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The Southern Ocean plays a central role in the global carbon cycle, yet the processes that govern its air-sea
carbon exchange remain incompletely understood. This dissertation advances our process-based understand-
ing of dissolved inorganic carbon (DIC) variability, a key determinant of surface ocean pCOq and air-sea
carbon fluxes. A circumpolar DIC budget framework is developed and applied to both biogeochemical ob-
servations and global ocean models to quantify the drivers of mixed layer DIC variability. The approach
is further refined through a closed budget analysis in a high-resolution, data-assimilating model, enabling

more detailed process-level insight into the Southern Ocean carbon cycle.

Chapter 2 constructs the first observation-based, monthly resolved mixed layer DIC budget for the cir-
cumpolar Southern Ocean, using six years of autonomous biogeochemical float data. Analysis of two re-
gions, the Sea Ice Zone (SIZ) and the Antarctic Southern Zone (ASZ), shows that biological processes
dominate seasonal DIC variability, with northward Ekman transport playing a secondary but important role.
On annual scales, vertical mixing supplies DIC to the mixed layer in both regions, but the fate of this DIC
diverges: in the ASZ it is either consumed by biological production or outgassed, while in the SIZ it is

exported northward. This wind-driven DIC redistribution emerges as a key mechanism supporting carbon



outgassing, with implications for future changes under reduced sea ice cover. The results also provide a
robust observational benchmark for evaluating climate models.

Chapter 3 extends the DIC budget framework to evaluate seasonal carbon fluxes across multiple models,
including OMIP simulations, the B-SOSE data-assimilating model, and observations. All datasets identify
vertical mixing as the primary DIC source and biological uptake as the main sink, but models consistently
underestimate and delay the biological drawdown, leading to a negative entrainment flux, opposite in sign
to observational estimates. Advection shows the largest model spread, reflecting differences in simulated
circulation. These results highlight that even models performing well in global metrics can misrepresent key
seasonal processes, emphasizing the value of process-based diagnostics to improve model fidelity.

Chapter 4 shifts focus to zonal variability, revealing that zonal asymmetries in the physical drivers of
carbon flux are central to explaining spatial variability in Southern Ocean air-sea carbon exchange. Using a
closed budget in the B-SOSE model, the analysis identifies carbon outgassing hotspots in the Indo-Pacific
ASZ linked to intense vertical mixing downstream of topographic features. Zonal advection spreads this
DIC eastward, sustaining outgassing further along the path of the ACC. Regional variation in mixing, en-
trainment, and advection explains much of the zonal variability in air-sea carbon exchange, underscoring the
limitations of zonally averaged approaches and the necessity of resolving regional processes in both models
and diagnostics.

Across all chapters, this dissertation demonstrates that carbon fluxes in the Southern Ocean result from
tightly coupled physical and biological processes whose variability plays out across both space and time.
It highlights the importance of moving beyond global and annual averages to resolve seasonal and regional
dynamics, which are critical for understanding and predicting carbon cycle behavior. Looking forward,
extending the budget framework to additional float data, higher-resolution models, and climate projections
will help clarify how DIC fluxes and carbon outgassing may evolve in a warming world. These advances

are essential for improving Earth system models and supporting more reliable climate policy.
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Chapter 1

Introduction

The exchange of carbon between the atmosphere and the ocean forms an important component of the global
climate system. While about 25% of the anthropogenic carbon dioxide that enters the atmosphere is ab-
sorbed by the ocean [DeVries, |2014], this flux only constitutes a small fraction of the total carbon stored
in the oceans. In fact, the ocean comprises the largest labile carbon reservoir on our planet [Ciais et al.,
2013]]. Small changes in ocean circulation or biology therefore have the potential to significantly alter at-
mospheric CO,. In order to predict future climate, we need to better understand the mechanisms by which
carbon moves between atmospheric and oceanic reservoirs. The Southern Ocean, which surrounds Antarc-
tica, plays a particularly important role in the global carbon cycle due to its unique circulation, which acts as
a conduit between the atmosphere and the deep ocean. Indeed, this region is responsible for the absorption
of about 40% of the anthropogenic carbon taken up by the ocean despite only representing about 20% of the
global ocean surface [DeVries, [2014]. About two thirds of the carbon entering the ocean in the Southern
Ocean is stored within the region while a third is transported to the thermoclines of the midlatitudes [Bopp

et al., [2015; DeVries, 2014]].

The Southern Ocean refers to the sections of the Atlantic, Pacific and Indian Oceans that are located
south of about 35°S. Its circulation is dominated by the Antarctic Circumpolar Current (ACC), the world’s
strongest ocean current in terms of mass transport, which encircles the continent of Antarctica on an unin-
terrupted path. The ACC is a significant obstacle to meridional exchanges of heat, salt and other tracers.

Consequently, the Southern Ocean circulation is characterized by distinct fronts with strong meridional
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property gradients [Orsi et al.,{19935]]. For example, the Subtropical Front delineates the separation between
the cold Southern Ocean waters and the warmer, saltier waters of the subtropics. The Subantarctic Front,
found around 48°S, forms the northern boundary of the ACC. The Polar Front, located at about 60°S, defines
the northern boundary of the high-latitude Southern Ocean (HLSO). The HLSO can be further separated into
two zones corresponding to different oceanic regimes, as noted in previous studies [Bushinsky et al.,[2019;
Gray et al., 2018; [Orsi et al., [1995]]. The southernmost zone, the sea ice zone (SIZ), is bounded by the
September 15% sea ice concentration contour. This seasonally ice-covered region undergoes the strongest
seasonal salinity variations and has the coldest surface temperatures. The Antarctic Southern Zone (ASZ)

corresponds to the southern part of the ACC and can be found between the Polar Front and the SIZ.

The strong westerly winds that drive the ACC also support a meridional overturning circulation. Surface
divergence due to Ekman transport drives strong upwelling south of the Polar front bringing deep water up to
the surface. This old water is rich in dissolved inorganic carbon (DIC) from organic matter remineralization
and dissolution of biogenic CaCO3. Because these waters have been at depth since before the industrial
revolution, they contain virtually no anthropogenic carbon associated with the burning of fossil fuels. At the
surface, some of the upwelled water moves towards the Antarctic coast and sink, becoming Antarctic Bottom
Water. However, ocean-atmosphere exchanges are mostly blocked by the presence of sea ice. The remainder
of the upwelled water travels north and undergoes considerable outgassing due to a weak biological pump
that fails to consume all the available natural carbon. At about 44°S, where subtropical waters are cooling
as they move south near the surface, there is strong uptake of carbon by the ocean because the solubility of
COs is inversely proportional to water temperature. Superimposed on these natural processes is an uptake
of anthropogenic CO2 by the ocean over the totality of the ocean south of 35°S. This uptake is strongest in
the region of the ACC, mostly due to high wind speeds and low initial concentrations of anthropogenic DIC
in the waters of this region. The sum of processes involving both natural and anthropogenic carbon leads to
a net uptake of CO5 by the ocean between 35°S and 55°S. However, there is still substantial uncertainty in

the estimates of carbon air-sea fluxes, particularly south of 55°S, in the HLSO [Gruber et al., 2019].

Takahashi et al.|[2009] provide an estimate of HLSO carbon air-sea flux based on their global gridded
climatology of surface ocean pCO;. They find a small amount of net outgassing in both the ASZ and the

SIZ. Their estimate is based on 3 million shipboard measurements taken between 1970 and 2007 which
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were then interpolated to a global 4°x5° grid. Since the Southern Ocean is dramatically under-sampled,
data from neighboring pixels must be used to fill in the gaps. Moreover, there is only year-round data in
the vicinity of Drake Passage. [Landschiitzer et al.| [2014] use a neural-network approach to map global
shipboard measurements of surface ocean pCO3 to a monthly 1°x1° grid (1998-2011). They find a small
amount of annual uptake of carbon by the ocean though they do acknowledge that the Southern Ocean is
strongly under-sampled compared to other ocean basins. Both [Landschiitzer et al.| [2014]] and Takahashi

et al.| [2009]] use the same shipboard observations for their estimate.

Since the 1960s, the long-term trend of the ocean carbon sink has been keeping pace with the increasing
anthropogenic CO, emissions, more than tripling from the 1960s to the 2010s [Friedlingstein et al., 2022].
However, the annual mean carbon sink for any particular year has varied away from the long-term tendency
by as much as 20% [Gruber et al., 2023} Ritter et al., [2017]]. For example, several studies based on pCO;
measurements have found a weakening ocean carbon sink in the 1990s followed by a reinvigoration in the
early 2000s, reaching its expected magnitude once more by 2010 [Gruber et al., 2023]]. However, simulations
by biogeochemical models find decadal variations in the ocean carbon sink of smaller magnitude [Hauck
et al., 2020; DeVries et al., 2019]]. Several studies have shown that the strongest inter-decadal variations in
the ocean carbon sink occur in the Southern Ocean [Gruber et al., 2019; [Landschiitzer et al., 2016, 2015].
However, the uncertainty of the ocean carbon sink is highest in the Southern Ocean [Friedlingstein et al.,
2022; |Gloege et al., [2021]] and the discrepancy between models and observations is also most significant

there compared to other ocean basins [Hauck et al., 2020]].

One reason for this increased uncertainty is that the Southern Ocean is a remote and harsh environment
where collecting measurements is challenging. Instruments must survive the polar darkness, high winds,
strong waves and drifting sea ice, and consequently there are few moorings or free-drifting instruments
[Bourassa et al.l [2013]]. The frequent cloud cover, the presence of sea ice and the polar night also all make
retrieving continuous satellite data challenging [[Castro et al., 2016; Bourassa et al., 2013|]. Furthermore, the
circulation in this region is unique such that physical understanding developed in temperate locations does
not necessarily apply to high latitude systems. This is primarily due to the presence of sea ice, frequent high
wind speeds, low winter temperatures and significant mesoscale and submesoscale activity [Bourassa et al.,

2013]]. The Southern Ocean is also challenging to model because of the interplay between the three climate
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system components (atmosphere, ocean, sea ice) and the fundamental role of mesoscale and submesoscale
eddy fluxes in Southern Ocean dynamics [Newman et al., 2019]]. Thus, we cannot rely solely on modeling

studies to make-up for the sparseness of available data.

Year-round and spatially distributed observations of carbonate system parameters have only recently
become available in regions other than in the Drake passage [Bushinsky et al., 2019]]. The Southern Ocean
Carbon and Climate Observation and Modeling (SOCCOM) project has been responsible for releasing
more than 300 autonomous biogeochemical floats in the Southern Ocean starting in 2014. These floats
are equipped to measure below the sea ice and measure biogeochemical variables that allow us to estimate
carbonate system parameters [Riser et al., 2018; Johnson et al., [2017b; [Wanninkhof et al.l 2016]]. Using
these year-round float observations from 2014-2017, Gray et al.|[2018]] found carbon outgassing in the ASZ
of heretofore undetected magnitude, dominated by a strong winter outgassing signal. In the SIZ, the authors
found that significant summer carbon uptake was nearly balanced by winter outgassing. In a follow-up study
using both the ship and float observations, Bushinsky et al.| [2019] found that the HLSO winter outgassing
signal is still present and that net outgassing is still predicted for the ASZ. However, a recent study used
atmospheric observations of vertical and horizontal CO, gradients to constrain atmospheric transport mod-
els and estimate the Southern Ocean carbon air-sea flux [Long et al.l 2021]]. While they only provide an
estimate of the carbon air-sea flux for the Southern Ocean as a whole, their result, a strong carbon sink, does
not agree with the float-based estimate. Thus, there is still considerable uncertainty, even on the sign, of the

HLSO air-sea carbon flux.

Air-sea carbon fluxes are computed from the difference in CO5 partial pressure between the atmosphere
and the ocean multiplied by a gas transfer velocity and the solubility of COs in the ocean [Gruber et al.,
2019; |Gray et al., |2018]]. Since these last two parameters are strictly positive, the sign of the air-sea flux
depends solely on the air-sea gradient in pCO9. Spatio-temporal variability in atmospheric CO5 is small
compared to surface ocean pCOy [Takahashi et al.| [1997|]. Therefore, the spatial and seasonal variation
in oceanic pCO; primarily determines seasonal and regional variations in air-sea carbon fluxes [Takahashi

et al.l 2002].

The dominant mode of variability for both surface ocean pCO5 and air-sea carbon flux is the seasonal

cycle [Gruber et al., [2019]. It has also been shown that the inter-annual to inter-decadal variability in the
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pCOy, difference between the atmosphere and the ocean (6pCO-) are embedded in its seasonal cycle [Gregor
et al.,2018]]. In the high latitude Southern Ocean, uptake of COs is stronger in summer than in winter. In
winter, mixing and entrainment of DIC-rich water dominate and lead to elevated surface ocean pCO, and
potentially outgassing [Takahashi et al., [2009]]. In summer, reduced wind speeds and surface freshening
lead to stratification, allowing for more biological production which decreases surface pCO2 [Thomalla
et al., 2011]).

To formalize our understanding of the processes driving seasonal changes in ocean pCO2, we can sepa-
rate the signal into thermal and non-thermal components using the well-known thermal sensitivity of pCOq
[Takahashi et al., [1993]]. The thermal component is in phase with seasonal temperature changes. Colder wa-
ters have a higher dissolved carbon solubility leading to smaller pCO4 for the same amount of DIC. While
the temperature effect is very strong and dominates over most of the world oceans, south of the Subantarctic
front, pCO3 seasonality is driven primarily by the non-thermal component [Prend et al.|[2022a};|Gruber et al.,
2019; [Takahashi et al., 2002]]. The non-thermal component is dominated by changes in DIC concentration
at the surface. Thus, surface DIC variability is central to understanding HLSO air-sea carbon fluxes. How-
ever, there are still several unanswered questions about the mechanisms driving mixed layer DIC variability.
This work aims to further our understanding of the processes driving the Southern Ocean carbon cycle to
facilitate future projections of global climate change.

Together, these observations highlight major open questions in our understanding of carbon cycling in

the Southern Ocean, motivating the following guiding questions for this dissertation:

1. What drives variability in mixed layer DIC on seasonal and annual time scales in the high latitude

Southern Ocean?

2. Are those drivers consistent across different global circulation models used to make climate

change predictions?

3. What is the role of zonal asymmetries in driving mixed layer DIC variability in the high latitude

Southern Ocean?

This dissertation is structured around 3 independent chapters that build sequentially in the application of

the method. In this work, we use both observations and models to quantify mixed layer DIC fluxes within
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a budget framework in order to understand how carbon content varies in time and space. First, Chapter 1
will seek to answer Question 1 using observations from autonomous biogeochemical floats to characterize
the variability in mixed layer carbon fluxes. Building on this for Chapter 2, we evaluate the drivers of
DIC variability in an ensemble of low resolution ocean-sea ice-biogeochemistry models used in the OMIP
component of the CMIP6 project. In this chapter, we address Question 1 from the modeling perspective as
well as Question 2, building on the observational insights from Chapter 1. Finally, Chapter 3 investigates
the zonal asymmetry of mixed layer carbon fluxes (Question 3) in a higher resolution ocean model with a

biogeochemical component.
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Chapter 2

Carbon Outgassing in the Antarctic
Circumpolar Current is Supported by
Ekman Transport from the Sea Ice Zone in
an Observation-based Seasonal Mixed-layer

Budget

This chapter includes materials originally published in Sauvé, J., Gray, A. R., Prend, C. J., Bushinsky, S.
M., & Riser, S. C. (2023). Carbon outgassing in the Antarctic Circumpolar Current is supported by Ekman
transport from the sea ice zone in an observation-based seasonal mixed-layer budget. Journal of Geophysical

Research: Oceans, 128, e2023JC019815. https://doi.org/10.1029/2023JC019815

Abstract

Despite its importance for the global cycling of carbon, there are still large gaps in our understanding of the
processes driving annual and seasonal carbon fluxes in the high-latitude Southern Ocean. This is due in part

to a historical paucity of observations in this remote, turbulent, and seasonally ice-covered region. Here, we
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use autonomous biogeochemical float data spanning 6 full seasonal cycles and with circumpolar coverage
of the Southern Ocean, complemented by atmospheric reanalysis, to construct a monthly climatology of the
mixed layer budget of dissolved inorganic carbon (DIC). We investigate the processes that determine the
annual mean and seasonal cycle of DIC fluxes in two different zones of the Southern Ocean - the Sea Ice
Zone (SI1Z) and Antarctic Southern Zone (ASZ). We find that, annually, mixing with carbon-rich waters at
the base of the mixed layer supplies DIC which is, in the ASZ, either used for net biological production or
outgassed to the atmosphere. In contrast, in the SIZ, where carbon outgassing and the biological pump are
weaker, the surplus of DIC is instead advected northward to the ASZ. In other words, carbon outgassing in
the southern Antarctic Circumpolar Current (ACC), which has been attributed to remineralized carbon from
deep water upwelled in the ACC, is also due to the wind-driven transport of DIC from the SIZ. These results
stem from the first observation-based carbon budget of the circumpolar Southern Ocean and thus provide a

useful benchmark to evaluate climate models, which have significant biases in this region.

2.1 Introduction

The Southern Ocean plays a significant role in the global carbon cycle. Around 40% of oceanic uptake
of anthropogenic carbon dioxide (CO2) occurs in the waters south of 35°S [DeVries, |2014]]. Ekman di-
vergence driven by strong westerly winds leads to a combination of upwelling and downwelling of natural
and anthropogenic carbon, respectively. Consequently, the Southern Ocean is a strong CO5 sink between
35-55°8S, although the picture is not as clear at higher latitudes [Gruber et al., 2019||. Historically, observa-
tions from this remote region have been strongly biased towards summer and limited spatially, particularly
in the seasonally ice-covered areas. Data from autonomous biogeochemical floats deployed by the Southern
Ocean Carbon and Climate Observations and Modeling (SOCCOM) project showed a stronger wintertime
outgassing of carbon dioxide at high latitudes than expected, leading to a low Southern Ocean annual mean
carbon uptake [Gray et al.,|2018; Bushinsky et al., 2019]]. However, another recent study based on airborne
measurements found strong Southern Ocean annual mean carbon uptake [Long et al., [2021]].

Air-sea carbon fluxes are computed from the difference in COq partial pressure (pCOs2) between the
atmosphere and the ocean multiplied by a gas transfer velocity and the solubility of CO; in the ocean

[Gruber et al., [2019; (Gray et all 2018]]. Since these last two parameters are strictly positive, the sign of
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the air-sea flux depends solely on the air-sea gradient in pCOs. Spatio-temporal variability in atmospheric
COg is small compared to surface ocean pCOy [Takahashi et al., [1997|]. Therefore, oceanic pCOs2 primarily

determines seasonal and regional variations in air-sea carbon fluxes [Takahashi et al., 2002].

The dominant mode of variability for both surface ocean pCOs and air-sea carbon flux is the seasonal
cycle [Gruber et al.2019]]. Seasonal changes in ocean pCOs can be separated into thermal and non-thermal
components using the well-known thermal sensitivity of pCOq [Takahashi et al.,|1993]]. The thermal compo-
nent is in phase with seasonal temperature changes. Colder waters have a higher dissolved carbon solubility
leading to lower pCOs for the same amount of dissolved carbon dioxide. The non-thermal component is
dominated by changes in dissolved inorganic carbon (DIC), and thus peaks in winter due to respiration and
entrainment of subsurface carbon [[Takahashi et al.,|2002]]. South of the Sub-Antarctic front, pCO2 season-
ality is driven primarily by the non-thermal component [|Gruber et al., 2019} Prend et al.,[2022b]]. Therefore,

surface DIC variability is central to understanding high-latitude Southern Ocean air-sea carbon fluxes.

In order to understand air-sea carbon flux variations, it is useful to quantify the processes that alter
mixed-layer DIC concentration. A range of tracer budgets have been used for this purpose across diverse
space and time scales. As the necessary data is more readily available, there have been numerous DIC
budgets constructed from model output, including from coupled models [Levy et al., [2013; |Dufour et al.,
2013; \Hauck et al. 2013|], idealized models [Bronselaer et al., 2018]] and data-assimilating models [Car-
roll et al., [2022; Jersild and Ito, 2020; [DeVries|, |2014; [Rosso et al., 2017]]. However, these model-based
budgets often average the entire ocean south of a given latitude (usually 44°S) and are computed over a
fixed depth. These modelling studies show that both biological and physical processes drive DIC variations,
but no clear quantitative agreement has been reached about the leading order terms. In the high-latitude
Southern Ocean, a small number of observation-based DIC budgets have been constructed using mooring
data [Yang et al., 2021]], shipboard sections [Brown et al., 2015} Munro et al., 2015} Jouandet et al., |2008};
McNeil and Tilbrook, 2009]], autonomous float data [Williams et al., 2018}; |Prend et al., [2022a] or a combi-
nation of methods [Shadwick et al., 2015; Merlivat et al.| [2015]]. However, the limited number of studies,
as well as the different characteristics of the budgets constructed, preclude any specific conclusions aside
from the strong seasonality in the processes driving mixed layer DIC variations. Furthermore, no previous

study has provided a large-scale view of Southern Ocean DIC fluxes based on year-round and circumpolar
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observations.

Recognizing the paucity of year-round biogeochemical data in the Southern Ocean, the SOCCOM
project began deploying sea ice-enabled autonomous biogeochemical profiling floats in 2014. Since then,
a new database has been growing that can be used to shed light on the carbon cycle in this hard-to-reach
environment. In this study, we build a monthly mixed layer DIC budget using SOCCOM float data, comple-
mented with atmospheric reanalysis. This framework allows us to investigate the processes that determine
the seasonal cycle of carbon fluxes in different regions; namely, the Sea Ice Zone (SIZ) and Antarctic South-
ern Zone (ASZ), which are delimited by the Polar Front (PF) and winter sea ice edge (SIE) (Figure [2.1] a).
Section [2.2] covers the datasets used in this study. Section [2.3]elaborates on the budget framework, Section
[2.4] presents the results on both annual and seasonal scales, and Section [2.5]discusses the implications of our

results.

2.2 Datasets

2.2.1 Float Data

In this study, we use in situ data from the December 2020 snapshot of the SOCCOM Project dataset
(doi.org/10.6075/J0B27ST5). This snapshot covers the period from January 2014 to December
22, 2020 and contains data from 201 autonomous biogeochemical profiling floats. SOCCOM floats measure
temperature (T), pressure (P) and salinity (S) over the top 2000 m of the water column, every 10 days, similar
to a typical Argo float. However, they also carry sensors for dissolved oxygen (O2), nitrate, pH, chlorophyll
fluorescence, and optical backscatter. Floats sample unevenly in the vertical, so all profiles are linearly in-
terpolated onto a regular depth axis with 5 m resolution in the upper 500 m, 10 m resolution from 500-1000
m, 50 m resolution from 1000-1500 m, and 100 m resolution from 1500-2000 m. We only consider profiles
with good pH data (i.e. where DIC content can be estimated), which leaves us with 7029 profiles from 132
floats, reasonably well spatially distributed in the Southern Ocean (Figure[2.1). We separate profiles accord-
ing to the month and the zone (see Section [2.3.2)) and obtain about 100 profiles per category (Figure[2.1]b)).
We download a delayed-mode quality-controlled snapshot of the SOCCOM data [Maurer et al., |2021]] and

keep only the data flagged “Good" except for latitude and longitude, where we additionally keep under-ice
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Figure 2.1: a) Location of available float profiles with good pH data (i.e. where DIC can be estimated),
colored by zone (SIE: Sea Ice Edge, PF: Polar Front, SAF: Subantarctic Front). b) Number of profiles
available for analysis per month and per zonal region c) Monthly and spatially averaged DIC concentration
for the ASZ and SIZ (ASZ: Antarctic Southern Zone, SIZ: Sea Ice Zone).
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data labeled “Questionable."

