


[4] The tracer-based DC* method is used extensively to
separate the concentration of anthropogenic CO2 in the
ocean from ocean interior observations of dissolved inor-
ganic carbon (DIC) and other tracers [Gruber et al., 1996].
This technique has been employed to calculate regional and
global inventories of anthropogenic CO2 storage in the
ocean [e.g., Lee et al., 2003; Gruber, 1998; Sabine et al.,
1999, 2002], and a global summary was presented by
Sabine et al. [2004]. However, while this method provided
many new insights into anthropogenic CO2 storage, by itself
it cannot be used to quantitatively assess the air-sea fluxes
and oceanic transport of anthropogenic CO2.
[5] Recently, an approach has been developed to estimate

surface fluxes from ocean interior data [Gloor et al., 2001;
Gruber et al., 2001; Gloor et al., 2003]. This approach uses
a Green’s function inverse method analogous to atmospheric
tracer inversions [e.g., Enting and Mansbridge, 1989; Tans
et al., 1990; Bousquet et al., 2000] to infer regional air-sea
fluxes from ocean interior observations and OGCMs that
are used to determine how surface fluxes influence tracer
concentrations in the interior ocean.
[6] The inverse approach is appealing because the flux

estimates are driven by data and because it is independent of
bulk formulations, such as the parameterization of the air-
sea gas exchange coefficient needed to estimate air-sea
fluxes from measurements of the air-sea partial pressure
difference [e.g., Takahashi et al., 2002]. The application of
this inversion method to the anthropogenic CO2 problem is
aided by the fact that the large-scale spatial footprints of
anthropogenic CO2 uptake are well preserved in the oceans
owing to the long timescales of ocean circulation. However,
there are several important sources of uncertainty associated
with this method that have not been addressed. Compar-
isons between heat and oxygen flux estimates using three
different OGCMs suggested that model transport is one of
the largest sources of uncertainty in the inverse estimates
[Gloor et al., 2001; Gruber et al., 2001]. There are also
several sources of uncertainty associated with the estimates
of anthropogenic CO2 used to constrain the inversion
[Gruber et al., 1996; Matsumoto and Gruber, 2005;
Keeling, 2005; Sabine and Gruber, 2005]. A third issue
that needs to be considered is the aggregation error, which is
caused by the assumption that fluxes within a large spatial
region are proportional to a prescribed spatial pattern
[Kaminski et al., 2001]. In addition, the inversion implicitly
assumes that ocean circulation was approximately steady
over the last 2 centuries and that the only source of temporal
variability in the oceanic uptake of anthropogenic CO2 is
the atmospheric CO2 perturbation.
[7] The aim of this paper is to extend the first estimates of

Gloor et al. [2003] by estimating the air-sea fluxes of
anthropogenic CO2 with a refined method, address the
uncertainties and robustness of these estimates, and explore
the oceanic transport of anthropogenic CO2 implied by the
surface fluxes. We employ a suite of 10 OGCMs to estimate
regional anthropogenic CO2 fluxes from 24 regions. We
discuss the features of the flux estimates and their implica-
tions for the global carbon cycle. We then explore the role
of ocean transport in the inversion and assess the uncer-
tainty due to differences among OGCMs. In addition, we

quantify the effect of likely sources of systematic error in
the data-based estimates of anthropogenic CO2 on the
inversely estimated fluxes. Finally, the inverse results are
compared with forward model simulations using the same
suite of models permitting us to assess what we have
learned using the inverse approach.

