the first four months of 2010, followed by JRA-25
forcing for the remainder of 2010. Surface boundary conditions for dust/iron
deposition were provided by the climatology of Mahowald et al. (2006). At-
mospheric pCO, forcing fields were constructed from spatially variable, daily
atmospheric pCO;, fields from 2009 GEOS-Chem results (Nassar et al., 2010)
produced as part of the NASA CMS Flux Pilot Project. The spatial and
temporal anomalies of these fields were adjusted globally using the global
atmospheric monthly pCOy means from NOAA’s Earth System Research
Laboratory?.

3.3. Results and Evaluation

One of the most striking features of the simulations with ECCO2-Darwin
is the high temporal and spatial variability of air-sea CO, fluxes. The day-to-
day variability in the mid- and high latitudes is dominated by synoptic scale
atmospheric systems. An example from this simulation for six consecutive
days in January 2009 is shown in Fig.1. The air-sea exchange processes
are dominated by wind speed variability (which is parameterized through
a quadratic dependence of the air-sea flux on the wind speed, Wanninkhof,
1992). While the reflection of atmospheric synoptic activity in air-sea gas

2NOAA’s ESRL data provided through their website at http://www.esrl.noaa.gov/
gmd/ccgg/trends/
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exchange fluxes is not surprising, it is worth pointing out that this high
variability is lost when using flux climatologies (e.g., Takahashi et al., 2009)
to drive atmospheric models.

One method to evaluate the quality of our model calculations is to com-
pare our globally integrated mean CO, exchange to published values de-
rived from other ocean models (for instance in a synthesis like: Global Car-
bon Project, 2011). There, the global ocean uptake for 2010 is given as
2.440.5 PgCyr~'. Our “VERSION 1” run yields 3.6 PgCyr—! (compare
Tab.1). The temporal evolution of this globally integrated flux is shown in
Fig.2 for 2009 and 2010. The blue circles represent our “V1” run, the thick
black lines monthly mean values from Takahashi et al. (2009), which are
referenced to 2000. The annual cycle of global uptake and outgassing can
be explained by looking at processes in some key regions. As the processes
shaping the time-series are the same for the other model realizations and
only differ in magnitudes, we will discuss them later in Section 7.

With the overall uptake of the ocean in VERSION 1 being clearly too
strong, we changed our experimental set-up. The results for V1 were made
publicly available as an intermediate result®.

4. Sensitivity Experiments

To improve the air-sea CO, fluxes from our initial run we performed
a suite of sensitivity experiments spanning the years 2009 and 2010. The
physical initial conditions were identical for all runs (and the same as those
described in Section 3.1). Five runs (CCSM, GLODAP, KS, BLEND, and
NOBM) varied in their biogeochemical initial conditions and were spun-up
as described in Section 3.1 starting with the year 2004. Additional sensitiv-
ity runs varied model parameterizations (runs PISVEL and PICPOC) while
using the January 2009 biogeochemical fields of the GLODAP integration as
initial conditions.

4.1. Run Descriptions

The initial conditions that distinguish the sensitivity runs were created
by interpolating the data sets described in the following to ECCO2-Darwin’s
cube sphere grid. An overview of the parameterizations and initial conditions
used in the integrations is given in table 1.

Shttp://cmsflux.jpl.nasa.gov/
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CCSM run. The CCSM run is basically identical to V1. The only difference
to V1 lies in the use of two complete years of adjoint forcing for the years
2009 and 2010 for the CCSM run. The initial conditions for DIC, alkalinity,
and oxygen were taken from a realization of the Community Climate Sys-
tem Model (CCSM-3) ocean Biogeochemical Elemental Cycle (BEC) model
(Lovenduski et al., 2007; Doney et al., 2009). More details can be found in
the description of run V1 in Section 3.1.

GLODAP (BASELINE) run. For the GLODAP run the initial conditions for
DIC and alkalinity were taken from the Global Ocean Data Analysis Project
(GLODAP) annual mean climatology provided by the Carbon Dioxide In-
formation Analysis Center (CDIAC; Key et al., 2004). The oxygen values
were derived from the World Ocean Atlas (WOA; Garcia et al., 2006a) by
taking the January values where available (that is, for the top 1500m) and
the annual climatology for the rest of the domain. This model realization
will also be referred to as “BASELINE” run.

