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Abstract. Constraining the Southern Ocean carbon sink is vital for understanding global carbon cycling and climate. Monthly

1°x1° gridded products of surface seawater partial pressure of carbon dioxide (pCO2) are routinely used to detect change in

Southern Ocean carbon cycling. Despite Southern Ocean sampling being sparse and skewed to summer months, the uncertainty

arising from incomplete sampling at the monthly 1°x1° scale is unquantified to date, and it remains unclear how this pCO2

sampling error affects estimates of monthly gridded pCO2 products and derived air-sea CO2 fluxes. Here, we quantify the5

Southern Ocean pCO2 sampling error using synthetic observations from an eddy-permitting ocean-sea ice-biogeochemistry

configuration of the Energy Exascale Earth System Model. Using instantaneous snapshots of the model state at the times

and locations of real-world ship and float observations, we reconstruct gridded monthly 1°x1° pCO2 datasets over 2014-2023

and compare them with the simulated model pCO2 output, isolating the error due to incomplete observational coverage at

the monthly 1°x1° scale. We find that, on average, pCO2 derived from synthetic observations is 13-14 µatm lower than the10

modeled monthly mean, with individual grid cells exhibiting uncertainties up to an order of magnitude larger, primarily caused

by undersampling during high-wind events in the Southern Ocean. Our results imply that the rate of oceanic CO2 uptake derived

from available pCO2 observations is biased high. Since the pCO2 uncertainty due to incomplete observational coverage exceeds

other sources of uncertainty in gridded pCO2 data products, e.g., measurement error, it represents a substantial, previously

overlooked contribution that should be propagated through gap-filled pCO2 data products and estimates of the Southern Ocean15

and global ocean carbon sink.

1 Introduction

The Southern Ocean south of 40°S contributes disproportionately to global carbon cycling (DeVries et al., 2023; Hauck et al.,

2023a; Friedlingstein et al., 2026), making it crucial to improve our ability to robustly quantify Southern Ocean carbon dis-

tributions for the detection of climate-relevant trends. Recurring efforts to establish regional Southern Ocean (Hauck et al.,20

2023a) and global carbon budgets (DeVries et al., 2023; Friedlingstein et al., 2026) use a combination of process-based ocean
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models and gap-filled observation-based data products of the surface seawater partial pressure of carbon dioxide (pCO2) to

quantify the Southern Ocean carbon sink. While the large spread across ocean models remains a concern (Friedlingstein et al.,

2026), pCO2 data products based on surface seawater observations of the fugacity of CO2 (f CO2) are sensitive to measurement

accuracy, sampling distributions, and methods used to fill gaps in coverage (e.g., Bakker et al., 2016; Bushinsky et al., 2019;25

Hauck et al., 2023b; Dong et al., 2024; Fay et al., 2025). Surface seawater f CO2 observations, mainly collected from ships, are

regularly aggregated into a gridded f CO2 data product, i.e., observations are bin-averaged in 1°x1° grid boxes for each month,

in the Surface Ocean CO2 ATlas (SOCAT; Bakker et al., 2016). Gridded SOCAT products then form the basis for machine

learning methods that extrapolate available Southern Ocean f CO2 observations to basin-wide pCO2 data products for use in

carbon budgets (e.g., Landschützer et al., 2013).30

This approach assumes current observational coverage to be sufficient to capture all spatial and temporal scales relevant for

basin-scale surface pCO2 variability. While gridded SOCAT and gap-filled pCO2 data products focus on the seasonal time scale

and the 1°x1° spatial scale (Bakker et al., 2016; Friedlingstein et al., 2026), Southern Ocean surface pCO2 is highly variable

on shorter time scales (Monteiro et al., 2015; Djeutchouang et al., 2022; Nicholson et al., 2022; Shadwick et al., 2023; Gregor

et al., 2024; Robache and Schmitt, 2026) and smaller spatial scales (Nicholson et al., 2022; Gregor et al., 2024; Patara et al.,35

2026). Even at monthly 1°x1° resolution, large parts of the open Southern Ocean south of 40°S remain unobserved by ships

between 2014 and 2023 (Fig. 1a), and ship-based data are biased towards summer months (Fig. 2b) and non-stormy conditions

(Bakker et al., 2016). While autonomously profiling biogeochemical (BGC) Argo floats have added substantial spatial coverage

since 2014 (Sarmiento et al., 2023) (Fig. 1b & Fig. 2a,b), these data are not currently included in SOCAT due to uncertainties

associated with the conversion of float-based pH measurements to seawater f CO2 or pCO2 (Williams et al., 2017; Gray et al.,40

2018; Zhang et al., 2026). Importantly, for the majority of monthly 1°x1° grid cells with at least one observation in the SOCAT

or BGC Argo-pH database, less than half of the days in each month and hours in each day are sampled (Fig. 2c,d), highlighting

the incomplete sampling coverage across the Southern Ocean.