2. Methods

2.1. Anthropogenic CO2 Estimates

[8] One of the primary components enabling this work is
the recent availability of a high-density, global data set of
DIC and other tracers in the ocean interior from the Global
Ocean Data Analysis Project (GLODAP) [Key et al., 2004].
This data set is composed of data collected from cruises
conducted as part of the World Ocean Circulation Experi-
ment (WOCE), the Joint Global Ocean Flux Study
(JGOFS), and the National Oceanic and Atmospheric Ad-
ministration (NOAA) Ocean-Atmosphere Exchange Study
(OACES) as well as historical cruises. (Locations of the
observations are shown in Figure fs01 of the auxiliary
material1.) As a result of this project, over 68,000 observa-
tions are available to constrain the flux estimates.
[9] For each of these observations, the component of the

observed DIC concentration that is due to the atmospheric
perturbation of CO2 was estimated using the DC* method
[Gruber et al., 1996]. In this study, we use individual data
points rather than the gridded data set. The spatial and
temporal inhomogeneity of these data are accounted for by
sampling the model simulated basis functions at the grid
box corresponding to the sampling site during the year the
data was collected, as discussed in the following section.
[10] A zonally averaged section of the reconstructed

anthropogenic CO2 used to constrain the inversion is shown
in Figure 1. The highest anthropogenic CO2 concentrations
occur near the surface with generally rapidly decreasing
concentrations toward the interior of the ocean. This is a
consequence of the long timescale of ocean transport from
the surface to the deep ocean interior. The deepest penetra-
tion occurs in the North Atlantic, owing to the extensive
deep water formation in this region, and at midlatitudes,
owing to the convergence of intermediate waters and mode
waters that were recently in contact with the surface. There
is little penetration in the tropics owing to the shallow
thermocline. The anthropogenic CO2 data set is discussed in
detail by Sabine et al. [2004].

2.2. Inverse Model

[11] We use the same approach used by Gloor et al.
[2003], with a few adaptations. We provide here only an
overview of the method and refer to the auxiliary material
for further details. The surface of the ocean is divided into
30 regions, and later aggregated to 24 regions as shown in
Figure 2. Ten OGCMs are used to simulate a basis functions
from each surface region, describing how an arbitrary unit
of flux at the surface impacts tracer concentrations in
the interior ocean. (Basis functions for one OGCM

1Auxiliary material is available at ftp://ftp.agu.org/apend/gb/
2005gb002530.
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corresponding to each region are shown in Figure fs02 of
the auxiliary material.) The resulting simulated basis func-
tions are then sampled at the location and time of each of
the observations during the year that each observation was
collected (Figure 1). Each of the observations, in this case
data-based estimates of anthropogenic CO2, Cant, is approx-
imated as a linear combination of the nreg = 30 basis
functions,

Cant ¼
X

i¼1;nreg

liAi þ e; ð1Þ

where Ai is the modeled basis function concentration at the
location of the observations, li is a dimensionless factor that
scales the unit surface flux into the region, and e is a
residual due to limitations of the method. In order to
account for random errors in the data-based anthropogenic
CO2 estimates, each of the data-based estimates is weighted
by the inverse of its random error, estimated by error
propagation [see Gruber et al., 1996]. Finally, the system of
linear equations is solved for the combination of surface
fluxes that is in optimal agreement with the data-based
anthropogenic CO2 estimates, using Singular Value Decom-
position (SVD). In cases where multiple observations occur
in the same model grid box, each observation is treated as a
separate constraint in the system of linear equations.
[12] The basis function for a given model region is

generated by continuously injecting an arbitrary unit flux
of a dye tracer into the surface of a this region and by
running the OGCMs forward in time over the industrial
period (1765–2005). This flux is distributed within the

region on the basis of the seasonal climatology of Takahashi
et al. [2002] and scaled with time on the basis of the
atmospheric CO2 perturbation using a scaling factor, f(t).
[13] The temporal scaling, f, is calculated from the

atmospheric CO2 mixing ratio as done by Gloor et al.
[2003].

f tð Þ ¼
cCO2

tð Þ � cPreindustrial
CO2R

cCO2
tð Þ � cPreindustrial

CO2

� �
dt
; ð2Þ

where cCO2
is the atmospheric mixing ratio of CO2,

assumed to be 280 ppm in preindustrial times [Etheridge
et al., 1996]. The time history of cCO2

is prescribed by a
spline fit determined by Enting et al. [1994] on the basis of
ice core data [Neftel et al., 1985; Friedli et al., 1986] and
observations of atmospheric CO2 at Mauna Loa Observa-
tory [Keeling et al., 1989]. We updated this time series to
the year 2005 using observations from Mauna Loa provided
by CMDL/NOAA and a scaled version of the IS92 scenario
[Mikaloff Fletcher et al., 2003]. Here cCO2