2.2.2 Ancillary Data

Monthly composites of the ERAS reanalysis product, covering the period of January 2014 to December
2020, are used to create climatological seasonal cycles of eastward and northward wind stress, sea ice
fraction, and evaporation and total precipitation rate [Hersbach et al.l 2020]. Monthly composites of the
ORASS global ocean reanalysis product, also covering the period of January 2014 to December 2020, are
used to create climatological seasonal cycles of eastward and northward sea ice velocity, sea ice fraction, and
sea ice thickness [Zuo et al.,[2019]]. Monthly fields from the Roemmich-Gilson Argo Climatology (RGAC)
for the period of January 2014 to December 2020 are used to compute an average monthly climatology
of potential temperature, which is used to estimate frontal positions [Roemmich and Gilson, 2009]. A
gridded product of geostrophic velocity updated from Gray and Riser (2014) with improved mapping and
additional data points is used in the geostrophic transport calculations (see Section [2.3.3). Finally, we use

the bathymetry from the ETOPO1 Global Relief Model [[Amante and Eakins|, 2009].

2.3 Budget Framework and Analysis Methods

In order to create a monthly climatology of the mixed layer budgets of carbon and oxygen, we use a box
model framework with boxes defined by the Polar Front and the maximum sea ice extent. Thus, averaging
over a region is roughly equivalent to applying a zonal average. Consequently, horizontal fluxes of carbon
and oxygen need only be defined at the box’s northern and southern edges (Figure [2.1] a). Available float
data are selected for a particular box (i.e. zonal region) and then averaged for each month, combining all
available years to get a climatological seasonal cycle for each zone. We derive the mixed layer budget
equation by volume integrating the tracer conservation equation for an arbitrary tracer, X, in this case DIC
or O2. The volume of the box can be converted to the product of the mixed layer depth (h) by the ocean

surface area (A) of the box.

O To(lX) | . o %X
/A/_h(t)[ ot + - V(p[X]) = fair—sea + Kz 922 dzdA (2.1)
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After solving and applying the appropriate assumptions, we obtain the final form of the budget equation (see

Section 3.3 and Supplementary Information for details).

PplXI) _
ot
X 5 2 X TVet) | — X IVer) 5+ (X Vi — (01X Vi) ] +
wp[X] ‘—h + Fair—sea — ﬁa(pa[j(]) + Fpio (2.2)
—h

In this form, we have canceled out the ocean surface area of the zonal region. However, multiplying
any term by this area will return units of mol time™!, which properly reflects the fact that our budget tracks
the total quantity of DIC in the mixed layer over time. Each term of Eq. [2.2] represents a different process
that can cause an increase or decrease in tracer mixed layer molar concentration (mol m). Eq. can be

expressed in terms of the different fluxes at play, namely
TEND = Fentrain + Fhorizfadv + Fvertfad'u + Fair—sea + Fmixing + Fln'o (23)

In Section [2.3.3] we give a detailed overview of each term and its derivation.

2.3.1 Initial Processing of the Float Data

We follow the method used by the SOCCOM project to determine DIC from the float data [Johnson et al.,
2017a; Wanninkhof et al.l [2016]. We estimate total alkalinity (TA) by using float-derived T, S, and O» as
inputs to the LIAR algorithm [Carter et al., 2018]]. To estimate DIC, we use the CO9 System Calculator for
Python (PyCO2SYS) which requires two carbonate system parameters, TA and in situ pH, as well as mea-
sured T, S, and P [Humphreys et al.,|2021]. We also provide total silicate and total phosphate concentrations
estimated using stochiometric ratios of float-derived nitrate concentration. We use the equilibrium constant
parameterizations of Lueker et al.|[2000] to model carbonic acid dissociation, Dickson|[[1990] for bisulfate
ion dissociation, Perez and Fraga| [[1987/] for hydrogen fluoride dissociation, and [Lee et al.| [2010] for the

boron:salinity relationship to estimate total borate.
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We take the quality-controlled float data and average the relevant quantities in the mixed layer. To
estimate the mixed layer depth (MLD), we find the absolute salinity and the conservative temperature using
the Gibbs Sea-Water Oceanographic Toolbox for Python [McDougall and Barker, [2011]]. From those, we
estimate the in-situ density (p) and the potential density anomaly with reference pressure of 0. We then
interpolate the potential density anomaly to 0.01 dbar increments and use a density variation threshold of
0.03 kg m™ from a reference pressure of 10 dbar from the surface to identify an approximate pressure for
the base of the mixed layer [de Boyer Montégut et al., 2004; Holte and Talley, |2009]. Note that the mixed
layer pressure identified with this method includes the contribution of any sea ice present at the surface of

the water column.

We select profiles which have at least one value in the top 30 dbar and at least 2 values in the top
1000 dbar, though only 1% of the DIC profiles have less than 50 data points. We fit a curve to each profile
using a Piecewise Cubic Hermite Interpolating Polynomials (pchip) interpolator as they have been shown to
be more accurate than linear interpolation schemes at representing the curvature found in vertical profiles of
oceanographic data [[Li et al., [2022]]. We then find the average concentration in the mixed layer. This aver-
aging is executed for the biogeochemical tracers’ molality (concentration of tracer in mol kg! of seawater)
multiplied by p to obtain the average mixed layer molar concentration of each variable (mol m?, called
concentration for the remainder of this study). We also find the vertical gradient below the mixed layer by
fitting a straight line through the data between the mixed layer pressure and 20 dbar deeper, finding its slope
and converting to depth units by multiplying by —gp10~*. We then average the float data monthly and by

zonal region, multiplying by h beforehand as the budget equation requires.

2.3.2 Zonal Regions

We sort profiles into two different zones, shaped like concentric circles around the continent of Antarctica
(Figurea) based on the Polar Front (PF), the sea ice edge (SIE) and the 1000m isobath. The sea ice zone
(S1Z) is defined as the region south of the SIE where waters are at least 1000 m deep. The Antarctic Southern
zone (ASZ) can be found north of the SIE and south of the PF. This is similar to a number of previous papers
[Gray et al., 2018;|Bushinsky et al.,[2019]]. We define the PF using the 2°C contour at the minimum potential

temperature of the top 200 m. We compute the position of the front at monthly resolution by applying the
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Orsi et al.|[[1995] criteria to the RGAC monthly climatology of potential temperature (Figure [C.I). We use

the 15% sea ice concentration contour in September to identify the Sea Ice Edge (SIE).

2.3.3 Budget Terms

The following section will provide details about the different terms of the mixed layer budget and their

derivation.

Tendency and Entrainment Flux

The left-hand side, or tendency (TEND), of Eq. [2.2] corresponds to the time rate of change of the tracer
concentration (mol m~) in the box. The entrainment flux is due to the processes by which the base of the
mixed layer deepens or shoals. During mixed layer deepening, water below the mixed layer is integrated into
the surface layer leading to mixed layer volume and tracer content increasing, proportionally to the amount
of tracer in the waters just below the base of the mixed layer. During mixed layer shoaling, mixed layer
volume decreases and so does the amount of tracer in the mixed layer, proportionally to the mixed layer
concentration. Both the TEND and Fi,¢rqin can be estimated from float-derived molality, the thickness
of the mixed layer (h) and p, using a centered difference calculation. Integrating the first component of
Eq.[2.1|over a time-varying h(t) produces two terms, the tendency term (the rate of change of the total tracer
amount) and the entrainment term (proportional to the rate of change of the MLD) (see Supplementary

Information for details). The tendency term is given by

(p[X1h)
TEND = 2.4
ot (2.4)
and the entrainment term is expressed as
dh ..dh
Fentrain = pfh[X]fhE if E >0 (2.5)
dh dh
Fen rain — X|— if — 0 2.6
t plX] aw L u < (2.6)

both terms having been divided by the area to be consistent with Eq.[2.3]
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It is important to note that the subtraction of the entrainment flux from the tendency is equivalent to
the rate of change of the concentration multiplied by the mixed layer depth (k). This will be used in the
presentation of the results.

Ko (i) B — XD ex)

Air-Sea Flux

We estimate the air-sea fluxes of carbon using the method from |Gray et al.|[2018]]. Using float-measured
pH and a float-based estimate of alkalinity, we compute pCOs at the surface of the ocean. We then use
monthly observations of the mole fraction of COs in dry air from air samples at the Cape Grim Observatory
in Tasmania which we interpolate to a 6-hourly timescale. To derive atmospheric pCO2, we combine these
measurements with estimates of the mean sea level pressure at each profile location, corrected for water
vapor pressure using the method of Zeebe and Wolf-Gladrow| [2001]]. The air-sea flux of carbon can then
be estimated using the following equation, where k, is the gas transfer velocity and K| is the solubility of
COq:

Fair—sea = kgIo(pCOF™ — pCOZ™). 2.8)

We use a squared wind speed-dependent parameterization to compute k4 from the Schmidt number and an
estimate of the 10-m wind speed [Wanninkhof} 2014]. Because carbon dioxide is highly soluble in seawater,
we do not need to account for the effect of bubble fluxes. If sea ice is present at the surface, we find the sea
ice concentration (Cg;) at a particular profile location from satellite observations. We then apply a correction
factor of (1-Cg;) to the flux value. If Cy; > 95%, we set Cg; equal to 95% to account for the presence of

leads in sea ice.

We estimate the oxygen air-sea fluxes following Bushinsky et al. [2017]. Contrarily to carbon, oxygen
is a relatively insoluble gas, and bubble fluxes must be taken into account. The total air-sea flux is thus made
up of three components: Fj is the diffusive component, F, accounts for small bubbles that collapse while

under water, and F), accounts for big bubbles that partly escape the water column. f3 is the tuning parameter.

fairfsea = Fs +BFc+/8Fp (29)
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To obtain the form of the air-sea flux that is consistent with Eq. (Fair—sea), we compute the air-sea flux
(fair—sea) at high frequency (6-hourly) and then find the average air-sea flux of tracer per meter squared

(mol m™% day!) for each zonal region.

Advective Flux

The advective fluxes originate from the second term of Eq. which we separate into a horizontal and a
vertical component. We consider the horizontal advection crossing the zonal boundaries at the northern and
southern edges of the box only. In the Southern Ocean, cross-front (largely meridional) advection at the
surface is mostly due to Ekman transport, which is northward due to the strong westerly winds. Additional
contributions to the cross-front advection come from the geostrophic flow, which can be decomposed into
low-frequency (mean and seasonal cycle) and high-frequency (eddying) components. In the context of this
work, we neglect the cross-front advection due to eddies because it has been shown to be more than 50%
smaller than the time mean component in the Ekman layer [Dufour et al., 2015]. Defining Ve and Ve,
as the Ekman and geostrophic mass transports, the final form of the horizontal advection term equation, as

consistent with Eq. becomes

Froriz—adv = _% [(p[X]Vek){N - (p[X]Vek)}s + (p[X]‘/geo)‘N - (p[X]Vgeo)ls] (2.10)

(see Supplementary Information for details). Here, p[X] ‘ N (p[X] ‘ ) corresponds to the tracer concentration
of the source water of the horizontal advection at the northern (southern) boundary. This will change de-
pending on the direction of mass flux (northward or southward). For example, Ekman transport in this region
is northward. Consequently, we multiply the Ekman mass transport at the northern (southern) boundary of
the zone by the concentration of tracer in (just South of) the zonal region (Figure [C.4).

We can compute the Ekman mass transport (Vi) using ERAS5 wind stress data. We take the monthly
averaged wind stress and interpolate the data to each (latitude, longitude) points defining the boundaries of
the zones. Using both the zonal and the meridional wind stress, we compute the component of the wind
stress parallel to each segment of the boundary, defined by two (latitude, longitude) points. Taking the
along-boundary wind stress, we convert it to the depth integrated Ekman velocity across the boundary using

the Coriolis equation (Eq. [B.I0). Integrating further zonally around the boundary, we obtain the Ekman
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transport across the boundary of the zone (m? time™) (see Appendix |A.1).

The geostrophic mass transport is computed using an updated version of the geostrophic velocity prod-
uct from |Gray and Riser| [2014]. Similarly to the process for Ekman transport, the data is interpolated to
boundary locations and the across-boundary geostrophic velocity is identified at each segment of the bound-
aries of the zones. This geostrophic velocity is then integrated zonally along the boundary before being

integrated further in depth to the mixed layer depth of the zone being considered (see Appendix [A.T).

The vertical advection at the base of the mixed layer depends on the vertical velocity at the base of the
mixed layer (w_p,) as well as on the concentration of tracer (p[X] ‘ _,,) in the downwelled or upwelled waters

depending on the sign of w_p,.

Foert—adv = (wP[X])‘_h (2.11)

Vertical velocity is more challenging to determine from satellite products as it is comparatively small. We
use a mixed layer mass budget to determine the monthly-mean vertical velocity averaged across each zone.
The equation for the mixed layer mass budget is determined by integrating the advection-diffusion equation
for density over the mixed layer volume in a process similar to the derivation for the tracer conservation

equation. The resulting equation has many of the same terms as the biogeochemical budget equation.

d(Aph
(df) = Fentrain + Fsurface + Fhom’z—adv + Fvert—adv (212)

The rate of change with time of the mass of water in the mixed layer as well as the entrainment flux of water
can both be determined from float-derived data following Eq. applied to the density (kg m™) instead of
the concentration of tracer (mol m™?). Similarly, the horizontal mass advection can be determined following
Eq.[2.10] We use ERAS5 precipitation, evaporation, and sea ice concentration data to estimate surface fluxes
of mass (Fsy; face)- For the sea ice contribution, we take the centered difference of the sea ice area combined
with an estimated seasonal sea ice thickness [L1 et al., 2018] to find the rate of change with time of the sea
ice volume for each month. We use ORASS sea ice velocity and sea ice thickness to estimate the sea ice
transport across each zonal boundary with the same method as for the Ekman and geostrophic transports.
We subtract the volume of sea ice advected into the zone from the rate of change of the sea ice volume to

get the sea ice contribution to the surface mass flux. Since the mass budget doesn’t have biological fluxes or
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fluxes due to mixing, there is only one unknown, w_p, which we solve for (Figure [C.3)) (see Appendix[A.2)).

Mixing Flux

Vertical mixing represents multiple processes involving the gradient of tracer concentration between the
mixed layer and the waters underlying it. It differs from vertical advection because there is no exchange
of mass. It is typically parameterized in terms of a vertical eddy diffusivity (), which ideally is tuned to

observations. The mixing flux term corresponds to the last term of Eq.

I(p[X])
Fmim’ng = —kz D2

(2.13)

(see Supplementary Information for details). There are very few observations of the vertical eddy diffusivity
in the Southern Ocean and few observations at the base of the mixed layer. [Law et al.|[2003]] estimate that the

2 5l in the Antarctic Circumpolar Current (ACC)

mean effective vertical diffusivity is less than 0.3 x 10~* m
region (61°S, 140°E) using a tracer dispersion experiment. |Cronin et al.| [2015]] used data from moorings,
satellites, and Argo floats to construct mixed layer budgets of heat and salt and estimate the residual diffusive
flux of heat or salt across the base of the mixed layer. This residual flux implies a vertical eddy diffusivity
of 1 to 3 x 107* m? s’! in summer and spring for an open ocean location in the Northeast Pacific subpolar

gyre. Please refer to section [2.3.4] for details on how we estimate this parameter for the budgets presented

here.

Biological Flux

The net contribution of all biological activity to changes in the concentration of tracer in the mixed layer
of each zone is represented by the biological flux term (Fy;,). Also included in this quantity are any non-
explicitly represented physical processes. In the following section, we detail the method used to estimate

both this term and the unknown eddy diffusivity parameter necessary for the mixing flux.

2.3.4 Optimization of the Coupled DIC and O, Budgets

To find the few parameters that cannot be easily estimated from float or reanalysis data, we define, for

each zonal region, a system of 24 non-linear coupled equations (the monthly equations for the DIC and Oq
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budgets) with 14 unknowns, where Yx represents all terms that can be estimated from float or reanalysis

data.
op|C
Yprc = —k. /:l[z } + Fhiology—DIC (2.14)
—h
dp|O
Yo, = —k. pa[lz 2 + Ro, /0 Friology—DIC (2.15)
—h

We assume a single value of eddy diffusivity (x) for all months in a zonal region. We use the respiration
quotient (Rp, /c) to link the biological flux of DIC and Oz and assume that this ratio doesn’t change from
month to month in a particular zone. This leaves us with 12 monthly carbon biological fluxes, one value of
k. and one value of Ry, ¢ as the unknowns for each region. Using our system of equations, we construct
a cost function that we minimize to determine the missing parameters. We use the Trust Region Reflective
algorithm as part of a non-linear problem solver, to which we provide a Jacobian, to find a local minimum

of our cost function [Branch et al.,[1999] (See Appendix [A.3]).

2.3.5 Uncertainty estimation

Unlike model budgets which can be closed exactly, our budget framework is based on several observational
products, which each have their own uncertainties. Furthermore, we have used an optimization method to
find the value of some parameters. As such, the budget has a non-zero residual (Figure [C.8]and [C.9). The
residual is small compared to the other monthly carbon fluxes (about 1-2% of the average value of the flux
for each month, except February and September in the SIZ where the fluxes are small and the residual is
proportionally bigger), which gives us more confidence in our results. We also estimate an uncertainty for
each monthly budget term.

To estimate the uncertainty associated with the results of the mixed layer budgets, we use a Monte Carlo
simulation with 1500 iterations. The uncertainty and degree of correlation of each data variable used in
the simulation can be found in Table (see Appendix[A.4). The uncertainty associated with each budget
result is set to one standard deviation of the mean of the 1500 simulations. We use a uniform distribution
for the error in T,S,P and a normal distribution for all other variables. To estimate the uncertainty on the
monthly composite of wind stress from ERAS, we interpolate the x- and y-direction wind stress at each

boundary location for each ensemble member available from ERAS. We set the uncertainty as one standard
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deviation from the mean of the ensemble members. Similarly for the sea ice fraction from ERAS, we set the
uncertainty of the change in sea ice fraction over a month as one standard deviation from the mean of the
ensemble members. We use the uncertainty estimates provided by the LIAR algorithm for the uncertainty
in TA [Carter et al., [2018]]. We set the uncertainty of the geostrophic velocity interpolated at each (latitude,
longitude) location of the zone boundaries to be 20% of the velocity, which is a conservative estimate based
on the methodology [Gray and Riser, 2014]]. We also set the uncertainty of the sea ice transport and the sea
ice thickness to be 20% since sea ice thickness estimates tend to vary depending on which product is used
(see [Kern and Spreen| [2015]] for example). The uncertainty on the air-sea fluxes of carbon and oxygen was
estimated separately following the methods of |Gray et al.|[2018]] and |Bushinsky et al.|[2017]], then used in

the Monte Carlo.

Among the 1500 iterations of the Monte Carlo simulation, 15% (16%) of the eddy diffusivities (or
k) identified by the optimization scheme are negative for the ASZ (SIZ). This indicates up-gradient eddy
diffusion of carbon which is not expected. However, when taking all iterations together, the averaged value
of x, does converge to a positive value of the expected magnitude, as is also the case when running the
budget with no uncertainty added. The presence of negative «, values points toward the fact that this system
is physically fragile and may flip to a different, maybe non physically realistic, state easily. This fragility
probably originates from the identification of the MLD, which is sensitive to the addition of uncertainties to

the temperature and salinity profiles.

The budget framework assumes that the biological processes taking up or releasing DIC in the mixed
layer are only photosynthesis and respiration. However, formation and dissolution of calcium carbonate by
certain phytoplankton species also changes the mixed layer DIC and alkalinity content while not influencing
the oxygen content [Krumhardt et al., [2020]]. This process is not accounted for in our budget, which is a
reasonable assumption for the ASZ and SIZ where there is low abundance of calcifying organisms [Balch
et al.l 2016]] and the mixed layer DIC consumption attributed to particulate inorganic carbon production,

like calcium carbonate, is relatively low compared to organic carbon production [Huang et al., 2023]].

In this study, DIC concentration is calculated from in situ pH and empirically-estimated alkalinity. Most
of the uncertainty in the DIC concentration arises from the uncertainty in TA provided by the LIAR algo-

rithm, which is defined for each depth and latitude-longitude position. We then propagate this uncertainty
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through the Monte-Carlo simulation, assuming that the uncertainty is random to avoid introducing spurious
variability in our results. We should note, however, that the TA uncertainty may be correlated in time, at
least seasonally. Testing the algorithm against seasonally resolved measurements would be required to de-
termine how much of the uncertainty is correlated in time. As such, the uncertainty on the DIC fluxes may

be underestimated here.

2.4 Results

2.4.1 Drivers of the annual-mean mixed layer carbon budget

We first consider the drivers of the annually integrated air-sea flux of carbon in the high-latitude Southern
Ocean (Figure 2.2] a). Note that the tendency term of Eq. 2.3 integrates to O by definition and does not
appear in the annually integrated results. We find a net outgassing of carbon in both zones. In the ASZ,
the outgassed carbon enters the mixed layer by mixing with carbon-rich waters from the interior. This
mixing flux comprises eddy-driven processes that can transfer DIC across the mixed layer base without any
exchange of fluid. The DIC mixed in from below is then either consumed by net community production or
outgassed to the atmosphere. The magnitudes of the annual advective and entrainment fluxes are small. In
the SIZ, the annual fluxes of DIC are of smaller magnitude in general than those in the ASZ. Similarly to
the more northerly region, the annually-averaged contribution from the entrainment flux is small, and DIC
principally enters the mixed layer due to mixing from below. However, since the outgassing signal and the

annual biological flux are weaker, the surplus of carbon is carried north to the ASZ by net Ekman transport.

This flux of DIC from the SIZ supports an outgassing signal in the ASZ by providing an additional source
of carbon to the mixed layer. Since the magnitudes of the individual advective fluxes are so much greater
than the net DIC advection (Figure [2.2]b), small changes in the individual components of the advective flux
could significantly alter the sign and magnitude of the net advective flux. For example, if sea ice retreats
under climate change, it could decrease the capping effect of sea ice in the SIZ which is currently acting
to prevent carbon outgassing in winter. This could lead to a decrease in the flux of DIC to the ASZ and
the location of CO» outgassing could move south into the SIZ. In this way, changes in the transport at the

southern boundary of the ASZ may be critical in determining the net air-sea flux of carbon dioxide in this
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Figure 2.2: a) Annually integrated fluxes of DIC and their uncertainty indicated by the gray bars. Neg-
ative values indicate that DIC is being removed from the mixed layer of the zone in question (Fentrqin:
Entrainment flux, Fy;,—seq: Air-sea flux, Fiq,: Advective flux, Fi,;,: Mixing flux, Fy;,: Biological flux) b)
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the boundary separating the SIZ and the ASZ. Since the budget is computed per m?, this term has a dif-
ferent magnitude when considered for the SIZ or the ASZ as the area of the zones are different. (Vertical
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region.

2.4.2 Seasonally-varying fluxes of carbon in the mixed layer

The monthly-averaged fluxes reveal similar seasonal patterns in air-sea carbon flux across both high-latitude
regions, with carbon uptake by the ocean in summer partly opposing carbon outgassing during the rest of
the year (Figure 2.3]and 2.4). In the ASZ, the air-sea flux is stronger and peaks at the end of winter
(September), while in the SIZ carbon outgassing is strongly modulated by sea ice concentration and peaks
in May [Butterworth and Miller, 2016].

