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Abstract The Arctic Ocean covers 3% of the Earth's surface but is estimated to contribute 5–14% to the
global ocean carbon sink. Sparse and unevenly distributed observations complicate our understanding of the
size and the controlling mechanisms of this carbon sink. We adopt and advance the two‐step neural network
approach of Landschützer et al. (2016, https://doi.org/10.1002/2015gb005359; Self Organizing Map—Feed
Forward Network) to improve region‐specific reconstructions of the surface ocean partial pressure of carbon
dioxide (p(CO2)) in the Arctic Ocean and subsequently estimate the air‐sea CO2 flux. Our study shows that
biogeochemical properties previously selected as predictor variables for p(CO2) at the global scale are not well
suited to the Arctic Ocean and a sensitivity study reveals large differences in the size of the Arctic Ocean carbon
sink depending on the choice of air‐sea CO2 flux parameterization. This is most acute for those relating to sea ice
cover, leading to a difference of up to 25% (9.2–13.3 Pg C) in the total size of the Arctic Ocean carbon sink over
the 32‐year duration of the study.

Plain Language Summary The Arctic Ocean takes up carbon dioxide (CO2) from the atmosphere,
but a limited number of observations of the amount of CO2 in the Arctic Ocean prevent us frommaking a precise
estimate of the size of this carbon sink. Here, we use a machine learning method to interpolate observations of
surface ocean CO2 in time and space in regions lacking in data in order to quantify the size of the Arctic Ocean
carbon sink. Uncertainty in the role of sea ice cover when calculating CO2 flux leads to differences in the size of
the Arctic Ocean carbon sink, with an up to 25% difference in the size of the Arctic Ocean carbon sink between
different versions of the flux calculation over the 32‐year study period.

1. Introduction
Over a quarter of anthropogenic carbon dioxide (CO2) emissions since pre‐industrial times are stored in the
oceans (Gruber et al., 2023), acting as a buffer against rising atmospheric CO2 concentrations and subsequent
climate change. The Arctic Ocean region plays a disproportionately large role in the ocean carbon sink,
contributing 5–14% toward the global ocean CO2 sink when covering only 3% of the Earth's surface (Bates &
Mathis, 2009). The Arctic is at the forefront of global climate change, with rapid sea‐ice decline expected to have
a subsequent impact on the biogeochemistry of the Arctic Ocean (Lannuzel et al., 2020). Several different
processes in the Arctic Ocean act to drive carbon uptake from the atmosphere and its sequestration into the deep
ocean, however, these are not well‐constrained. The interplay of these processes and how they have been and
continue to be affected by climate change limit our understanding of the Arctic Ocean carbon sink (Juranek, 2022;
Tremblay et al., 2015).

Ocean carbon uptake is driven by the difference in partial pressure of CO2 (p(CO2)) between the ocean (locally
variable) and the atmosphere (more globally homogenous). Measurements of sea surface p(CO2) in remote, often
frozen, regions such as the Arctic are logistically complex. As a result, data across the Arctic are sparse
(Figure A1), with no data available for sizable parts of the region ‐ particularly in perennially ice covered areas.
Data availability is also highly seasonal, with a far greater number of measurements in the summer months (June
to September, JJAS), particularly at higher latitudes (Figure A1). Issues surrounding the low abundance of p(CO2)
observations are unlikely to be resolved in the near future due to financial and geographical constraints and
reduced observation frequency (Rustogi et al., 2023), with the sparsity of observations having increased from
2018 onwards (Dong, Bakker, & Landschützer, 2024). This impairs our ability to understand and predict trends
and changes in the Arctic Ocean carbon sink, particularly at seasonal timescales (Rustogi et al., 2023). Seasonal
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biases in measurements of other variables used to deepen our knowledge of the ocean carbon sink, particularly
those relating to sea ice (Gerland et al., 2019), also limit our understanding. Although biogeochemical ocean
models and Earth systemmodels provide a lens into a changing Arctic, this can only go so far as the representation
of biogeochemical processes at play in the Arctic is often poor (Popova et al., 2012). Differences persist between
estimates of the magnitude of the ocean carbon sink from observation‐based products and biogeochemical
models, with this discrepancy exacerbated at regional scales ‐ particularly for under‐sampled regions such as the
Arctic where such differences are of the order of magnitude of 20 Tg of carbon per year (Friedlingstein
et al., 2022; Yasunaka et al., 2023).

Improving the coverage of surface ocean p(CO2) can help us to improve our understanding of the Arctic Ocean
carbon sink and its spatio‐temporal variability. Globally, numerous approaches have been taken to interpolate
across limited observations of surface ocean p(CO2), from linear regressions (Iida et al., 2021; Lefèvre &
Taylor, 2002) to complex machine learning approaches (see Rödenbeck et al., 2015; Gregor et al., 2019; Fay
et al., 2021, for an overview). One such machine learning approach is the Self Organising Map ‐ Feed Forward
Network (SOM‐FFN) approach, first developed by Landschützer et al. (2013) in a study of the North Atlantic
Ocean and subsequently applied at multiple spatial resolutions at local, regional and global scales (e.g., Duke
et al., 2023; Laruelle et al., 2017; Roobaert et al., 2024; Landschützer et al., 2020, among others). However, the
accuracy of such (typically global) p(CO2) products in polar regions, where p(CO2) measurements are sparse,
remains poor (Zhong et al., 2024). Estimates of high‐latitude ocean CO2 uptake from existing p(CO2) products
not only differ from each other (Landschützer et al., 2020), but also from ocean biogeochemical model simu-
lations (Hauck et al., 2023). Differences between these p(CO2) products are particularly pronounced in terms of
seasonal variability (Rustogi et al., 2023), and half of all p(CO2) products included in the Arctic chapter of the
most recent RECCAP (REgional Carbon Cycle Assessment and Processes) report do not cover the full Arctic
region including the sea‐ice zones (Yasunaka et al., 2023). Such products are not typically derived with the Arctic
Ocean as their focus (with that of Yasunaka et al. (2018) as the key exception), and therefore the representation of
and inferences made about processes unique to the Arctic Ocean are at best incidental.

We present a new p(CO2) product for the Arctic Ocean using only data from this region in order to constrain the
size of the Arctic Ocean carbon sink. In particular, we examine the role of sea ice in introducing uncertainty in the
Arctic Ocean carbon sink, and test a number of approaches to the parameterisation of ocean‐atmosphere CO2
fluxes in the Arctic sea ice zone.

2. Data and Methods
We define the Northern polar ocean region in our study as the domain northwards of 55°N, excluding the Baltic
Sea (53–66°N, 10–30°E), and refer to this domain as the Arctic Ocean. We examine the period from January 1991
to December 2022, producing monthly estimates as well as an overall period averaged p(CO2) climatology at
1° × 1° resolution. We subsequently calculate air‐sea CO2 fluxes from these p(CO2) values and perform a
sensitivity analysis on these fluxes and then produce monthly maps and a time averaged climatology at the same
spatial resolution. Both p(CO2) and CO2 flux products are available at: https://doi.org/10.5281/zenodo.15056124.

In this section, we first describe the neural network method used to generate the p(CO2) product. Secondly, we lay
out how the p(CO2) product will be evaluated. We then perform a sensitivity analysis on the calculated CO2 flux,
before finishing with the approach for comparing the CO2 flux estimates.