Due to this incomplete sampling coverage, we do not know the true monthly mean pCO2 in any 1°x1° grid cell for the

real ocean. In contrast, pCO2 is predicted everywhere and at all time steps in ocean models, and synthetic observations from45

ocean models are thus a viable alternative to assess the impact of incomplete sampling coverage on basin-scale estimates of

pCO2. Using ocean models as a testbed, many studies have demonstrated how additional Southern Ocean sampling coverage

can reduce uncertainties in basin-scale estimates of air-sea CO2 fluxes derived from pCO2 (e.g., Bushinsky et al., 2019; Hauck

et al., 2023b; Heimdal et al., 2024; Heimdal and McKinley, 2024; Behncke et al., 2024, 2026). In such model subsampling

exercises, synthetic pCO2 observations are extracted from time-averaged model output, most often at monthly 1°x1° resolution,50

in line with the resolution of gridded SOCAT products (Bakker et al., 2016, 2024). This approach allows for easy comparison

across models, mapping methods, and different scenarios of sampling coverage (Hauck et al., 2023b; Roobaert et al., 2026),

while acknowledging the remaining uncertainty when translating findings from model subsampling exercises to the real ocean

due to model biases or incomplete representation of key processes (e.g., Bellenger et al., 2023; Hauck et al., 2023a; Roobaert

et al., 2026). However, this approach assumes sampling coverage within each monthly 1°x1° grid cell to be perfect, and55

thus cannot quantify how incomplete sampling coverage at the monthly 1°x1° scale affects basin-scale pCO2 reconstructions.
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Figure 1. Spatial data availability in SOCAT and BGC Argo-pH in the open Southern Ocean south of 40°S used here for the quantification

of pCO2 sampling error. Maps show monthly 1°x1° grid cells in waters deeper than 2000 m between 2014 and 2023 that contain at least

one observation from (a) the SOCAT database and (b) the combined SOCAT and BGC Argo-pH dataset. Regions shallower than 2000 m are

shown in light grey. See also section 2.2.
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Figure 2. Temporal data availability in SOCAT and BGC Argo-pH in the Southern Ocean south of 40°S. Number of monthly 1°x1° grid cells

that contain at least one observation (a) for each year between 2014 and 2023 and (b) for each month (averaged over 2014-2023). SOCAT and

BGC Argo-pH are shown in dark blue and light blue, respectively. Panels (c) and (d) show the absolute frequency distribution of how many

(c) unique days per month and (d) unique hours per day are sampled in the two databases for any given monthly 1°x1° grid cell averaged

over 2014-2023. Only grid cells in waters deeper than 2000 m are included.
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Given the historically incomplete sampling coverage in the Southern Ocean (Figs. 1 & 2) and the known high spatio-temporal

variability of surface pCO2 (e.g., Eveleth et al., 2017; Nicholson et al., 2022; Gregor et al., 2024), it is critical to quantify this

pCO2 sampling error.

Here, we quantify the Southern Ocean pCO2 sampling error using synthetic observations from the Energy Exascale Earth60

System Model version 2 (E3SMv2; Nissen et al., 2024; Christensen et al., 2026). The synthetic observations are generated

during model integration on an eddy-permitting grid with 10-15 km horizontal resolution in the Southern Ocean, providing

4-hourly snapshots of the simulated surface ocean pCO2. We define the pCO2 sampling error as the discrepancy between

the surface pCO2 obtained from synthetic observations at historical sampling sites and the true modeled pCO2 value in each

monthly 1°x1° grid cell. We quantify the benefit of incorporating BGC Argo-pH observations into gridded monthly pCO2 prod-65

ucts by comparing a synthetic SOCAT-only dataset with one that merges SOCAT with available BGC Argo-pH observations.

2 Methods

2.1 E3SM with Lagrangian floats

To recreate gridded surface seawater pCO2 datasets, we use the synthetic biogeochemical float capabilities, LIGHT-bgcArgo-

1.0, in the ocean component of the E3SMv2 (Nissen et al., 2024). The Model for Prediction Across Scales – Ocean (MPAS-70

O), and the Model for Prediction Across Scales – Sea Ice (MPAS-Seaice) make up the physical ocean and sea-ice model

components of E3SMv2 (Petersen et al., 2019; Golaz et al., 2022; Turner et al., 2022). Both components are run on unstructured

multi-resolution model grids with hexagonal grid cells (Ringler et al., 2013). Ocean biogeochemistry, including carbon cycling,

is simulated with the Marine Biogeochemistry Library (MARBL; Long et al., 2021). LIGHT-bgcArgo-1.0 builds on the online

Lagrangian, In situ, Global, High-performance particle Tracking (LIGHT) module developed by Wolfram et al. (2015) and is75

described in more detail in Nissen et al. (2024). In short, synthetic biogeochemical floats are advected with the simulated ocean

circulation at 1000 m and sample the whole water column online, i.e. during model integration, at a user-defined frequency.