We find that the seasonal variations in carbon air-sea flux lag one to two months behind the contribution
from the term obtained by subtracting the entrainment from the tendency term (TEND—F.,,;,qn, Figure[2.3p
and[2.4p). This relationship is confirmed by a strong anticorrelation of -0.93 (-0.87) or -0.88 (-0.83) at one or
two months lag for the ASZ (SIZ). The TEND— F¢,,1rqin term is equivalent to the time rate of change of the
mixed layer concentration multiplied by the mixed layer depth (see Eq. . Both the TEND and F.,¢rqin
are two orders of magnitude larger than the other fluxes (not shown). However, their net effect is much
smaller and comparable to the other processes that change the mixed layer DIC. Since the seasonal cycle in
mixed layer depth is only weakly correlated to the seasonal cycle in TEND— F;,4yqin (0.39 and 0.45 for the
ASZ and SIZ respectively, Figure @]), we interpret seasonal variations in TEND— F¢,,444n to be caused by
variations in the rate of change of mixed layer DIC concentration. Periods of carbon outgassing (uptake)
tend to follow periods of concentration increase (decrease) by about one month, suggesting that changes
in mixed layer DIC concentration are driving the air-sea fluxes of carbon in the zonal regions under study
[Gruber et al.l 2019]. To support the link between carbon air-sea fluxes and surface DIC concentration, we
examine the drivers of pCOs seasonal variability by computing pCO; in pyCO2SYS while varying only one
variable at a time. We find that in the high-latitude Southern Ocean, nearly all variability is due to seasonal
changes in pH and thus to changes in DIC (Figure [C.17).

Seasonal variations in the mixed layer DIC concentration change are driven chiefly by changes in the
biological flux term in both zones (Figure [2.3]a and [2.4p), as confirmed by a strong correlation of 0.97 and
0.95 at no lag for the ASZ and SIZ, respectively. Biological activity adds carbon to the mixed layer when

DIC concentration is increasing, probably due to net respiration, and the biological flux removes carbon from
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Figure 2.3: Monthly averaged fluxes of DIC to and from the ASZ mixed layer. a) DIC fluxes are presented
with their uncertainty of one standard deviation (TEND: Tendency, Feptrein: Entrainment flux, Fyir—seq:
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Figure 2.4: Monthly averaged fluxes of DIC to and from the SIZ mixed layer. a) DIC fluxes are presented
with their uncertainty of one standard deviation (TEND: Tendency, Feptrein: Entrainment flux, Fyir—seq:
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the advective flux is very small. Negative (positive) fluxes remove (add) carbon from (to) the mixed layer.
(SIZ: Sea Ice Zone)
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the mixed layer during the spring and summer phytoplankton bloom. The strength of this bloom is greater in
the ASZ, as can be seen by the strong drop in the biological flux between September and November. In the
SIZ, the seasonal cycle of the advective flux (Figure[2.4]a) is just as important as variations in the biological

flux in driving changes in mixed layer DIC concentration (correlation of 0.97 at no lag).

The net advective flux is the sum of the Ekman, vertical and geostrophic components (Figure b).
We assume that the contribution from eddy-driven advection is small in the mixed layer for the timescales
considered here. The individual advective components dominate over the other DIC fluxes (Figure[C.13]and
[C.14), but the Ekman and vertical components largely compensate so that the net advection is of smaller
magnitude. We find a net positive advective flux of DIC in fall and winter, indicating a dominance of vertical
advection over the net meridional advection, while the opposite occurs in summer and spring. In the ASZ,
the magnitude of the advective flux is much smaller than the biological flux (Figure a), though we do
observe a sign reversal similar to the SIZ, from net positive flux in winter to net negative flux in summer. In
both zones, the flux of DIC from diffusive mixing with carbon-rich waters at the mixed layer base always
acts to bring DIC into the mixed layer (Figure a and a). In both regions, the seasonal variations of

the mixing flux are not strongly correlated with the change in DIC concentration.

In both zones, seasonal variations in the net advective flux of DIC can be attributed to a combination of
changes in the Ekman flux of DIC from the SIZ to the ASZ and changes in the vertical advection signal,
though the months where one or the other dominates are not the same across the study region (Figure [2.3).
Changes in the southward geostrophic transport of DIC are also correlated with changes in the net advection,
but the magnitude of the geostrophic advection is one order of magnitude smaller than the Ekman and

vertical advections (Figure [C.13).

By comparing the period of carbon outgassing (April to August) to the period of carbon uptake (Decem-
ber to January), we gain further insight into what drives the seasonal fluxes in this region. During wintertime
outgassing, the mixed layer DIC concentration is increasing (positive value of TEND— F¢,trqin, Figure@]a
and [2.4h) because net respiration, eddy-driven mixing from below, and net vertical advection bring DIC into
the mixed layer. Some of this DIC is then outgassed to the atmosphere (Figure[2.3]a and [2.4] a). During the
summer period of oceanic carbon uptake, the mixed layer DIC concentration is decreasing due to strong net

photosynthesis and a net Ekman northward advection of DIC. This superposition of processes leads to car-
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bon uptake from the atmosphere (Figure a and a). However, mixing with carbon-rich waters below
is still bringing DIC into the mixed layer, which may contribute to the observed net outgassing signal over a
full seasonal cycle.

The shift from carbon outgassing to uptake corresponds to a shift from respiration to photosynthesis
and from net positive to net negative advection (Figure a and a). In the ASZ, the net advective flux
of DIC primarily changes sign because of transport at the southern boundary; namely, Ekman advection
of DIC from the SIZ (Figure [C.13| and [C.14) decreases significantly from winter to summer (by 53% on
average), while the vertical advective flux and Ekman transport at the northern boundary stay relatively
constant (decreases by 15% and 28% respectively). In the SIZ, most components of the advective flux
decrease by approximately half during months of carbon uptake compared to months of outgassing.

The seasonal change in the Ekman advective flux of DIC at the sea ice edge is due to changes in Ekman
mass transport driven by wind variations, rather than changes in the DIC concentration of the SIZ. We
observe that the seasonal cycle in the Ekman mass advection and its components is very similar to that of
the Ekman DIC advection (Figure [C.13|to [C.16). Furthermore, the amplitude of seasonal variations of the
Ekman mass advection at the SIE is 74% (83%) for the ASZ (SIZ) which compares well to the amplitude of
seasonal change of the Ekman DIC advection at the SIE (76% (85%) for the ASZ (SI1Z)), while the amplitude
of seasonal variations in the mixed layer DIC concentration of the SIZ used to convert mass transport to DIC

advection is only 3% in both zones.

2.5 Discussion

The Southern Ocean is an essential part of the global climate system because of its important contribution
to the total oceanic uptake of anthropogenic carbon. However, the uncertainty of the ocean carbon sink is
highest in the Southern Ocean [Friedlingstein et al., 2022; Fay and McKinley, 2021}, |Gloege et al., 2021]]
and the discrepancy between models and observations is also most significant there compared to other ocean
basins [[Hauck et al. 2020]. There is also discrepancy between observational estimates of the Southern
Ocean carbon sink, or the carbonate parameters necessary to determine it, based on the method or dataset
used [Bushinsky and Cerovecki, [2023; [Coggins et al., [2023; [Wu et al., 2022; |Wu and Q1, [2022; Mackay

and Watson| 2021} Long et al 2021]]. Further, sampling alias linked to the spatial distribution of available
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observations has been shown to be significant [Hauck et al., 2023]]. For this reason, it is essential to better
understand the processes driving surface ocean pCO2, and thus the air-sea carbon flux, in order to improve
the representation of the Southern Ocean carbon sink in models. The mixed layer budget presented in this
study provides a useful framework for understanding the relative roles of the mechanisms that drive air-sea

carbon fluxes at seasonal and annual timescales in the high-latitude Southern Ocean.

Using a monthly mean climatology of the mixed layer carbon budget, we show that small-scale mixing
at the base of the mixed layer provides DIC to the surface layer year-round. In the ASZ, most of this DIC is
then consumed by net biological production, while the net biological flux is weaker in the SIZ. On an annual
timescale, the surplus of DIC in the mixed layer from the balance of these two processes is either advected
from the SIZ to the ASZ by Ekman divergence or outgassed to the atmosphere in the ASZ. Physical transport
of carbon, in concert with the transition from net production to net respiration, also explains the difference

between seasonal periods of carbon outgassing (fall to spring) and uptake (summer).

Values for the vertical eddy diffusivity at the base of the mixed layer are sparse in the literature. Still, the
magnitude of the diffusivity obtained from our optimization scheme (between 2.95 and 6.83x107° m? s—1)
is similar to the only comparable published value in the Southern Ocean (less than 3x107° m? s~1) [Law
et al.|[2003]]. The ASZ makes up the southern part of the ACC, where wind-driven upwelling brings carbon-
rich isopycnals to the near-surface. The high-latitude Southern Ocean also exhibits strong vertical DIC
gradients [Dove et al., 2022]; therefore, it is not surprising that subsurface mixing plays a strong role in
supplying DIC to the mixed layer. In the SIZ, there is also upwelling of carbon-rich deep waters. However,
the SIZ is characterized by multiple gyre circulations as well as sea ice cover, which can act to isolate the
surface ocean from the atmosphere and may be a barrier to momentum transfer [Shadwick et al.| 2021}
Vihma and Haapala, 2009]. Indeed, we find a stronger mixing flux of DIC in the ASZ compared to the SIZ
due to differences in the eddy diffusivity (see Section [A.3)), consistent with more wind energy input in the
ASZ resulting from stronger winds and lack of ice cover. However, the vertical gradient of DIC near the
base of the mixed layer is stronger in the SIZ, most probably due to gyre dynamics allowing respired DIC

to accumulate in the surface waters [MacGilchrist et al.,|2019]].

We find that inorganic carbon entering the mixed layer through eddy processes is mostly consumed by

biological production. This is similar to previous results by [Hauck et al.| [2013]], who found that biological
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processes remove more DIC from the mixed layer than air-sea fluxes. In the ASZ specifically, net production
is the dominant sink of DIC in the mixed layer at annual timescales. We find annual net production of
1.05 mol C m? yr! in this region, consistent with previous float-based annual net community production
estimates at similar latitudes (about 1-2 mol C m yr'l) [Arteaga et al., [2019]. In the SIZ, we also find
annual net production, which agrees with model-based results [Carroll et al., [2022]. Note though that, in
both zones, error bars are large and extend to a value of net respiration. This agrees with the analysis of
Briggs et al.| [2018] who found that respiration in winter nearly balanced out biological production. Still,
in both zones, we find an important net production signal in spring and summer and that the DIC tendency
typically follows the biological flux, as has been reported in past studies [Carroll et al., 2022; |Yang et al.,
2021; |Williams et al., 2018; Munro et al.,[2015]. In winter in both zones, we find net respiration of the same
order of magnitude as the seasonal photosynthesis signal, due to low light availability (even more significant

for the SIZ).

In the SIZ, the role of DIC advection is as important as the biological flux in both the seasonal and annual
budgets. In the annual view, a large fraction of the surplus of DIC from subsurface mixing is advected to
the ASZ by the Ekman transport component, with the rest either consumed by the net biological flux or
outgassed. This is likely due, in part, to the wintertime ice cover preventing (or limiting) outgassing, as the
surface ocean pCOy values alone imply a stronger outgassing than is observed. Indeed, a sea ice capping
effect has been reported on the continental shelf [Shadwick et al.l 2021]] and in idealized models [Gupta
et al.,|2020]. Still, without physical transport removing available DIC from the region in winter, there would
be less potential for carbon uptake in summer after the sea ice melts. As such, seasonal variability in the net
advective flux is important for explaining the low annual outgassing signal in the SIZ. Throughout the year,
vertical advection supplies carbon to the mixed layer, while horizontal advection (dominated by Ekman
divergence) removes DIC from the region. Net advection is the smaller residual of these two opposing
processes. In fall and winter, the DIC flux due to vertical advection dominates over the Ekman transport
(Figure @]) In winter, however, stronger winds drive an increase in the Ekman flux of DIC, which

continues until the net advection of DIC changes sign around the beginning of spring.

In the ASZ, seasonal variability in the advective flux of DIC from the SIZ is essential to explain the

carbon air-sea fluxes in the region. In the annually-integrated view, the net advective flux in the ASZ is
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the residual between DIC removal from lateral advection at the northern front and DIC supply by both
vertical advection and horizontal advection from the SIZ (Figure [2.3). The different components of the
advective flux depend on both the circulation and the DIC concentration of the source waters. These two
aspects are connected but could evolve independently under future warming. For example, ice retreat could
increase wintertime outgassing in the SIZ, subsequently reducing the northward Ekman flux of DIC and
carbon outgassing in the ASZ. In the seasonal picture, the net advective flux of DIC is smaller in magnitude
than some of the other fluxes (Figure [2.3)). Still, the change in sign of the net advection from periods of
outgassing to uptake, which is due to a decrease in the amount of DIC entering from the SIZ by Ekman
transport (Figure [C.13), implies that wind-driven advection of DIC from the seasonal ice zone plays an

important role in driving carbon outgassing in the ACC.

It is challenging to compare these results with previous work as there has been no other observation-
based circumpolar mixed layer DIC budget in the Southern Ocean. However, a regional study of the Weddell
Gyre (part of the SIZ) based on shipboard data and an inverse model found that DIC entrained from below
mostly exits the gyre through northward transport to the ACC frontal region (equivalent to the ASZ) or
becomes deep water at the gyre edges [Brown et al., 2015]]. Using the same biogeochemical float dataset
as this work, |Prend et al.|[2022a] find a strong role of the entrainment of carbon-rich waters into the mixed
layer to explain spatial variability in carbon outgassing. However, they focus on inter-basin variations in
air-sea fluxes, and specifically the period of obduction (the two months preceding the maximum mixed layer
depth). Comparison to model-based DIC budgets is also difficult since they are typically computed over
fixed depths, and many models have seasonal variations in air-sea carbon fluxes that are inconsistent with
observations [Mongwe et al., 2018]. Still, two recent papers found that the advective flux of DIC plays
an important role in the carbon budget of the region [Rosso et al.| 2017} |Carroll et al., |2022]]. For example,
Carroll et al.|[2022] find that the DIC tendency and interannual variability in their SIZ biome is dominated by
net advection, although they do not show the contribution from the different advective components. [Rosso
et al.|[2017]] do separate the advection into vertical, geostrophic and ageostrophic components, however, they
compute their budget down to 650 m, which implicitly reduces the relative importance of Ekman transport
(which only occurs in the top ~80 m). One study did find, using a high-resolution model, that Ekman

transport was the primary mechanism for the zonally integrated, cross-frontal transport of anthropogenic
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COq and its intra-annual variability, particularly across the Polar Front [Ito et al.,|2010].

While these studies support our own results, they do not directly confirm the importance of Ekman
transport from the SIZ in driving carbon outgassing in the southern ACC. In fact, while estimates based on
biogeochemical float data find net outgassing in the high-latitude Southern Ocean that peaks in winter [|Gray
et al., [2018]], this result disagrees with data products based on pCO5 measurements from the Surface Ocean
CO; Atlas (SOCAT) dataset [Takahashi et al.l [2009; |[Landschiitzer et al., 2014, airborne measurements
[Long et al.,2021]] and ocean biogeochemical circulation models [Hauck et al.,|2020]. We use the carbon air-
sea flux estimates from the SeaFlux ensemble, which is based on 6 fCO, observation-based data products
[Fay et al., 2021};|Gregor and Fay, 2021], as input in our analysis in order to further investigate how a carbon
uptake signal would combine with the subsurface carbon fluxes provided by the depth-resolved float data, in
the optimization process (see Section[2.3.4). The SeaFlux ensemble includes three neural network-derived
products, a mixed layer scheme, a multiple linear regression and a machine learning ensemble, all of which

are based on the SOCAT observations.

Inputting the SeaFlux-based air-sea fluxes into our mixed-layer budget leads to mixing and biological
fluxes, identified by the optimization scheme, that are not in line with previously published estimates (Fig-

ure [C.10] [C.1T] and [C.12)). In the SIZ, the mixing flux is very small due to a vertical eddy diffusivity that

is one order of magnitude smaller than for the ASZ. The error bar also extend significantly into negative
values which would indicate diffusive mixing towards regions of higher concentration. In the ASZ, the
annually-integrated biological flux at 2.65 mol C m™ yr'! is higher than expected based on previous esti-
mates (Figure|[C.10) [Arteaga et al.,[2019]]. These results seem to imply that carbon uptake of the magnitude
found in the SeaFlux-based air-sea fluxes is not consistent with the subsurface DIC fluxes, as well as with
the surface and subsurface O9 fluxes provided by the floats. This discrepancy could be due, at least in part,
to the availability of year-round float data, whereas SOCAT observations tend to be seasonally-biased ex-
cept in Drake Passage. As carbon air-sea fluxes have been shown to be zonally asymmetric in the Southern
Ocean [Prend et al., [2022a; MacGilchrist et al.l [2019; |Gregor et al.l [2018]], differences in the spatial sam-
pling between datasets could also lead to this discrepancy. For example, it is possible that the float dataset is
capturing different scales of variability that are not resolved in the SOCAT based products. As such, it would

be useful to quantify the mixed layer DIC budget in this region on smaller spatial scales (e.g. inter-basin
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comparisons). However, this is not possible using the approach presented here with the current data cover-
age, and is a limitation of this study. Determining the mechanisms that drive carbon air-sea flux variability
is necessary to understand the discrepancies between different estimates of the Southern Ocean carbon sink
from observation-based products and models. Float data, and the subsurface information they provide, are

thus an invaluable tool to investigate the drivers of air-sea carbon flux on annual to seasonal timescales.

2.6 Conclusion

This study uses six years of under-ice capable autonomous biogeochemical float data to construct a monthly
mixed layer carbon budget in two regions of the high-latitude Southern Ocean. We find that the monthly
changes in the mixed layer DIC concentration closely corresponds to the seasonal variations in the biological
flux of DIC. However, northward Ekman transport from the SIZ is also significant in setting the seasonal
changes in DIC concentration. On annual timescales, mixing with carbon-rich waters from below the mixed
layer leads to carbon outgassing in both regions under study (Figure [2.6). However, in the SIZ, where ice
cover damps air-sea exchange and primary production is heavily light-limited, most of the carbon injected
from below the mixed layer is transported northward to the ASZ by Ekman advection. In other words,
Ekman transport of DIC from the seasonal ice zone contributes to carbon outgassing in the southern portion
of the ACC. This has implications for the response of the Southern Ocean carbon cycle to anthropogenic
forcing, since reduced ice cover under ocean warming could potentially lead to a redistribution of carbon

outgassing from the ASZ to the SIZ.

These results comprise the first observation-based carbon budget spanning large spatial scales and at
monthly resolution in the high-latitude Southern Ocean. Strong seasonal variability in air-sea fluxes, as
well as biological and advective fluxes of carbon, highlight the importance of year-round measurements in
understanding carbon cycling in the region. These results also provide a much-needed observational baseline
to evaluate the performance of climate models, which are notably unsuccessful in reproducing the Southern
Ocean carbon cycle [[Hauck et al.l 2020]. Improved understanding of these processes is crucial given the

key role of the Southern Ocean in the global climate system.
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Figure 2.6: Schematic of the annually integrated fluxes of carbon where each colored arrow correspond
to a different process by which the DIC content of the mixed layer can be modified. The green arrow
represents the net effect of biological activity on mixed layer DIC content or the transfer of carbon between
the inorganic and organic carbon (represented by the symbols in the circle) content of the mixed layer. The
teal arrow represents the air-sea flux of carbon. The purple arrow corresponds to the entrainment flux of DIC.
The orange arrow represents the net advective flux of DIC by Ekman, geostrophic and vertical advection.
The pink arrow represents the eddy-driven mixing flux of DIC. The width of each arrow scales with the
magnitude of the flux. (ASZ: Antarctic Southern Zone, SIZ: Sea Ice Zone)
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Data availability statement

The Southern Ocean Carbon and Climate Observations and Modeling (SOCCOM) snapshot of quality-
controlled data from 22 December 2020 [Southern Ocean Carbon and Climate Observations and Modeling
Project, 2021]] is available from the SOCCOM project at http://doi.org/10.6075/J0B27ST5.
We also utilize the European Centre for Carbon Medium-Range Weather Forecasts (ECMWF) ERAS atmo-
spheric reanalysis product [[Hersbach et al., 2021]Jand the Ocean Reanalysis System 5 (ORASS5)[[Copernicus
Climate Change Servicel, 2021]] both available at https://cds.climate.copernicus.eu/. Other
datasets used include the SeaFlux harmonized sea-air CO- fluxes [Gregor and Fay, 2021] available at
https://doi.org/10.5281/zenodo.5482547, the Roemmich-Gilson Argo Climatology [[Roem-
mich and Gilson, 2009]], available at https://sio-argo.ucsd.edu/RG_Climatology.html
and based on the Argo data [Argo) [2021[], and the ETOPO1 Global Relief Model [NOAA National Geo-

physical Data Center, [2009] available at http://dx.doi.org/10.7289/V5C8276M.
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Chapter 3

Model Intercomparison and Observational
Constraints for the Drivers of Southern

Ocean Mixed-layer Carbon Fluxes

Abstract

The high latitude Southern Ocean plays a pivotal role in the global carbon cycle, acting as a key conduit for
the exchange of carbon between the atmosphere and the deep ocean, yet it remains a region of pronounced
uncertainty in both observational estimates and model predictions of air-sea carbon fluxes. Understanding
the processes that underpin mixed-layer dissolved inorganic carbon (DIC) variability, the main driver of
ocean pCO3 in this region, is critical for improving Earth system models and projections of the global car-
bon cycle under climate change. In this study, we apply a process-based analysis of the seasonal cycle of
mixed-layer DIC to a suite of global ocean biogeochemical models, a data-assimilating model (B-SOSE),
and an observation-derived estimate from Argo floats using the framework of [Sauvé et al.| [2023]. By re-
constructing mixed-layer budgets from standard model outputs, we directly compare modeled and observed
drivers of DIC variability over the seasonal cycle. Across all datasets, vertical mixing consistently emerges
as the dominant source of DIC to the mixed layer, while biological production acts as the primary sink.

However, a key model bias is the weaker and delayed spring/summer biological drawdown of DIC relative
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to observations, which results in a negative annually integrated entrainment flux in all models, opposite in
sign to that inferred from float-based estimates. Though smaller in magnitude than mixing or biological
terms, advective fluxes exhibit the greatest variability across models. These differences stem largely from
the non-Ekman component of advection and can reverse the direction of vertical and horizontal transports,
contrary to expectations based on known regional circulation patterns. Furthermore, we find that a stronger
supply of DIC to the mixed layer is generally associated with enhanced DIC-driven pCOs5 variability and,
in some cases, increased air-sea carbon fluxes, though this relationship is strongly modulated by biologi-
cal activity. These results underscore the need for models to accurately represent both physical transport
and biogeochemical processes, particularly in the Southern Ocean, where persistent biases may otherwise
compromise future climate projections. Our findings also highlight the value of seasonal, process-based
diagnostics in revealing discrepancies that remain hidden in global or annual mean evaluations, offering a

pathway toward improving the fidelity of Earth system models.

