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Sensitivity of CO2 Sea Air Flux
The unrealistically large CO2 flux during ENSO present in the filtered
solution (left) due to anomalous vertical advection is corrected in the
smoothed estimate (right) consistent with observations.
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Ocean Carbon-cycle Model Intercomparison Project 3 (OCMIP-3)
(Mikaloff Fletcher et al. 2006, 2007; Gruber et al. 2009)
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Table 1. Evaluation of Model Skill Based on Comparisons Between CFC-11 Model Simulations and the
GLODAP Gridded CFC Data Seta

BERN
ECCO
MIT
NCAR
PRINCE-LL
PRINCE-HH
PRINCE-LHS
PRINCE-2
PRINCE-2a
UL
Mean

Correlation

Normalized
Std. Dev.b

0.89
0.96
0.91
0.95
0.90
0.93
0.93
0.93
0.91
0.87
0.92

1.04
0.89
1.00
0.98
1.18
1.05
1.04
1.03
1.05
1.0
1.02

Model Skill

Inverse Anthropogenic CO2
Uptake, Pg C yr!1

Forward Anthropogenic CO2
Uptake, Pg C yr!1

0.81
0.91
0.85
0.91
0.80
0.87
0.86
0.87
0.85
0.77
0.85

2.05
2.01
2.22
2.18
1.85
2.33
1.99
2.17
2.25
2.81
2.18

N.A.
N.A.
N.A.
2.36
1.90
2.43
2.04
2.24
2.35
2.95
2.32

c

Also 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].
b
Normalized Std. Dev. is defined as the standard deviation of the modeled field divided by the corresponding standard
deviation of the observed field.
c
Following Taylor [2001].
a

CFC-11 experiment using ECCO-v0 has highest correlation, lowest
standard error, and highest model skill relative to observations!
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Sales pitch to NASA Carbon Monitoring System (CMS) Pilot Study circa ~2010 …

ECCO2: an eddying ocean and sea ice data synthesis
•

Eddying, full-depth ocean and sea ice state estimates based on
constraining a numerical model with satellite and in situ data using the
adjoint method (Menemenlis et al., 2008).

Darwin: a self-organizing marine ecosystem model
•

The Darwin Project is an initiative to advance development and
application of novel models of marine microbial communities,
identifying the relationships of individuals and communities to their
environment, connecting cellular-scale processes to global microbial
community structure (Dutkiewicz et al., 2009).

ECCO2/Darwin ocean surface carbon flux estimates
•

Together, ECCO2 and Darwin provide a time-evolving physical and
biological environment for carbon biogeochemistry.

molC/m2 /yr

Global, Eddying, Ocean Ecology and Biogeochemistry Model
Problem: Global ocean biogeochemistry models
suitable for Carbon Monitoring System (CMS) Flux
studies require high spatial and temporal
resolution to capture fine scale structure of carbon
sources and sinks. The problem addressed here
is initialization/adjustment of such a model to
minimize drift and distance from observations.
Finding: The trajectory of a global, eddying ocean
biogeochemistry model can be adjusted to
simultaneously reduce drift and distance from
observations using a Green’s function approach.
Significance: The adjusted simulation is a first step
towards a more accurate representation of ocean
carbon cycle at high spatial and temporal
resolution, suitable for studies of global air-sealand exchanges of carbon and ocean acidification.
Top left: Example sea-air CO2 gas flux showing impact of ocean upwelling
and synoptic atmospheric variability (negative values indicate ocean uptake).
Top right: Globally integrated sea–air CO2 fluxes for 2009 and 2010 for four
different model realizations (baseline is blue circles, two model Green’s
functions in red and green circles, and optimized in black circles), vs
Takahashi Atlas (black lines).
Middle: Scatter plot of observed (x-axis) and simulated (y-axis) pCO2 (left)
and Alkalinity (right) for baseline (red) and optimized (black) simulations.
Bottom: Global volume-weighted trend vs. depth plots for nitrate (left) and
oxygen (right), for the baseline (red) and optimized (black) simulations.
H. Brix, et al., Ocean Model. 2015: Using Green's Functions to initialize and adjust a global, eddying ocean biogeochemistry general circulation model.