Preindustrial is 280 ppm
based on ice core data.
[14] This temporal scaling of the dye fluxes is possible

owing to the nearly exponential growth of atmospheric CO2

during the industrial period. Theoretical considerations and
a box model analysis show that when the mixing ratio of an
atmospheric gas increases exponentially, the oceanic uptake
is, to first order, proportional to the rate of growth. This is
because the atmospheric growth rate of a trace gas at any
point in time is proportional to the total amount of the trace
gas in the atmosphere. We confirmed our scaling by plotting

Figure 1. Meridional section of zonally averaged anthropogenic CO2 (mmol kg�1) used to constrain the
inversion. Uniform gray areas bounded by a thick, white line represent locations where no observations
are available and black areas represent topography. Anthropogenic CO2 was estimated from dissolved
inorganic carbon measurements using the DC* method of Gruber et al. [1996]. Based on data provided
by GLODAP [Key et al., 2004].
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anthropogenic CO2 uptake versus atmospheric CO2 pertur-
bation using results from the second phase of the Ocean
Carbon-cycle Model Intercomparison Project (OCMIP-2)
[Watson and Orr, 2003] (see Figure fs03 of the auxiliary
material). This analysis also reveals some notable departures
from our scaling around 1800 and 1940. These are caused
by the large changes in atmospheric CO2 growth rate that
occurred during these periods. The results from the
OCMIP-2 forward simulations also demonstrate that the
increase in the buffer factor due to the accumulation of
anthropogenic CO2 in the surface ocean between 1765 and
2005 is too small to have caused a detectable deviation from
our assumed linear scaling.
[15] Basis functions were computed for 30 surface regions

[Mikaloff Fletcher et al., 2003], and later aggregated to
24 regions. These aggregations were selected to minimize
the covariance between the modeled response to surface
fluxes into each pair of regions. High covariances between
regions indicate that the inversion cannot effectively distin-
guish between two regions either because the basis func-
tions are too similar or because the observational data set is
insufficient. The sum of the fluxes into two regions with
high covariance may be well constrained, but the individual
fluxes are highly uncertain.

2.3. OGCMs

[16] We employ basis functions from 10 OGCMs in order
to elucidate the role of differences in OGCM transport in the
inversion. These model simulations were undertaken by six
different modeling groups: Princeton (PRINCE) Massachu-
setts Institute of Technology (MIT), Bern-Switzerland
(Bern3D), Jet Propulsion Laboratory (ECCO), National
Center for Atmospheric Research (NCAR), and University
of Liége-Belgium (UL) (described briefly in the auxiliary
material). Princeton provided results from five different
configurations of their model [Gnanadesikan et al., 2002,
2004], summarized in Table ts01 of the auxiliary material.
Owing to the history of model development, several of these
models share common numerical cores. However, compar-
ison with data constraints have shown that differences in
sub-grid-scale parameterizations and surface forcing are a
stronger determinant of model differences than model
architecture [Dutay et al., 2002; Doney et al., 2004;
Matsumoto et al., 2004]. This is well illustrated by the
PRINCE family of models, which share the same funda-
mental numerical core setup, but have differing values of
the vertical and along-isopycnal diffusivity, and in some
cases also differing salinity restoring schemes, wind fields,
and topography. These changes cause the resulting model

Figure 2. The 24 regions used for the ocean inversion. The region numbers show the aggregation from
the original 30 regions [Mikaloff Fletcher et al., 2003] to the 24 regions used in this study.
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configurations to span nearly the entire range of model
behavior seen in the global coarse-resolution models that
participated in OCMIP-2 [Matsumoto et al., 2004].
[17] Four of the models used here have been compared in