3.1 Introduction

The Southern Ocean, which surrounds Antarctica, plays a particularly important role in the global carbon
cycle due to its unique circulation, which acts as a conduit between the atmosphere and the deep ocean. In-
deed, this region is responsible for the absorption of about 40% of the anthropogenic carbon taken up by the
ocean despite only representing about 20% of the global ocean surface [DeVries, 2014; Hauck et al., 2023
DeVries et al., [2023]]. However, the uncertainty of the ocean carbon sink is highest in the Southern Ocean
[Friedlingstein et al., 2025} (Gloege et al., [2021]], and the discrepancy between models and observations is
also most significant there compared to other ocean basins [Hauck et al., 2020]].

Models characterizing the processes coupling different components of the Earth system are essential
to make predictions about the state of the climate system. They traditionally combine ocean, atmosphere,
and sea ice components and are used to understand and predict the effects of physical processes. However,
the biogeochemical processes that influence the exchange of carbon between the atmosphere, the land, and
the ocean also play an important role in the global climate system. To predict future climate, we need to
better understand the mechanisms by which carbon moves between these reservoirs. Earth System Models

(ESMs) address this by explicitly simulating the cycling of biogeochemical tracers, such as carbon, through
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land ecology and ocean biogeochemistry components.

As part of the Coupled Model Intercomparison Project Version 6 (CMIP6) [Eyring et al., 2016f], the
Ocean Model Intercomparison Project (OMIP) provides a coordinated framework for evaluating ocean—sea
ice models and their biogeochemical components. In OMIP, participating modeling centers force a coupled
ocean—sea ice model of their choice with a common prescribed atmospheric dataset, ensuring consistency
across simulations [Tsujino et al 2020]. The atmospheric forcing, spanning 1948-2009 for OMIP1 and
1958-2018 for OMIP2, is applied repeatedly until the model fields stabilize [Griffies et al., [2016]. When
biogeochemical components are included, models are also forced with historical atmospheric CO2 concen-
trations and other tracers, following CMIP6 protocols and standardized guidelines for gas exchange and
carbonate chemistry [Orr et al., 2017]]. A key goal of OMIP is to assess how well models reproduce present-
day variability in the carbon cycle and the mechanisms driving it, an essential step before examining how
air—sea carbon fluxes may respond to climate change. By using prescribed atmospheric forcing, OMIP
enables researchers to isolate and evaluate biases arising from the ocean and sea ice components directly,
without the added complexity of a coupled, freely-evolving atmosphere. In doing so, OMIP complements

fully coupled CMIP experiments and contributes to advancing climate research.

However, CMIP6 ESMs still suffer from several well-known biases found across most submitted models,
particularly in the Southern Ocean. Biases in biogeochemical parameters are of particular interest for the
study of carbon fluxes. In the Southern Ocean, these include overestimating surface chlorophyll, large errors
in mean surface silicic acid [Séférian et al., 2020]] and the broad range in predictions of biological primary
production [Fisher et al., 2023|]. Systematic biases in the surface ocean temperature and salinity [Beadling
et al., 2020], as well as large errors in the sea ice extent, have also been identified. There have been very few
studies of how these physical biases impact the modeling of carbon cycling in the Southern Ocean [Mongwe

et al., [2018}; Terhaar et al., 2021]].

The evaluation of model skill is often based on the model mean state [Beadling et al., [2020]; however,
there is evidence of important model biases in seasonal and inter-annual variability. |Qu et al.| [2022] found
that inter-annual variability in carbon air-sea flux deviated most from observations in the Southern Ocean.
While CMIP Phase 5 (CMIP5) models agree with observations on the annual mean CO» sink, they disagree

with observations on the phasing of the seasonal cycle of air-sea carbon flux [Anav et al.| [2013]. Further
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investigation by Mongwe et al.| [2018]] found that the cause of the discrepancy varied among models, with
most suffering from exaggerated seasonal variations in surface temperature that were counterbalanced in

some models by an exaggerated biological production.

The seasonal and regional variations in the ocean-atmosphere flux of carbon are primarily determined
by oceanic pCOs [Takahashi et al., [2002]. Variations in ocean pCO3 can be separated into a thermal and
non-thermal component. While the temperature effect is very strong and dominates over most of the world
oceans, south of the Subantarctic front, pCO5 seasonality is driven primarily by the non-thermal component
[Prend et al., 2022a; \Gruber et al.l 2019; [Takahashi et al., [2002]]. The non-thermal component is domi-
nated by changes in dissolved inorganic carbon (DIC) concentration at the surface. Thus, mixed layer DIC
(DIC,,,;) variability is directly linked to high-latitude Southern Ocean air-sea carbon fluxes. Furthermore, it
is essential to gain process understanding about the drivers of DIC variability in models in order to make

progress towards their accurate representation.

Carbon budgets can be used to quantify the relative importance of different processes that drive DIC,,;;
variability. Budgets tracking the drivers of biogeochemical tracers (including DIC) have been constructed
from model output, including from coupled models [Dufour et al.| |2013; |Hauck et al., 2013} [Levy et al.,
2013]], ocean-only models [Nissen et al.,2021]], idealized models [Bronselaer et al.,2018|] and data-assimilating
models [Carroll et al., 2022; Rosso et al., [2017; DeVries, [2014]. However, these model-based budgets often
average the entire ocean south of a given latitude (usually 44°S). They are also computed over a fixed depth,
frequently much deeper than the mixed layer, which limits their use for understanding the drivers of air-sea
fluxes as the mixed layer is the part of the water column that can interact with the atmosphere. These mod-
eling studies show that both biological and physical processes drive DIC variations, but no clear quantitative

agreement has been reached about the leading order terms.

Of specific note, few studies have looked at modeled DIC seasonal variability. This knowledge gap
may be partially explained by the rarity of seasonally resolved observations of DIC,,,; and its fluxes. Most
previous work involving more than one model only considered the annual mean or seasonal variability of
carbon air-sea fluxes [Li et al., [2022} |Qu et al., 2022; Mongwe et al., 2018|]. The few studies that have
looked at Southern Ocean DIC mostly looked at surface DIC [Lerner et al., [2021] or the annual or multi-

year averaged DIC in a single model [Yool et al., 2021} [Tjiputra et alJ, 2020]. However, no studies have
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taken a process-based approach to evaluate the OMIP or CMIP ensemble of models in terms of mixed-layer

DIC fluxes.

The observation-based budget framework developed by [Sauvé et al.|[2023] offers a unique opportunity
to investigate the processes driving mixed-layer biogeochemical tracer variability in CMIP-class ocean mod-
els. By combining profiling Argo float data with a mixed-layer budget approach, this framework estimates
the different fluxes that contribute to seasonal changes in DIC,,;. Importantly, the framework can also be
applied to model output. Usually, biogeochemical tracer budgets based on model output require online flux
computation for each tracer. When available, this output can be used to compute a closed tracer budget,
where each flux is accounted for to machine precision (with additional loss of precision due to any averag-
ing from the original model time step). However, tracer budget output is not always available, especially for
biogeochemical variables, and cannot be extracted offline. The framework from Sauvé et al.|[2023]] requires

only standard model output provided by most OMIP or CMIP participants (Table for required output).

In this study, we use this framework to compare seasonal carbon budgets across a suite of OMIP models,
a data-assimilating model (B-SOSE), and an observation-derived mixed-layer DIC budget based on profil-
ing float data from [Sauvé et al| [2023]]. By examining the full seasonal cycle, we aim to disentangle the
respective roles of physical and biological processes in controlling DIC variability and to assess whether the
drivers of DIC changes are consistent across models and with observations. Ultimately, this process-based
comparison seeks to advance our understanding of what controls mixed-layer DIC variability on seasonal to
annual timescales in the Southern Ocean and how faithfully these drivers are represented in the models that
underpin climate change projections. We find that while mixing and biological production are respectively
the largest source and sink of DIC to the mixed layer in all datasets, models differ from observations in the
sign of the entrainment flux, due in part to a weaker and delayed spring phytoplankton bloom. Furthermore,

the largest intermodel spread is found in the advection and the air-sea flux.
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3.2 Methods

3.2.1 Study Region

The tracer content budget is estimated for two distinct Southern Ocean zones defined by an Antarctic Cir-
cumpolar Current (ACC) front, maximum sea ice extent, and bathymetry (Figure[3.1)). The Antarctic South-
ern Zone (ASZ) encompasses the southern half of the ACC, bounded by the Polar Front to the north and the
September 15% sea ice area contour to the south (the sea ice edge (SIE)). The Sea Ice Zone (SIZ), which
experiences seasonal ice cover, lies south of the sea ice edge but excludes Antarctic coastal areas (as defined
by the 1000 m isobath). This zonal definition aligns with previous studies [Gray et al., 2018} Bushinsky
et al.,2019; [Prend et al., [2022al; Dufour et al.,[2015].

The Polar front is often defined based on the |Orsi et al.|[1995]] criteria which uses the 2 °C contour at the
minimum potential temperature of the top 200 m. To account for model-to-model variability in temperature,
we employ a new method for determining the Polar Front, combining the |Orsi et al.| [1995]] temperature
criteria and sea surface height (SSH) gradients as seen in the work of [Dufour et al. [2015] and Le Chevere
et al. (under review). We identify the maximum SSH gradient within 4 ° of latitude north of the 2 °C
isotherm, for 10 topographically-constrained locations where the Polar Front exhibits strong SSH gradients
(labeled longitudes in Figure [3.1)). We average the SSH values at these 10 locations and use the contour of
the resulting mean SSH to define the PF. Unlike Sauvé et al.| [2023]], we apply this approach to annually-

averaged data to maintain constant zone areas throughout the analysis period.

3.2.2 Ocean Biogeochemical Models

We analyze output from four OMIP models (Table [3.1)) and one state estimate (Table [3.2): the Meteo-
rological Research Institute Earth System Model Version 2.0 (MRI-ESM2.0) [[YUKIMOTO et al., 2019],
the Australian Community Climate and Earth System Simulation Ocean Model Version 2 (ACCESS-OM?2)
[Kiss et al.| 2020]], the Canadian Earth System Model Version 5 (CanESMS) [Swart et al.l [2019]], the Nor-
wegian Earth System Model Version 2 Low Resolution (NorESM2-LM) [Tjiputra et al., 2020], and the
Biogeochemical Southern Ocean State Estimate (B-SOSE) [Verdy and Mazloff] 2017]]. All OMIP models

are 1 ° resolution coupled ocean-sea ice systems with ocean biogeochemical cycling components, forced

64



= Polar Front
Sea Ice Edge
= 1000m isobath

190° 170°

Figure 3.1: Map of the study region. The Polar front (PF - cyan) defines the northern edge of the Antarctic
Southern Zone (ASZ) and the sea ice egde (SIE - magenta), its southern edge. The Sea Ice Zone is located
between the SIE and the 1000 m isobath (yellow). The longitude values labelled on the map correspond to
topographically-constrained locations where the Polar Front exhibits strong SSH gradients, which we use to
determine the position of the Polar front following[Dufour et al|[2015]] (see Section[3.2.1). Note that the PF
and SIE plotted are from CanESMS5 (Figure [F.2|for all models).
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with atmospheric reanalysis and following standardized spin-up and initializing protocols [Griffies et al.,
2016; |Orr et al., 2017]]. AIl OMIP models analyzed have relatively simple biogeochemical components (Ta-
ble[3.1). We selected these models because they provide all required outputs in a regularly gridded format

compatible with our budget framework.

We utilize OMIP1 (CanESM5, MRI-ESM2-0 and NorESM2-LM) and OMIP2 (ACCESS-OM2, MRI-
ESM2-0 and NorESM2-LM) outputs, which follow similar protocols with key differences in forcing datasets
[Tsujino et al., 2020]. OMIP1 requires five repeated cycles of the 62-year CORE forcing (1948-2009) from
Large and Yeager| [2009], while OMIP2 requires six cycles of the 1958-2018 JRAS55-do forcing dataset
v1.4.0 [Tsujino et al., [2020]. Additional differences include varied sea surface salinity restoration baselines
and possible differences in the magnitude of the relative wind (the difference between ocean and atmospheric
current at the surface) that is used for flux calculations. By analyzing both OMIP1 and OMIP2 simulations,
we assess the influence of forcing datasets and simulation years on our results, allowing for a broader and

more robust interpretation.

Model output availability varies between OMIP1 and OMIP2 participants. For OMIP2 (available monthly
until 2018), we average over 2014-2018 to reduce natural variability effects and align with available B-SOSE
output. For OMIP1 (available until 2009), we use the 2005-2009 period. To assess how different averaging
periods affected our results, we examined the OMIP2 submissions of NorESM2-LLM and MRI-ESM2-0 for
2005-2009 (Figure [F24). We found that the differences between OMIP1 and OMIP2 were larger than the
differences caused by using different time periods. We attribute this to differences in model setup between

OMIP1 and OMIP2 and, therefore, treat the OMIP1 and OMIP2 submissions as distinct models.

In addition to OMIP models, we utilize output from the Biogeochemical Southern Ocean State Esti-
mate (B-SOSE) [Verdy and Mazloff, 2017]], a 1/6 ° physical-biogeochemical data-assimilating model of the
Southern Ocean covering 2013 to 2023, and forced by 6-hourly ERAS reanalysis [[Hersbach et al., 2020].
B-SOSE assimilates observational data and maintains closed tracer budgets through the adjoint method,
minimizing weighted least-squares misfits between model solutions and observations. Data sources include
biogeochemical Argo floats [Riser et al., 2016, 2018]], instrumented Southern elephant seals [[Charrassin
et al., 2010|] and other platforms [Rosso et al.l [2017]], and assimilated variables include temperature, salin-

ity, oxygen, nitrate and pH. B-SOSE has a biogeochemical component of intermediate-complexity with 3
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Table 3.1: Model descriptions for the four OMIP models used in this study, including grid details, biogeo-
chemical components, and references.

Model name | MRI-ESM2.0 ACCESS-OM2 CanESM5 NorESM2-LM
Label MRIol, MRIo2 ACCo2 CANol NORol, NORo2
Institution Meteorological Consortium for Canadian Centre | Norwegian
Research Ocean-Sea Ice for Climate Climate Center
Institute (Japan) Modelling in Modelling and
Australia Analysis
Time period | 2005-2009!, 2014-20182 2005-2009! 2005-2009!,
for analysis | 2014-2018> 2014-20182
Horizontal Structured (B) Structured (C) Structured (C) Structured (C)
Grid tripolar tripolar tripolar tripolar
Ocean-sea MRICOM4 MOMS5 and canNEMO and BLOM and
ice model CICES LIM?2 CICES
Ocean 1°lon x 0.5°lat | 1°lon x 1° lat 1° lon x 1° lat 1°lon x 1° lat
Resolution
Ocean Free-surface (z*) | Free-surface (z*) | Free surface (z) 51 isopycnal
vertical with 60 levels with 50 levels with 45 levels layers; Hybrid
coord. 7—s2 with 53
levels
BGC model NPZD (1P,17) WOMBAT, CMOC (1P,17) iHAMOCC,
(NOs, POy) NPZD (1P,17) (NO3) NPZD (1P,1Z)
(NOgz, POy, Fe) (NOgz, POy,
Si0y, Fe)
Atmospheric | 6-hourly Large 3-hourly 6-hourly Large 6-hourly Large
forcing and Yeager JRAS55-do and Yeager and Yeager
(2009)", 3-hourly | atmospheric (2009)! (2009)’, 3-hourly
JRAS55-do reanalysis® JRAS55-do
atmospheric atmospheric
reanalysis? reanalysis®
Variant label | rlilp1f1!? rlilp1f1? rlilp2f1! rlilp1f1!?
References YUKIMOTO Kiss et al.|[2020] | [Swart et al. Tjiputra et al.
et al.| [2019] [2019] [2020]; Seland
et al.|[[2020]
Necessary areacello, deptho, thetao, so, dissic, 02, siconc, zos, fgco2, fgo2, wfo, umo, vmo,
model output | tauuo, tauvo (Table |]Tl'| for more details).

1 OMIP1, 2 OMIP2
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Table 3.2: Model description for B-SOSE, including grid details, biogeochemical components, and refer-

ences.

Model name

B-SOSE

Organization The Southern Ocean Carbon
and Climate Observations
and Modeling (SOCCOM)
Project

Time period for 2018!, 2014-20182

analysis

Grid extent 30°S — 78°S

Horizontal Grid Mercator

Ocean-sea ice model MITgem and ECCO

Ocean Resolution 1/6° lon x 1/6° lat

Ocean vertical coord. 52 levels

BGC model

N-BLING (3P, 9PT)

Atmospheric forcing

References

6-hourly ERAS [Hersbach
et al.,2020]

Verdy and Mazloff| [[2017]]

! For method validation (see Section .
2 For comparison with OMIP models (see Section [3.4).
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phytoplankton groups and 9 prognostic tracers. We use B-SOSE for two purposes: (1) validating our budget
framework methodology by leveraging its closed budget term outputs, and (2) comparing with OMIP models
for the 2014-2018 period. As a data-assimilating model, B-SOSE bridges the gap between lower-resolution
OMIP models and the observation-based budget framework of [Sauvé et al.| [2023]].

Both OMIP models and B-SOSE offer complementary strengths for our analysis. OMIP simulations
follow international protocols, though these protocols may limit output availability. B-SOSE, while limited
to the Southern Ocean, assimilates biogeochemical data and provides comprehensive output for closed bio-
geochemical budgets. We gain broader insights into Southern Ocean biogeochemical dynamics by utilizing

both approaches.

3.2.3 Budget Framework

Compared to float observations, the comprehensive spatial coverage of model output enables several frame-
work improvements over the original [Sauvé et al.|[2023]] approach which we describe in this section. The
framework provides an estimate of the change in DIC,,;; and oxygen (O2) content over time (the tendency
(Tend)) and quantifies contributions from various physical and biological processes (Eq. [3.1). Note that the
framework requires coupled DIC and O5 budgets in order to estimate parameters which are challenging to

estimate directly from model output.

Tend = Feptrain + Fhoriz—adv + Foert—adv + Fair—sea + Fmim'ng + Fyio 3.1

The processes represented in Eq. [3.1] can be categorized as physical or biological. Physical processes
include gaseous exchange with the atmosphere (Fjir—seq), vertical (Fyeri—qdy) and horizontal advection
(Fhoriz—adv) of tracer-rich waters into/out of the mixed layer, entrainment/detrainment of water during
mixed layer deepening/shoaling (Fi;trqin), and eddy-driven mixing across the mixed layer base (Frizing)
[Levy et al., 2013]]. Biological processes involve DIC or oxygen O, transformation through photosynthesis
and organic matter remineralization by (Fy;,). The framework does not include calcium carbonate forma-
tion/dissolution effects on DIC,,,;; content.

We estimate averaged contributions of different mixed layer fluxes across entire frontal regions to lever-

age available model output and to obtain process-based insight applicable to a broad spatial and time scale.

69



We adapt the approach of Sauvé et al.| [2023]] by treating each horizontal model cell as a float profile and
calculating mixed layer averages at each cell location. For each model cell and for each month, we calculate
density using the Gibbs Sea-Water Oceanographic Toolbox for Python [McDougall and Barker, 2011]], first
determining the absolute salinity and conservative temperature. We compute in-situ density (p) and potential
density anomaly from these values with a reference pressure of O dbar. We use the mixed layer depth output,

calculated online based on a density criteria and provided by each modeling center.

The tendency term (7end) represents the time rate of change of tracer content within the mixed layer.
The entrainment flux (Fepirqin) captures the impact of mixed layer depth changes: deepening incorporates
underlying water and increases tracer content proportionally to concentrations below the mixed layer, while
shoaling reduces mixed layer volume and tracer content proportionally to mixed layer concentration. Both

tendency and entrainment are calculated using centered differences.

We refine the entrainment calculation method of [Sauvé et al.| [2023]] to better align with the tendency
estimation in the model. This refinement accounts for the dominance of the tendency and entrainment terms
over other fluxes, reflecting the fact that much of the mixed layer tracer content change is driven by volume
changes during entrainment and detrainment. As a result, examining the difference between the tendency
and entrainment terms, which corresponds to the time rate of change of mixed layer tracer concentration
multiplied by mixed layer depth (see [Sauvé et al.|[2023]], Eq. 7), allows for comparison on a scale more
directly comparable to other flux terms. For tendency calculations, the approach Sauvé et al.|[2023] calls for
multiplying mixed layer averaged tracer concentration by mixed layer depth on a cell-by-cell basis before
spatial averaging and time differentiation. We modify the method for entrainment to align with this. We
multiply the time derivative of mixed layer depth by the tracer concentration of entrained/detrained waters
for each cell before zonal averaging, unlike [Sauvé et al.| [2023]] who used zonally-averaged mixed layer
depth and tracer concentration profiles. Because cell-by-cell entrainment cannot be computed from the float
data, we keep the original method for the observation-based results shown in Section[3.4] For the models,
these refinements ensure a more accurate representation of the critical balance between the tendency and

entrainment terms, capturing the same scales of variability and the same spatial extent.

In the Southern Ocean, cross-frontal (largely meridional) horizontal advection (F}opiz—qdy) Includes

Ekman transport (northward due to strong westerly winds) and geostrophic flow contributions. Using total

70



mass transport model output, we integrate cross-front mass flux along frontal boundaries and multiply the
resulting total mass transport by the averaged tracer concentrations at the front rather than using zone-
averaged source water concentrations like in [Sauvé et al.| [2023]]. This modification significantly improves
accuracy for O2 advection at the sea ice edge, where front-averaged and zone-averaged seasonal cycles vary
substantially. We use wind stress output from each model to determine the integrated total Ekman transport
across the front and use it to separate the Ekman and non-Ekman components of the advection. Note
that for the observation-based estimate, we use an updated version of the gridded product of geostrophic
velocity used by [Sauvé et al. [2023] (in prep, available on request to Alison R. Gray) to determine the
geostrophic transport across the front, which we add to an estimate of the Ekman transport based on wind
stress. The updated geostrophic velocity product incorporates satellite-derived surface geostrophic velocities
from altimetry, along with an improved mapping method. It also integrates trajectory velocities following

Zilberman et al. [2023]] and expands the dataset to include the most recent observations.

Vertical advection (Feri—qdy) at the mixed layer base depends on vertical velocity and tracer concen-
tration of advected waters. For consistency with the observation-based budget and to ensure that the mass
budget closes, we determine zone-averaged monthly-mean vertical velocity using a mixed layer mass budget
derived from the density advection-diffusion equation, which shares many terms with the biogeochemical
budget equation:

Tend = Fentrain + Fsu'rface + Fhoriz—adv + Fvert—adv (32)

The surface flux of mass (Fy; race) depends on precipitation, evaporation, and sea ice melt and freeze. We
enhance vertical advection estimates by calculating tracer concentration below the mixed layer cell-by-cell
before zonal averaging, rather than using a zone-averaged profile and mixed layer depth as in [Sauvé et al.

[2023]].

The air-sea flux (Fg;r—seq) is calculated as the average ocean-atmosphere tracer exchange per unit area
(mol m—2 day‘l) for each frontal region. Vertical mixing (F},izing) represents processes involving tracer
concentration gradients between the mixed layer and underlying waters, typically parameterized using ver-
tical eddy diffusivity (x). It differs from vertical advection because there is no exchange of mass. Finally,
the biological flux term (F};,) captures the net contribution of all biological activity, i.e. photosynthesis and

respiration, on mixed layer tracer concentrations.
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Without direct model output for biological and mixing processes, we use a system of 24 equations
(12 monthly budget equations, each for DIC and Og2) to solve for missing parameters as in [Sauvé et al.
[2023]]. We couple these equations by assuming an annually constant vertical eddy diffusivity at the mixed
layer base for both tracers. We also couple both sets of 12 equations using the respiratory quotient which
allows us to convert the biological flux of oxygen to the biological flux of carbon [Robinson, 2019]]. We
have modified the solution method for the 24-equation system used to determine vertical eddy diffusivity
and monthly biological flux. While Sauvé et al.| [2023]] employed a standard least-squares formulation, we
instead normalize the error in our system using a block-normalized mean squared error (NMSE), calculated
separately for oxygen and carbon to account for differences in their magnitudes and distribute any error
more evenly between the two tracers. We constrain the monthly biological flux of carbon to be negative,
effectively assuming no net respiration occurs in the mixed layer. This assumption aligns with the B-SOSE
closed budget. We validate this assumption for each OMIP model, by examining (when output is available)
the wintertime total primary production of organic carbon by all phytoplankton and the total phytoplankton

expressed as chlorophyll concentration (Figure [F.12) and find that biological activity is near zero in winter

(Section[3.4.1).