ENSO Impact on Ocean Carbon Uptake
Niño 4.0 SST index

The El Nino/La Nina in 2010-2011 was the largest Central
Pacific ENSO event in the satellite record. These led to a
record-breaking tropical North Atlantic anomaly that in
turned caused the once-in-a-century Amazonian droughts.
What was the impact of the El Nino on ocean carbon?
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The Atlantic Ocean flux (-0.18 PgC) accounts for more
than half of the total ocean carbon change (-0.33
PgC) and is equivalent to the drought response in
Brazilian flux (Bowman et al. 2017)
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Name

J/NOBS

V2 factors

GLODAP
CCSM
KS
BLEND
NOBM
PISVEL
PICPOC
Linear combination
V2

1.28
1.97
1.04
1.66
2.19
1.29
1.08
0.808
0.824

0.564
0.160
−0.0779
0.104
0.249

that the linearization assumption is largely satisfied.
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Enter Dustin to the rescue!

Rest of presentation shows results
from D. Carroll et al. (submitted).

Quixotic quest to build the best ocean carbon model in the world!

ECCO-Darwin v4
Physics: ECCO LLC 270, Jan 1992–May
2018

fCO2

Biology: 5 Phytoplankton and 2
Zooplankton types
Biogeochemical ICs:
• GLODAP V2 climatology (Lauvset et
al. 2016)
• ECCO-Darwin v2 (Brix et al. 2015)
Forcing:
• Atmospheric pCO2 forcing (NOAA
MBL)
• Monthly climatological iron dust
forcing (Mahowald et al. 2009)
Observational Constraints (n = 4038777):
• SOCAT V5 surface fCO2 (Bakker et
al. 2016)
• GLODAP V2 profiles (Olsen et al. 2017)
• SOCCOM BGC-Argo profiles (Riser et
al. 2018)
• UW Argo O2 profiles (Drucker and
Riser, 2016)
Optimization:
• 13 biogeochemical Green’s Functions

x-axis = obs.
y-axis = model

NO3

PO4

SiO2

O2

DIC

ALK

Perturbation
Pair
(simulation,
baseline)

All simulations used in
the ECCO-Darwin v4
Green’s Function’s
optimization.

1, N/A
2, 1
3, 1
4, 1
5, 12

6, 12

Orange, blue, and green
rows show the firstguess baseline, baseline,
and final optimized
simulation, respectively.

93% cost reduction from trial and error,
not Green’s Functions optimization.

7, 12

8, 12

Perturbation
Experiment
Linear piston
velocity
Iron dust solubility
reduced by 20%
Initial conditions
set to January
1996
Initial conditions
set to January
1998
Quadratic piston
velocity
DIC and alkalinity
initial conditions
increased by 150
mmol C m-3 and
150 mmol eq. m-3,
respectively
DIC and alkalinity
initial conditions
from GLODAPv2
climatology
NO3, PO4, SiO2,
O2, DIC, and
alkalinity initial
conditions from
GLODAPv2
climatology

Piston
Velocity
Formulation

Biogeochemical
Initial Conditions

Parameter
(initial, perturbed,
optimized)

Linear
Combination
Coefficient

Cost per
Observation

Linear

Brix et al. (2015) V2

N/A

0.08802

0.35067

Linear

Brix et al. (2015) V2

1, 0.8, 0.92734

0.36328

0.35023

Linear

Simulation #2
January 1996

N/A

-0.17383

0.35527

Linear

Simulation #2
January 1998

N/A

-0.27747

0.35926

Quadratic

Simulation #2
January 1996

N/A

0.011553

0.35564

Quadratic

Simulation #2
January 1996 with
adjusted
DIC/alkalinity

N/A

-0.0059469

0.24431

Quadratic

Simulation #2
January 1996 with
GLODAPv2
DIC/alkalinity

N/A

-0.21831

0.13334

Quadratic

Simulation #2
January 1996 with
GLODAPv2 NO3,
PO4, SiO2, O2, DIC,
and alkalinity

N/A

0.044263

0.11712

Quadratic

Simulation #2
January 1996 with
GLODAPv2 NO3,
PO4, SiO2, O2, DIC,
and alkalinity

3, 15, 9.3208

0.52673

0.11510

Quadratic

Simulation #2
January 1996 with
GLODAPv2 NO3,
PO4, SiO2, O2, DIC,
and alkalinity

0.04, 0.048, 0.041914

0.23927

0.11689

-0.11774

0.11949

0.4, 0.44, N/A

0.56397

0.11547

0.85, 0.95, 0.84562

-0.043787

0.11901

Optimized values shown
above

N/A

0.11148

9, 12

Iron scavenging
rate increased by
500%

10, 12

Particulate
inorganic carbon
to particulate
organic carbon
ratio increased by
20%