These synthetic floats thus provide the same snapshot view of simulated physical, chemical, and biological ocean properties as

real-world observations do of the real ocean.

For this study, we use the same forced ocean-sea ice simulation as Christensen et al. (2026). The grid for MPAS-O and80

MPAS-Seaice in this simulation has eddy-permitting resolution within and south of the Antarctic Circumpolar Current (10-

15 km) and coarser resolution north of 40°S (>50 km; Fig. 3a). At the ocean surface, the simulation is forced with three-hourly

atmospheric fields at ∼0.56° horizontal resolution from the Japanese atmospheric reanalysis (1958-2023; Tsujino et al., 2018).

After 122 years of spinup, more than 1800 synthetic biogeochemical floats are deployed in the modeled Southern Ocean south

of 40°S on January 1, 1980 (Fig. 3a). These floats instantaneously sample the whole water column every four hours through the85

end of 2023, recording a range of model prognostic and diagnostic variables. Here, we use model-derived synthetic observations

of surface seawater pCO2 to assess the pCO2 sampling error by comparing the synthetic observations to the Eulerian pCO2

fields in a given grid cell (see section 2.2). To that aim, the simulated monthly Eulerian fields of surface seawater pCO2 are

interpolated to a regular 1°x1° grid using bilinear interpolation. Since the synthetic float network is both dense and samples
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Figure 3. (a) Spatial distribution of synthetic floats in E3SM in the Southern Ocean south of 40°S on January 1, 1980 (initialization).

Background colors indicate the native horizontal grid resolution (km) of the underlying ocean model. (b) Relative frequency distribution of

co-location distances (km) between each SOCAT (dark blue) and BGC Argo-pH (light blue) observation and its nearest synthetic E3SM float

between 2014 and 2023. Only observations in waters deeper than 2000 m are included. Vertical orange lines indicate the 10th (dashed), 50th

(solid), and 90th (dotted) percentile of the combined SOCAT and BGC Argo-pH dataset.
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at high temporal frequency, we exploit these characteristics to treat it as a multi-platform observing system. This allows us90

to reconstruct not only float-based but also ship-based carbon observational datasets to quantify the Southern Ocean pCO2

sampling error.

2.2 Recreating gridded pCO2 datasets with synthetic observations

For this study, we define the pCO2 sampling error as the difference between the surface seawater pCO2 obtained from averaging

all available synthetic pCO2 observations for a given monthly 1°x1° grid cell and the modeled pCO2 value of that grid cell.95

A negative pCO2 sampling error thus means that incomplete spatial or temporal sampling coverage in a grid cell results in

estimates of pCO2 that are too low, implying that oceanic CO2 uptake derived from these values is too large. To recreate

gridded surface seawater pCO2 datasets, we use historical sampling distributions in the Southern Ocean south of 40°S from i)

ship-based observations in SOCAT v2024 (Sabine et al., 2013; Bakker et al., 2016, 2024) and ii) SOCAT merged with available

BGC Argo-pH observations (Argo, 2024). To quantify the effect of sampling distributions on the simulated pCO2 sampling100

error, we restrict the analysis to available model years after the first Southern Ocean biogeochemical float deployment, i.e.,

2014-2023. In this study, we assume that both ship-based and float-based observations yield perfect estimates of seawater

pCO2. Thus, our analysis only focuses on the uncertainty due to incomplete sampling coverage. We acknowledge that, in the

real ocean, merging SOCAT and BGC-Argo observations introduces uncertainties arising from sensor inaccuracies and from

the derivation of pCO2 based on float-measured pH and estimated alkalinity determined empirically from temperature, salinity,105

and oxygen (Bakker et al., 2016; Williams et al., 2017; Gray et al., 2018; Zhang et al., 2026).