2.1. Neural Network Configuration

We use the two‐step SOM‐FFN neural network approach of Landschützer et al. (2013) to reconstruct monthly
maps of p(CO2) in the Arctic Ocean. First, a Self‐Organizing Map (SOM) neural network is used to divide the
study area into biogeochemical provinces that have similar biogeochemical properties. For each of these prov-
inces, a Feed Forward Neural network (FFN) is then used to compute non‐linear relationships between direct
observations of p(CO2) from the SOCATv2022 gridded product (Surface Ocean CO2 ATlas; Bakker et al., 2022)
and other selected biogeochemical properties, which are then used to interpolate p(CO2) values for grid cells
where no p(CO2) observations are present. The final product is in the form of monthly p(CO2) maps at a 1° × 1°
resolution for the 1991–2022 period. Seasonal gaps exist in the final product when observations of biogeo-
chemical predictor variables are not available; this occurs exclusively at higher latitudes, predominantly in the
Siberian Sea.
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2.1.1. Self Organizing Map

We configure the SOM neural network following Landschützer et al. (2013), except for the modifications
described below. Previous studies (Landschützer et al., 2020) have found an improvement in the estimation of
Arctic surface ocean p(CO2) when only using data from within the Arctic region. We extend this idea by only
using data from our definition of the Arctic and allowing for spatial and temporal variability in the relationships
between p(CO2) and environmental predictor variables through the use of multiple biogeochemical provinces in
the SOM, rather than taking the Landschützer et al. (2020) approach whereby the Arctic is contained within a
single time‐invariant province. Deriving biogeochemical provinces for each time step, rather than the use of a
static, time‐invariant province configuration allows the impact of freeze‐up, ice melt, spring blooms, and other
important seasonal processes to be captured.

For both the SOM and the FFN, we use a set of input parameters taken from large gridded data sets to drive the
machine learning model. These data products, chiefly from either remote sensing or atmospheric reanalysis, are
described in detail in Table 1. We source the following variables to act as input parameters into either one (or
both) of the two steps of the neural network; sea surface temperature (SST), sea surface salinity (SSS), mixed
layer depth (MLD), wind speed, bathymetry, sea ice cover, sea ice change (derived as sea ice cover minus the sea
ice cover of the previous month), and atmospheric mole fraction of CO2. For the MLD, we use a climatology
(MIMOC; Schmidtko et al., 2013) and log transform these data prior to their inclusion in the neural network,
following Landschützer et al. (2013). We also included anomalies of SST, SSS and atmospheric CO2, where the
long term trend was removed from each of these data sets to look at the relative impact of short‐term variability.
All input parameters were rescaled to monthly 1°× 1° resolution prior to our analysis. We test 16 input parameter
combinations for the SOM to construct a set of biogeochemical provinces: SST, SSS, MLD, wind speed, ba-
thymetry, and sea ice cover. All tests include SST, SSS andMLD. Similar to the findings of Duke et al. (2023) for
the Alaskan Pacific (a region which overlaps with our domain), we find the best SOM predictor variables to be
SST, SSS, and MLD.

The p(CO2) climatology of Takahashi et al. (2009), previously used in similar studies (Landschützer et al., 2013,
2014, 2020), is inappropriate in our case due to zero data coverage above 80°N and very limited data availability
throughout the rest of the study area, and low spatial resolution (5°× 5°) relative to the size of our domain. We
also exclude chlorophyll a concentration, used in most similar products, due to a lack of satellite‐derived optical
data availability during polar night.

Table 1
Description of Neural Network Driving Data and Data Sets Used for the Subsequent Calculation of Air‐Sea CO2 Fluxes

Environmental driver

Neural network
step

Resolution Manipulation ReferenceSOM FFN

p(CO2) X 1° × 1° Conversion from f (CO2) SOCATv2022; Bakker et al. (2022)

SSTa X X,
anomaly

0.25° × 0.25° Calculation of anomaly as additional FFN
driver

Reynolds et al. (2007)

SSSa X X,
anomaly

0.25° × 0.25° Calculation of anomaly as additional FFN
driver

Good et al. (2013)

MLD X 0.5° × 0.5° Log‐Transformation MIMOC; Schmidtko et al. (2013)

Wind speed at 10 m
above sea levela

X 0.25° × 0.25° ERA5; Hersbach et al. (2019)

Sea Ice Covera Sea Ice
Change

0.25° × 0.25° Calculation of Sea ice change and Location
of Sea ice cover province

HADISST; Rayner et al. (2003)

Bathymetry X 2 min
(0.03° × 0.03°)

ETOPO v2; National Geophysical Data Center (2006)

Atmospheric CO2
partial pressurea

X,
anomaly

Calculation of anomaly as additional FFN
driver

Dlugokencky et al. (2019)

aAlso used for the CO2 flux calculations.
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The SOM initially produces four biogeochemical provinces; tests using additional SOM provinces led to network
instability during the FFN stage as the additional biogeochemical province had less than the minimum number of
grid cells required for validation. For each time step, we also separate all grid cells with greater than 85% ice cover
into an additional (fifth) province. This is due to known issues with satellite retrievals of biophysicochemical
properties under sea ice (e.g., Smith et al., 2019), and as Yasunaka et al. (2018) determined that separation of ice‐
covered and ice‐free regions gives an improved estimate of Arctic Ocean carbon flux.

The most common biogeochemical provinces for each grid cell for each calendar month of the 32 years analysis
period are presented in Figure 1, with each province described in Table 2. Biogeochemical provinces cannot be
derived for all grid cells and time steps ‐ the High Arctic, particularly off the coast of Siberia, is missing data for a
significant part of the year. This is not unique to our product, and has been found for the Arctic region of global
products by other studies (Ritschel et al., 2024). Not all biogeochemical provinces persist for all months of the
year, with the low salinity province only present from June to November.

Figure 1. The most common biogeochemical province for each grid cell derived from the Self Organizing Map. Note that these biogeochemical provinces are derived for
each month, and this figure shows an aggregate for each calendar month over the entire 32‐year period.
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2.1.2. Feed Forward Network

After the biogeochemical provinces have been derived, a FFN is used to determine non‐linear relationships
between p(CO2) (taken from the SOCATv2022 gridded product) and other biogeochemical properties (or
proxies) that are linked to p(CO2) variability for each province. We test 32 different combinations of proxies into
the FFN after those used by Landschützer et al. (2020) and Roobaert et al. (2024). All tests included SST, SSS
(both values and anomalies, with anomalies calculated as the difference between the value for a grid cell for a
given month and the mean value for that grid cell for that month of the year) and atmospheric p(CO2), alongside a
combination of wind speed, bathymetry, sea ice cover, sea ice change and atmospheric CO2 anomaly (including
one test where none of these additional variables were included). Sea ice change was calculated as the sea ice
cover minus the sea ice cover of the preceding month.

Resulting p(CO2) values produced using the 32 input parameter combinations for the FFN varied less than for the
different biogeochemical province combinations, suggesting that the derivation of biogeochemical provinces is
more important in determining p(CO2) values. Several sets of FFN input parameters performed well (as quantified
by high R2, lower root mean square error (RMSE) and mean difference values when compared to the SOCAT
v2023 gridded product) for the different seasons, regions and latitude bands. Although mean p(CO2) values for
the different FFN networks varied considerably (range of 35 μatm), mean differences from SOCAT were always
within the uncertainty of Flag E SOCAT data (<10 μatm), and typically within the uncertainty of the SOCAT
gridded data product used herein (<5 μatm).