11, 12

Small
phytoplankton
growth rate
increased by 10%

Quadratic

12, N/A

Large
phytoplankton
growth rate
increased by 10%

Quadratic

13, 12

Diatom
palatability
increased by 0.1

Quadratic

14, N/A

Optimized
Solution

Quadratic

Simulation #2
January 1996 with
GLODAPv2 NO3,
PO4, SiO2, O2, DIC,
and alkalinity
Simulation #2
January 1996 with
GLODAPv2 NO3,
PO4, SiO2, O2, DIC,
and alkalinity
Simulation #2
January 1996 with
GLODAPv2 NO3,
PO4, SiO2, O2, DIC,
and alkalinity
Linear combination of
initial conditions
shown above

0.7, 0.77, 0.69176

ECCO-Darwin v4
CO2 Flux
Red = CO2 outgassing
Blue = CO2 uptake
CO2 Flux

Seawater pCO2

Mean global air-sea
CO2 fluxes for:
(a) Takahashi 2009,
(b) Rödenbeck 2013
(c) Landschützer 2013
(d) ECCO-Darwin v4.
Positive values represent
outgassing (red);
negative values show
uptake (blue).
Tak09 is referenced to
year 2000;
Röd13, Land13, and ED
are time-averaged from
January 1995 to
December 2017.
Regions north of 80N in
Tak09, Röd13, and
Land13 are excluded due
to data sparsity.

Mean surface ocean
pCO2 fluxes for:
(a) Takahashi 2009,
(b) Rödenbeck 2013
(c) Landschützer 2013
(d) ECCO-Darwin v4.
Tak09 is referenced to
year 2000;
Röd13, Land13, and ED
are time-averaged from
January 1995 to
December 2017.
Regions north of 80N in
Tak09, Röd13, and Land13
are excluded due to data
sparsity.
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spatially-integrated airsea CO2 fluxes.
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igure A1. Fay and McKinley (2014) biomes used to compute area-weighted mean surface
cean pCO2 and spatially-integrated air-sea CO2 fluxes.
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igure A1. Fay and McKinley (2014) biomes used to compute area-weighted mean surface
cean pCO2 and spatially-integrated air-sea CO2 fluxes.
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Confidential manuscript submitted to Global Biogeochemical Cycles
Monthly time series of surface ocean fCO2 for Surface
Ocean CO₂ Atlas (SOCAT) v5 (black) and corresponding
ECCO-Darwin v4 (red) taken at same time-space locations.

igure A1. Fay and McKinley (2014) biomes used to compute area-weighted mean surface
cean pCO2 and spatially-integrated air-sea CO2 fluxes.
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fCO2 points per month for each biome.

igure A1. Fay and McKinley (2014) biomes used to compute area-weighted mean surface
cean pCO2 and spatially-integrated air-sea CO2 fluxes.

Summary and concluding remarks
• ECCO-Darwin v4 produces air-sea CO2 fluxes that exhibit broad-scale consistency with
interpolation-based products, particularly in the subtropical and equatorial biomes.
• The largest differences between estimates in long-term ocean CO2 uptake occur in subpolar
seasonally-stratified biomes, where ECCO-Darwin produces stronger winter uptake.
• Compared to the Global Carbon Project (GCP) ocean biogeochemistry models, ECCO-Darwin
has global CO2 sink (time-mean of -2.52 ± 0.49 Pg C year-1) and interannual variability that is
more consistent with the interpolation-based products.
• Contrary to interpolation-based products, ECCO-Darwin is less sensitive to sparse and uneven
observational sampling and it permits full attribution of the inferred air-sea CO2 flux
spatiotemporal variability.

ECCO-Darwin v4 model output on NAS portal
https://data.nas.nasa.gov
Instructions for rerunning on MITgcm CVS server:
http://wwwcvs.mitgcm.org/viewvc/MITgcm/
/ [MITgcm] / MITgcm_contrib / ecco_darwin
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