The recreation of the gridded pCO2 datasets with synthetic observations from E3SM proceeds in three steps. First, since

E3SM only simulates profiling floats in the open ocean (Fig. 3a), pCO2 sampling locations in waters shallower than 2000 m

are excluded from the SOCAT dataset. While all available BGC Argo-pH observations are retained in this step (22,233 for

2014-2023), only 1,784,523 (53.2%) of the originally 3,355,331 pCO2 observations in the SOCAT dataset are located in open-110

ocean waters. Next, each historical SOCAT and BGC Argo-pH observation is co-located with a synthetic E3SM observation

by minimizing the spatial (latitude, longitude) and temporal (year, month, day, hour) separation between the real and synthetic

measurements. Given the 4-hour sampling frequency of the synthetic E3SM observations in the simulation used here (see

section 2.1), the real and synthetic measurements differ by at most two hours in time, which ensures that diurnal coverage is

preserved. In space, the distance between the real and synthetic measurements differs more widely (up to 250 km; Fig. 3b).115

To preserve the spatial coverage of SOCAT and BGC Argo-pH as much as possible, we require the co-located synthetic

observation to be within a 2° radius of any real observation, and we exclude any observation that cannot be matched under

this condition. This step reduces the input data points to 45.8% (1,536,086) and 86.7% (19,278) of all available Southern

Ocean observations for SOCAT and BGC Argo-pH, respectively. The merged dataset thus includes 1,555,364 pCO2 synthetic

observations. We note that while the quantitative results in this study are sensitive to the data reduction in this second step,120

the qualitative results are insensitive to this choice. In the last step, the synthetic E3SM observations are aggregated into

monthly 1°x1° grid cells by averaging all co-located synthetic observations that were assigned the same monthly 1°x1° grid

cell. Importantly, when multiple historical sampling locations were assigned the same synthetic observation in the second step
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Figure 4. Surface seawater pCO2 sampling error in the Southern Ocean south of 40°S. Comparison of surface seawater pCO2 (µatm) in all

monthly 1°x1° grid cells 2014-2023 that contain at least one observation between the true time-averaged E3SM model output ("modeled

pCO2") and the reconstructed synthetic observations that account for historical coverage and sub-monthly as well as sub–grid cell variability

("reconstructed pCO2") in (a, c) SOCAT and (b, d) the merged SOCAT and BGC Argo-pH dataset. In each panel, the difference between

the reconstructed observations and modeled monthly mean pCO2 estimates defines the pCO2 sampling error. The dotted grey line indicates

zero sampling error, while colored lines highlight grid cells with sampling error exceeding the 80th (orange) and 90th (red) percentile shown

separately for positive (dashed) and negative (solid) sampling errors.
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Figure 5. Seasonal evolution of the surface seawater pCO2 sampling error in the Southern Ocean south of 40°S. The sampling error (µatm)

is defined as the difference in surface seawater pCO2 between the modeled monthly mean E3SM model output (x axis in Fig. 4a, b) and

the reconstructed synthetic observations based on historical coverage (y axis in Fig. 4a, b). After calculating the sampling error for each

monthly 1°x1° grid cell (Fig. 4), the errors are here averaged for each month and year, accounting for differences in area coverage. Solid

lines show the monthly mean for SOCAT (dark blue) and the merged SOCAT and BGC Argo-pH dataset (light blue) averaged over all years

(2014-2023), and shading indicates interannual variability, expressed as one standard deviation around the mean of all years.

(identical latitude, longitude, year, month, day, and hour), that synthetic data point was included only once in the averaging. This

avoids overweighting frequent, potentially correlated pCO2 measurements from ship-based underway observations, following125

a procedure analogous to that used for SOCAT (Bakker et al., 2016). Following these steps, 5,171 and 18,076 monthly 1°x1°

grid cells contain a pCO2 estimate for SOCAT and the merged SOCAT and BGC Argo-pH dataset, respectively, in the gridded

pCO2 datasets recreated with synthetic E3SM observations (Fig. 1). For the years 2014-2023, this corresponds to a coverage

of 0.44% (SOCAT only) and 1.54% (merged dataset) of all open-ocean monthly 1°x1° grid cells.

3 Results130

3.1 Simulated pCO2 sampling error in E3SM

The simulated pCO2 sampling error varies greatly across monthly 1°x1° grid cells that contain at least one observation. For

SOCAT, the pCO2 estimated from the synthetic observations ("reconstructed pCO2") is between 244 µatm lower and 70 µatm

higher than the monthly mean model truth ("modeled pCO2"; Fig. 4a, c). For the merged SOCAT and BGC Argo-pH dataset,

this range increases to 418 µatm lower and 70 µatm higher (Fig. 4b, d). Overall, the statistics for the grid cells with the largest135

sampling error are similar for both datasets. For SOCAT, 20% of all grid cells exhibit sampling errors smaller than -65 µatm
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Figure 6. Sub-monthly variability. Maps of the range in simulated daily average surface seawater pCO2 (µatm) in E3SM within each month

for 2014-2023, averaged (a) over all months and (b) over summer months only (December-February, DJF). Panel (c) shows box plots of

observation-based ranges in the Southern Ocean south of 40°S for summer (DJF), fall (MAM), winter (JJA), and spring (SON). Inlet shows

the buoy trajectories (lines) and the location of buoys (symbols). Data are from Sutton et al. (2021, red line), Robache and Schmitt (2026,

black lines), Sutton et al. (2014, blue square) and OOI (2015, blue circle).