Across different spatio‐temporal divisions of the model domain, the combination of atmospheric CO2 anomaly,
bathymetry and sea ice change (alongside the variables SST, SSS and atmospheric p(CO2) included in all tests)
consistently performed highly and thus was chosen as the final set of FFN inputs. We then reran this configuration
of the FFN to get a total of 10 repeat runs withholding a different subset of data for internal validation each time
(i.e., a Monte Carlo type approach), and use the ensemble mean as our final p(CO2) product, as the use of an
ensemble mean has been shown to improve the robustness and reliability of this approach (Duke et al., 2023). We
also produce a p(CO2) climatology, where we detrend the increase in p(CO2) over the time period covered by our
product by removing the increasing 12 months running mean atmospheric p(CO2) trend from our time series, and
then derive a climatological mean p(CO2) map for each month of the calendar year.

2.2. Evaluation of p(CO2) Product

We evaluate our reconstructed p(CO2) product against the limited available data in the Arctic domain that were
not initially used to train the neural network. We chiefly compare to p(CO2) measurements from the
SOCATv2023 gridded product (Surface Ocean CO2 ATlas; Bakker et al., 2016, 2023, with v2023 being the
subsequent edition to that used to develop the SOM‐FFN product), and to independent time series data not
included in the SOCAT v2022 gridded product (Bakker et al., 2022) and thus not used in the reconstruction of our
SOM‐FFN p(CO2) product. We converted SOCAT observations of fugacity of CO2 (f (CO2)) to p(CO2) as given
in Körtzinger (1999). Independent time series data was either that contained within the SOCAT database but
excluded from the gridded product (termed Flag E SOCAT data) or preliminary data from the year‐longMOSAiC
campaign (Multidisciplinary drifting Observatory for the Study of Arctic Climate; Shupe et al., 2022) ‐ also with

Table 2
Representation of the 5 Monthly Biogeochemical Provinces and Mean p̄(CO2) Differences Between the SOM‐FFN Product and SOCAT v2023

Biogeochemical
province description

Proportion of grid
cells (%) n(SOM‐FFN) n(SOCAT) R2(SOCAT vs. SOM‐FFN)

p̄(CO2, SOM‐FFN)
− p̄(CO2, SOCAT) (μatm)

Warm Ocean 9.06 282 965 22 449 0.67 1.4

Cool Ocean 12.0 388 340 11 583 0.73 0.9

Low Salinity 3.05 102 624 3 115 0.49 3.5

Ice Edge 5.25 179 696 1 382 0.54 2.5

>85% sea ice cover 34.3 1 137 449 3 126 0.60 7.3

Note. The proportion of the domain represented by each of the 5 biogeochemical provinces (quantified as the percentage of grid cells contained in each province, not the
percentage of the domain area) do not add up to 100% as biogeochemical provinces could not be derived for all grid cells and monthly time steps.
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the same uncertainty as the flag E SOCAT data. Locations of all independent data sets used for evaluation are
shown in Figure A2. In order to expand our evaluation data set, we also calculate p(CO2) values from observations
of dissolved inorganic carbon (DIC) concentrations and total alkalinity (TA), sourced from GLODAPv2 (GLobal
interior Ocean biogeochemical DAta Product; Olsen et al., 2016; Lauvset et al., 2016, 2024), using CO2SYS
(Lewis & Wallace, 1998) for Matlab v3.2.1 (Sharp et al., 2023). We use the K1 and K2 coefficients of Millero
et al. (2002), the K(H2SO4) dissociation constant from Dickson (1990), the K(HF) dissociation constant of Perez
and Fraga (1987) and the borate‐to‐salinity ratio of Lee et al. (2010). This allows us to compare to surface ocean
(<10m) measurements of carbonate chemistry variables fromGLODAPv2, and from bottle samples such as those
from the MOSAiC campaign (Fong et al., 2024; Torres‐Valdés et al., 2024a, 2024b; Ulfsbo et al., 2023). For each
CTD cast, we take the mean values of DIC concentration, TA and nutrient concentrations for all samples in the
upper 10 m of the water column, and from these calculate p(CO2) in CO2SYS as outlined above. For theMOSAiC
underway data, we include all p(CO2) measurements with a quality flag of 1 from the quality control software
QuinCe (Jones & Henriksen, 2018; Steinhoff et al., 2019), indicative of good quality data following the SOCAT
quality control cookbook (Gkritzalis et al., 2024).

We also compare our p(CO2) product to other p(CO2) products with Arctic coverage, but that largely were not
specifically designed for the Arctic region, in order to assess the improvement made by our region‐specific
changes.

Following Landschützer et al. (2014), we consider uncertainties in our p(CO2) product to be a result of errors in
either the p(CO2) measurement, the [re]gridding of the measurements, or from the reconstruction of the p(CO2)
using the SOM‐FFN (derived from a comparison to the SOCATv2023 database). These errors are then propagated
in quadrature to give the overall error of the p(CO2) product (Roobaert et al., 2019):

θ(p(CO2)) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(
θobs
̅̅̅̅
N

√ )

2

+ (
θgrid
̅̅̅̅
N

√ )

2

+ (
θmap
̅̅̅̅̅̅̅̅
Neff

√ )

2
√
√
√
√

(1)

where N is the number of grid cells containing a p(CO2) value in the SOCAT gridded product. For the mapping
term, an effective N value (Neff) is used, which is adjusted to account for spatial autocorrelation as given in
Landschützer et al. (2018).

2.3. Air‐sea CO2 Exchange

From the final p(CO2) product, we then determine air‐sea CO2 exchange to assess the size of the Arctic Ocean
carbon sink and its spatio‐temporal variability.

In order to examine the uncertainty surrounding estimates of Arctic Ocean air‐sea CO2 fluxes, we perform a
sensitivity analysis and test a number of different parameterizations involved in the CO2 flux calculation. First, we
examine the impact of the chosen gas exchange transfer coefficient k, following both the formulas of
Wanninkhof (2014):

k/ ( cm h− 1) = 0.251<U2
10>/ (m

2 s− 2)(Sc/660)− 0.5 (2)

and Nightingale et al. (2000):

k/ (cm h− 1) = [0.333<U10>/ (ms− 1) + 0.222<U2
10>/(m

2 s− 2)](Sc/600)− 0.5 (3)

where <U10> is the monthly mean wind speed at 10 m above sea level and <U2
10> is its second moment. Sc

represents the Schmidt number (Wanninkhof, 2014). We also test the impact of the lower value for the gas transfer
coefficient in Equation 2 suggested for sea ice areas by Prytherch and Yelland (2021) (0.179) in all grid cells with
a sea ice fraction greater than 0.1. When referring to the Prytherch parameterization, fluxes for grid cells with a
sea ice fraction of 0.1 or less continue to be calculated using Wanninkhof (2014) (Equation 2).

For sea‐ice covered grid cells, we scale the fluxes to the sea ice extent ( fice; value between 0 and 1). We test both
the typically used linear (Butterworth & Miller, 2016) sea‐ice scaling parameterization:
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F = (1 − fice) kK0Δp(CO2) (4)

and the non‐linear parameterization of Loose et al. (2009):

F = (1 − fice)
0.4kK0Δp(CO2) (5)

In both cases, K0 is the solubility coefficient of CO2 in seawater in mol m− 3 atm− 1, which depends on SST and
SSS (Weiss, 1974), and Δp(CO2) is the CO2 partial pressure difference between surface ocean and atmosphere in
μatm (with the atmospheric mole fraction of CO2 converted to μatm as per Appendix 3 of Landschützer
et al. (2013)). A positive flux indicates a flux of CO2 from ocean to atmosphere (i.e., the Arctic Ocean being a CO2
source). The non‐linear parameterization has been used in the Arctic assessment of Yasunaka et al. (2018), but not
for Arctic regions of global p(CO2) products. We also test setting the maximum sea ice cover fraction to 0.9 to
account for uncertainties of up to 10% in the amount of ephemeral open water unaccounted for in satellite re-
trievals of sea ice cover (Loose et al., 2014; Takahashi et al., 2009), and term this the Max 90% Ice
parameterization.