OCMIP-2 [Dutay et al., 2002; Doney et al., 2004; Watson
and Orr, 2003]: the LL configuration of PRINCE, and the
MIT, NCAR, and UL models. The MIT model used here
has a slightly different configuration from the version used
in OCMIP-2.
[18] In order to determine which models are likely to have

the most accurate transport on the timescale of anthropo-
genic CO2 perturbation, we compare the GLODAP gridded
CFC-11 data set with simulations of CFC-11 from that
followed the OCMIP-2 protocol [Dutay et al., 2002]. Table 1
shows the correlation between the gridded CFC-11 data
and the modeled CFC-11, the standard deviation of the
modeled CFC-11 normalized by the standard deviation of
the gridded CFC-11 data, and a CFC-11 model skill score
based on these two quantities [Taylor, 2001]. We use
these CFC-11 skill scores to weight the different models
when calculating the between-model means and standard
deviations, such that models that simulate the distribution
of CFC-11 more accurately have a stronger effect on the
reported results.

3. Results

3.1. Anthropogenic CO2 Uptake

[19] The inversion finds a global anthropogenic CO2

uptake of 2.2 Pg C yr�1, with a weighted standard deviation
of 0.25 Pg C yr�1, scaled to a nominal year of 1995. The
range across all models is 1.85 to 2.81 Pg C yr�1 (Table 1).
This substantial range is due in part to differences between
the effective vertical diffusivities in the models. Highly
diffusive models distribute the dye over a larger portion
of the ocean. This requires larger anthropogenic CO2 fluxes
in order to match the high observed anthropogenic CO2

concentrations in the upper ocean. The OGCMs providing
the high and low ends of this range (UL and PRINCE-LL)
also have lower CFC-11 skill scores than the other OGCMs

used in this study. This suggests that the cross-model range
can be considered an upper estimate of the uncertainty
associated with the inversely estimated global anthro-
pogenic CO2 uptake.
[20] The greatest anthropogenic CO2 uptake occurs in the

Southern Ocean, particularly in the subpolar regions (44�S
to 58�S), where the weighted mean anthropogenic CO2

uptake is 0.51 Pg C yr�1 with a standard deviation of
0.17 Pg C yr�1 (Figure 3). This flux represents 23% of the
global total anthropogenic CO2 uptake. In addition, the
inversion finds considerable anthropogenic CO2 uptake in
the tropics. In contrast, anthropogenic CO2 uptake at mid
latitudes is found to be low, despite the fact that the greatest
anthropogenic CO2 storage occurs there (Figure 1).
[21] These broad features in the spatial pattern of the

fluxes are consistent across all of the models that partici-
pated in this study. However, there exists considerable
model differences between the anthropogenic flux estimates
for some regions, leading to substantial uncertainties in the
weighted means. The greatest anthropogenic CO2 uncer-
tainty occurs in the Southern Ocean, with a weighted
standard deviation from the weighted mean uptake of
0.10 Pg C yr�1 for the region south of 58�S and 0.17
Pg C yr�1 for the region between 44�S and 58�S. As a
percentage of the total signal, the range in the high-latitude
North Atlantic is also very high. The inverse estimates are
the most consistent in the North Atlantic and North Pacific.
[22] This uptake pattern is in good agreement with pre-

vious forward modeling studies. In some of the first 3-D
OGCM studies of the oceanic uptake of anthropogenic CO2,
Sarmiento et al. [1992] and Maier-Reimer and Hasselmann
[1987] found a similar pattern of vigorous anthropogenic
CO2 uptake at high latitudes and at the equator, and low
anthropogenic CO2 uptake at midlatitudes. They attributed
the high uptake in the tropics and in the high latitudes
primarily to these regions being characterized by high rates
of transport and mixing of subsurface waters depleted in
anthropogenic CO2 to the surface. Although variations in
gas transfer velocity were found by Sarmiento et al. [1992]
to be of second importance for the global uptake of

t1.1 Table 1. Evaluation of Model Skill Based on Comparisons Between CFC-11 Model Simulations and the