and larger than 26 µatm, respectively (Fig. 4a, c), and these thresholds change only slightly with the addition of BGC Argo-

pH (-65 µatm and 29 µatm; Fig. 4b, d). Averaged over all monthly 1°x1° grid cells with at least one observation, the pCO2

sampling error amounts to -14.1 µatm for SOCAT and to -13.5 µatm for the merged dataset. This indicates that between 2014

and 2023, the inclusion of BGC Argo-pH did not provide sufficient additional spatio-temporal coverage to substantially reduce140

the sampling error in the simulated monthly, 1°x1° gridded pCO2 dataset in E3SM.

The benefit of including BGC Argo-pH data becomes evident when examining the pCO2 sampling error across seasons

and years. During summer (December-February), the average pCO2 sampling error is fairly close to zero for both datasets

(-4.3 µatm for SOCAT and -2.7 µatm for the merged SOCAT and BGC Argo-pH dataset); it can even be positive in some

years (see shading in Fig. 5). However, for all non-summer months, the mean pCO2 sampling error is negative and has a145

magnitude larger than 10 µatm in most years (Fig. 5). Overall, the addition of BGC Argo-pH observations leads to two major

improvements: i) a 29% improvement in the pCO2 sampling error in winter months (June-August; -25.3 µatm as compared to

-17.9 µatm) and ii) a reduction in the simulated spread in the pCO2 sampling error across years (compare dark blue and light

blue shading in Fig. 5). The latter results from enhanced coverage with BGC Argo-pH, especially in winter; for June-August

between 2014 and 2023, 94% of all grid cells with at least one observation can be attributed to the addition of BGC Argo-pH150

(light blue in Fig. 2b).
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Figure 7. Sub-grid cell variability. Maps of E3SM surface seawater pCO2 variability (µatm) within each 1°x1° grid cell for 2014-2023,

averaged (a) over all months and (b) over summer months only (December-February, DJF). Sub-grid cell variability is here defined as the

range in monthly pCO2 across all native model grid cells contained within each 1°x1° grid cell. Panel (c) illustrates a single 1°x1° grid cell in

January 2017, with background colors showing the difference between the monthly mean pCO2 on the regular grid (378.8 µatm) and pCO2

in each native model grid cell. All available synthetic float observations within this monthly grid cell are also shown, with colors denoting

the difference to the monthly mean pCO2 on the regular grid.

3.2 Simulated spatio-temporal pCO2 variability in E3SM

The spatio-temporal pCO2 variability within a 1°x1° grid cell dictates how many observations are required to adequately

capture the true monthly pCO2 at that location. In E3SM, simulated seawater pCO2 displays large variability within any 1°x1°

grid cell and month (Figs. 6 & 7). Expressing sub-monthly variability as the range in daily mean pCO2 for a given month,155

the temporal pCO2 variability in E3SM locally exceeds 50 µatm for the annual mean and 100 µatm for the summer mean

(December-February; Fig. 6a, b). While large parts of the open ocean show values below 20 µatm and 40 µatm, respectively,

areas of highest variability are found off the Patagonian shelf and at latitudes >60°S. These regions broadly coincide with areas

of high variability in biological productivity and sea-ice cover (not shown), possibly explaining the large sub-monthly pCO2

variability especially during summer. Recognizing the scarcity of observational data at high-enough temporal frequency across160

the Southern Ocean to evaluate the simulated sub-monthly pCO2 variability, the simulated range in daily mean pCO2 compares

reasonably well to that derived from available open-ocean measurements from moorings, drifting buoys, and an uncrewed

surface vehicle (Fig. 6c; OOI, 2015; Sutton et al., 2014, 2021; Robache and Schmitt, 2026). While we cannot quantify diurnal

pCO2 variability in the Eulerian model output because sub-daily output was not stored, the median diurnal pCO2 cycle in

E3SM based on all available synthetic observations at 4-hourly frequency ranges from 0.5 to 2.4 µatm across seasons (with a165
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Figure 8. Spatial distribution of large surface seawater pCO2 sampling errors in the Southern Ocean south of 40°S. Maps indicate locations

of sampling errors (a, c) within the 80-90th percentile range and (b, d) exceeding the 90th percentile. Results are shown separately for (a,b)

negative and (c,d) positive sampling error. Darker and lighter colors denote SOCAT and the merged SOCAT and BGC Argo-pH dataset,

respectively. For thresholds of pCO2 sampling errors used here, see Fig. 4b.
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Figure 9. Relating surface seawater pCO2 sampling error (SE) to simulated pCO2 variability. Relative frequency distribution for the merged