We calculate cumulative estimates of the Arctic Ocean carbon sink for each combination of these different pa-
rameterizations (12 in total). These CO2 fluxes are then compared to each other and to the ensemble mean Arctic
Ocean carbon sink presented in RECCAP2 (Yasunaka et al., 2023), noting that RECCAP2 uses a far smaller
spatial definition of the Arctic Ocean which does not include the North Atlantic region.

3. Results and Discussion
3.1. p(CO2)

3.1.1. Characteristics of the New p(CO2) Product

Detrended annual mean surface ocean p(CO2) for 1991 to 2022 are shown in Figure 2. Surface ocean p(CO2) from
our new product has a spatio‐temporal averaged median value of 308.3 μatm, a mean value of 311.2 μatm and a
standard deviation of 48.5 μatm. Note that these values only include grid cells with data, and so are likely to be
biased away from the Laptev and East Siberian Sea region where year‐round p(CO2) values are not available. In
order to look at spatial differences in p(CO2) across the Arctic domain and how well these are reproduced by our
SOM‐FFN product, we split our domain into three latitude bands (Table 3). As a greater number of p(CO2)
products are available for the Sub‐Arctic, we considered SOM‐FFN performance here to be less important than
performance in the High Arctic when choosing our best neural network configuration. This is, however,
complicated by considerably lower data availability further north (see n values in Table 3), due both to logistical
constraints of northern sampling and to the lower relative surface area of grid cells at higher latitude.

Simulated p(CO2) from the SOM‐FFN product is well matched to observed values, with a mean bias from
SOCATv2023 of +1.9 μatm across the entire spatio‐temporal coverage of the SOM‐FFN product. Evaluating our
SOM‐FFN product against SOCATv2023 gives an RMSE of 29.1 μatm, significantly greater than the uncertainty
given for SOCAT observations (2–5 μatm), but comparable to global RMSE estimates for similar products
(Gloege et al., 2022). When only looking at co‐located data points, the SOM‐FFN product and SOCATv2023 are
shown to have a very similar data distribution and median p(CO2) values (Figure 3b). However, when extrap-
olating outside of this area, the SOM‐FFN product suggests lower p(CO2) values than seen in the SOCAT gridded
product (Figure 3a).

Monthly average values for the three latitude bands are all biased high in the SOM‐FFN relative to SOCAT
observations (Table 3), with differences from SOCAT greatest in the High Arctic. Table 2 shows the five different
biogeochemical provinces to have noticeable variation in their mean differences from SOCAT, with poorer
emulation of SOCAT observations found in ice‐affected provinces than in the open ocean. Median differences
from SOCAT for each biogeochemical province are all slightly higher than mean values, but the relative per-
formance of each province stays the same. We also considered evaluating our simulated p(CO2) values by
RECCAP biome, after Yasunaka et al. (2023). However, data availability varies greatly between RECCAP bi-
omes, with one RECCAP biome (Baffin Bay) having only six SOCAT observations and six out of ten RECCAP
biomes having no available p(CO2) measurements during spring or winter.
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We then compare both the SOM‐FFN p(CO2) product and the SOCAT gridded p(CO2) to p(CO2) derived from
measurements of TA and DIC concentration from the GLODAP database, as shown in Figure 3c. For this, we take
all measurements above a depth of 10 m, derive p(CO2) as described above, and then match these derived p(CO2)
values to their corresponding grid cells in the p(CO2) and SOCAT gridded products. Generally speaking, there is
good agreement between the p(CO2) product and GLODAP, with a mean difference (SOM‐FFN ‐ GLODAP) of
6.9 μatm, well within the 12 μatm uncertainty given for p(CO2) derived from GLODAP by Gregor et al. (2019).
Median p(CO2) values for all three data sets (subset to where GLODAP data are available) are all within 6 μatm,
with the smallest difference in medians between GLODAP and our p(CO2) product. Mean differences between
our p(CO2) product and the GLODAP data vary latitudinally, with the smallest differences in the High Arctic
(− 2.2 μatm) and the greatest differences in the Low Arctic (8.8 μatm). GLODAP observations, being more
representative of small scale processes and sub‐grid cell heterogeneity than monthly 1° × 1° values, give a much
broader distribution than the SOCAT gridded product or the SOM‐FFN data product, leading to a very high
standard deviation (112 μatm) and RMSE (113 μatm).

We next compare the relative similarity to the SOCATv2023 gridded product for our Arctic SOM‐FFN and three
other leading p(CO2) products with at least partial coverage of our Arctic domain; Jersild et al. (2017), Roobaert
et al. (2024), and Yasunaka et al. (2018). We re‐grid the Roobaert et al. (2024) product to the 1° × 1° spatial
resolution used by the other products. Note that the temporal and spatial coverage of all four products is slightly
different, with no data outside of the coastal zone or after 2020 in the Roobaert et al. (2024) product, no data
before 1997 or after 2017 in Yasunaka et al. (2018), and no data after 2021 in the Jersild et al. (2017) product.

Figure 2. Climatological detrended annual mean surface ocean p(CO2) across the Arctic Ocean domain (north of 55°N for the
period January 1991–December 2022), derived from the Self Organising Map–Feed Forward Network.
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Mean and median differences from SOCAT are positive for our product but negative for the others (Table 4). The
spread of mean residuals when compared to SOCATv2023 is also less pronounced for our product than for these
other products. The SOCAT RMSE for the Jersild et al. (2017) and Yasunaka et al. (2018) products are greater
than that for our p(CO2) product, while the RMSE of the Roobaert et al. (2024) product is similar to ours. We note,
however, the difference in coverage of the Roobaert et al. (2024) product in comparison to our own, and so this
calculated RMSE value includes a smaller number of p(CO2) values and does not include the ice‐covered Central
Arctic region where uncertainty tends to be greater.

3.1.2. Validation With Independent Timeseries Data

Two Icelandic time series are included within our study area, with measurements of surface ocean carbonate
variables taken three or four times a year. We compare these time series of surface ocean p(CO2) for the Iceland

Table 3
Mean of p(CO2) Product by Latitude Band for 1991 to 2022 and Comparison With SOCAT v2023 Data

Latitude
n(SOM‐
FFN) n(SOCAT)

R2(SOCAT vs.
SOM‐FFN)

p̄(CO2, SOM‐
FFN) [μatm]

p̄(CO2, SOM‐FFN) − p̄(CO2,
SOCAT) [μatm]

σ(SOM‐FFN‐
SOCAT) [μatm]

Sub‐Arctic (55.0–66.0°N) 436 356 35 572 0.67 339 1.9 27.0

Low Arctic (66.0–78.0°N) 628 246 14 362 0.58 321 1.0 32.1

High Arctic (>78.0°N) 1 026 472 3 843 0.64 293 5.0 30.2

Note. n denotes the number of monthly grid cells containing p(CO2) values.

