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Ocean carbon: From sparse data to full-coverage air-sea CO2 flux

Abstract
The ocean absorbs 25% of fossil fuel 
CO2 emissions, and is thus critical to 
determining past and future climate 
change. Surface ocean carbon content 
cannot be directly observed by satellite; 
instead, in situ observations are 
required. These data are sparse (<2% 
coverage, Fig 1), and consequently 
machine learning techniques have been 
developed to reconstruct full-coverage 
pCO2 fields, from which air-sea CO2

fluxes can be calculated. 

We are 
(1) using Earth System Model Large 

Ensembles to evaluate 
reconstruction uncertainties and to 
guide future sampling;

(2) developing new algorithms guided 
by physical knowledge; and

(3) mapping model-observation misfits 
to both inform about model errors 
and to build hybrid reconstructions.

Here, we focus on topics (1) and (3). 

In progress: What if we had 
more samples?

• Adding Saildrone pCO2 observations 
decreases global bias by 7% for 
sampled years.

• Bias reduction greater in S. Ocean.

Collaborations / Discussions
1. Extrapolation of sparse samples to 

large-coverage data products. Who 
else is working on this? 

2. Model evaluation approaches. Are 
there other opportunities to calculate 
full-field data-model misfits for 
model evaluation? 

3. In LDEO-HPD, climatological misfits 
are much larger than interannual 
misfits. For what other fields does 
the mean state dominate errors?
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Large Ensemble Testbed 
• 25 members of four independent 

Earth System Model Large 
Ensembles are sampled only where 
observations are available (Fig 1)

• Reconstruction is performed using 
the physically-guided pCO2-Residual 
approach (Bennington et al. 2022a).

• ML-reconstructed pCO2 and bias (Fig 
2) can be evaluated in time and 
space globally, not only where 
observations are available. Figure 3: CESM data-model misfit, June-July-

August for 2000-2020 (Bennington et al. 2022b).

Saildrone observations (from 
Sutton et al., 2021)

Figure 2: Bias of the pCO2-Residual reconstruction 
approach (Bennington et al. 2022a), global 
evaluation using the Large Ensemble Testbed 
(Gloege et al. 2021) generally low; S. Ocean higher.

2019 Saildrone observations 
( Sutton et al., 2021)

Figure 1: Sparse raw pCO2 data for 1982-2016 from 
the SOCAT v5 database. Plot of Gloege et al. 2021.

LDEO-HPD: For pCO2
reconstruction and model 

evaluation
• Instead of reconstructing pCO2

directly, reconstruct using XGB the 
data-model misfit (Fig 3) (Gloege et al. 
2022, Bennington et al. 2022b).

• Input are: SOCAT pCO2 (Fig 1), pCO2

from hindcast models; satellite 
temperature and chlorophyll; salinity 
and mixed layer depth; location and 
time, atmospheric xCO2. 

• For pCO2 reconstruction — from 
which CO2 flux (Fig 4) calculated —
add misfit to models, average.

• Misfits (Fig 3), unique to each model, 
have coherent spatial structures 
consistent with physical and 
biogeochemical errors. 

Next Steps

LDEO-HPD for CESM EVALUATION
1. Calculate data-model misfits for 

CESM at two resolutions.
2. Evaluate how errors in physical state 

project onto pCO2 misfit.
SAMPLING EVALUATIONS in TESTBED
3. Assess impact of S. Ocean data on 

global generalization.
4. S. Ocean is sparsely sampled (Fig 1), 

but high-latitude winter data are also 
rare. Is location or season more 
important to bias reduction? 

UNCERTAINTY QUANTIFICATION
5. Develop ML tools for probabilistic 

distributions of predicted outcomes

Figure 4: LDEO-HPD air-sea CO2 flux, mean of 1982-
2018 monthly (Gloege et al. 2022). Results for 1959-
2020 in Bennington et al 2022b. 
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