We minimize the block NMSE using the Limited Memory Broyden—Fletcher—Goldfarb—Shanno algo-
rithm for bound-constrained optimization (L-BFGS-B) [Byrd et al., [1995]], implemented via the Python
SciPy package. L-BFGS-B is a gradient-based method that efficiently handles problems with simple bounds
and performs well with smooth, deterministic objective functions, reducing the risk of convergence to local
minima, a common issue with derivative-free methods. In practice, we find that our optimization results are

consistent across different initial conditions for all models.

In contrast to [Sauvé et al.|[2023]], we fix the value of the respiratory quotient, which links biological
fluxes of oxygen and carbon, to —1.4 rather than treating it as an unknown. This value closely approximates
the Redfield ratio (-138/106 = —1.3) and corresponds to the effective respiratory quotient in the B-SOSE
closed budget as well as in three other models [Paulmier et al., 2009]. We find that the optimization out-
comes are sensitive to the specified respiratory quotient. Although observation-based respiratory quotients
can range from -1.6 to —0.8 [Moreno et al.| 2020], most coupled biogeochemical circulation models assume

constant stoichiometric elemental ratios [Paulmier et al.l 2009]. Since we are less certain of the respira-
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tory quotient for the observation-based estimate, we do not impose a particular respiratory quotient or a
maximum value for the biological flux in our iteration of the observation-based results.

To complement the DIC budget, we partition the model pCO; seasonal cycle into contributions from
temperature, salinity, DIC, and alkalinity, following the approach of |Takahashi et al. [2014] (see also
Sarmiento and Gruber| [2006] and |Prend et al.[[2022b]). This method uses the first-order terms of a Taylor
expansion to relate changes in pCO» to corresponding changes in temperature, salinity, DIC, and alkalin-
ity. While this linear approximation is strictly valid only for small perturbations, we apply it to seasonal

anomalies, defined as deviations from the annual mean.

3.3 Budget Framework Validation using B-SOSE

The budget framework offers a method to evaluate mixed layer tracer dynamics using standard model output,
but it cannot perfectly account for all processes affecting mixed layer content. With access to B-SOSE’s
complete flux terms computed online during model integration, we can validate our budget framework,
described in Section[3.2.3]and computed using offline output, against a fully closed budget where all sources
and sinks are exactly accounted for with minimal residuals. We use monthly output from iteration 155
of B-SOSE for 2018, downloaded from https://sose.ucsd.edu/S06/ITER155/ (Table for
complete variable list) to compute both a closed budget based on budget terms computed online during
model run time, and the budget framework following the method described in Section [3.2.3]

For the closed budget, both monthly averages and monthly snapshots (instantaneous values at period
boundaries) are utilized. We define the mixed layer using B-SOSE’s mixed layer depth output computed
online based on a density criterion. Attempting to use a mixed layer depth computed using the monthly-
averaged temperature and salinity output introduced closure issues, particularly near coasts and deep con-
vection regions like the Weddell Sea.

We determine the extensive budget terms for each tracer (DIC and O2) : Tendency, Entrainment, Advec-
tion, Mixing, Air-sea flux, and Biology (detailed methodology in Appendix [D)). These represent the same
processes as shown in Eq. [3.1] from the budget framework but are computed online during the model run
instead of estimated from monthly output. In the closed budget, tendency and entrainment are computed

using forward differences of snapshot output, while other terms derive from monthly-averaged fluxes. We
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aggregate each budget term within our defined zones (bounded by the Polar Front, sea ice edge, and 1000 m
depth contour), and calculate the residual by subtracting the Tendency from the sum of all other terms. For
comparison with the budget framework, we normalize each term by the appropriate zonal area to obtain
fluxes in mol m—2 day .

After computing the closed budget and framework estimate, we determine monthly absolute errors for
each term (Figure [3.2] ¢) and calculate root mean squared errors across the seasonal cycle for each term/-
zone/tracer combination (Table [3.3). These values, applied as a percentage based on the magnitude of the
flux in each OMIP model, provide an estimate of the error on the OMIP fluxes computed with the budget

framework. While this approach represents the most robust quantification available given the constraints of

our methodology, we recognize that uncertainties remain in our error assessment.

Table 3.3: Absolute error in mmol m~2 day~! for each budget term, separated by zone and tracer. This
absolute error is used to define error bars for the budget framework (Figures [F15] to [F20). The absolute
errors are converted to relative error using the averaged value of each framework term for B-SOSE (see the
value in parentheses, in %) and then applied to the OMIP models relative to the magnitude of their fluxes.

Tracer Region  Tend-Ent Advection Mixing Biology Air-Sea Flux

DIC ASZ 1.43 (16) 2.66 (103) 3.30 (36) 2.39 (22) 0.0003 (0.03)

SIZ 2.46 (20) 2.20 (46) 12.28 (48) 12.94 (55) 0.0001 (0.004)

o ASZ 1.73 (20) 1.04 (34) 7.00 (80) 3.37 (22) 0.0083 (0.03)
2

S1Z 3.51 (38) 1.42 (55) 24.71 (107) 18.09 (55) 0.0014 (0.004)

units: mmol m~2 day_1 (%)

Our validation against B-SOSE’s closed budget confirms the framework’s ability to capture key biogeo-
chemical processes in the Southern Ocean mixed layer, while highlighting specific limitations and uncer-
tainties. Framework accuracy varies by term, zone, and tracer. Error analysis reveals several patterns in
framework performance. Generally, errors are larger in the SIZ than in the ASZ, with mixing and biological
flux estimates showing the greatest discrepancies across tracers and zones (Figure a, ¢ for the ASZ, and
b, d for the SIZ).

The mixing flux error stems directly from our parameterization approach. Following Sauvé et al.|[2023]],
we represent mixing using a time-invariant vertical eddy diffusivity multiplied by the vertical tracer gradient

at the mixed layer base. This parameterization struggles with DIC mixing, which shows minimal sea-
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Figure 3.2: DIC (a and b) and O (c and d) budget results for the closed budget (left frame), the budget
framework (middle frame), and the difference between them (right frame) for the Antarctic Southern Zone
(ASZ, a and c) and the Sea Ice Zone (SIZ, b and d). Tend-Ent corresponds to the tendency minus the
entrainment flux. Positive fluxes indicate that DIC is added to the mixed layer.
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sonal variation in the closed budget despite significant vertical gradient changes. The issue is particularly
pronounced in the SIZ, where seasonal vertical gradient variations are larger. The mixing flux does vary
seasonally for oxygen, but accurately capturing SIZ dynamics would require both time-varying vertical dif-
fusivity and gradient considerations, which our parameterization lacks. This limitation affects both tracers
since our optimization scheme couples oxygen and carbon budgets through the respiratory quotient. The
biological flux error is also related to our optimization approach. With both vertical eddy diffusivity and
biological flux as unknowns, our algorithm necessarily balances errors between these terms, introducing

compensating biases in biological flux estimates.

Framework-estimated advective fluxes systematically exceed closed budget values. In the ASZ, the
closed budget shows net DIC advection oscillating around zero annually, while our framework consistently
estimates positive values. This discrepancy occurs despite good agreement in individual horizontal and ver-
tical advection components (Figure[F23]a). In the SIZ, while seasonal patterns match better, the framework
still overestimates net DIC advection year-round, though horizontal and vertical components are underesti-

mated from August to October (Figure ).

In-depth investigation revealed that assuming spatially-constant time-varying mixed layer depth (as our
framework does) omits important contributions to horizontal advection at the mixed layer base in the SIZ
due to latitudinal mixed layer depth gradients. However, this assumption simultaneously neglects a coun-
terbalancing vertical advection contribution from areas with deeper-than-average mixed layers, resulting in
similar net advection magnitude and seasonality in the SIZ. In the ASZ, short-term variations eliminated
by offline advection computation using averaged output differ between horizontal and vertical components,
causing framework estimates to incorrectly represent net advective flux direction. This limitation repre-
sents a known challenge in offline estimates that depend on time-dependent fields as they can miss temporal

correlations [|Griffies et al., 2016].

Despite these limitations, the budget framework successfully reproduces major seasonal patterns in DIC
and Oy budgets across both zones. For DIC, both methods show that seasonal variations in mixed layer
concentration (Tend-Ent) are primarily driven by biological processes, with mixing consistently adding DIC
throughout the year. Air-sea exchange and advection have smaller magnitudes in the seasonal DIC budget.

Similarly for oxygen, both methods identify that mixed layer concentration changes from the combined
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effects of air-sea exchange, biological processes, and mixing, with advection having less influence. Both
methods also produce higher flux magnitudes in the SIZ compared to the ASZ. Our validation confirms that
the budget framework successfully captures the features and driving mechanisms of Southern Ocean mixed
layer biogeochemistry, providing confidence for its application to OMIP model analysis while appropriately

acknowledging uncertainties.

3.4 Results

We focus on the Antarctic Southern Zone because we note more intermodel differences in this zone. All

results shown will be for this zone.

3.4.1 Controls on Mixed Layer DIC Variability over the Seasonal Cycle

Models have different mean DIC,,,; concentrations, with the OMIP1 models strictly smaller than the OMIP2
models (Figure|3.3|a). This is expected due to additional anthropogenic carbon uptake by the ocean between
2009 and 2014. However, there is still variability in the DIC,,; among models from a particular OMIP
project. MRIo2 has the highest annually averaged DIC,,,; concentration of OMIP2 models, and ACCo2 the
lowest. We identify this difference throughout the seasonal cycle and for the whole Southern Ocean going
back at least as far as the year 2000 (Figure [F3). As such, it is beyond the scope of this project to explain
why this difference is present. We assume it is something intrinsic to the models or their spin-up protocol.

Of more immediate relevance to seasonal variability in mixed layer DIC is the DIC anomaly, defined as
the deviation from each dataset’s annual mean. Both the models and the float-based observational estimate
show a broadly consistent seasonal cycle: DIC,,; increases in fall and winter and decreases in spring and
summer (Figure [3.3]b). However, the amplitude and timing of this cycle differ across datasets. Most strik-
ingly, the float-based estimate shows relatively higher DIC in winter and spring, and lower DIC in summer,
resulting in a larger overall seasonal amplitude. In addition, observed maximum mixed layer depth and
temperature are generally lower than in the models, except for B-SOSE, whose mixed layer depth closely
follows the observations (Figure [3.3|c, d). Among models, there are differences in maximum mixed layer
depths that correlate with their average DIC,,,; concentrations (Figure [3.3]a, c).

The different seasonal pattern in DIC between models and observations is evident when analyzing the
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Figure 3.3: a) Seasonal cycle of the zone-averaged DIC,,,; concentration for all datasets. b) Seasonal cycle
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tendency of DIC content minus the entrainment flux (7end-Ent), which represents the rate of change of
DIC,,,; concentration scaled by mixed layer depth (Figure[3.4]a). Since mixed layer depth is always positive,
positive values of Tend-Ent reflect increasing DIC concentrations, while negative values indicate a decrease.
Across models, Tend-Ent shows a remarkably consistent seasonal cycle, with positive values in fall and
winter and a sharp decline in spring and summer. This consistency likely reflects the models’ broadly
similar seasonal cycles of DIC,,; concentrations and mixed layer depth (Figure [3.3]b, ¢). The float estimate
captures an earlier and steeper increase in DIC concentrations during fall and a correspondingly earlier,
sharper decline in spring (Figure [3.4] a). Additionally, the magnitude of the Tend—Ent term is larger in the
float-derived estimate, highlighting a larger amplitude to its seasonal cycle than what is simulated by the

models.

Biological processes emerge as the primary driver of the seasonal transition from DIC accumulation
to depletion and vice versa. In the observation-based estimate, this transition occurs when the biological
flux turns negative, indicating net biological production, and intensifies rapidly (Figure b and [FI3).
Although the models also show a switch to a negative biological flux between September and November,
the sharp increase in biological production seen in the float-based estimate is delayed by at least one month
in most models. In some cases (ACCo2, CANol, MRIol, MRIo2), the biological flux never undergoes
rapid decline. In December, the peak biological flux from the float-based estimate not only reaches a larger
negative magnitude more abruptly than in the models but also declines sharply shortly afterward. Among
the models, NOR and B-SOSE capture a biological production peak that occurs at roughly the same time as
in observations, while others (ACCo2, MRIol, MRIo2) show a delayed peak, and CANol shows no clear

seasonal maximum.

Because the biological and mixing fluxes are derived through optimization, they carry greater uncertainty
and are prone to biases in both magnitude and seasonal cycle. As shown for B-SOSE (Section [3.3)), the
mixing flux can be distorted by the framework’s fixed vertical eddy diffusivity, especially in models like
MRI with large seasonal DIC concentration gradient amplitude (Figure [3.8). Errors in the mixing flux
can propagate to the biological flux, since the two are linked in the optimization balance (Section [3.2.3).
Therefore, the coincident peaks in biological production and DIC concentration gradient in MRI models

may partly reflect methodological artifacts.
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While direct validation of mixing flux estimates is difficult, we examine proxies for biological flux
available in the model output. We analyze zone-averaged organic carbon production by phytoplankton
for all models except CANol (Figure [F.12]a). As phytoplankton production likely dominates the seasonal
cycle, we expect it to reflect biological flux variability. Models with stronger (weaker) maximum production
generally show stronger (weaker) net biological flux, with both peaking in summer. An exception is the MRI
models, which peak in November, suggesting aliasing effects from the optimization scheme used here. For
CANol, we assess chlorophyll concentration in the upper 100 m (Figure b), finding a distinct seasonal
cycle with a May peak, consistent with its DIC biological flux and supporting the credibility of the derived
biological DIC flux despite its outlier behavior.

All datasets exhibit broadly consistent seasonal patterns in DIC,,; concentration change, marked by
increases during fall and winter and decreases during spring and summer. However, the models diverge
from the float-derived estimate in both the timing and magnitude of these changes. In particular, most mod-
els show delayed biological production peaks and lack the sharp intensification of biological activity that
appears critical in driving the observed seasonal shift from DIC accumulation to depletion. These discrep-
ancies suggest that even when models reproduce the overall seasonal DIC pattern, they may misrepresent

the timing and dynamics of the processes controlling it.

3.4.2 Drivers of Annual-Mean Mixed Layer DIC

Despite the apparent similarity in the models’ Tend-Ent term (Figure [3.4] a), the underlying mechanisms
driving DIC,,,; changes over the annual cycle vary across models. Analysis of annually integrated carbon
fluxes reveals that biological and mixing fluxes dominate in magnitude but oppose each other in all datasets
(Figure[3.5). Mixing with DIC-rich waters at the base of the mixed layer acts as a carbon source, while net
biological production serves as a carbon sink by consuming DIC. The contributions from advection, entrain-
ment, and air-sea flux remain smaller in comparison across all datasets (note that the tendency integrates to
zero over the annual cycle).

Our iteration of the observation-derived DIC budget from [Sauvé et al., 2023|] reveals that all physical
processes at the base of the mixed layer (mixing, entrainment, and advection) supply DIC to the mixed

layer. While biological production consumes the majority of this DIC, a portion is also outgassed to the
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atmosphere. Model-derived carbon budgets, however, present a contrasting picture: entrainment acts as a
DIC sink rather than a source, though mixing with carbon-rich water at the mixed layer base remains the

primary carbon supply mechanism (Figure [3.3).

We identify three distinct model groups based on the relative balance between entrainment and advective
fluxes. Entrainment-balanced models (CANol and NORol) feature negative entrainment fluxes counterbal-
anced by positive advective fluxes of similar magnitude. This results in carbon outgassing modulated by
net biological production strength. Entrainment-dominated models (B-SOSE and ACCo2) exhibit positive
advective fluxes weaker than the entrainment fluxes, driving surface carbon uptake with magnitude modu-
lated by the strength of DIC supply at the mixed layer base: ACCo2 shows greater uptake than B-SOSE
due to its weaker mixing flux. Finally, double-sink models (MRIol, MRIo2, and NORo2) display nega-
tive fluxes for both entrainment and advection, also demonstrating ocean carbon uptake modulated by the

relative contributions of the different fluxes.

We seek to understand why the entrainment flux is negative in the models but positive in the observation-
based estimate. To do so, we examine the relative seasonal evolution of the two components of advection:
the mixed layer depth tendency (d(MLD)/dt) and the DIC concentration of entrained or detrained waters
(DIC, ¢ /det) (Section 4.2.3). The normalized d(MLD)/dt, where we subtract the annual mean and divide
by the standard deviation, shows similar behavior across all datasets, with gradual deepening from late
summer to late winter and rapid shoaling in spring (Figure a). In contrast, the float-derived DIC,,,;/ges
is higher than in the models from March to June (when the mixed layer deepens) and lower from October
to December (when it shoals rapidly) (Figure @]b). This seasonal offset mirrors the differences seen in the
Tend-Ent term between floats and models (Figure@ a). The larger amplitude of the float-based DIC,,;;/ges
suggests that entrainment adds more DIC during deepening and detrainment removes less during shoaling.
This is consistent with the pattern in annual entrainment flux since a negative entrainment flux means that

detrainment removes more DIC than entrainment supplies, given our assumption of zero net storage.

To investigate this further, we average the normalized DIC,,,; /4. separately over the periods of entrain-
ment and detrainment. For the float-based estimate, the average DIC concentration of entrained waters
(DICepy¢) is nearly identical to that of detrained waters (DIC ., ), whereas all models show a markedly higher

DIC,.; than DIC,,; (Figure [3.6]c). B-SOSE, which exhibits the most negative annual entrainment flux
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Figure 3.6: a) Normalized time derivative of the mixed layer depth for all datasets. b) Normalized DIC
concentration in entrained or detrained waters (DIC,,,;/4.) for all datasets. ¢) Scatter plot of the normalized
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(Figure e), also shows the largest DICj.;,—DIC,,,; difference (0.0098 mol m~?). However, this average
difference alone does not fully explain the spread in annually integrated entrainment fluxes. For example,
NORol has the second largest DIC.,—DIC,,,; difference (0.0087 mol m~3) but one of the smallest annual
entrainment fluxes. Since the normalized d(MLD)/dt is similar across models, we infer that the spatial
patterns of DIC,,,; and DIC,.; must interact with local variations in d(MLD)/dt in ways not captured by
spatial averages. For instance, regions with higher DIC 4., coinciding with larger amplitude MLD variations,

and vice versa, could amplify the negative annual entrainment flux.

3.4.3 Drivers of Mixed Layer DIC Concentration Increase and Decrease

While examining the full seasonal cycle helps reveal the overall balance of processes controlling DIC,,,;,
this integrated perspective can also obscure key details. All models predict a negative annual entrainment
flux, driven by higher detrainment DIC compared to entrainment DIC, which implies that Tend-Ent during
detrainment is smaller in magnitude than during entrainment. To better understand the processes respon-
sible for the seasonal increase in DIC,,; (when Tend-Ent > 0) during fall and winter, and its decrease in
spring and summer (Figure [3.4]a), we integrate the DIC fluxes over these respective periods for each model
(Figure [3.4] ¢ shows the relative duration of each period by model). We find that the float-based estimate
exhibits DIC,,; changes that are, on average, 1.5 times larger than the models during the increasing period
and 2.4 times larger during the decreasing period. Furthermore, there is spread among models in the drivers
of surface ocean pCOs variability during each period, with some models being dominated by solubility ef-
fects (ACCo2, CANol, NORo02) and others by DIC variability (NORo1, MRIo1, MRIo2, B-SOSE) (Figure
B.4c).

During the period of DIC,,; increase, all models exhibit a smaller 7end-Ent and a weaker DIC supply
from the base of the mixed layer compared to the float-derived estimate (Figure [3.7). We also observe
a correlation between more prevalent DIC-driven pCOy variability and a relatively larger DIC supply from
below, suggesting that enhanced subsurface supply may be key for non-thermal processes to dominate pCO2
variability. This DIC supply is primarily driven by mixing fluxes, with some models also showing a smaller
contribution from advection. However, the link between mixed layer DIC supply and surface outgassing is

further influenced by the magnitude of the biological flux.
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Figure 3.7: Fluxes of DIC integrated over the period of DIC,,;-increase as determined by Tend-Ent > 0 in
each dataset for a) the observation-based estimate, b) ACCol, ¢c) NORo2, d) MRIo2, e) B-SOSE, f) CANol,
g) NORol and h) MRIol. Each flux is represented by a colored arrow and positive flux values indicate DIC
is added to the mixed layer. The purple circle represents the magnitude of the Tend-Ent and positive values
indicate mixed layer DIC concentration is increasing. (SFC: Surface, MLD: Mixed Layer Depth, PF: Polar
Front, SIE: Sea Ice Edge, TOC: Total Organic Carbon, ML: Mixed Layer)
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In the float-derived budget, DIC enters the mixed layer primarily through mixing with DIC-rich subsur-
face waters, supplemented by an advective flux dominated by upwelling (Figure [3.7]a). A small portion of
this DIC (8%) is consumed by net biological production, while the majority either escapes to the atmosphere
through outgassing (25%) or contributes to the rise in DIC,,,; (60%). The percentages do not sum to 100%
due to the framework residual, which is omitted from the schematic but shown in Figures [F.13HF.20| along
with estimated uncertainties for each budget term. Among all datasets, the float-derived estimate shows the
strongest DIC,,,; increase (1.3 to 2.1 times larger than the models) and the largest subsurface DIC supply

(1.5 to 2.4 times greater). It is also one of only two datasets to capture outgassing during this period.

We find that the reasons for reduced DIC supply at the mixed layer base vary among models, and we
again identify three distinct groups, though with some differences from the previous section. In entrainment-
dominated models (ACCo2, B-SOSE), the smaller DIC supply results from weaker mixing and advective
fluxes compared to the float-derived estimate (Figure [3.7]b and e). B-SOSE has one of the largest total flux
of DIC at the mixed layer base among models (Figure e) and predicts a small amount of DIC-driven
COs uptake by the ocean. ACCo2, in contrast, has a much smaller DIC supply at the mixed layer base due
to a weaker mixing flux (Figure 3.7]b), yet still ranks third among models for DIC,,; increase because this
supply is supplemented by strong CO- uptake from the atmosphere. CANol also shows reduced mixing
and advection (Figure f) but stands out as an outlier with the smallest values for nearly every term

(Figure [3.7)1). Its period of DIC,,,; increase also begins several months later than in the other datasets.

Both MRI models predict a weaker DIC supply at the mixed layer base, primarily due to net downwelling
(Figure d and h). Although their mixing fluxes are similar in magnitude to the float-derived estimate,
the negative advection offsets this supply. This effect is compounded by their large biological fluxes, which
consume about 50% of the DIC supplied at the mixed layer base, compared to around 25% in most models
and just 13% in the float-derived estimate. Consequently, both MRI models exhibit modest DIC,,,; increases
(larger only than CANol) despite ranking among the top three for total base supply, and predict weak,

DIC-driven atmospheric carbon uptake.