KS run. Alkalinity and oxygen initial conditions for the KS (Key & Sabine)
run were identical to the ones used in the GLODAP run. For DIC the
CDIAC data set was blended with an anthropogenic correction using the data
set from Sabine et al. (2004). The values for initial conditions for January
2009 were calculated according to the method described in Le Quéré et al.

(2010).

BLEND run. For the BLEND run DIC, alkalinity and oxygen were blended
from the initial conditions of three other runs: the fields north of 40°N were
identical to CCSM, between 35°N and 15°N to GLODAP, and south of 10°N
to KS. The areas between these regions (from 40°N to 35°N and 15°N to
10°N) were linearly interpolated in between the data set. In addition, DIC
values in Antarctic Bottom Water were increased by 10 pmolkg=*.

NOBM run. Values for the initial conditions of DIC and dissolved organic
carbon (DOC') were taken from a realization of the NASA Ocean Biogeo-
chemical Model (NOBM; Gregg et al., 2003; Gregg and Casey, 2007, 2009)
provided by Watson Gregg, NASA Goddard Space Flight Center. As this
model does not carry alkalinity and oxygen, these quantities were initialized
with the data sets used in the BLEND run.

10
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PISVEL run. The PISVEL run was designed to identify the dependency of
our air-sea COs fluxes to their parameterization. To this end we modified the
air-sea gas exchange piston velocity in the formulation of Wanninkhof (1992)
from our standard value of 0.337 used in the other runs to the original value
of 0.31 used by Wanninkhof (1992). This run was started in 2009 using initial
conditions from the BASELINE run.

PICPOC runs. The PICPOC runs take into account the dependency of air-
sea COy fluxes on alkalinity. Ome big driver of alkalinity changes is the
cycling of particulate inorganic carbon (PIC'), which is formed as calcium
carbonate (CaCOj3) in shells in some phytoplankton species and subsequently
dissolved at depth. The amount of PIC' produced by these species relative to
particulate organic carbon (POC) is the parameter we choose to manipulate
for the PICPOC+ and PICPOC- experiments from 0.04 in the BASELINE
run to 0.1 and 0.01, respectively. For an overview of the variability of this
ratio for a variety of ocean regions see Sarmiento et al. (2002). The PICPOC
runs were also started in 2009 using initial conditions from the BASELINE
run.

Other runs. We performed further sensitivity experiments varying the disso-
lution rate of PIC and vertical tracer diffusion. As these runs yielded little
to no effect on air-sea CO5 fluxes or led to inconclusive results we did not
pursue them further.

4.2. Results and Evaluation

Overall, most of our sensitivity experiments reproduced the spatial and
temporal patterns observed in biogeochemical quantities; amplitudes, either
globally or with regard to specific regions, were not always well matched. As
an illustration, the two top rows of Figure 3 show annual means of surface
DIC from four of our sensitivity runs for 2009. The bottom left shows the
values from the GLODAP (Global Ocean Data Analysis Project; Key et al.,
2004) climatology that had been used to initialize our “GLODAP” sensitivity
experiment (top left of Fig.3). The differences that can be seen between the
climatology and the model runs can be attributed to a variety of causes.
First, the initial DIC' fields of the model runs differed from each other quite
substantially and thus led to a variety of patterns and amplitudes while the
model runs tried to adjust to them. Second, the GLODAP climatology is
based on measurements taken in the 1990s and does not reflect contemporary

11



332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

DIC fields. It can therefore not be expected that the observational panel in
Fig.3 would match the model results for 2009. Furthermore, the GLODAP
DIC climatology does not cover the Arctic Ocean, nor several marginal seas
represented in our model. For our GLODAP run we therefore created values
for these areas by extrapolating from nearest neighbors. The errors that
might have been introduced by this method are reflected in the substantial
differences between model runs that we see, for instance, in the Arctic Ocean.