SOCAT and BGC Argo-pH synthetic dataset for 2014-2023 of (a, c) negative and (b, d) positive pCO2 sampling errors. Sampling errors are

related to (a, b) the range in daily mean pCO2 (µatm) for each location and time (see also Fig. 6) and (c, d) the ratio of the absolute sampling

error to the range in daily mean pCO2. For panels (c, d), a ratio <1 indicates that daily pCO2 variability exceeds the sampling error (blue

area), whereas a ratio >1 highlights cases where sub-grid cell or diurnal variability dominate (grey area). In all panels, colors distinguish

small (<80th percentile) from large (≥80th percentile) pCO2 sampling error; thresholds are the same as in Fig. 4.
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maximum of 148.4 µatm), which adds to the sub-monthly variability shown in Fig. 6. Acknowledging that large parts of the

Southern Ocean remain unobserved at this temporal frequency, the simulated diurnal cycles are in line with observation-based

estimates (median range 4.6-7.1 µatm, maximum 101.2 µatm; Sutton et al., 2014; Robache and Schmitt, 2026).

Simulated pCO2 variability at spatial scales smaller than 1°x1° exhibits similar patterns as sub-monthly temporal variability

but is smaller in magnitude compared to the simulated sub-monthly variability. Expressing the sub-grid cell pCO2 variability as170

the range in monthly mean pCO2 across all native grid cells within each 1°x1° grid cell, the spatial pCO2 variability in E3SM

exceeds 30 µatm for the annual mean and 60 µatm for the summer mean (December-February; Fig. 7a, b). In large parts of

the open ocean, the spatial pCO2 variability is below 10 µatm and 20 µatm, respectively, while the regions downstream of the

Patagonian shelf and at high latitudes exhibit the highest values. Altogether, the magnitude of the simulated pCO2 sampling

error is in line with the simulated spatio-temporal pCO2 variability, suggesting that inadequate observational coverage in a175

monthly 1°x1° grid cell can lead to large sampling errors. This is further illustrated by the example 1°x1° grid cell from the

high-latitude South Pacific in Fig. 7c, which highlights the mismatch between the simulated monthly mean pCO2 for all native

grid cells (background), available synthetic float observations (dots), and the true monthly mean pCO2.

3.3 Relating spatio-temporal pCO2 variability to the pCO2 sampling error

Relating spatio-temporal pCO2 variability to the pCO2 sampling error gives insights into the adequacy of current sampling180

efforts in regions of high or low pCO2 variability. In E3SM, the spatial distribution of the monthly 1°x1° grid cells with the

largest 20% pCO2 sampling error differs between locations with negative and positive sampling error, i.e., where the gridded

value is lower (negative) or higher (positive) than the modeled monthly mean (compare top row to bottom row in Fig. 8).

Irrespective of whether considering only SOCAT or the merged dataset, locations with a large negative sampling error are

generally more widespread than those with a large positive sampling error (Fig. 8). For the latter, most locations are clustered185

at high latitudes, off the Patagonian Shelf and south of Tasmania (Fig. 8c, d). Interestingly, these clusters broadly align with

elevated spatio-temporal pCO2 variability (Figs. 6 & 7). For all grid cells with a positive pCO2 sampling error, half of all

monthly 1°x1° grid cells are found where the local range in daily mean pCO2 variability exceeds 25 µatm; for grid cells with

a negative pCO2 sampling error, this only applies to one third of all grid cells (Fig. 9a, b).

The ratio of the absolute pCO2 sampling error to the range in daily mean pCO2 points to the dominant type of spatio-190

temporal variability for each monthly 1°x1° grid cell. While a ratio smaller than one indicates that the range in daily mean

pCO2 dominates, a ratio larger than one means that sub-grid cell or diurnal variability dominate the pCO2 sampling error

at that location. In E3SM, 82% of all monthly 1°x1° grid cells with a positive sampling error have a ratio smaller than one

(Fig. 9d), and the important role of daily variability for these locations is in line with the spatial agreement between Fig. 8 and

regions of high pCO2 variability in Figs. 6 & 7. For locations with a negative sampling error, only 49% of all monthly 1°x1°195

grid cells have a ratio smaller than one (Fig. 9c), illustrating the complex relationship between simulated spatio-temporal pCO2

variability and pCO2 sampling error in many parts of the Southern Ocean.
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Figure 10. Box plot of the (a) wind speed mean (m s−1) and (b) wind speed maximum (m s−1) in all monthly 1°x1° grid cells between 2014

and 2023 with at least one observation (see Fig. 1) for synthetic observations at SOCAT sampling sites (dark blue), synthetic observations at

BGC Argo-pH sampling sites (light blue), JRA at SOCAT sampling sites (grey) and JRA at BGC Argo-pH sampling sites (black). To obtain

the distributions of synthetic observations at SOCAT and BGC Argo-pH sampling sites, we have used synthetic wind speed observations at

historical sampling sites of pCO2 (see section 2.2). To obtain the JRA distributions, we have used the 3-hourly data of all JRA grid cells

within each monthly 1°x1° grid cell. The comparison of the respective blue and grey bars thus highlights undersampling during high-wind

events.