Both NOR models predict a reduced DIC supply at the mixed layer base, primarily due to weaker mixing
(Figure[3.7]c and g). However, unlike the MRI models, their negative vertical advection is smaller and offset

by a positive horizontal advection, leading to an additional DIC source associated with horizontal transport
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convergence. Despite this, the positive advective flux remains modest, being 3 to 10 times smaller than the
float-derived net advection and 2 to 5 times smaller than the upwelling-driven advection in the entrainment-
dominated models. With this added advective source, NORol stands out among models with the largest
DIC supply (excluding atmospheric fluxes), the largest DIC,,,; increase, and as the only model to predict
carbon outgassing to the atmosphere. This outgassing is DIC-driven, though smaller in magnitude than
for the float-based estimate. In contrast, NORo2 shows nearly balanced vertical and horizontal advection,
resulting in a weaker DIC supply and a smaller DIC,,,; increase compared to NORol. It also predicts a
modest solubility-driven carbon uptake. Overall, the NOR models seem to occupy an intermediate position
between entrainment-balanced and double-sink models during the DIC,,,; increase period. Nonetheless, we
still observe a consistent link between a larger DIC supply at the mixed layer base and a DIC-driven air-sea

carbon flux.

The 2.4-fold range in mixing fluxes across datasets arises from the combined effects of vertical DIC
gradients and vertical eddy diffusivities. All datasets except CANol exhibit a positive mixing flux that
peaks in fall and reaches a minimum in late spring (Figure 3.8]a), with the greatest divergence in magnitude
occurring in fall (3x difference), coinciding with the onset of the DIC,,,; increase. The float-derived estimate
maintains a larger annually integrated mixing flux, mainly because its spring decline is smaller than in
the models (except NORol, which closely follows the observations). This stronger mixing flux in the
float estimate results from its pronounced vertical DIC gradient at the mixed layer base, despite having
the smallest eddy diffusivity of all datasets (Figures[3.8/b and c). The MRI models generate strong mixing
during the DIC,,,; increase period by having the steepest gradients (800—1000 zzmol m~%) early in the season,
despite moderate diffusivities. In contrast, the NOR models achieve strong mixing by combining average
gradients with the highest diffusivities (38—45 m? day~!). These differences highlight that not all models
generate mixing fluxes for the same reasons: some rely on steep gradients, others on high diffusivities, and

some on a combination of both.

During the period of DIC,,; decrease, Tend-Ent is negative across all datasets, reflecting the seasonal
depletion of DIC (Figure[3.9). As with the accumulation phase, the magnitude of this depletion is larger in
the observation-based estimate than in the models. However, while the float-derived estimate shows stronger

depletion than accumulation (-2.72 mol C m~2 vs. 2.5 mol C m~2), the models show the opposite pattern:
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depletion is weaker than accumulation (—1.12 mol C m~2 vs. 1.64 mol C m~2 on average across models)
(Figure [3.9]and [3.7). This behavior aligns with the models’ negative net entrainment flux compared to the
positive flux in the float estimate. When comparing the difference in magnitude between floats and models
for the two periods, we find the gap is larger during the DIC,,,;; decrease phase, suggesting that the weaker
depletion in models is a key contributor to their more negative annual entrainment flux. Specifically, models
show DIC,,,; increases that are 1.3 to 2.1 times smaller than the float estimate, but decreases that are 1.7 to

3.5 times smaller.

For all datasets, the seasonal decrease in DIC,,; is primarily driven by strong net biological produc-
tion, which dominates over all DIC sources. This biological production is weaker in models than in the
float-derived estimates, consistent with the models having weaker and delayed spring biological production

(Figure 3.4 b and Section [3.4.T). Although mixing with DIC-rich waters at the base of the mixed layer
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continues to supply carbon during this period, the role of air-sea flux and advection in either counteracting

or reinforcing the biological drawdown varies across datasets.

OMIP models show large intermodel spread in carbon air-sea flux that extend beyond simple magni-
tude variations to include opposite flux directions and contrasting seasonal patterns (Figure 3.10). ACCo2,
CANol, MRIol, and MRIo2 show carbon uptake by the ocean in winter and outgassing in summer while
NORol, B-SOSE and the float-derived estimate have the opposite pattern. NORo2 is unique in its pattern,
peaking in winter and summer, and never outgassing. Interestingly, the absolute magnitude of the float-
derived air-sea flux is greater than most of the models (MRIol, MRIo2, NORo2, B-SOSE) except CANol
and ACCo2 which have similar magnitude but the opposite sign (Figure [3.10). Because of this wide range
of seasonal cycle shapes among models, integrating over the period of DIC,,,; decrease leads to a wide range
of carbon air-sea flux contributions, including positive and negative values. In the float-derived budget, we
observe net carbon outgassing, driven by significant outgassing in spring followed by uptake in summer
(Figure a and [3.10). Two models, NORol and B-SOSE, predict a small net carbon uptake that reflects
a combination of spring outgassing and summer uptake, similar to the float estimate (Figure [3.9]e, g, and
[3.10). Both MRI models show near-zero annual air-sea flux (negative for MRIol, positive for MRIo2), but
unlike NORo1 and the float estimate, this results from spring uptake offset by summer outgassing. NORo2
stands out by predicting the largest carbon uptake, as it shows sustained uptake throughout the entire pe-
riod (Figure[3.9)c and [3.10). By contrast, ACCo2 and CANol predict continuous outgassing, with CANol
featuring a prolonged Tend-Ent < 0 period extending into mid-fall (Figure[3.9]b, f, and [3.4]a).

The observation-derived advective flux is near zero, reflecting a balance of positive and negative con-
tributions over the period (Figure [3.9)a). Although advection is not the largest term in the budget, it sig-
nificantly influences differences among models. Entrainment-dominated models (ACCo2, B-SOSE) and
CANol exhibit a small positive advective flux, driven by net upwelling, similar to the float estimate (Fig-
ure @] b, e, ). In these models, this flux acts as an additional DIC source that partially offsets the bi-
ological sink and these models have the smallest DIC,,; decrease. In contrast, the double-sink models
(MRIo1, MRIo2, NORo02) and NORo1 have negative advective fluxes that reinforce biological drawdown
(Figure[3.9|c, d, g, h), resulting in the largest DIC,,,; decreases among models. The MRI models experience

downwelling-dominated advection that removes about half of the DIC supplied by mixing, while the NOR

91



0.006 - ACCO2 === NORO2

= CANo1 NORo1
== MRI02 === BSOSE
0.004 1 === MRI0]l === OBS

0.002 1

0.000 1

—0.002 -

—0.004 1

Carbon Air-Sea Flux (mol*m~2*day~1)

—0.006 1

Ja Fé I\/ia Ab I\/ia JLI JLI Au S'e dc N'o Ije Jé Fé Ma
Month

Figure 3.10: Seasonal cycle of the zone-averaged carbon air-sea flux for all datasets. Dots indicates that
a month has DIC-driven pCOy variations and positive values indicate ocean uptake. Note that we repeat
January through March and that the gray shading highlights austral Summer and Winter.

92



models exhibit weaker negative advection driven by horizontal divergence. Among these, NORol comes
closest to matching the float-derived depletion but still shows a seasonal DIC decrease more than 1.5 times

smaller, largely due to its biological flux also being about 1.5 times weaker (Figure[3.9]g).

3.4.4 Drivers of Advection Differences between Models

Our results reveal distinct advection patterns across models both in the annual average and during the sea-
sonal cycle. In the seasonally resolved DIC advection, we find that NOR and MRI models, along with the
float-derived estimate, exhibit strong negative advection in spring that removes DIC from the mixed layer
(Figure [3.11]a). In contrast, entrainment-dominated models (ACCo2, B-SOSE) and CANo2 show predom-
inantly positive advection that adds DIC to the mixed layer. The observation-based estimate displays the
largest seasonal range, with strong positive advection most of the year except for equally strong negative
advection in October-November.

Analysis of the horizontal and vertical components of DIC advection reveals the mechanisms driving
these differences (Figure[3.T1]b and c). Models with strong negative spring advection (MRI and NOR) show
seasonal reversals in both components: negative horizontal advection in summer/fall becomes positive in
winter/spring, with an associated shift from upwelling to downwelling. Other datasets maintain consistent
negative horizontal advection and positive vertical advection year-round. Notably, the observation-based
estimate exhibits strong negative spring advection without the seasonal sign reversals seen in MRI and NOR
models.

The budget framework setup creates an automatic coupling between positive horizontal advection and
negative vertical advection (downwelling) through the mixed layer mass budget [Sauvé et al., 2023]. We
verify that the downwelling signal is not a methodological artifact by examining zone-averaged vertical mass
transport from available model output (Figure [F.T1). Both MRI and NOR models show negative vertical
mass transport during winter and spring, while CANo1l and ACCo2 do not, confirming that the downwelling
patterns reflect actual model behavior rather than framework limitations.

To understand the drivers of horizontal advection differences between models, we examine horizontal
volume transport at each zone boundary (the Polar Front to the north and the sea ice edge to the south)

(Figure 3.12). The majority of models and the observation-based estimate maintain horizontal transport
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Figure 3.12: Total horizontal volume transport a) at the Polar front (PF), d) at the sea ice edge (SIE) and g)
into the zone. Ekman horizontal volume transport b) at the Polar front (PF), e) at the sea ice edge (SIE) and
h) into the zone. Non-Ekman horizontal volume transport c) at the Polar front (PF), f) at the sea ice edge
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northward. For the last column, positive transport is into the ASZ. (ASZ: Antarctic Southern Zone)

divergence throughout the year, where transport out of the zone at the Polar Front exceeds transport into the
zone at the sea ice edge (Figure [3.12] g). However, NOR and MRI models switch to convergence during

winter and spring, creating positive total horizontal advection.

The mechanisms driving this convergence differ between model types. For NOR models, transport
remains northward (positive) at both fronts throughout the year, but the convergence occurs because the rel-
ative magnitude of transport at each front changes: transport into the zone at the sea ice edge becomes larger
than transport out of the zone at the Polar Front (Figure [3.12] a and d). For MRI models, the convergence
results from more complex changes where the direction of transport at one or both fronts actually reverses
from the typical northward pattern, creating periods when transport flows into the zone at both boundaries

or when the typical transport pattern is completely reversed (Figure [3.12]a and d).
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We separate transport at each boundary in Ekman and non-Ekman components using ocean wind stress
(2 bottom rows of Figure[3.12). Ekman transport shows remarkable consistency across datasets in both mag-
nitude and seasonal cycle, with all models producing similar transport out of the zone (Figure [3.12]h). The
observation-based estimate has stronger Ekman transport at the Polar Front but matches model magnitudes

at the sea ice edge (Figure[3.12]b and e).

The key differences emerge in non-Ekman transport, where models exhibiting horizontal convergence
and downwelling also display strong non-Ekman advection that overwhelms their Ekman component (Fig-
ure ). Specifically, MRI and NOR models show strong southward non-Ekman transport that peaks
in spring at both zone boundaries, with MRI models exhibiting larger magnitudes than NOR models (Fig-
ure [3.12] ¢ and f). While MRI and NOR are not the only models with significant non-Ekman advection,
the strong magnitude of their non-Ekman transport creates positive total advection during winter and spring

when it exceeds the opposing Ekman transport (Figure [3.12] g).

MRI models uniquely exhibit periods of negative horizontal advection at the fronts (Figure [3.12] a and
d). Analysis of monthly zone-averaged profiles shows that both MRIo2 and NORo2 predict a section of
southward total horizontal mass transport across the Polar Front during winter and spring, centered at 125 m
and 25 m depth respectively, but that the section in MRIo2 makes up a larger fraction of the mixed layer
than for NORo2 (Figure [F.6). This negative transport occurs between layers of positive transport such that
MRTI’s deeper mixed layer does not explain the transport differences. Model meridional transport output
confirms that the southward transport across the front reflects actual transport patterns rather than method-
ological artifacts (Figure[F.9). These non-Ekman transport differences likely reflect varying representations
of mesoscale eddy activity and geostrophic circulation, contributing to intermodel differences in interior

ocean-surface connections.

Finally, the observation-derived estimate shows fundamentally different non-Ekman transport mecha-
nisms, with positive (northward) non-Ekman transport at the Polar Front, leading to non-Ekman transport
divergence in all months except November, which coincides with the month of net negative DIC advec-
tion (Figure [3.12]c and i, and [3.11] a). While model non-Ekman advection is computed as fotal transport -
Ekman transport, the observation-based estimate combines separate Ekman and geostrophic advection esti-

mates, preventing direct comparison of cross-front total horizontal mass advection profiles. Investigation of
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cross-front geostrophic velocity profiles shows positive integrated geostrophic velocity throughout the water
column, driven by strong zonal velocity crossing the Polar Front at meander locations rather than by positive
meridional velocity (Figures [F.7]and [F-10).

Models with peak non-Ekman advection >10 Sv during winter-spring (CANol, MRI, NOR models) fall
into the double-sink or entrainment-balanced categories, while models with weak non-Ekman transport <2
Sv (ACCo2, B-SOSE) remain consistently entrainment-dominated. This eight-fold difference in non-Ekman
transport directly controls whether advection acts as a carbon source or sink, with the strongest non-Ekman

transport models actually reversing advection into a carbon sink.

3.5 Discussion

3.5.1 Importance of Mixing and Biological Fluxes

Comparing the monthly mean climatology of the DIC,,,; budget in the Antarctic Southern Zone across a suite
of OMIP models, B-SOSE, and an observation-based estimate, we find that mixing and biological produc-
tion consistently emerge as the dominant source and sink of DIC,,,;, respectively. However, in all models, a
delayed and weaker spring—summer biological production results in annually integrated entrainment acting
as a net carbon sink, contrary to the float-based estimate. This additional sink reduces the upward supply of
DIC from below the mixed layer, limiting the potential for carbon outgassing.

Our findings reinforce the role of mixing as a key process connecting the ocean interior to the sur-
face in both models and observations. This aligns with earlier work identifying wind-driven mixing as a
central driver of Southern Ocean air-sea carbon exchange [Rodgers et al., 2013]] and DIC supply to the
surface [Kwak et al., [2021}; |Dutreuil et al., 2009]]. Mesoscale eddy-driven mixing also plays a crucial role
in transporting iron [[Uchida et al., 2019} [2020] and DIC [Dufour et al., 2013} [Ellison et al., [2023]] into the
mixed layer, while large-scale mixing redistributes anthropogenic carbon from the surface to the interior
[Groeskamp et al.,|2016} [Fu et al.l 2022]]. Within our budget framework, the mixing term reflects the aggre-
gate, monthly, and zone-averaged effects of these small-scale processes at the base of the mixed layer. We
also observe that the DIC supply by mixing is nearly balanced by a strong net biological production, con-

sistent with previous findings in both models [Iudicone et al., 2011; [Hauck et al.| 2013|], data-assimilating
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systems [Carroll et al.,[2022]], and direct observations [ Yang et al.,[2021; Williams et al., 2018]]. This balance
is expected, as the waters mixed into the surface not only supply DIC but are also rich in macronutrients and

iron that fuel biological production.

Overall, the models tend to exhibit DIC fluxes of smaller magnitude than those estimated from obser-
vations, particularly for the mixing and biological terms. This discrepancy may stem from the differences
in sampling: floats capture instantaneous, localized variability, including small-scale processes, that are not
resolved in the time-averaged output of coarse-resolution models. Another contributing factor may be the
relatively simple biogeochemical schemes used in the OMIP models, which generally feature only a single
phytoplankton and zooplankton group [Rickard et al.,[2023|]. However, increasing model complexity does
not guarantee better agreement with observations, as shown by [Kriest| [2017]]. For instance, |[Rohr et al.
[2023]] demonstrated that variations in phytoplankton-specific loss rates to zooplankton grazing are a major
source of intermodel differences in carbon cycle dynamics. Weaker biological production in models may
also result from a reduced supply of nutrients from below. This applies both within our budget framework,
where mixing and biological fluxes are linked through the optimization step, and in the simulations them-
selves, where coarse resolution likely limits the vertical transport of nutrients. For example, mesoscale
eddies have been identified as a leading contributor to the vertical transport of iron across the base of the

mixed layer [[Uchida et al.,[2019, [2020]].

Beyond the overall weaker mixing fluxes compared to observations, we find that models differ in how
the two key factors controlling mixing, vertical eddy diffusivity and the vertical DIC concentration gradi-
ent, combine to set its strength (Figure [3.8). Models with similar total mixing fluxes can rely on different
balances of these factors. For example, the NOR models rely more on stronger vertical eddy diffusivity
(Figure[3.8]c), while the MRI models have relatively stronger vertical DIC gradients (Figure[3.8]b); yet both
produce similarly high annual mixing fluxes. These differences likely reflect how each model parameterizes
unresolved small-scale processes, given their coarse resolution [Li1 et al.l[2019]. Applying this budget frame-
work to higher-resolution models could help clarify how explicit resolution of mixing processes affects flux

estimates and offer insights for reducing intermodel spread.

Regardless of the underlying causes, the combined effect of weaker mixing and biological production

leads to conistent annual negative entrainment flux in the models examined here (Figure[3.5). This represents
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an additional carbon sink in the models and contrasts sharply with the observation-based estimate, where
entrainment acts as a small but positive source of carbon to the mixed layer. Observations have shown
that entrainment is a key mechanism behind the zonal asymmetry of air—sea carbon fluxes in the Antarctic
Circumpolar Current region [Prend et al., 2022a]]. Episodic wind-driven entrainment events have also been
linked to strong CO» outgassing [Nicholson et al.,[2022]] and elevated summer chlorophyll-a concentrations
[Carranza and Gille, 2015]] in the Southern Ocean. Moreover, detrainment plays a role in organic carbon
export out of the mixed layer. This “mixed layer pump,” a physical process analogous to the biological pump,
is particularly important in regions with strong seasonal changes in mixed layer depth and can significantly
contribute to organic carbon export [Lacour et al., 2019, 2023; [Thompson et al.l [2024]]. Since entrainment
and detrainment are inherently seasonal processes tied to changes in mixed layer depth, it is important to
evaluate their net impact over the annual cycle. However, most existing DIC budgets have a fixed bottom
boundary [Rosso et al., 2017} [Jersild and Ito} 2020; Tudicone et al., 2011} [Carroll et al.,2022]]. Even among
studies of DIC,,,; budgets, the focus is typically on concentration changes rather than on the explicit balance
of entrainment and detrainment [[Bronselaer et al.| 2018} [Dufour et al., [2013; [Williams et al., 2018 Merlivat
et al., 2015} [Yang et al., 2021} Munro et al., 2015]]. By contrast, our results underscore that this balance
is a key term in the mixed layer carbon budget and is essential for understanding model to observation

discrepancies.

3.5.2 Advection as the Largest Inter-model Difference

The advective flux of DIC, though smaller in magnitude than mixing or biological fluxes, is the primary
driver of intermodel differences. This agrees with the findings of |Fu et al.| [2022], who showed that vari-
ability in physical processes in the ocean helps explain the spread in carbon cycle representation among
models. In our analysis, the largest discrepancies arise from differences in volume transport patterns. No-
tably, the NOR and MRI models predict unexpected periods of downwelling linked to anomalous horizontal
transport convergence. In the MRI models, for some months, southward non-Ekman transport overwhelms
the expected northward Ekman transport at the Polar Front or at both zonal boundaries, leading to net
convergence. This behavior contradicts expectations for this region, where northward Ekman transport in

the surface layer generally drives divergence and upwelling [Marshall and Speer;, 2012} Rintoul and Gara-
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batol |2013[]. High-resolution models also support this prevailing upwelling at the latitudes of the Antarctic
Circumpolar Current [Tamsitt et al., 2017} [Yung et al.| [2022]. Furthermore, a CMIP6 multi-model study
(excluding MRI and NOR) found vertical transport patterns consistent with Ekman dynamics: upwelling

south of approximately 50°S and downwelling farther north [Liao et al., 2025].

Importantly, we find that the unexpected downwelling in the NOR and MRI models occurs seasonally
during winter and spring, which may explain why it is not apparent in annual means (Figure[3.T1). Although
both model families exhibit horizontal transport convergence within the Antarctic Southern Zone (ASZ), the
mechanisms differ. In the NOR models, both boundaries maintain northward transport, but convergence
arises when the northward transport at the sea ice edge exceeds that at the Polar Front (from July to Novem-
ber in OMIP2 and from June to December in OMIP1). In contrast, the MRI models show a succession of
mechanisms, including reversals from northward to southward transport at one boundary between July and

September, or at both boundaries in October and November.

Because all models are forced by a reanalysis atmosphere (one dataset each for OMIP1 and OMIP2),
this intermodel spread in circulation patterns cannot be attributed to differences in wind strength or the po-
sition of peak wind stress, two key factors influencing Southern Ocean overturning circulation [Sijp and
England, 2009; Rintoul, 2018[]. Nor does it reflect differences in the time periods analyzed, as we observe
consistent patterns across both OMIP1 and OMIP2 simulations for a particular model family. This suggests
that the source of variability lies in the underlying model dynamics and parameterizations rather than exter-
nal forcing. Future work should extend this analysis to a wider range of models from OMIP, adapting the
framework to non-standard grid or deriving missing input, to determine if this anomalous circulation is a

common feature of low-resolution models.

Several factors may help explain the circulation differences we observe among models. [Beadling et al.
[2020]] reported that the CMIP6 versions of MRI and ACCo2 simulate a lower-than-average sea ice extent,
and variations in sea ice melt location could influence circulation patterns. Sea ice characteristics also appear
important: Mohrmann et al.| [[2021]] showed that the CMIP6 version of MRI produces only coastal polynyas,
whereas the CMIP6 Earth system version of ACCo2 has very few coastal polynyas and a large number of
open-ocean polynyas (with CANol near the ensemble average; NOR was not included in their study). They

also found that models prone to excessive open-ocean deep convection, which often leads to open-ocean
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polynyas, are more likely to simulate realistic Antarctic Circumpolar Current (ACC) transport, with both
ACCo2 family models belonging to the group with the most realistic mixed layer depths. This is notable
given that, in our analysis, MRI and NOR exhibit the deepest mixed layers (Figure[3.3|c). Another possible
factor is the positioning of key frontal features. While zone boundaries are broadly similar among models,
each model places the Polar Front and sea ice edge differently. Based on a temperature-defined front, we
find that the Polar Front in MRI lies farther south on average than in other models (Figure [F:2). Although
identifying the root cause of these differences is beyond the scope of this study, previous research clearly
shows that MRI, ACCo2, CANol and NOR differ in important aspects of sea ice, circulation, and frontal

structure.

Differences in vertical and horizontal volume transports influence the net advection of DIC, but their
effect is compounded by the seasonal cycle of DIC concentration in the advected waters. The impact of
concentration is evident from the fact that the seasonal cycle of net mass advection does not mirror that
of net DIC advection (Figures [3.11] and [E.8). While net mass advection consistently removes water from
the ASZ throughout the year, albeit with distinct seasonal cycles in the OMIP models compared to B-
SOSE and observations, the seasonal cycle of net DIC advection is more similar across datasets. However,
their annual mean values differ in sign (Figure [3.5). This suggests that the DIC concentration of waters
entering and leaving the mixed layer varies across models and seasons. As a result, the small net effect of
these large opposing DIC fluxes hinges on a delicate balance, making the DIC budget highly sensitive to
circulation differences among models. These subtle circulation-driven differences contribute significantly

to the intermodel spread in carbon cycle behavior.