Monthly mean air-sea CO4 fluxes from our model runs are compared to
each other and the data set by Takahashi et al. (2009) in Fig.4 for July 2009
and in Fig.5 for January 2010. The strongest discrepancies between model
and observations exist in the Southern Ocean. Measurements are notoriously
sparse in this region of the world ocean (especially in winter) and this lack of
information is reflected in a climatology like that by Takahashi et al. (2009)
(lower left in Figs.4 and 5). In these graphs the coarse spatial resolution
of the climatology (5°-by-4°) is clearly distinguishable from the high model
resolution (approximately 18 km, plotted here as 0.25°) by the absence of
fine scale structure. The monthly means of the Takahashi et al. (2009) data
set are referenced to the year 2000, while the model results are shown for
July 2009 and January 2010. The global uptake of CO5 by the oceans is
modulated by the increase of atmospheric COy concentrations and natural
and anthropogenic climate variability (e.g., Le Quéré et al., 2009). Due
to all these factors discrepancies between models and observations are not
surprising.

In July 2009 the main differences between the model runs in Fig.4 lie in
the strength of the outgassing in the equatorial Pacific, the spatial extension
of the subtropical outgassing in the Northern hemisphere, and the structure
and size of air-sea gas exchange fluxes south of 30°S. For January 2010 (Fig.5)
the model runs all share the strong oceanic carbon uptake in the Southern
Ocean (contrasted by the weak uptake in the climatology). The differences
in equatorial upwelling are similar to the July ones. The model runs disagree
on the structure and magnitude of air-sea carbon fluxes north of 40°N.

The globally integrated mean ocean uptake for 2010 of our model sen-
sitivity runs ranges from 0.62 to 4.18 PgCyr~! (see Tab.1) compared to
2.440.5 PgCyr~! (Global Carbon Project, 2011). The red and green circles
in Fig.2 represent two of our sensitivity runs (GLODAP and NOBM), the
blue dots our V1 run, and the thick black lines monthly mean values from
Takahashi et al. (2009) (which are referenced to 2000). A further discussion
of the spatial patterns and the time-series of air-sea CO, fluxes and their
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causes, as well as an evaluation, will be given in Section 7.

5. pCO, Data Sets

In addition to evaluating our results against climatologies (Key et al.,
2004; Takahashi et al., 2009) and global mean values (Global Carbon Project,
2011) we also used surface pCO, data for 2009 and 2010 from the “Global
Surface pCO, (LDEQO) Database” at the Carbon Dioxide Information Analy-
sis Center (Takahashi et al., 2011) to evaluate and improve our model results.

The available data for the time period of our model run are very sparse
and far from being regularly distributed (Fig.6). We sampled our model
sensitivity runs at the times and locations of the measurements. The dis-
tribution and shape of the resulting scatter plots (not shown) indicates that
there are substantial differences between the data and our model, which can
be attributed both to model deficiencies as well as undersampling.

The wide spread of our solutions, mainly due to the choice of initial
conditions, severely limits the ability to realistically constrain 71% of the
atmosphere’s lower boundary. To quantify the data-model mismatch and
determine our “best” solution we calculated a cost function (details see Sec-
tion 6). The cost is defined as the sum of the quadratic differences between
observations and model. Values for the costs per observation (J/Nogg) of
the GLODAP run for this initial scenario were the lowest of the runs with
variable initial conditions,. We therefore choose this run to be our reference
or “BASELINE” run for the following investigations.

6. Optimal Linear Combination

Recently, two studies have assimilated oceanic pCOy data into numerical
models: Valsala and Maksyutov (2010) used an offline tracer transport model
driven by reanalysis ocean currents, and While et al. (2012) assimilated pCOx
into a biogeochemical ocean general circulation model. Both studies report
improvements in representing pCQO, fields. Here we use pCO, measurements
to constrain initial conditions and exchange coefficients of a global, eddying
biogeochemical ocean model in order to improve air-sea CO, flux estimates.

6.1. Green’s Function Approach

The data assimilation approach used in this study is a least squares
method based on computation of model Green’s functions. This approach
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has previously been used for atmospheric tracer inversions (Enting and Mans-
bridge, 1989; Tans et al., 1990; Bousquet et al., 2000), ocean circulation es-
timates (Stammer and Wunsch, 1996; Menemenlis and Wunsch, 1997; Men-
emenlis et al., 2005a), ocean carbon inversions (Gloor et al., 2003; Mikaloff
Fletcher et al., 2006, 2007), joint ocean-atmosphere carbon dioxide inversions
(Jacobson et al., 2007a,b), and anthropogenic COy sequestration estimates
(Khatiwala et al., 2009).