Figure 3. Distribution of monthly p(CO2) values from both the Self Organising Map‐Feed Forward Network (SOM‐FFN)
product and SOCATv2023 for 1991 to 2022 for (a) the entire SOM‐FFN domain and (b) only time steps and grid cells where
both SOCAT and SOM‐FFN data are available. (c) Distribution of p(CO2) values from GLODAP, SOCAT and the
SOM‐FFN product, only for grid cells where GLODAP data are available. (d) Difference between SOCATv2023 and
SOM‐FFN p(CO2) values where both are available. In all cases, vertical dashed lines represent the median value and colors for
each dataset are the same on all 4 panels. Note that the y‐axes for (a, c) are given on a relative abundance scale, whereas (b, d) use
the same scale denoting the absolute number of p(CO2) values.
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(68.0°N, 12.7°W) and Irminger Sea (64.3°N, 28.0°W) stations to the SOM‐FFN product in Figure 4. Prior to
2014, we use discrete p(CO2) measurements from these stations (Olafsson et al., 2010). From 2014 onwards
however, p(CO2) was no longer measured for these time series and so we derived p(CO2) from DIC concentration
and TA. Mean differences between direct observations of p(CO2) and reconstructed p(CO2) from the SOM‐FFN
product are less than 5 μatm for the Irminger Sea station (Figure 4b), and 13 μatm for the Iceland Sea station
(Figure 4a). Differences between time series data and the p(CO2) product are higher for the section of the time
series where the p(CO2) is derived from DIC concentration and TA, with a positive bias found when using both
the Millero et al. (2002, as shown in Figure 4) or Sulpis et al. (2020) dissociation constants. The seasonality of the
SOM‐FFN product is well matched to the observations at both stations, with the largest difference between the
observations and the SOM‐FFN product typically occurring in May.

SOCAT data with a quality flag E, representative of an uncertainty of up to 10 μatm is not included in the
SOCATv2022 and SOCATv2023 gridded products and is here used as independent data to compare to individual
grid cells of the SOM‐FFN product. Within our Arctic domain, we find three different flag E data sets: one sta-
tionary buoy; Station M (located at 65.8°N, 2.18°E; Skjelvan & Lauvset, 2018), one drifting buoy; CARIOCA
(moving around the Greenland Sea; Merlivat, 2011; Hood et al., 1999), and one vessel; the Lysbris Seaways
(regularly traveling betweenNorway,Denmark, and theUnitedKingdom; split into two different records (A andB)
to remove one and a half years of highly intermittent data; Macovei, Voynova, et al., 2021; Macovei, Petersen,
et al., 2021). For each record, every measurement was binned into the same 1° × 1° × 1 month bins used by the

Table 4
Comparison of the New p(CO2) Product Against Others With at Least Partial Arctic Coverage

p(CO2) product Area covered Dates covered
Mean Dif. [μatm] RMSE [μatm]
(Product− SOCAT) (Product− SOCAT)

Arctic SOM‐FFN 55°–90°N 1991–2022 1.9 29

Jersild et al. (2017) Global 1983–2020 − 1.6 36

Roobaert et al. (2024) Global Coastal Ocean 1983–2021 − 3.8 28

Yasunaka et al. (2018) RECCAP Arctic Basin 1997–2017 − 1.97 66

Note. Values given in the final two columns compare each product to SOCAT within the spatio‐temporal domain of our new
SOM‐FFN product (as given in the first row). Additionally, the Roobaert product does not produce p(CO2) estimates for
most of the Central Arctic.

Figure 4. Timeseries of p(CO2) for the (a) Iceland Sea and (b) Irminger Sea stations, both from observations (black; Olafsson
et al., 2010) and from the Self Organising Map–Feed Forward Network product (yellow). The locations of both stations are
given in Figure A2.
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SOM‐FFN. These binned observational valueswere then compared to theweightedmean of the SOM‐FFN p(CO2)
values from the latitude/longitude bins visited by the observing platform during each given month (Table 5).

It should be cautioned that measurements from a single cruise or buoy track, as evaluated in this section, may
not be representative of the monthly mean grid cell p(CO2) value ‐ particularly in regions with large day‐to‐day
variability or sub‐grid cell spatial heterogeneities (Yasunaka et al., 2016). We also note that cruises likely travel
between several grid cells within the course of a month, and although a weighted average of the time spent in
each grid cell is used, this may still impact the fit between observed data and the p(CO2) product, particularly
for regions with high levels of spatial heterogeneity. Additionally, as observations from these data sets are of a
much higher temporal resolution (sub‐daily) than the monthly SOM‐FFN product, these will inherently be
noisier.

Mean differences between our p(CO2) product and the quality flag E data sets, except Station M, are positive
(Table 5). RMSEs between the flag E data sets and the SOM‐FFN product are within the approximate range of
global ocean RMSE estimates for both this and other p(CO2) products, with those for Station M and CARIOCA
lower than found for the p(CO2) product as a whole. Comparison with these independent data sets again shows
that the amplitude of the seasonal cycle of p(CO2) is not captured in the SOM‐FFN product, with the largest
negative differences (i.e., SOM‐FFN p(CO2) overestimation) found in May for all years and all platforms except
CARIOCA. A similar pattern of annual variability between the Lysbris Seaways record and the SOM‐FFN
product is seen in all years.

We also compare our SOM‐FFN product to both measured p(CO2) and p(CO2) calculated from discrete mea-
surements of DIC concentration and TA during the MOSAiC campaign (Fong et al., 2024). Discrete observations
from MOSAiC were spatially and temporally aggregated in the same manner as for the quality flag E SOCAT
data. The SOM‐FFN p(CO2) product shows the same general pattern as the MOSAiC p(CO2) observations, with
highest values in midwinter and lowest values in the summer (Figure 5). We note that variability in the MOSAiC
time series encompasses not only seasonal but also spatial variability (Schulz et al., 2024). Transitions between
surface ocean regimes or water masses were often accompanied by sharp changes in biogeochemical properties
(Schulz et al., 2024). This is particularly apparent in the latter part of the time series, when the MOSAiC drift
relocated for its final leg and crossed between different water masses in the Nansen and Amundsen Basins (Fong
et al., 2024). The SOM‐FFN p(CO2) values are lower than the observations. Bottle samples are on average 16
μatm higher than the SOM‐FFN product, whereas the underway samples are 7 μatm higher than the SOM‐FFN
product.

3.1.3. Uncertainties in the p(CO2) Product

Low data availability acts as a key limitation and leads to uncertainty in p(CO2) estimates, both on seasonal and
regional scales (Gregor et al., 2019; Woolf et al., 2019)—particularly in the High Arctic. As seen in Tables 2 and

Table 5
Summary of Each of the p(CO2) Comparisons

Timeseries Dates Location

Mean Dif. Std. Dev. RMSE
[μatm] [μatm] [μatm]

(Timeseries ‐ SOMFFN)

Icelanda February 1992–November 2012 Iceland Sea 13 26 29

Irmingera Febuary 1992–November 2012 Irminger Sea 4.2 26 26

Station M May 2016–June 2017 Iceland Sea − 11 16 19

CARIOCA August 1996–April 1997 Greenland Sea 9.9 23 23

Lybris Seaways (A) September 2013–January 2019 Norwegian and North Seas 26 30 39

Lybris Seaways (B) September 2021–August 2022 Norwegian and North Seas − 12 38 39

MOSAiCa September 2019–October 2020 Central Arctic Ocean 6.6 24 23
aDenotes timeseries with both measured and derived p(CO2), although only the directly measured values are used for the
comparison in this table. The location and tracks for each timeseries are shown in Figure A2.
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3, the SOM‐FFN product performance is generally poor where fewer SOCAT observations are assimilated by the
FFN. Not surprisingly, regions with fewer p(CO2) observations are subject to greater uncertainty in neural
network interpolation methods, highlighting the need for increased and continued sampling (Jersild & Land-
schützer, 2024). Data availability for environmental drivers, not just p(CO2), also limits the determination of
p(CO2) values, with missing MLD data preventing the assignment of biogeochemical provinces or subsequent
p(CO2) calculation for 36% of grid cells ‐ mostly in the Russian High Arctic. This has also been noted for the
Jersild et al. (2017) SOM‐FFN product by Ritschel et al. (2024). Interestingly, SOM‐FFN performance outside of
areas of lower data availability is also thought to be hindered by lower amounts of input data (Dong, Bakker, &
Landschützer, 2024).