4 Discussion

Using an ocean model to quantify the Southern Ocean pCO2 sampling error, we find that reconstructed observations con-

strained by historical sampling coverage underestimate the true monthly mean pCO2 by, on average, 13–14 µatm, with biases200

in individual 1°x1° grid cells reaching values more than ten times larger. This average pCO2 sampling error is thus substan-

tial, exceeding the accuracy required of ship-based pCO2 observations to be included in gridded SOCAT products (<5 µatm;

Bakker et al., 2016) and the systematic error associated with float-derived pCO2 observations (∼3.5-11 µatm; Williams et al.,

2017; Gray et al., 2018). The pCO2 sampling error is at least 33% of the seasonal pCO2 amplitude derived from monthly

means of various pCO2 data products and ocean models in the seasonally ice-covered Southern Ocean (∼30-40 µatm), and is205

almost 100% of the pCO2 seasonal amplitude in the subpolar seasonally stratified regions (∼15 µatm) (Hauck et al., 2023a).

Considering the large simulated sub-monthly and sub-grid cell pCO2 variability in E3SM, our findings underscore how incom-

plete observational coverage can skew our assessment of pCO2 seasonality (Monteiro et al., 2015). While the magnitude of the

simulated sub-monthly pCO2 variability in E3SM is in line with existing observations (Sutton et al., 2014; OOI, 2015; Sutton

et al., 2021; Robache and Schmitt, 2026), high-frequency observations remain sparse, especially for the regions with highest210

simulated variability in the high southern latitudes and off the Patagonian shelf. This lack of data currently prevents a more
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comprehensive evaluation of high-frequency pCO2 variability in E3SM and a more robust estimation of the pCO2 sampling

error.

In E3SM, both the average magnitude and the sign of the Southern Ocean pCO2 sampling error remain largely unchanged

when comparing an assessment only using ship-based observations (SOCAT) to one merging ship-based and float-based data215

(SOCAT + BGC Argo-pH). Ship-based observations are known to be biased to non-winter months and non-windy conditions

(Fig. 2 and Bakker et al., 2016). Indeed, using our synthetic observations to compare mean and maximum wind speeds captured

by historical SOCAT coverage to those in the Japanese atmospheric reanalysis (Tsujino et al., 2018) reveals that ship-based

observations undersample when wind speeds are high (Fig. 10). Maybe surprisingly, the historical observational coverage of

BGC Argo-pH is also biased towards low winds (Fig. 10). Since storms are pervasive in the Southern Ocean (Nissen et al.,220

2025) and can be associated with high-pCO2 anomalies (Nicholson et al., 2022; Carranza et al., 2024; Christensen et al., 2026;

Dombret et al., 2026), such skewed distributions towards low-pCO2 values can, at least partly, explain the simulated negative

sampling error in the synthetic observations.

Any Southern Ocean pCO2 sampling error has potential implications for mapped pCO2 data products (e.g., Landschützer

et al., 2013; Gregor and Gruber, 2021; Gloege et al., 2022; Zeng et al., 2022) and ultimately assessments of the Southern225

Ocean and global ocean carbon sink (Hauck et al., 2023a; Friedlingstein et al., 2026). In E3SM, the overall lower pCO2 values

in the reconstructed synthetic observations compared to the model truth imply that oceanic CO2 uptake is overestimated when

derived from real-world observations. In other words, oceanic CO2 uptake would be smaller if observational coverage was

perfect in space and time. Recently, Dombret et al. (2026) showed that not adequately considering synoptic variability in winds

and atmospheric pressure in air-sea CO2 flux calculations leads to overestimates of oceanic CO2 uptake mainly in the Southern230

Ocean, which is consistent with our findings. It remains unclear whether machine learning algorithms used to create gap-filled

pCO2 data products could, at least partly, compensate for the overall negative sampling error or what additional observational

coverage would be necessary to achieve this. But since these routines are sensitive to the pCO2 distributions used to train the

machine learning algorithms (e.g., Hauck et al., 2023b; Fay et al., 2025), our results suggest that algorithms based on the raw

pCO2 (or f CO2) observations, rather than on the monthly 1°x1° gridded SOCAT product, may have an advantage by preserving235

more of the underlying pCO2 variability (e.g., Rödenbeck et al., 2022). Still, it is reasonable to assume that a negative sampling

error would at least partially be sustained in mapped pCO2 data products and propagate into derived CO2 flux estimates.