3.5.3 Supply of DIC from Below and Surface pCQO- Variability

We find that a stronger supply of DIC at the base of the mixed layer is associated with greater DIC-driven
pCO variability (Figure [3.13). However, this relationship does not extend to carbon outgassing, which
shows no clear correlation with DIC supply. This apparent decoupling may reflect the compensating effect
of biological fluxes in some models, though other factors such as surface alkalinity and temperature also
influence the sign and magnitude of the air—sea carbon flux [Takahashi et al.| [2002; Mongwe et al.l |2018;;

Prend et al.,|2022b]].
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Figure 3.13: Scatter plot of the supply of DIC at the base of the mixed layer against the percentage of
months with DIC-driven pCOg variations for the period of DIC,,,;-increase as determined by Tend-Ent > 0
in each datasets. The dashed line is the best fit with R? and P value labelled.

This link between DIC supply and surface pCOs variability is particularly relevant in light of |Hauck
et al.| [[2023]], who showed that thermal pCOy variations in ocean-biogeochemistry models forced by at-
mospheric reanalysis generally agree with observations. They concluded that model-to-model differences
in pCOg variability mainly arise from the non-thermal component, likely controlled by near-surface DIC
concentrations. Building on this, our results suggest that intermodel differences in pCOq variability are
driven in part by differences in DIC supply at the mixed layer base, especially during fall and winter. This
reduced DIC supply results from a combination of weaker mixing, negative entrainment, and, in some mod-
els, an advective DIC sink. The lower availability of DIC in the mixed layer could allow solubility-driven
variability to dominate, potentially explaining why solubility appears to control pCOs variability for up to
nine months of the year in some models (Figure [3.4]c). This interpretation aligns with previous findings by
Dutreuil et al.| [2009] and [Rodgers et al.|[2013]], who showed that enhanced vertical mixing increases carbon
outgassing or reduces uptake through increased DIC supply, and with |Prend et al.| [2022b]], who linked the
transition between solubility- and DIC-driven pCOs variability with a poleward decline in the amplitude of

temperature seasonality.
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Finally, Hauck et al.|[2023] also reported that intermodel spread in air—sea CO5 fluxes is dominated by
natural, rather than anthropogenic, carbon variability, highlighting systematic model biases in representing
interior-to-surface carbon transport. Our results support this conclusion. While we identify advection as
the primary source of intermodel spread, we also find that the largest model-observation discrepancy lies
in the entrainment flux. Together, these findings underscore the importance of accurately capturing the net
effect of three-dimensional physical processes, including vertical mixing, entrainment, and advection, in
shaping air—sea carbon exchange. Our findings emphasize the need to better understand and constrain these

processes, as they play a central role in shaping intermodel differences in air—sea carbon fluxes.

3.6 Conclusion

This study provides a process-based comparison of the seasonal mixed-layer dissolved inorganic carbon
(DIC) budget in the Antarctic Southern Zone across a suite of Ocean Model Intercomparison Project (OMIP)
models, a data-assimilating model (B-SOSE), and an observation-derived estimate [Sauvé et al., 2023].
Despite structural and parametric differences among models, several robust features emerge. Across all
datasets, vertical eddy-driven mixing is consistently identified as the largest source of DIC to the mixed layer,
while biological production is the largest sink. However, a key discrepancy arises in the timing and strength
of biological production: all models exhibit a weaker and delayed spring/summer biological drawdown
compared to the float-based estimate. This results in a negative annually-integrated entrainment flux of DIC
in all models, in contrast to the positive flux inferred from float data. This model bias suggests a reduced
supply of DIC from the base of the mixed layer, which could diminish the potential for the transfer of carbon
from the interior ocean to the surface and impact air-sea fluxes to the atmosphere, and would thus contribute
to biases seen when comparing ocean-only models and observation-based products [Friedlingstein et al.,
2025]]. These persistent discrepancies between models and observations appear despite generally good large-
scale evaluations of the biogeochemical components in these OMIP models [Rickard et al., 2023 [Séférian
et al, 20205 [Fu et al., 2022[]. This underscores the importance of mechanistic evaluation, as models may
reproduce global annual means for the wrong combination of processes.

Inter-model differences in the DIC budget are primarily driven by variations in advective fluxes. Though

smaller in magnitude than mixing or biological terms, advective fluxes exhibit the greatest variability across
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models. These differences stem largely from the non-Ekman component of advection and can reverse the
direction of vertical and horizontal transports, challenging expectations based on known regional circulation
patterns. The supply of DIC at the mixed layer base, whether from mixing or advection, appears to be
correlated with stronger DIC-driven pCO» variability and, potentially, with DIC-driven air-sea carbon fluxes
(Figure[3.13)). Yet, this relationship is strongly modulated by biological activity, which explains why greater
subsurface DIC supply does not necessarily translate to increased carbon outgassing. Overall, this analysis
underscores the importance of accurately representing the seasonal cycle of biogeochemical processes and
physical transport mechanisms in models.

Understanding the processes that govern carbon exchange between the Southern Ocean and the atmo-
sphere is essential for improving projections of the global carbon cycle under climate change. Given the
Southern Ocean’s outsized role in oceanic carbon uptake and the persistent model uncertainties in this re-
gion, improving the representation of physical and biological processes in ocean models remains a high
priority. Future work should expand the analysis conducted here to models with higher resolution or more
complex biogeochemical components, including multiple phytoplankton functional types and sophisticated
nutrient cycling, to determine whether our results and the delayed and weaker spring bloom in particular
still hold, and to identify which specific biogeochemical mechanisms are responsible for the observed bi-
ases in seasonal timing and magnitude of biological carbon fluxes. This work also underscores how regional
and seasonal model assessments can reveal discrepancies which are not evident at global and annual scales.
Such advances are critical to refining Earth system models and enhancing their predictive capabilities in the

face of a changing climate.
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Chapter 4

Zonal Asymmetry in the Physical Drivers of

Southern Ocean Carbon Fluxes

Abstract

The Southern Ocean is central to the global carbon cycle, regulating carbon exchange between the atmo-
sphere and the deep ocean. Its circulation is often studied using a zonal-mean framework, reflecting the
dominant influence of the Antarctic Circumpolar Current. However, such approaches can obscure important
spatial variations in carbon fluxes. This chapter directly addresses the third core research question posed
in Chapter 1: What is the role of zonal asymmetries in driving mixed layer dissolved inorganic carbon
(DIC) variability in the high-latitude Southern Ocean? Previous chapters explored observational and model-
based perspectives on DIC variability but relied mainly on zonally averaged frameworks. Here, we extend
that analysis by resolving the drivers of air-sea carbon flux at sub-circumpolar spatial scales using a closed
mixed layer budget of DIC in B-SOSE, a high-resolution, data-assimilating model of the Southern Ocean.
We find that carbon outgassing is concentrated at a few Indo-Pacific hotspots, closely aligned with regions of
strong vertical DIC mixing. Eastward extensions of these hotspots suggest that lateral advection helps sus-
tain elevated surface DIC downstream. While biological fluxes are zonally uniform in the model, allowing
us to isolate physical drivers, entrainment contributes to localized variability and may explain smaller-scale

outgassing features. By examining how vertical mixing, advection, and entrainment vary across longitudes
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and ocean basins, this chapter demonstrates that zonal asymmetries in physical processes play a critical role
in structuring surface carbon fluxes, insights that are not captured in traditional zonal mean diagnostics.
In doing so, this chapter complements earlier work on seasonal dynamics and model spread by offering a

spatially resolved understanding of carbon cycle variability in the Southern Ocean.

4.1 Introduction

The Southern Ocean is central to the global carbon cycle, regulating carbon exchange between the atmo-
sphere and the deep ocean. However, the uncertainty of the ocean carbon sink is highest in the Southern
Ocean [Friedlingstein et al., 2022} |Gloege et al.| [2021]] and the discrepancy between models and observa-
tions is also most significant there compared to other ocean basins [Hauck et al., [2020]. Air-sea carbon
fluxes depend on the gradient in the partial pressure of CO5 (pCO3) between the atmosphere and the ocean,
with variability in surface ocean pCO3, not atmospheric CO2, controlling seasonal and regional flux patterns
[Gruber et al.,|2019]]. To understand the processes behind these changes, pCO» can be separated into thermal
and non-thermal components, the latter largely governed by surface DIC variability. Changes in tempera-
ture and changes in DIC act counter to one another and the sum of their impact sets ocean pCO2 [|Gruber
et al., [2009; [Prend et al., [2022b]]. While sea surface temperature is adequately observed and represented
in ocean models [Hauck et al., [2023]], there are still several unanswered questions about the mechanisms
driving mixed layer DIC variability.

Understanding the dynamics of the Southern Ocean has traditionally relied on zonally-averaged ap-
proaches, based on the assumption that the strong eastward-flowing Antarctic Circumpolar Current (ACC)
rapidly homogenizes tracers along longitude. The historical lack of observations in this region, due to the
presence of sea ice, frequent cloud cover, and strong winds, has also favored this approach, as sparse data
available in a few locations can be assumed to accurately represent the entire region in a zonally-symmetric
system. While zonal averaging provides valuable insights into large-scale processes, it obscures the com-
plexity of regional processes. The ACC itself does not follow a zonal path and is significantly influenced
by the zonally asymmetric distribution of topography in the Southern Ocean (Figure [Marshall, 1995
Sallée, J. B., et al., [2011; Thompson and Sallée, 2012].

Further evidence suggests that the conventional zonally-averaged understanding of Southern Ocean
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Figure 4.1: Map of the Southern Ocean south of 42°S. The background color corresponds to the elevation
of the ocean floor (m). The contours correspond to the zonal boundaries of the ASZ. The northern contour
is the Polar front (blue) while the southern contour is the sea ice edge (green). The Polar Front is a major
front of the Antarctic Circumpolar Current and is associated with a steep southward rise in isopycnals. The
boundaries between the Atlantic, Pacific and Indian Ocean basins are indicated by black dashed line and the
longitude of the boundaries are labelled. (ASZ: Antarctic Southern Zone)

circulation is insufficient to fully comprehend the variability of Southern Ocean processes on seasonal to

decadal timescales. Specifically, zonally asymmetric differences have been found in Southern Ocean wind

[Fogt et al., 2012], sea surface temperature [de Boer et al.,[2022], upper ocean heat budget [Tamsitt et al.|

2016], phytoplankton biomass [Thomalla et al., 2011]], mixed layer depth [Sallée et al.,[2010] and sea ice
[Schroeter et al., 2023]]. Several studies have identified topographic features, which are distributed asym-

metrically throughout the Southern Ocean (Figure [4.1)), as the main guideways from the deep ocean to the

interior and from the interior to the mixed layer [Rintoul, 2018 Tamsitt et al., 2017} |Viglione and Thompson,

2016; (Wu et al, 2011]]. Furthermore, biogeochemical tracers exhibit particularly strong spatial variability,

which is linked to topographic features and regional processes. Previous work found that upwelling of car-

bon across the 1000-meter depth contour also occurs near topographic features [Brady et al.,[2021]] and that

the standing meanders associated with such bottom roughness are linked to enhanced ventilation of oxygen

[Dove et al.,[2022]. Carbon air-sea fluxes and their drivers also vary zonally across the different ocean basins
[Prend et al., 2022a; [MacGilchrist et al.| 2019} |Gregor et al.l 2018]] and regional differences in air-sea CO,

flux have been identified on interannual to decadal timescales [Keppler and Landschiitzer, 2019].
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Despite increased recognition for the role of localized processes in Southern Ocean circulation, impor-
tant knowledge gaps remain regarding the impact of local dynamics on near-surface dissolved inorganic
carbon (DIC) concentration and its drivers. Here, we use a closed mixed layer budget of DIC in a data as-
similating model of the Southern Ocean to better understand the drivers of zonal asymmetry in mixed layer

carbon fluxes.

4.2 Methods

4.2.1 Study Region

We analyzed the mixed layer DIC budget for three basins of the Antarctic Southern Zone (ASZ). The ASZ
covers the southern half of the ACC, bounded by the Polar Front to the north and the September 15% sea
ice area contour to the south (the sea ice edge, SIE). These zonal boundaries were used in previous studies
where carbon air-sea fluxes were found to differ across observational datasets [Gray et al., 2018; Bushinsky
et al.,2019]. We define the Polar Front based on the method defined in Chapter 3] which combines the Orsi
et al.| [1995] temperature criteria and sea surface height (SSH) gradients, as demonstrated in the work of
Dufour et al.|[2015]] and Le Chevere et al. (under review).

We define 3 subregions of the ASZ based on oceanic basins: the Indian, Pacific and Atlantic. We
separate each basin using lines of constant longitude that correspond to the edge of a model cell at 20°,
146.9197° and 292.7 333° (Figure [4.1I)). These boundaries are within 5° longitude of the basin boundaries
used in |Prend et al.| [2022al].

4.2.2 The Biogeochemical Southern Ocean State Estimate

We use monthly output from iteration 155 of the Biogeochemical Southern Ocean State Estimate (B-
SOSE), a 1/6° physical-biogeochemical data-assimilating model of the Southern Ocean with available out-
put from 2013 to 2023 (Table [4.T) [Verdy and Mazloff, 2017]. B-SOSE’s physical component is built
on the MIT general circulation model [Marshall et al., [1997] and its biogeochemical ocean component is
adapted from the BLING model of |Galbraith et al.|[[2010]. The output was downloaded from https:

//sose.ucsd.edu/S06/ITER155/. B-SOSE assimilates observational data and maintains closed
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tracer budgets through the adjoint method, minimizing weighted least-squares misfits between model so-
lutions and observations. Data sources include biogeochemical Argo floats [Riser et al., 2016, 2018§], in-
strumented Southern elephant seals [Charrassin et al., 2010]], shipboard data, satellites and other platforms
[Rosso et al., 2017] and assimilated variables include temperature, salinity, sea surface height, oxygen,

nitrate, pH and more [Verdy and Mazloff} 2017].

Table 4.1: Model descriptions for B-SOSE, including grid details, biogeochemical components, and refer-

ences.
Model name B-SOSE
Organization The Southern Ocean Carbon and Climate Observations
and Modeling (SOCCOM) Project
Available time period 2013-2023
Grid extent 30°S - 78°S
Horizontal Grid Mercator
Ocean-sea ice model MITgem and ECCO
Ocean Resolution 1/6° lon x 1/6° lat
Ocean vertical coord. 52 levels
BGC model N-BLING (3P, 9PT)
Atmospheric forcing 6-hourly ERAS Hersbach et a1.7[2020]
References Verdy and Mazloff12017]

4.2.3 Mixed Layer DIC Budget

We compute the budget of DIC content for each cell integrated over the mixed layer using monthly model
output for the year 2018. We choose 2018 because it is the halfway point of the available years and because
it is representative of the average seasonal cycle for several important variables including the carbon air-sea
flux, ocean pCO, and DIC concentration at the surface (Figure 4.2)). It is important to note that the mixed
layer budget described here is extensive (i.e. tracer amount, and not concentration, is conserved). Unlike a
tracer concentration budget, an extensive tracer budget does not require a dilution term, and both entrainment
and detrainment can impact DIC content. We use monthly-averaged variables for average values of the fluxes
and monthly snapshots (instantaneous values at period boundaries) to determine time-derivatives (Table

for a list of necessary model output).
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Figure 4.2: Seasonal cycle for each year from 2013 to 2023 of a) carbon air-sea flux, b) ocean pCOs, c)
surface DIC concentration, d) surface alkalinity concentration and e) temperature averaged for the ASZ. The
red line shows the year 2018 used in this study and the black shows the average over all available years. The
x-axis for all panels (ASZ: Antarctic Southern Zone)
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Several methods exist to define the mixed layer depth [Holte and Talley, |2009]. We use the B-SOSE
mixed layer depth output, which is computed based on a density criterion at a small-temporal scale and
then averaged monthly. From the raw output, we identify the cell whose bottom is closest to the monthly
averaged mixed layer depth and designate this cell as the last cell of the mixed layer. It is essential for the
mixed layer depth to correspond to the bottom of a cell in order to close the budget. Using the provided
depth output instead of computing the mixed layer depth from monthly-averaged fields reduced the budget

residual in regions of large temporal mixed layer depth change.

The mixed layer budget equation (Eq.[4.1)) is based on the three-dimensional tracer conservation equation

that is solved by B-SOSE.

Tend = Fentrain + Fhoriz—adv + Foert—adv + Fair—sea + Fmixing + Fpio 4.1)

It includes the following budget terms: Tendency (7end), Entrainment (Fep,trqin), Advection (Fporiz—adv +

Fvert—adv)a MiXing (Fmixing)a Air-sea flux (Fair—sea) and BIOIOgy (Fbio)-

The tendency, or time rate of change of the mixed layer DIC content, is computed based on the snapshot

output of DIC concentration ([DIC]*"?, Eq.[4.2).

8 v[DIC]*mP

Tend =
en 5

4.2)

We first multiply the snapshot tracer concentration (in mol m—3) by the volume (v) of each cell to find the
amount of tracer in each cell at the beginning and end of each time period (here, one month). We then
sum the resulting tracer content (in mol) for all cells corresponding to the mixed layer. Finally, we take the
mixed layer tracer content and compute the time derivative using the difference between the snapshot at the

beginning and end of the time step, dividing by the length of time (mol day ).

Defining a budget with a time-varying bottom boundary like the mixed layer introduces an additional
budget term. Entrainment is the process by which the mixed layer deepens and waters that were previously
below the mixed layer are incorporated. Detrainment is the opposite process by which mixed layer volume
decreases. While all other terms of the closed budget are defined for each cell of the 3-dimensional ocean

model, the entrainment term is only relevant because we are computing a budget with a time-varying bottom
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boundary, and so can only be defined for the mixed layer as a whole. Since this budget term is approximated
using monthly-averaged output, it is more affected than other budget terms by the loss of precision associated
with closing the budget on a monthly time scale, a coarser resolution than was used when running the model.
For this reason, flux due to entrainment can be very sensitive to large variations in mixed layer depth from
one time step to the next. In regions where we noticed such large variations, mostly in the Weddell Sea in
winter or in coastal regions, the closed budget can have a large residual. We found that using the mixed
layer depth computed online and then averaged monthly (output provided by the B-SOSE modeling team)

reduced the mixed layer depth’s susceptibility to drastic variations and improved the residual.
The contribution of entrainment and detrainment to the budget is calculated using the concentration of

DIC in entrained waters and the temporal change in the mixed layer depth (Eq.[4.3).

T §Hsnap
Fentrain = aﬁ ot (4.3)

where T is the DIC content in entrained and detrained water (mol m~2), a is the surface area of each cell
(m?), h is the amount (m) by which the mixed layer depth has changed over one time step (here one month),
and H*"?P is the mixed layer depth snapshot (m). We first identify which cells at the bottom of the mixed
layer have been entrained or detrained. We create a mask where cells within the mixed layer are set to 1
and those outside are set to 0. Then, we calculate the first-order discrete difference along the time axis. The
resulting array is -1 or 1 where cells have been added or removed from the mixed layer, and 0 everywhere
else. Using this mask, we identify the cells being entrained or detrained at each time step and sum the tracer
amount in this water, in mol m~?2, representing the DIC concentration multiplied by the depth of each cell.
We also determine the amount by which the mixed layer depth has changed over one time step by selecting
the cell height at locations of mixed layer change and summing over depth. After identifying these quantities
for each cell, we calculate the average concentration in the entrained water (7'/h in mol m~3). Finally, we
multiply the tracer entrainment concentration by the time derivative of the mixed layer depth (in m day 1),
computed using the snapshot. This spatially-resolved entrainment is then multiplied by the horizontal cell
area which gives the final entrainment term (mol day—'). Note that the tendency and entrainment terms
dominate over other fluxes, reflecting the fact that much of the mixed layer tracer content change is driven

by volume changes during entrainment and detrainment. As a result, examining the difference between the

112



tendency and entrainment terms (7end-Ent), which corresponds to the time rate of change of mixed layer
tracer concentration multiplied by mixed layer depth (see|Sauvé et al.|[2023]], EQ. 7), allows for comparison
on a scale comparable to other flux terms.

Both the exchange of carbon between the atmosphere and the ocean, and biological processes occurring
in the mixed layer can act to modify DIC content. To compute the carbon air-sea flux at the surface, we take

the B-SOSE output (surfCO2flx) and multiply by the cell area (a) (EqH4.4).

Floir—sea = a surfCO2flx 4.4

For the biological flux of DIC, we select the mixed layer cells of the B-SOSE output (BLGBIOC) multiplied

by the volume (v), and take the sum over depth.

Fyio = v BLGBIOC 4.5)

B-SOSE computes the advective and mixing fluxes of each tracer (in mol s~!) separately for the zonal,
meridional and vertical directions. The vertical advective and mixing fluxes require boundary condition

adjustments, which are required to close the budget (Eq. [4.6).

DFrIDICS/" = ¢
ADVIDIC/" = 0 (4.6)

ADVIDIC!/¢ = a[DIC]*/*WvelMass*/¢ — vForeDIC

For both terms, we set the flux for the bottom cell to 0 as there is no flux through the sea floor (DFrIDIC®/"
and ADVrDIC*/™™). For the mixing flux, only the bottom flux should be modified and no correction is
required at the surface. For the advection, at the surface, we need to make an adjustment for the flux of
tracer due to the surface freshwater flux (ADVrDIC®/¢). We take the vertical mass-weighted component
of velocity at the surface (WvelMass, m s~!) and multiply it by the tracer concentration at the surface
([DIC]3/¢, mol m™3) and by the area of the cell (a, m?). From this flux, we then subtract the dilution of
tracer due to freshwater flux at the surface (ForeDIC, mol m—2 s~!) converted to the right units using the

volume (v, m?) of the cell.
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While most budget terms are located in the center of a model grid cell, advection and mixing are located
on the edges of the model cells. This introduces some challenges as the position of these fluxes on the model
grid are staggered relative to the location of other terms like the air-sea flux. To get the flux due to advection
or mixing for each cell from the flux at the boundaries, we need to take the 1st order discrete difference of
the B-SOSE output (for example ADVxDIC, mol s~!) along the appropriate axis (Eq. . This should

take place after the boundary condition adjustments described above.

Zonal Advection = A, ADVxDIC
Meridional Advection = A, ADVyDIC 4.7

Vertical Advection = A, ADVrDIC

As a final step, we then select the cells that are part of the mixed layer and take the sum for each component
of advection and mixing. We add the zonal, meridional and vertical components to obtain the total flux due

to advection and due to mixing (mol s~ h.

We analyze the mixed layer DIC budget for several spatial regions. To determine the budget terms for
each region, we add the fluxes for each cell that is part of a region. Note that the units of the budget terms
are in mol per unit time (not mol m? time) to ensure correct summation across cells of different surface area.

For more details on calculating the budget for a particular region of interest, see the Section [3.2.3]of Chapter

Bl

To complement the DIC budget, we partition the model pCOq seasonal cycle into contributions from
temperature, salinity, DIC, and alkalinity, following the approach of |Takahashi et al. [2014] (see also
Sarmiento and Gruber| [2006]] and [Prend et al.|[2022b]). This method uses the first-order terms of a Taylor
expansion to relate changes in pCO» to corresponding changes in temperature, salinity, DIC, and alkalin-
ity. While this linear approximation is strictly valid only for small perturbations, we apply it to seasonal

anomalies, defined as deviations from the annual mean.
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Figure 4.3: Seasonal cycle of a) carbon air-sea flux (positive values indicate uptake by the ocean), b) surface
ocean pCQOa, ¢) mixed layer DIC concentration, d) mixed layer alkalinity, ¢) mixed layer temperature and f)
mixed layer depth averaged for the Atlantic, Pacific and Indian Ocean basins. The circle markers in panel b
indicate that pCO» variability was DIC-driven in that month. Lack of marker indicates temperature-driven
pCOy variability.