Sea ice cover also acts as a significant source of uncertainty for the p(CO2) product. Firstly, sea ice retrieval errors
may impact the demarcation of the ice province. Also, satellite estimates of sea ice cover do not account for the
thickness and type of sea ice (and resultant light penetration into the surface ocean below; see Ericson
et al., 2023). Backwards extrapolation of relationships between p(CO2) and sea ice cover by the neural network
may be affected by the fact that sea ice type has changed as the Arctic Ocean warms.

As outlined above, we quantify the uncertainty in our p(CO2) product in terms of measurement, regridding and
mapping uncertainties. We can consider the measurement error for p(CO2) (θobs) to be that given by the SOCAT
cookbook of 2–5 μatm, here we use a value of 5 μatm as a more conservative estimate. We calculate our
regridding uncertainty (θgrid) as the mean value of the standard deviation of the SOCAT observations contained
within each cell of the SOCAT gridded product, which gives us a value of 2.56 μatm. Finally, for the uncertainty
in our SOM‐FFN mapping, we take the RMSE between the SOCATv2023 and the SOM‐FFN products, giving a
θmap of 29.1 μatm, in the range of uncertainty estimates of Yasunaka et al. (2018) and Roobaert et al. (2024).
Combining the error sources and using standard error propagation (Equation 1) over the entire Arctic domain,
these give us an overall uncertainty of 3.5 μatm for the Arctic Ocean mean p(CO2) from the SOM‐FFN product.

3.1.4. Temporal Trends and Seasonality

Seasonal trends seen in the SOCAT observations are reproduced in the SOM‐FFN product, with the decrease in
summertime p(CO2) seen at lower latitudes extrapolated toward the pole. The SOM‐FFN product produces a
seasonal cycle of p(CO2) with an amplitude of approximately 50 μatm, roughly half of that seen in SOCAT
(Figure 6a). This discrepancy is most evident for latitudes south of 67°N. Earlier products using the SOM‐FFN
method are known to underestimate the amplitude of seasonal variation in the North Atlantic (Landschützer
et al., 2013), thought to be due to the mechanism used to prevent over‐training of the neural network.

Figure 5. Timeseries of surface ocean p(CO2) from the MOSAiC drift, both from underway measurements (black), and
discrete samples analyzed for Dissolved Inorganic Carbon concentration and Total Alkalinity (blue), as well as from the Self
Organising Map–Feed Forward Network product (yellow). Tracks for each timeseries are given in Figure A2.
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Mean differences between the SOCAT gridded product and the SOM‐FFN product are positive throughout most
of the year, but become negative during the summer. Observational coverage within SOCAT is biased toward the
summer months (Figure A1), particularly at higher latitudes. The differences in the seasonal amplitude and the
sign of the mean difference may be an artifact of the amount of data available for interpolation as opposed to a
robust difference in seasonal performance. Largest mean (December) and median (April) differences both occur
during the ice‐covered season when fewer data are available, supporting the fact that this is a function of data
availability.

We find an increase in mean surface ocean p(CO2) between 1991 and 2022, both across the entire Arctic Ocean
domain and for our three latitude bands individually (Figure 6). Rates of change of mean p(CO2) are greatest in
the High Arctic, where surface ocean p(CO2) increases by 18% (a mean increase of 1.6 μatm per year, compared
to a mean decrease in atmospheric p(CO2) in the High Arctic). Surface ocean p(CO2) for the other two latitude
bands increase with increasing atmospheric p(CO2), but the increase in atmospheric p(CO2) is greater than that
seen for the surface ocean. As mentioned by Yasunaka et al. (2018), temporal changes in p(CO2) discussed here
also include variations due to changes in data coverage over time, with a greater proportion of SOCAT data
available to interpolate (both across the domain as a whole, and for each of the three latitude bands) after 2011
(Figure A1). Discontinuities in SOCAT data limit the extraction of similar temporal observational trends to
compare against, with observations from the High Arctic not available year‐round or prior to 2008. However, the
difference between the earliest available and the most recent monthly averages in the SOCAT gridded product
shows an increase for all latitude bands, with the largest increase again found in the High Arctic. Such trends are
sensitive to the start and endpoints of a time series, and we caution that the rate of change seen both within each
latitude band and across our Arctic domain as a whole may not be representative of longer term timescales (Fay &
McKinley, 2013). Additionally, with differences in the length of available time series data from SOCAT across
the three latitude bands, differences in the rate of increase are likely to occur: data sparsity is known to have an
impact on trend estimates of ocean carbon sinks (Hauck et al., 2023).

Increasing mean p(CO2) values occur in tandem with decreasing sea ice cover. This mirrors previous findings,
with the century‐long model study of Smedsrud et al. (2022) finding a doubling of ocean CO2 uptake as a result of
sea ice loss in the Barents sea and the central Arctic Ocean. Surface ocean p(CO2) was also shown to increase
coincidentally with decreases in sea ice cover in the neural network approach of Ericson et al. (2023). This is most
prominent in the Low Arctic region, where sea ice change is the most acute, with a decrease in the average grid

Figure 6. (a) Mean seasonal cycle and temporal trend for the Self Organising Map–Feed Forward Network (SOM‐FFN)
product (black) and SOCATv2023 (orange) across the entire study area. (b) Mean seasonal cycle and temporal trend from the
SOM‐FFN product for the three latitude bands. (c) As per (b) but for the CO2 flux calculated using the Prytherch K
parameterization with the linear sea ice parameterization and no maximum sea ice threshold (orange/third from the left in
Figure 8). We note that the choice here of this flux parameterization is somewhat arbitrary, and find qualitatively similar results
for all flux parameterizations tested.
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cell ice cover fraction double that when considering the domain as whole. Decreasing salinity and increasing sea
surface temperatures, both most pronounced in this region of greatest sea ice loss, impact the solubility of CO2
(Weiss, 1974), in turn affecting p(CO2) values. Relationships between p(CO2) and the SOM‐FFN driving var-
iables differ in the High Arctic from those in the other two latitude bands, likely in part due to ice cover, but also
potentially due to ice cover inhibiting the measurement of those variables.