5 Conclusions

Quantifying the uncertainty in surface ocean pCO2 resulting from incomplete spatial or temporal coverage at the monthly 1°x1°

scale, our findings highlight a previously unquantified source of uncertainty in the gridded pCO2 data products underlying the240

vast majority of our estimates of the Southern Ocean carbon sink (Bakker et al., 2016; Hauck et al., 2023a; Friedlingstein

et al., 2026). The pCO2 sampling error quantified in this study is substantial, exceeding other sources of uncertainty relevant to

constructing gridded pCO2 data products, e.g., the sampling accuracy of ship-based or float-based pCO2 observations (Bakker

et al., 2016; Williams et al., 2017; Wanninkhof et al., 2019; Steinhoff et al., 2025). As long as complete spatial and temporal
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coverage at the monthly 1°x1° scale remains limited by available resources, the pCO2 sampling error is impossible to quantify245

with observations alone. Our study adds to the growing body of work that uses synthetic observations from global ocean models

to quantify uncertainties in Southern Ocean pCO2 distributions resulting from gaps in spatial or temporal coverage (e.g., Hauck

et al., 2023b; Heimdal et al., 2024; Behncke et al., 2026). By more realistically extracting synthetic pCO2 observations from

a global ocean model with eddy-permitting resolution in the Southern Ocean, our synthetic datasets can better represent the

snapshot nature of real-world observations and the incomplete historical observational coverage at the sub-monthly and sub-250

1°x1°-grid-cell scale. Our study thus highlights a critical shortcoming of studies using time-averaged output from models with

comparatively coarser horizontal grid resolution.

Our findings underscore the need for several follow-up steps to deepen our understanding of how incomplete observational

coverage biases estimates of the global ocean carbon sink. Applying machine learning algorithms, such as those currently used

to construct pCO2 data products for the Global Carbon Budget (Friedlingstein et al., 2026), to our improved synthetic pCO2255

datasets will allow us to quantify how sensitive mapped climatological and time-varying Southern Ocean pCO2 fields are to

incomplete observational coverage at the monthly 1°x1° scale. By considering other error sources, e.g., random or systematic

errors of pCO2 observations, such an exercise could also facilitate a comprehensive uncertainty assessment of pCO2-derived air-

sea CO2 fluxes in a coherent model testbed. Repeating our analysis in different ocean models will give insights into which of our

findings are specific to the Energy Exascale Earth System Model. Importantly, this would not require the full implementation of260

an observing system as done in Nissen et al. (2024). Providing any ocean model, but ideally those with at least eddy-permitting

resolution, a list of locations and times of historical surface ocean pCO2 measurements and extracting pCO2 snapshots from

the nearest model grid cell during the simulation would be sufficient. Besides facilitating a multi-model comparison and an

assessment of how a more realistic extraction of synthetic observations affects the findings of previous studies (e.g., Hauck

et al., 2023b; Heimdal et al., 2024; Behncke et al., 2026), these steps would also enable the quantification of the global265

pCO2 sampling error. Until then, it remains unclear whether current sampling efforts in other regions, with either lower (e.g.,

subtropics) or comparable (e.g., North Atlantic) storm activity and associated wind variability, are sufficient to minimize the

pCO2 sampling error. Similarly, future work should also assess to what extent undersampling during high-wind events affects

our ship-based or float-based understanding of other biogoechemical variables in the Southern Ocean and elsewhere (e.g.,

oxygen, nitrous oxide, or chlorophyll; Sharp et al., 2023; Nissen et al., 2025; Kelly et al., 2026). Lastly, additional high-270

frequency observations would allow for a more detailed evaluation of simulated temporal pCO2 variability in ocean models

and a more robust quantification of the pCO2 sampling error. Ultimately, model testbeds are indispensable for observing system

design, provided they capture all relevant scales of variability and generate synthetic observations in a realistic manner.

Code and data availability. The model source code of E3SMv2 including synthetic biogeochemical float capabilities is available on Zenodo:

https://doi.org/10.5281/zenodo.10094349 (Energy Exascale Earth System Model Program, 2023). The data underlying the findings of this275

paper are available on Zenodo: https://doi.org/10.5281/zenodo.21289725 (Nissen, 2026b). The analysis scripts used to post-process E3SM
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model output and produce the figures in this paper are available on GitHub (Nissen, 2026a). A final version of these scripts will be archived

on Zenodo upon acceptance of this paper.
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