The Green’s function approach involves the computation of Ocean Bio-
geochemistry General Circulation Model (OBGCM) sensitivity experiments
followed by a recipe for constructing a solution that is the best linear com-
bination of these sensitivity experiments. Green’s functions are used to lin-
earize the OBGCM, and discrete inverse theory is used to estimate uncertain
OBGCM parameters. The following discussion is based on the description in
Menemenlis et al. (2005a) and uses, when possible, the notation of Ide et al.
(1997).

Algebraically, the OBGCM can be represented by a set of rules for time-
stepping a state vector:

X (tie1) = M; [x'(1:)] . (1)

The OBGCM state vector x!(¢;) includes the prognostic variables of the bio-
geochemical model as described in Section 2.2, for instance, DIC, alkalinity,
and oceanic pCOs4, on a predefined grid at discrete time ¢;. Function M; rep-
resents the known OBGCM time-stepping rules. The discretized dynamics
of the true ocean x* are assumed to differ from that of the numerical model
(1) by a vector of stochastic perturbations:

X' (ti1) = M; [x*(t:),m] , (2)

where 7 is a noise process, which is assumed to have zero mean and covariance
matrix Q. Vector 1 contains a set of uncertain parameters, here initial
conditions, air-sea gas exchange coefficients, and the PIC'/POC ratio, that
can be used as “controls” for bringing the OBGCM simulation closer to
observations.
The optimization problem aims to estimate parameters n given a set of
observations
x"(to)
y'=H : + ¢, (3)
x'(ty)
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where vector y° represents all available observations during the estimation
period, tog < t; < ty, H is the measurement function, and residual € is a
noise process, which is assumed to have zero mean and covariance matrix
R. Vector e represents measurement errors and all model errors that are not
represented by n in (2).

For the Green function approach, Egs. (2) and (3) are combined, resulting
in

y*=G[n]+e, (4)

where G is composed of the observation operator H with the OBGCM func-
tion M;. Control parameters 1 are estimated by minimizing a quadratic cost
function

J=n"Q 'n+e"R7'e, (5)

where superscript T is the transpose operator. We assume that (4) can
be linearized about a particular OBGCM trajectory. If the linearization
assumption holds, (4) simplifies to

y'=y°—G[0]=Gn+e, (6)

where 0 is the null vector, G [0] is the baseline OBGCM integration sampled
at the data locations, vector y9 is the model-data difference, and G is a
matrix whose columns are the Green functions of G. Specifically, the j-th
column of matrix G is

g, — F1el = Cl0] 7)

€
where e; is a perturbation vector that is everywhere zero except for element
J, which is set to e;. That is, each column of G can be computed using an
OBGCM sensitivity experiment. Matrix G is called the data kernel because
it relates the data y¢ with model parameters 1. The minimization of (5)

given (6) is a discrete linear inverse problem with solution
7' =PG'Ry! (5)
and uncertainty covariance matrix
P=(Q'+G'R'G)". (9)

This approach has been applied to the initialization and adjustment of the
ECCO2-Darwin model, as is discussed next.
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6.2. Solution and Linear Combination

As a first step and proof of concept we started our investigations experi-
menting with optimizations using a variety of combinations of the data sets
described in Section 5. We present results from one particular realization to
illustrate the concept.

We used the surface pCO, data for 2009 and 2010 from the “Global Sur-
face pCO2 (LDEQO) Database” at the Carbon Dioxide Information Analysis
Center (Takahashi et al., 2011) as described in Section 5 for the data vector
y° in Eq.3 as a first attempt to constrain our model output. The experiments
with this data set alone showed that we could achieve a modest improvement,
but that the use of additional data constraints was warranted.

The Green’s functions run “GREEN” used two other sets of data con-

straints: The global mean air-sea CO, flux for 2010 (with a value of 2.4 PgCyr—1,

Global Carbon Project, 2011) and the Takahashi et al. (2009) climatology
for the seasonal cycle of pCOy (after removing area-weighted monthly means
from the original values).

6.3. Set-Up for an Optimized Run

Out of a large number of possible combinations of parameters and runs
we choose (after experimenting with a variety of settings) those shown in
Tables 1 and 2. The standard errors for the pCO, data and climatology were
set as the RMS error between data and model realizations. The error for the
global mean air-sea CO, flux was chosen as 0.01 PgCyr—".