3.2. Air‐sea CO2 Flux

3.2.1. CO2 Flux Overview

All twelve flux parameterizations tested gave similar spatial patterns of air‐sea CO2 flux, with year‐round mean
fluxes shown in Figure 7. Most areas act as an ocean carbon sink year‐round, but fluxes in the North Pacific and
Hudson Bay regions have a seasonally varying sign; the Hudson Bay is a source of CO2 to the atmosphere in the
late summer season and the North Pacific acts as a source from November to March. Other shelf regions are also
known to act as seasonal CO2 sources (e.g., Willcox et al., 2024), but are below the resolution of our p(CO2)
product. The strongest sinks are the Barents Sea, the western Greenland Sea and in the Davis Strait. These areas
approximately denote the oceanic margin of the maximum sea ice area. The greatest seasonal variability, from
weak sink to strong source, is found in the Bering Strait. Lower fluxes are found in perennially sea ice covered
areas. Grid cells in the High Arctic make a considerably smaller contribution to the overall size of the Arctic
Ocean carbon sink than those at lower latitudes, although their relative contribution is noticeably greater for non‐
linear parameterizations of sea ice (10–20%, as opposed to >10% for linear parameterizations; Figure 8). When
considering per unit area fluxes, the relative contribution of the different latitude bands varies between param-
eterizations, with the greatest flux contributions usually from the Low Arctic region.

3.2.2. Parameter Sensitivity of Air‐sea CO2 Flux

Uncertainties in surface ocean p(CO2) are only one of a number of potential contributors to uncertainty in the final
CO2 fluxes. Previous research on the uncertainty of air‐sea CO2 flux calculations focuses on uncertainties in wind
speed and gas transfer as well as uncertainties in both atmospheric and surface ocean p(CO2) (Jersild & Land-
schützer, 2024). However, considerations surrounding the parameterization of sea ice in the air sea flux calcu-
lation are largely not included within uncertainty synthesis protocols (e.g., Ford et al., 2024; Jersild &
Landschützer, 2024). We undertook a sensitivity test looking at three different ways in which uncertainty is
introduced into flux estimates in sea ice areas; (a) through the choice of the gas transfer coefficient parameter-
ization (as mentioned in previous studies, although rarely systematically compared for a region of this size), (b)
through the scaling of the ocean‐atmosphere flux to the sea ice cover and (c) through uncertainties in the retrievals
of sea ice cover fraction. Sensitivity testing of the parameterization of air‐sea CO2 flux revealed a difference of
23% or 4.1 Pg in the total size of the entire Arctic Ocean CO2 sink for the two most extreme cases (Figure 8b) over
the course of the 32 years covered by our p(CO2) product. Of the different air‐sea CO2 flux parameterizations, we
found the differences between the linear and non‐linear parameterizations of sea ice cover in the flux equation to
have the most significant effect on the calculated fluxes and the overall magnitude of the Arctic Ocean carbon sink
(Figure 8). A paired samples t‐test shows this difference to be statistically significant at the 0.05 level
(p = 0.0084), with the non‐linear parameterization used herein always producing a larger Arctic Ocean CO2 sink
than its linear counterpart. However, we note that newer non‐linear parameterizations of the impact of sea
concentration on gas transfer velocity suggest that gas transfer velocity (and subsequently CO2 fluxes) may be
suppressed by the presence of sea ice (Loose et al., 2024), and thus decrease, rather than increase, the size of the
Arctic Ocean CO2 sink. This discrepancy highlights that the role of sea ice in regulating CO2 sink dynamics in the
Arctic Ocean remains poorly constrained, with persistent uncertainties surrounding the effect of sea ice on air–sea
CO2 fluxes. Our results showing the scale of the impact of sea ice scaling on the Arctic Ocean carbon sink can be
seen to underscore the need for further targeted studies to better understand the complex interplay between sea ice
cover, gas transfer processes, and carbon uptake in polar regions.

As the Max 90% Ice parameterization (alternate, less saturated bars in Figure 8) represents a 10% uncertainty in
sea ice cover from satellite retrievals (as assumed by Loose et al., 2014) in the flux calculation for both linear and
non‐linear treatments of sea ice cover, these can be considered as upper estimates rather than true members of the
flux ensemble. However, although this results in a small decrease in the average value of the cumulative sink of
the Arctic Ocean, the difference is not statistically significant at the 0.05 level. Excluding these cases still results
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Figure 7. Mean CO2 flux from all 12 combinations of parameter choices; (a–f) show the linear parameterizations, and (g–l) the non‐linear parameterizations; each set
shows the parameterization ofWanninkhof (2014, first column; (a, d, g, j)), then Prytherch and Yelland (2021, second column; (b, e, h, k)), then Nightingale et al. (2000,
final column; (c, f, i, l)), with the maximum 90% sea ice threshold as the second row in each block. Negative CO2 fluxes denote ocean uptake (in blue) and positive
fluxes denote release (in red) of CO2 from the ocean to the atmosphere.
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in a difference between the most extreme cases of approximately 20% (or 3.3 Pg C) of the total size of the Arctic
Ocean CO2 sink.

Differences in the derived fluxes stem not only from variations in the SOM‐FFN product or the sea ice cover, but
also from the parameterization of the gas transfer coefficient k. Globally, around 30–37% uncertainty in ocean
carbon uptake could arise from k (Roobaert et al., 2018), with Jersild and Landschützer (2024) expecting this to
dominate the uncertainty in polar regions, contributing almost 50% to their calculated total uncertainty. However,
we found the choice of k to give the lowest contribution to the overall variability: the parameterization option
using the k value of Prytherch et al. (2017)—applied when the sea ice cover fraction was greater than 0.1,
otherwise using the k value of Wanninkhof (2014)—gave the lowest absolute CO2 fluxes, and that of Nightingale
et al. (2000) the highest flux values, with the most commonly used parameterization ofWanninkhof (2014) falling
in the middle of this range (Figure 8). Differences in the overall size of the Arctic Ocean carbon sink between
these gas transfer parameterizations (holding all other choices constant) are always within the 20% uncertainty
range quoted in Ford et al. (2024). This is in line with the recent study of Dong, Bakker, Bell, et al. (2024), who
suggest that gas transfer parameterizations are not the main reason for disagreement between flux estimates in the
Southern Ocean. Our findings indicate that this may be the case for polar oceans more broadly.

We note that other studies investigating the impact of the gas transfer parameterization include multiple wind
speed products in their calculation (e.g., Roobaert et al., 2018), which may induce greater uncertainties in the
impact of k, although the parameterization of the gas transfer coefficient is thought to be more important to the
final flux calculated than the wind product used in that equation (Fay et al., 2021). Additionally, wind speed based
parameterizations of gas transfer coefficient may become less appropriate at high wind speeds (Wannink-
hof, 2014), particularly for low‐solubility gases like CO2. However, with less than 5% of monthly mean wind
speeds within our domain over 10 m s− 1, the impact of bubble‐mediated gas transfer is likely to be small. Wind
speed based parameterizations of gas transfer may also be less appropriate in the Arctic sea ice zone due to
additional forms of turbulence caused by sea ice (Bigdeli et al., 2018; Loose et al., 2014).

3.2.3. CO2 Flux Uncertainties

The Arctic chapter of the most recent RECCAP report quantifies the uncertainty in different estimates of the
Arctic Ocean carbon sink through the use of the standard deviation of the mean sink (Yasunaka et al., 2023).
Applying this method, we find an uncertainty in our 32 year cumulative flux estimate of 1.26 Pg C when
considering all 12 of our flux parameterization approaches. If we were to treat the Max 90% sea ice cover

Figure 8. (a) Cumulative CO2 sink in C equivalents per unit area for the 32 years study period for each of the sea ice
parameterizations. Each bar is split into the Sub‐Arctic, Low Arctic and High Arctic latitude bands (from top). (b) As for
(a) but for the entire model domain rather than per unit area. Note the different scale on the y‐axes.
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parameterization as an upper bound on potential flux as opposed to a contributor toward the uncertainty estimate,
this reduces the standard deviation to 1.19 Pg C over the 32 year period (or 39 Tg C per year). For only the area
covered by the RECCAP Arctic definition, we find an uncertainty of 0.72 Pg C compared to their 0.132 Pg C
estimate (both over the entire time period of the product; equivalent to 22 Tg C and 4 Tg C a year respectively).
We note that their estimate is for a different time period (1985–2017, as opposed to our 1991–2022), and that only
2 of the 8 p(CO2) products they discuss contribute to their uncertainty estimate.