GLODAP Gridded CFC Data Seta

Correlation
Normalized
Std. Dev.b Model Skillc

Inverse Anthropogenic CO2

Uptake, Pg C yr�1
Forward Anthropogenic CO2

Uptake, Pg C yr�1t1.2

BERN 0.89 1.04 0.81 2.05 N.A.t1.3
ECCO 0.96 0.89 0.91 2.01 N.A.t1.4
MIT 0.91 1.00 0.85 2.22 N.A.t1.5
NCAR 0.95 0.98 0.91 2.18 2.36t1.6
PRINCE-LL 0.90 1.18 0.80 1.85 1.90t1.7
PRINCE-HH 0.93 1.05 0.87 2.33 2.43t1.8
PRINCE-LHS 0.93 1.04 0.86 1.99 2.04t1.9
PRINCE-2 0.93 1.03 0.87 2.17 2.24t1.10
PRINCE-2a 0.91 1.05 0.85 2.25 2.35t1.11
UL 0.87 1.0 0.77 2.81 2.95t1.12
Mean 0.92 1.02 0.85 2.18 2.32t1.13

aAlso tabulated are forward and inverse estimates of the global total anthropogenic CO2 uptake (Pg C yr�1, scaled to 1995).
Forward results are from OCMIP-2 [Dutay et al., 2002; Watson and Orr, 2003].t1.14

bNormalized Std. Dev. is defined as the standard deviation of the modeled field divided by the corresponding standard
deviation of the observed field.t1.15

cFollowing Taylor [2001].t1.16
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anthropogenic CO2, the higher wind speeds in high-latitude
regions were found to have some enhancing effect on
greater anthropogenic CO2 uptake there. Owing to the long
residence of upper ocean waters in the midlatitudes, anthro-
pogenic CO2 in the surface waters of these regions generally
follows the atmospheric perturbation quite closely [see, e.g.,
Gruber et al., 2002; Keeling et al., 2004; Takahashi et al.,
2003]. This leads to low uptake.
[23] Sarmiento et al. [1992] found an anthropogenic CO2

uptake of 1.9 Pg C yr�1 for the decade from 1980 to 1989.
This is comparable with our weighted estimate of 1.82 ±
0.21 Pg C yr�1 when scaled to the same time period. Orr et
al. [2001] simulated anthropogenic CO2 uptake using four
3-D OGCMs and found a 1980–1989 uptake of 1.85 ±
0.35 Pg C yr�1. Like this study, they found the greatest
anthropogenic CO2 uptake and the greatest range between
models in the Southern Ocean. The inverse estimates will be
compared in more detail with the forward simulations in
section 5.
[24] This study is also in good agreement with the earlier

inversion study of Gloor et al. [2003] (Figure fs05 of the

auxiliary material), as the latter estimates generally fall
within the model range of this study. Since the methodology
is the same, the primary causes for the differences between
the two studies are the choice of OGCM and the selection of
model regions. Gloor et al. [2003] relied primarily on one
model (PRINCE-LL, also used here), while we report the
weighted mean of 10 models, including the PRINCE-LL
model. We estimate fluxes into 24 surface regions while
Gloor et al. [2003] used only 13 regions. The larger number
of model regions in this study is expected to reduce the
aggregation error [Kaminski et al., 2001], giving our results
more confidence. In addition, we employ a spatial and
temporal flux pattern modeled after the observationally
based air-sea CO2 flux estimates of Takahashi et al.
[2002], which is likely a better assumption than the annual
mean pattern based on heat fluxes employed by Gloor et al.
[2003]. Additional but likely smaller differences between
the two studies arise because we weight the data-based
anthropogenic CO2 estimates with an estimate of the ran-
dom error, which is different for every observation, while
Gloor et al. [2003] weighted all of the observations equally.

Figure 3. Inverse estimates of anthropogenic CO2 uptake by the ocean (Pg C yr�1) for a nominal year
of 1995 (positive values indicate flux into the ocean). The columns show the cross-model weighted
means, and the error bars represent the weighted standard deviation. The weights were provided by the
model’s CFC-11 skill scores (see Table 1). The flux estimates for individual models are shown as
symbols.
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