For the optimization run GREEN that we discuss here we used a com-
bination of seven sensitivity runs: All five runs that differed in their initial
conditions (GLODAP, CCSM, KS, BLEND, and NOBM), the sensitivity
study involving changed piston velocity (PISVEL), and one of our runs in-
volving changes in the ratio of PIC and POC (PICPOC+). The cost per
observation for each of these runs is shown in Tab.2. We choose not to use
the results from our other sensitivity runs as the associated changes yielded
little to no effect on air-sea CO, fluxes.

The biogeochemical initial conditions (ICs) for our optimized run were
determined from a linear combination of the ICs from those five runs that
differed in their initial conditions. The factor for the BASELINE run is the
sum of all the factors of the runs that used the BASELINE initial conditions
(GLODAP, PISVEL, and PICPOC), the other four factors come directly

from the Green’s functions calculation. They are listed for the GREEN run
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in Tab.2, the parameter values for the gas exchange parameter, and the ratio
of PIC to POC can be found in Tab.1.

7. VERSION 2: An Optimized Solution

The GREEN optimizations yielded substantial cost (that is, data-model
mismatch) reductions. While the cost per observation of the sensitivity runs
was between 1.04 and 2.18 depending on the run, the optimized solution
yielded a cost per observation of 0.82 (Tab.2). A linear combination of the
values from the sensitivity runs (applying the multiplication factors directly
to the model output values and fields instead of performing the optimized
runs) yielded even a slightly lower value. This cost improvement is reflected
in the scatter plot of Figure 7. While there is still considerable scatter in the
optimized solution (black dots), compared to the VERSION 1 results (red
dots) the GREEN solution is closer to the diagonal, as symbolized by the
scatter plot density contour lines.

The global mean oceanic CO, uptake for 2010 that was between 0.62 and
4.18 PgCyr~! in the sensitivity runs showed a value of 2.54 PgCyr~! in
the optimized run (Tab.1). This is of course not surprising as the error for
this quantity had been set to 0.01 PgCyr~—! in the optimization calculation
posing a strong constraint for the solutions.

The corresponding annual cycles of globally integrated air-sea CO4 fluxes
for run GREEN are shown as the large black circles in Fig.2. The optimiza-
tion has led to values that are located between the extremes of the sensitivity
runs, but show the same overall structure in the seasonal cycle. The regional
contributions to the seasonal cycle of globally integrated fluxes in Figure 8
help interpret the seasonal cycle of the overall COy uptake and release.

Strong uptake in the Southern Ocean in the austral spring and summer
dominates the global budget. The annual cycle there is mainly driven by
variations in vertical and horizontal transport processes as well as biological
production. Temperature differences between summer and winter are not
very pronounced (on average about 4°C), hence their influence on solubil-
ity and air-sea fluxes is limited. This globally integrated uptake maximum
during December and January is intensified by winter-time uptake in the
mid-latitudes of the northern hemisphere that is only slightly counteracted
by outgassing in the southern mid-latitudes. The equal phasing between the
mid-latitudes of the northern hemisphere and the Southern Ocean can also be
seen in boreal summer/austral winter when the combined (weak) outgassing
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of these regions more than compensates for the slight uptake of the southern
hemispheric mid-latitudes. This interplay hence explains the seasonal cycles
of Fig.2.

The spatial maps showing the GREEN optimization for surface DIC and
the monthly mean pCQOy are in the lower right plots of Figs.3, 4, and 5, re-
spectively. In general, the overall features of the biogeochemical fields look
realistic. Unrealistic features of single realizations (for instance, the entire
North Atlantic being a carbon sink in the CCSM run in January 2010) have
been ameliorated in the optimized runs. The July 2009 CO, fluxes are in
closer agreement with the Takahashi et al. (2009) climatology than our Jan-
uary 2010 results. Features like the strength of the Southern Ocean uptake
and the almost complete lack of outgassing in the northernmost Pacific are
certainly characteristics of our solutions that need to be explored in more
detail.

Major differences between the regional time-series of our model run and
the Takahashi et al. (2009) climatology in Figure 8 exist in the Equatorial
Pacific, the North Atlantic and Pacific, and the Southern Ocean. These are
reflected in the comparison of the GREEN run’s annual mean CO, flux map
with the annual mean Takahashi climatology in Figure 9 and will be discussed
in the following section.