Additionally, other factors that we have not investigated or explicitly considered may have introduced uncertainty
into our flux estimates. All flux parameterizations include temperature and salinity dependencies, with the po-
tential for errors in these to be carried forwards into the calculated CO2 fluxes; however, (for other gases like
dimethyl sulfide at least) this is not thought to be significant (Bock et al., 2021). Ouyang et al. (2022) suggest
weighting the gas transfer coefficient by sea ice cover history, not just sea ice cover at that time, as antecedent
conditions play an important role in determining current flux ‐ although the application of this is limited by the
monthly resolution of our p(CO2) product and subsequent flux estimates.

3.2.4. Temporal Variability in CO2 Fluxes

In contrast to the study of Rustogi et al. (2023), we do not see considerable differences in the seasonal variability
from the different flux estimates. However, this may not be surprising as all our flux parameterizations use the
same underlying p(CO2) data ‐ and therefore the same seasonality of p(CO2), whereas their comparison of ob-
servations and modeled fluxes will use different p(CO2) values between observed and modeled fluxes. Differ-
ences in the seasonal patterns between parameterizations become more pronounced moving northwards, but even
then, the same broad pattern of low spring fluxes and higher uptake in summer and autumn in the High Arctic
latitude band are seen for all parameterization options. Differences between parameterizations are more pro-
nounced when fluxes are higher, particularly outside of the Low Arctic.

Unlike Yasunaka et al. (2018), we see a noticeable increase in the size of the Arctic Ocean carbon sink over time
for all parameterization choices, with the annual carbon sink increasing by more than 50% over the 32 years of the
product (from 0.7 to 1.4 mol m− 2 a− 1 to 1.2–2.4 mol m− 2 a− 1, depending on parameterization). Differences
between the flux parameterizations are seen when looking at temporal trends for each of the three latitude bands
individually, but an increase in the size of the annual carbon sink is seen for each latitude band. In most years, the
Sub‐Arctic acts as the largest carbon sink, but in some years the Low Arctic is a larger sink, particularly for the
non‐linear sea ice parameterizations. The carbon sink increases depend on latitude and the chosen flux param-
eterization. For the non‐linear sea ice parameterization, increases are greatest for the Sub‐Arctic, whereas for the
linear sea ice parameterization, increases are greatest in the High Arctic.

As for p(CO2), ocean carbon uptake increases as the sea ice area decreases. However, this is not the sole driver of
changes in CO2 flux over time; the highest change of sea ice cover is found in the Low Arctic, but this is not
always where the highest change of CO2 flux is found. Conducting a similar analysis for other climate variables
such as second moment wind speed shows no major trends.

3.3. Additional Considerations

In addition to the role of sea ice in controlling surface ocean p(CO2), and its impact on air‐sea fluxes–for example,
via release of p(CO2) to underlying waters or through storage of CO2 within the sea ice (Richaud et al., 2023), the
sea ice surface itself may also be a site of sizable CO2 fluxes and make its own individual contribution to the
Arctic Ocean carbon sink. Fluxes shown herein do not include flux from the ice surface itself, which may be
sizable (e.g., Delille et al., 2014; Else et al., 2012; Nomura et al., 2018).

Furthermore, the resolution of the SOM‐FFN product may not adequately capture processes occurring in near-
shore environments within our study domain, which can influence p(CO2) dynamics and, consequently, CO2 flux
estimates. For example, processes such as glacial outflow (Duke et al., 2024) and river discharge can affect the
CO2 sink in complex ways. Riverine carbon input may elevate surface water p(CO2) and thereby reduce CO2
uptake (e.g., Bertin et al., 2023), while nutrient inputs can stimulate biological activity and enhance CO2 uptake
(Terhaar et al., 2021). The net impact on the CO2 sink thus reflects a balance between these contrasting processes
in nearshore regions, which may ultimately reduce the efficiency of the Arctic Ocean carbon pump, potentially
resulting in an increase in future ocean‐atmosphere CO2 fluxes (Oziel et al., 2025). Incorporating relevant
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environmental drivers into the SOM‐FFN, alongside improved spatial resolution and additional in situ mea-
surements, could help account for these nearshore feedback mechanisms and better constrain p(CO2) and air–sea
CO2 flux dynamics in this region. This is likely to be disproportionately important in regions such as around
Greenland.

Finally, SOCAT classes samples in the upper 10 m of the water column as surface samples, so potential surface
ocean stratification effects, with p(CO2) lower at the air‐ocean interface may not be accounted for by the mea-
surements. Dong et al. (2021) suggest that this leads to a 17% underestimation in Arctic Ocean sink strength.
Sampling depth is also thought to influence flux calculations due to sea ice processes (Miller et al., 2019),
however, their study suggests that sampling within stratified Arctic waters leads to overestimates, not un-
derestimates, of CO2 flux.

4. Conclusions
We present a new Arctic Ocean p(CO2) product. The mean difference from SOCAT observations is +1.9 μatm,
which is within the measurement uncertainty of those observations. Uncertainty in the surface ocean p(CO2)
values is chiefly due to a lack of input data for the SOM‐FFN, and we echo the call for increased observations
(Dong, Bakker, & Landschützer, 2024; Hauck et al., 2023; Jersild & Landschützer, 2024; Yasunaka et al., 2023),
particularly in ice‐covered regions (Kosugi et al., 2017) and in light of rapid changes currently occurring across
the Arctic region (Yasunaka et al., 2023). Such observations would not only help to constrain surface ocean
p(CO2) values, but also to better evaluate the suitability of different parameterizations of CO2 flux. Uncertainties
are typically largest, and our evaluation of the p(CO2) product typically limited, across the Russian Arctic. This is
also where most of the missing values in the p(CO2) product are located.

In line with other studies, we find the Arctic Ocean to act as a sink of CO2, with the size of the Arctic Ocean
carbon sink having increased year‐on‐year since 1991. However, the absolute size of this carbon sink estimate
(9.4–13.3 Pg C over the 32‐year study period), and the rate at which this increases, is dependent on the treatment
of sea ice. Different parameterizations of sea ice can lead to variability in the size of the Arctic Ocean carbon sink
estimates by about 25%, prompting the need to improve our understanding of gas transfer processes in sea ice
covered regions.
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Appendix A

Figure A1. Distribution of surface ocean f (CO2) (fugacity of CO2) observations in SOCAT v2023 throughout the spatio‐
temporal domain of the Self Organising Map–Feed Forward Network product produced herein (plus the Baltic Sea). Bar
charts show the distribution in time for the three latitude bands (both annually [left] and seasonally [right]), with the map
above showing the spatial distribution. White oceans areas, such as the North coast of Greenland and most of the Siberian
Sea, denote where no observations are available.
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Data Availability Statement
Forcing data for the SOM‐FFN is available as outlined in Table 1. The final p(CO2) product and all 12 param-
eterizations from the CO2 flux sensitivity test are available at Dutch et al. (2025). Plotting and evaluation code
available at: https://github.com/V‐Dutch/ArcticSOMFFN.
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