The air-sea fluxes from this GREEN run have been published to the
research community as VERSION 2 (v2.0 and v2.1, differing only in the
method of interpolation to a lat-lon grid)*.

8. Summary and conclusions

It is difficult to asses how realistic our solutions are, as we don’t know
the “true” state of the ocean and, in particular, of air-sea CO5y fluxes. The
cost functions can give a rough idea of how much the model-data difference
was reduced. Still, we are comparing single measurement points that are
subject to local or small scale phenomena and temporal variations (caused,
for instance, by eddies) with a global model. The climatologies that we used
to initialize or constrain our data with have the problem that they are gridded
interpolations from measurements that have been taken over long time spans
and often there are large gaps between cruises. Of course, the overall patterns

“http://cmsflux.jpl.nasa.gov/
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of these climatologies should be represented in model resolutions, and they
are.

A different approach to validating the adjusted ECCO2-Darwin simula-
tion is to compare our results to other studies. Since other studies have
mostly reported annual mean results, we refer to our annual mean air-sea
CO; flux in Fig.9. The ocean inversion study by Gruber et al. (2009) shows
only slight discrepancies between the ocean inversion estimate of uptake in
the Southern Ocean (defined as south of 44°S) and the Takahashi et al. (2009)
climatology with regard to the overall uptake values, but a very different spa-
tial structure. In the climatology CO, is taken up near the continent (very
weak to neutral in our GREEN run), and released into the atmosphere north
of the Antarctic Polar Front (strong outgassing in GREEN). The values in
the ocean inversion for the uptake in that area are approximately between
0.5 and 3 molCm™2yr~! (nominal for 1995), our model produces values be-
tween an outgassing of up to 3 molCm~2yr~! in the Eastern Pacific Sector
of the Southern Ocean to an uptake of up to 7 molCm~2yr~! off the coast
of Argentina. These overall higher values appear to be more in line with
the majority of the OCMIP-2 ocean forward models (Watson and Orr, 2003)
that are referred to in Gruber et al. (2009) with a decidedly higher uptake in
Southern Ocean. The inverse calculations of Mikaloff Fletcher et al. (2006)
find a strongly elevated uptake of anthropogenic CO5 south of 44°S compared
to results from model forward calculations. Other recent model results from
the Community Climate System Model (CCSM-3) ocean Biogeochemical El-
emental Cycle (BEC) model (Doney et al., 2009) and an isopycnic carbon
cycle model (Assmann et al., 2010) show higher overall carbon uptake in
the Southern Ocean compared to the Takahashi et al. (2009) climatology.
Although spatial patterns and amplitudes vary from model to model, there
is general agreement that the climatology underestimates the carbon sink in
the Southern Ocean. The carbon uptake of the ECCO2-Darwin solutions in
the Southern Ocean is on the high end compared to most other models and
to the climatology, causing an overly pronounced amplitude of the seasonal
cycle of the globally integrated CO4 flux.

In other areas of the world ocean the ECCO2-Darwin solutions were more
consistent with other studies with differences only in magnitudes. The equa-
torial outgassing in the Eastern Pacific of run GREEN, for instance, has a
shape similar to Doney et al. (2009), the values are closer to those shown
by Assmann et al. (2010). The Northern North Pacific in our model does
not show the outgassing in the annual mean that is found in the other two
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models as well as in the climatology.

As we constrained our model to achieve a “target” global carbon uptake
of about 2.4 to 2.5 PgCyr~!, it needs to compensate for the too strong car-
bon uptake in the Southern Ocean by weaker uptake or intensified outgassing
in other regions. Additional Green’s functions sensitivity experiments would
be required to “repair” these regional problems in representing air-sea CO,
fluxes. We are in the process of diagnosing the underlying model physics and
biology that cause this overly strong Southern Ocean uptake. Preliminary
conclusions are that the model treatment of nutrient fields in combination
with the parameterization of biological production is the most likely can-
didate for these unrealistic model results. Additional work is underway to
improve the model runs for future releases of CO5 flux products.

This proof-of-concept study has shown that the Green’s function method
can help adjust OBGCM model parameters and reduce model-data mis-
match. The existing ECCO2-Darwin solution remains, however, preliminary
in many ways. First, we only used a very small set of observational data
to constrain of Green’s function solution. We are in the process of adding
data constraints from observed, full-depth profiles profiles of DIC, alkalinity,
and oxygen. Second, we are experimenting with the utilization of remotely-
sensed products like chlorophyll, and other satellite-derived biological or bio-
geochemical quantities to vastly expand the number of available constraints.
Third, forward-model sensitivity experiments varying additional model pa-
rameters are being carried out, which will lead to additional degrees of free-
dom for the optimization. Fourth, we are exploring the creation of new sets
of biogeochemical initial conditions, which will also expand this parameter
space. One specific set of initial conditions that we are exploring is the con-
struction of self-consistent data sets of DIC' alkalinity, and density. We plan
to enforce this self-consistency by assuming that the biogeochemical fields
correlate with density and by estimating their variation through regression.
This method has been used successfully in regional ocean modeling studies
(Gruber et al., 2012; Lachkar and Gruber, 2012). Fifth, the model param-
eterizations, especially with regard to the choice of phytoplankton species,
are being evaluated in greater detail and adjusted to observations. Lastly,
a major drawback of the Green’s function approach discussed herein is that
computational cost increases linearly with the number of control parameters.
Using this approach for detailed regional adjustments would be impractical.
For this reason, we are also exploring the application of the adjoint method
to the ECCO2-Darwin model. This strategy is similar to that adopted by the
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ECCO2 project, whereby preliminary model adjustments were carried out us-
ing a Green’s function approach while the adjoint method was subsequently
used to further fine tune the solution. The cost of the adjoint method, while
substantial, is largely independent from the number of control parameters.
Using the adjoint method, it is possible to simultaneously adjust a large
number of degrees of freedom. For example, in the ECCO2 physical-ocean
optimizations, of order two billion model parameters have been adjusted us-
ing the adjoint method. For ECCO2-Darwin, we plan to adjust the initial
and surface biogeochemical boundary conditions in order to fit the observa-
tions discussed above. All of the above improvements will lead to gradually
more realistic air-sea COy estimates for the NASA CMS project as well as for
the underlying physical, biological, and chemical processes that drive these
air-sea fluxes.
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Table 1: Initial conditions and parameterizations used in sensitivity and optimized experiments plus air-sea COq fluxes for
2010. Gas Exchange Parameter: Air-sea gas exchange is calculated following Wanninkhof (1992): Gas transfer velocity
k = fact u?(Sc/660)7%°, with Sc being the Schmidt number of CO, in seawater and fact the numerical value in this table;
CCSM: values are from a realization of the Community Climate System Model (Blackmon et al., 2001; Lovenduski et al., 2007;
Doney et al., 2009) in T62 resolution with historic atmospheric COs forcing; GLODAP: Global Ocean Data Analysis Project,
Carbon Dioxide Information Analysis Center (Key et al., 2004); WOA 2005: World Ocean Atlas (Garcia et al., 2006a);
GLODAP, Sabine: DIC data from Global Ocean Data Analysis Project, Carbon Dioxide Information Analysis Center (Key
et al., 2004) with anthropogenic correction of Sabine et al. (2004); values for initial conditions calculated according to method
described in Le Quéré et al. (2010); Blended: DIC, Alk, and Os blended from other runs: North of 40°N from CCSM,
between 35°N and 15°N from GLODAP, South of 10°N from KS, with linear interpolation in between data sets from 40°N
to 35°N and 15°N to 10°N. In addition, DIC values in Antarctic Bottom Water were increased by 10 pmolkg™'; NOBM:
Values taken from a realization of the NASA Ocean Biogeochemical Model (NOBM; Gregg et al., 2003; Gregg and Casey, 2007,
2009) provided by Watson Gregg, NASA Goddard Space Flight Center; GREEN: Multiplication factors for all biogeochemical
initial conditions: GREEN = 0.56404 - GLODAP + 0.16033 - CCSM — 0.077899 - KS + 0.10418 - BLEND + 0.24935 - NOBM.

Run name Initial Conditions Gas Exchange PIC/POC  Flux 2010 Remarks
DIC Alk 02 Parameter [PgC/yr]
V1 CCSM CCSM CCSM 0.337 0.04 -3.61 Published as version 1.0
GLODAP GLODAP GLODAP WOA 2005 0.337 0.04 -3.63 BASELINE run
CCSM CCSM CCSM CCSM 0.337 0.04 -4.18
KS GLODAP, Sabine GLODAP WOA 2005 0.337 0.04 -3.21
BLEND Blended Blended Blended 0.337 0.04 -3.87
NOBM NOBM Blended Blended 0.337 0.04 -0.62 DOC IC also from NOBM
PISVEL BASELINE BASELINE BASELINE 0.31 0.04 -3.55
PICPOC+ BASELINE BASELINE BASELINE 0.337 0.1 -3.79
PICPOC- BASELINE BASELINE BASELINE 0.337 0.01 -3.30

GREEN Optimization 0.34822 0.133 -2.54 Published as versions 2.0 and 2.1
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Table 2: Costs per observation (J/Nopg) and multiplication factors for initial condition
calculation for sensitivity and optimized model realizations. The “Linear Combination”
refers to a calculation of cost and fluxes simply based on a linear combination of the factors
from the sensitivity runs, calculated without actually performing a run.

Run GREEN
name J/Nops Factors
GLODAP 1.2819 0.56404
CCSM 1.9681 0.16033
KS 1.0429  -0.077899

BLEND 1.6594  0.10418
NOBM 2.1856  0.24935
PISVEL 1.2892
PICPOC+ 1.0828
Lin.Combi. 0.8076
GREEN 0.8242
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Figure 1: Sequence of 6 daily means of sea-air CO5 gas fluxes in molCm™2yr~! from the
“VERSION 1” simulation for January 4-9, 2009. Positive values denote upward fluxes,
i.e., outgassing, negative values oceanic uptake. Note the rotating propagation of high
and low values from west to east following the paths of atmospheric synoptic systems.
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Figure 2: Globally integrated sea-air COy fluxes for 2009 and 2010 in PgCyr~! for four
different model realizations: Initial conditions taken from VERSION 1 (blue), NOBM
(green), GLODAP (baseline integration, red), GREEN/VERSION 2 (open black circles),
and the monthly means derived from Takahashi et al. (2009) (thick black lines).
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Figure 3: Annual mean of surface dissolved inorganic carbon (DIC) in mmolCm~2 for
2009 for model runs GLODAP and CCSM (top), BLEND and NOBM (middle), from the
Global Ocean Data Analysis Project data set (Key et al., 2004), and the optimized run
GREEN (bottom).
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Figure 4: Monthly mean CO, gas fluxes in molCm™2yr~! for July 2009 for model runs
GLODAP and CCSM (top), BLEND and NOBM (middle), from the Takahashi et al.
(2009) data set, and the optimized run GREEN (bottom). Positive values (red) are up-
ward.
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Figure 5: Monthly mean CO, gas fluxes in molCm~2yr~! for January 2010 for model
runs GLODAP and CCSM (top), BLEND and NOBM (middle), from the Takahashi et al.
(2009) data set, and the optimized run GREEN (bottom). Positive values (red) are up-
ward.
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Figure 6: Positions of surface pCOy measurements during 2009 and 2010 from the Global
Surface pCO2 database at the Lamont-Doherty Earth Observatory (Takahashi et al.,

2011) represented by the blue dots and lines. Graph was created using ODV software
(http://odv.awi.de).
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Figure 7: Scatter plots for locations of pCO5 measurements as depicted in Fig.6, relating
model output (vertical axis) to observations (horizontal axis). Red dots and contour line
represent VERSION 1, black dots and contour line represent the optimized simulation
GREEN/VERSION 2. The contour lines denote regions where scatter plot density is
greater than 0.5 points per ppm?. The 72 coefficients for VERSIONS 1 and 2 are 0.05 and
0.09, the slopes are 0.24 and 0.28, respectively.
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Figure 8: Time-series of regionally integrated sea-air COq

line represent outgassing, below it ocean uptake; the scales
plots.
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fluxes for 2010 from the opti-
mized model run (GREEN/VERSION 2) in PgCyr~! (blue dots) and, for reference, the
monthly mean values from the Takahashi et al. (2009) climatology (red dots). Positive val-

ues (red) are upward. The black lines in the time-series plots denote “0”, values above this
are identical for all time-series
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Figure 9: Annual mean CO, gas fluxes in molCm~2yr—! for 2010 for the optimized model

run GREEN (top) and the Takahashi et al. (2009) data set. Positive values (red) are
upward.
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