4.3 Results

4.3.1 Basin-scale Variability in DIC Fluxes

We observe clear basin-to-basin differences in the carbon air-sea flux across the ASZ (Figure @ a). The
Atlantic basin exhibits persistent carbon uptake throughout the year, while the Indian and Pacific basins

show seasonal variability, taking up carbon during summer and fall and releasing it during winter and spring

We also find regional contrasts in the variability of surface pCO5 and its drivers. Our results show that

while the average magnitude of pCOs is similar across basins, the shape of its seasonal cycle stands out
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in the Atlantic compared to the Indian and Pacific, with the latter two undergoing stronger variability from
summer to late winter (Figure 4.3]b). The drivers of pCO; variability also differ in the Atlantic, where
temperature-driven variability dominates over DIC for half of the year (dots in Figure .3|b indicate DIC-
driven variability, Figure[G.T). This is not the case in the Indian and Pacific basins where DIC dominates for
11 and 12 months out of 12, respectively (Figured.3|b and Figure[G.I). In addition to its unique air-sea flux
and associated drivers, the Atlantic basin has strictly lower mixed layer concentrations of DIC and alkalinity
compared to the Indian and Pacific basins (Figures 4.3|c and d). Basin-scale variability is of a similar order
of magnitude as interannual fluctuations (Figure 4.2). Mixed layer temperature is similar among basins in
winter and spring but the Atlantic is warmer in summer, which could explain why summer uptake is weaker
in the Atlantic basin (Figure 4.3|e), but not why there is no outgassing in winter. Finally, winter mixed layer
depths are shallower in the Atlantic basin, which could contribute to lower mixed layer DIC concentration.
Overall, lower DIC concentrations are associated with reduced pCO5, whereas warmer temperatures tend to
elevate pCOq, suggesting that both thermal and non-thermal effects contribute to the observed differences

between basins.

We can use the mixed layer DIC budget, summed for each basin of the ASZ, to start exploring these
differences (Figure d.4). We find that in all basins, mixing with carbon-rich waters at the base of the mixed
layer supplies DIC to the mixed layer year-round (Figure 4.4 a and f). This carbon is then largely consumed
by biological production in summer and spring (Figure a and d). All three basins undergo a period of
mixed layer DIC concentration increase in winter and a period of concentration decrease in summer (Figure
[M.4a and c). The net advection of DIC and the carbon air-sea fluxes have smaller magnitudes than the other
terms in all basins (Figure[4.4]a, b and e). However, as noted previously, the Atlantic basin stands out with
strict carbon uptake year-round (Figure [d.4]b). We also note that the Indian and Pacific basins show a higher
DIC mixing flux than the Atlantic during winter and spring, when they are outgassing carbon (Figure 4.4]f),

suggesting that a larger supply of DIC from below could contribute to elevated pCO and outgassing.

4.3.2 Small-scale Variability in DIC Fluxes

To better understand what fine-scale spatial variability may be driving basin-to-basin differences in carbon

fluxes, we analyze the annually-integrated, cell-by-cell mixed layer budget of DIC (Figured.5). We find that
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each budget term: b) the carbon air-sea flux, c¢) tendency of DIC in the mixed layer minus the entrainment
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DIC fluxes are not spatially uniform and significant sub-basin scale variability is evident. Specifically, we
identify three distinct outgassing hotspots within the ASZ: at the boundary between the Atlantic and Indian
Oceans (around 20° longitude), in the central Indian Ocean (around 80° longitude), and near the western
boundary of the Pacific Ocean (around 150° longitude) (Figure a). Each of these hotspots is followed
eastward by a trailing region of continued, though weaker, outgassing. Given the strength and direction of
the ACC, this pattern suggests that favorable conditions for outgassing at each hotspot, potentially linked to

strong local DIC supply, may be advected downstream, sustaining outgassing east of each core region.

Next, we examine the annually integrated biological flux of DIC from the mixed layer (Figure #.5|b). In
contrast to the air-sea flux, this term displays minimal zonal variability across the ASZ. The biological flux
consistently removes DIC from the mixed layer throughout the region, without clearly identifiable hotspots
or gradients in the ASZ, though that is not the case for the Southern Ocean as a whole. While this spatial
uniformity may reflect limitations of the model rather than real-world biological variability, it allows us to

isolate the influence of physical drivers on zonal variability in the air-sea carbon flux.

Turning to the mixing flux of DIC (Figure §.5] ¢), we find clear hotspots of vertical DIC input into
the mixed layer that coincide approximately with the locations of outgassing maxima. Since mixing is the
dominant physical source of DIC to the mixed layer in this region (as seen in the ASZ-integrated budget,
Figure {.4] a), this spatial correlation supports the idea that enhanced vertical supply of DIC may trigger or

sustain localized outgassing.

We then consider the advective flux of DIC (Figure[.5]d). This term exhibits strong spatial heterogeneity
in both sign and magnitude across the ASZ, with many small-scale features indicating strong but localized
sources and sinks. While advection is generally weaker than mixing in the ASZ-wide budget, these patterns
suggest it could still contribute to local DIC variability and possibly to the formation or modulation of

outgassing hotspots.

Finally, we examine the entrainment flux (Figure [4.5]e), another potential source of DIC to the mixed
layer. South of 42°S, the entrainment field shows a dipole-like structure, characterized by alternating patches
of strong positive and negative values. These patchy features are roughly aligned with the Polar Front and
are present across all three basins, though their intensity varies regionally. Interestingly, this patchiness

disappears when we examine the difference between the DIC concentration tendency and the entrainment
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Figure 4.5: Map of the annually integrated cell-by-cell mixed layer DIC a) air-sea flux, b) biological flux,
¢) mixing flux, d) advective flux, e) the entrainment flux, and f) the tendency minus entrainment flux, all
in mol m—2 yr~!. The black contours shown are the Polar Front (northern contour) and the Sea Ice Edge
(southern contour), and they define the ASZ (Figure {.1). Dashed black lines separate the different basins.
Positive (negative) values, shown in red (blue) color indicates the the flux is adding (removing) DIC to
(from) the mixed layer. (ASZ: Antarctic Southern Zone)
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flux (Tend-Ent, Figure 4.5| f and [G.5). This quantity, defined as the rate of change in mixed layer DIC
concentration multiplied by the mixed layer depth (Section [4.2.3)), reflects net DIC accumulation in the
mixed layer after accounting for entrainment. Across most of the study region, Tend—Ent is positive, with
the strongest values located south of the sea ice edge. This indicates that, overall, the mixed layer DIC
concentration increased in 2018.

In summary, we find that sub-basin scale outgassing hotspots in the ASZ align with regions of enhanced
vertical mixing of DIC, while biological drawdown appears spatially uniform. Advection and entrainment
contribute additional fine-scale variability but do not show the same clear spatial correspondence with out-
gassing. These results suggest that vertical mixing is a key driver of the zonally asymmetric structure of

air-sea carbon flux in the ASZ.

4.3.3 Circumpolar Variability within the ASZ

We collapse each budget term over the latitudes of the ASZ to further investigate zonal variability (Fig-
ure [4.6). The zonal distribution of the air-sea carbon flux reveals four prominent outgassing bands, three
of which correspond to the previously identified hotspots in the Indian and Pacific basins: from 359.25° to
50.08° (Atlantic-Indian boundary), from 79.08° to 122.58° (central Indian Ocean), from 147.58° to 179.08°
(western Pacific), from 216.92° to 224.58° (central Pacific, not clearly visible in map view) (Figure 4.6| a
and Figure 4.5 a).

Each of the larger outgassing regions (Atlantic—Indian boundary, central Indian Ocean and western Pa-
cific) is immediately preceded to the west by a sharp peak in the DIC mixing flux (Figure[d.6|b). This spatial
relationship supports the idea that intense vertical supply of DIC can elevate surface ocean pCO2, prompting
outgassing. However, not all peaks in vertical mixing are associated with outgassing. For instance, in the
Atlantic between 292° and 300°, and in the eastern Pacific, we observe large mixing fluxes without corre-
sponding outgassing. Furthermore the small outgassing region in the central Pacific lacks a preceding peak
in mixing altogether.

The biological flux of DIC, when integrated over latitude (Figure 4.6]d), shows only modest zonal vari-
ation (£0.75 mol m~2 yr—!). These variations are small relative to those in the mixing and advective fluxes,

and they do not appear to align with the longitudinal structure of air-sea carbon flux. This reinforces earlier
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Mixed layer DIC Fluxes integrated over latitude for the ASZ (mol/m?/yr)

Atlantic Ocean Indian Ocean Pacific Ocean

i

Air-Sea Flux

A

Advection

—2.51

—-3.0 1

—3.51

Biological Flux

—4.0

Tend - Ent

Entrainment

300 330 0 30 60 90 120 150 180 210 240 270
Longitude

Figure 4.6: Mixed layer DIC fluxes integrated over the latitudes of the ASZ and plotted against longitude,
eastward from Drake Passage: a) the carbon air-sea flux, b) the mixing flux, c) the advective flux, d) the
biological flux, e) tendency minus the entrainment (7end-Ent), and f) the entrainment flux. Note that Tend-
Ent is equivalent to the temporal change in mixed layer DIC concentration multiplied by the mixed layer
depth. Fluxes are in mol m~2 yr~!. Positive values indicate that the flux is adding DIC to the mixed layer.
Note that the direction of the dominant current in this region (the ACC) is eastward or from left to right.
(ASZ: Antarctic Southern Zone)
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findings that biological drawdown, while important in magnitude, is relatively uniform across longitudes,

and not the primary driver of localized outgassing in B-SOSE.

By contrast, the zonal distribution of the advective flux (Figured.6|c) mirrors the structure of outgassing
more closely. The three widest outgassing regions (Atlantic—Indian boundary, central Indian Ocean and
western Pacific) coincide with areas of positive net advection (the smaller net sum of large contributions
from horizontal and vertical advection), and the transition to negative advection coincides with a shift from
outgassing to uptake. This suggests that advection helps transport DIC supplied by vertical mixing down-
stream, supporting outgassing along the eastward "tails" observed in Figure .5/ a. In the eastern Pacific,
while the mixing flux is strong, the advective flux is negative, likely counteracting the DIC supply from
below and reducing the potential for outgassing. This highlights the importance of both vertical and lateral

supply pathways in sustaining surface DIC levels.

However, this explanation does not account for the Atlantic mixing hotspot near Drake Passage (be-
tween 292° and 300°), which is associated with positive advection but no outgassing. To understand this
discrepancy, we examine zonally-resolved ocean pCOs, surface DIC concentration and surface temperature
(Figure[G.7). In this region, ocean pCOs is more than 10 patm lower than at the Atlantic—Indian boundary,
despite a comparable peak in mixing. However, surface temperatures are lower, which would act to decrease
pCO4 and could suppress air-sea carbon exchange. We also found that the Atlantic basin, which includes
this region, displays more temperature-driven pCOq variability and exhibits a larger seasonal temperature
amplitude. This suggests that supply of DIC by mixing alone is not sufficient to elevate ocean pCO3 above
atmospheric levels in this region, and that the thermal component of pCO; variability dominates over DIC.
This interpretation aligns with the findings of |Prend et al.|[2022b]], who showed that the transition between
temperature- and DIC-driven pCOs variability in the South Pacific was associated with a meridional decline

in the seasonal amplitude of temperature.

The outgassing band in the central Pacific, the smallest and most enigmatic outgassing region, is not
associated with strong vertical mixing or positive advection. Instead, it coincides with the strongest net
positive entrainment flux in the ASZ (Figure 4.5]¢). This location lies where the Polar Front is topograph-
ically steered through a narrow zonal valley (Figure [4.1)), leading to a constriction of the ASZ and likely

enhancing current speeds. Annually integrated, a positive entrainment flux indicates that either DIC entrain-
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ment exceeds detrainment over the year, or that the mixed layer deepens over the course of this particular
year (2018), or both. While the change in mixed layer depth here is among the largest in the ASZ, it is
not anomalously large (Figure [G.6). This implies that the seasonal timing and carbon content of entrained
vs. detrained waters must align in such a way that net entrainment introduces more DIC to the mixed layer
than it removes. This additional source could be sufficient to elevate surface pCOs and drive the localized
outgassing seen in this region.

In summary, outgassing in the ASZ is not zonally uniform but concentrated at a few distinct hotspots,
primarily in the Indo-Pacific sector. These hotspots are preceded by sharp peaks in vertical mixing, which
appear to inject DIC into the mixed layer. However, the full spatial extent of outgassing, particularly the
downstream tails, suggests that mixing alone is not the full story. While the current analysis does not provide
definitive proof, it suggests that advection is linked to these outgassing tails. Zonal advection appears to
transport excess DIC from the mixing regions, sustaining outgassing until the lateral supply is interrupted
or depleted. In areas where this advective support is absent or opposing, such as in parts of the Pacific
and Atlantic, strong mixing may not be sufficient to trigger outgassing. Finally, isolated outgassing can
also occur in regions where entrainment is particularly strong, likely due to a favorable seasonal interplay
between mixed layer depth evolution and the DIC content of waters below the mixed layer. These findings
highlight the complex interplay between vertical and horizontal processes in shaping the zonal asymmetry

of carbon flux in the ASZ.

4.3.4 Vertical Structure of Mixing Hotspots

To investigate why strong DIC mixing fluxes occur in specific regions, we examine the vertical structure of
DIC across longitude. The net DIC mixing flux is dominated by vertical mixing, while horizontal mixing
is approximately two orders of magnitude smaller on average (Figure[G.2)). Since the vertical mixing flux
is typically parameterized as the product of a vertical concentration gradient and a vertical eddy diffusivity,
we investigate the vertical DIC gradient in the top 500 m of the water column (Figure .7]b). We find that
regions where the mixing flux increases sharply with longitude, particularly at the Atlantic—Indian boundary
and in the central Indian Ocean, coincide with enhanced vertical DIC gradients beneath the mixed layer.

The strongest gradient values are found approximately 20-50 m below the base of the annual averaged
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mixed layer, but at the depth of the maximum mixed layer depth, suggesting a strong potential for vertical
exchange. In the central Indian Ocean, the gradient decreases slightly west of the mixing hotspot but still
exhibits a localized peak, although this peak lies within the annual mean mixed layer rather than below it.
The longitudes of the mixing peaks in the three larger outgassing bands are also preceded by a shoaling of
the mixed layer, which may further enhance the vertical gradient at the base. Together, these patterns suggest
that enhanced vertical DIC gradients are closely tied to the observed peaks in the mixing flux. Supporting
this, vertical sections of DIC concentration (Figure.7]c) show clear intrusions of DIC-rich waters extending
upward from below at the longitudes of the mixing hotspots. Elevated DIC values span the full water column
at these locations and often reach into the mixed layer, suggesting intensified vertical exchange throughout
the water column, not just at the base of the mixed layer.

Notably, all sharp peaks in mixing are located downstream of major topographic features, where seafloor
depth shallows significantly, reaching less than 3000 m in all cases, and less than 2000 m in the central Indian
Ocean (Figure d). This suggests outgassing is linked to the enhanced upwelling and mixing associated
with topography, providing an explanation for why these outgassing regions are visible in the annually

integrated air-sea flux despite overall seasonal variability in the zone-averaged air-sea flux.

4.3.5 Drivers of the Net Advective Flux of DIC

Since longitudinal transitions in the carbon air-sea flux often align with changes in the sign of net advec-
tion, we examine the components of the DIC advection term to better understand the drivers behind these
shifts. Although both horizontal and vertical advection remain highly variable, even when integrated over
the latitudes of the ASZ (Figure [G.4]b and c), their cumulative sum over longitude reveals a clearer signal
(Figure 4.8 b). From this cumulative sum, we observe that, over broad longitudinal bands, horizontal ad-
vection consistently acts to remove DIC from the mixed layer, while vertical advection supplies DIC to the
mixed layer. However, this does not imply that horizontal advection is uniformly negative.

To explore local dynamics, we classify each grid cell in the ASZ based on whether horizontal or vertical
advection determines the sign of the net advection (Figure 4.8]d). At all longitudes, all four scenarios are
present: positive net advection driven by horizontal advection, positive net advection driven by vertical

advection, negative net advection driven by horizontal advection, and negative net advection driven by
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Components of Advection integrated over latitude for the ASZ (mol/m?/yr)
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Figure 4.8: Latitudinally and annually integrated a) DIC advective flux, b) camulative sum along longitude
and starting at Drake Passage of the horizontal and vertical advective flux of DIC, c) cumulative sum along
longitude and starting at Drake Passage of the zonal and meridional advective flux of DIC, and d) advection
of DIC summed over cells of 4 different types: where net advection is positive and horizontal advection is
positive (red), where net advection is positive and vertical advection is positive (orange), where net advection
is negative and vertical advection is negative (green), and where net advection is negative and horizontal
advection is negative (blue). Panels a to d are in mol m~2 yr~! and positive values indicate the flux is
adding DIC to the mixed layer. ) Same as d except fraction of model cells in the ASZ where each criteria
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vertical advection. Overall, cells where negative horizontal advection or positive vertical advection drive
the net signal are more prevalent. In areas where the net advective flux transitions between positive and
negative values, we observe a shift in the dominant driver—i.e., the relative fractions of these four cell
types change over a short distance (Figure e). These transition zones are typically characterized by a
redistribution of cell types, with the largest change often seen in cells dominated by negative horizontal or

positive vertical advection.

When we sum the advective DIC flux across these classified cells, we find that in regions where the net
advection is negative, horizontal advection contributes more to the total flux than vertical advection, con-
sistent with the cumulative horizontal flux being negative overall. However, in several longitudinal bands,
horizontal and vertical contributions to negative net advection are comparable. This is even more evident

for regions with positive net advection, where either component may dominate depending on longitude.

To further dissect horizontal advection, we decompose it into its zonal and meridional components
(Figure ¢). Across most longitudes, cumulative meridional advection is the primary driver of negative
horizontal advection. Yet this pattern breaks down at the outgassing band in the eastern Pacific: a strong
positive meridional advection, linked to a local peak in the entrainment flux, reverses the sign of the cumula-
tive meridional contribution. Interestingly, this positive meridional advection is nearly balanced by negative

zonal advection of similar magnitude but opposite sign, indicating compensating flow structures.

Similar dynamics are found in the central Indian Ocean outgassing region and in the two regions to the
east. Just upstream of each outgassing region, the net advective flux is negative, primarily due to negative
horizontal advection—driven, in turn, by zonal divergence, meaning more DIC is being exported eastward
than imported from the south by meridional convergence. As the advection reaches the outgassing regions
themselves, the zonal component of horizontal advection transitions from negative to positive. This indicates
a shift from zonal divergence to convergence, with DIC now being advected in from the west. Despite this
convergence, the net advection may still be negative because of concurrent meridional divergence. In other
words, as the zonal convergence increases, meridional outflow becomes the dominant mechanism removing
DIC, maintaining a negative net advective flux in the western part of each outgassing region, before the

transition to net positive advection.
The region at the Atlantic—Indian boundary differs from this pattern. Unlike the other outgassing zones,
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this hotspot appears to be the downstream tail of a broader outgassing band located south of the sea ice edge
(Figure [4.5] a). It is possible that elevated DIC concentrations in this region are being sustained by lateral
advection from the Weddell Gyre, which could act as a remote source of carbon-rich water to the ASZ.
This may explain why the structure of advection diverges from that of the other Indian and Pacific hotspots,
which are more strongly tied to local vertical mixing and zonal transport processes. This interpretation is
consistent with the findings of [Sauvé et al.|[2023]], who showed that Ekman transport of DIC from the sea

ice zone into the ASZ played a key role in supporting carbon outgassing.

4.4 Discussion

Our study reveals that carbon outgassing in the ASZ is concentrated in a few discrete hotspots, primarily
in the Indian and Pacific basins, while the Atlantic basin exhibits persistent carbon uptake throughout the
year. These outgassing hotspots closely align with regions of enhanced vertical mixing of DIC, suggesting
that the upward supply of carbon-rich waters is a key driver of the zonally asymmetric air-sea carbon flux
structure in the ASZ. Notably, all sharp peaks in vertical mixing occur downstream of major topographic
features where seafloor depth shoals significantly. This spatial correspondence points to topographically
driven upwelling and mixing as the underlying mechanism sustaining localized outgassing.

These findings are consistent with previous studies that emphasize the role of bathymetry in connecting
the deep ocean to the surface via enhanced upwelling and eddy activity in models [Viglione and Thompson,
2016} Tamsitt et al., 2017 |Cai et al., 2022; | Yung et al.,|2022] and observations [Watson et al.,|2013};|Stappard
et al.,[2025]). In particular, topographic features are known to intensify eddies and promote vertical transport
between the interior and mixed layer. Using Lagrangian particle tracking in a high-resolution model, Brady
et al.| [2021]] found that 71% of DIC-rich water upwelling across 1000 m, and 63% across 200 m, occurs
near such features, showing that the impact of topography extends to the upper ocean. Similarly, Dove et al.
[2022]] identified enhanced ventilation downstream of standing meanders in the ACC, further implicating
topography as a control on surface-ocean tracer pathways. Our results build on this understanding by linking
topographically driven vertical mixing into the mixed layer to hotspots of carbon outgassing. Prior studies
also highlight the role of both background [Ellison et al., |2023[] and eddy-driven mixing [[Song et al., [2016]

in modulating surface pCOy variability, supporting the mechanism we identify here. Future work should
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investigate the potential for targeted process studies using observations from profiling floats or gliders in
these regions to validate the proposed mechanisms and further constrain the role of topographically driven

mixing in driving carbon outgassing.

However, vertical mixing alone does not fully explain the zonal pattern of carbon flux. Many of the
outgassing hotspots display downstream “tails” of elevated flux, aligned with pathways of DIC transport by
lateral advection. These features suggest that horizontal advection also plays a crucial role in sustaining
outgassing beyond the regions of intense mixing. This is consistent with the well-established ability of
the ACC to transport tracer signals zonally, which underpins the widespread use of zonal averaging in
Southern Ocean studies [Marshall and Speer, 2012} Rintoul, 2018]]. In particular, within the core of the
ACC jets, the strong flow carries tracers downstream so quickly that eddies have little chance to mix them
across the current [Ferrari and Nikurashin, 2010; Naveira Garabato et al., 201 1]], resulting in elongated zonal
structures with limited meridional spread, just as we observe in the downstream tails. The presence of these
downstream plumes also reflects the fact that carbon introduced into the mixed layer from below does not
equilibrate with the atmosphere instantaneously. Instead, air-sea equilibration occurs over a timescale of
weeks to months [Jones et al., [2014], allowing carbon-rich waters to be advected downstream before being
fully outgassed. Future work should explore this downstream transport more explicitly by adopting along-
stream coordinate frameworks, which would allow for a clearer assessment of whether the ACC is advecting
DIC supplied from below [Marshall and Radko, 2003} [Foppert et al., [2025]]. Such an approach could also
help identify the processes responsible for the termination of these outgassing tails, particularly where lateral

advection weakens or reverses, and carbon uptake once again dominates.

It is important to acknowledge that our results are based on a single model, B-SOSE, which exhibits
known biases relative to observations [Verdy and Mazloff] [2017; [Mazloff et al., |2023|]. For instance, we find
little zonal asymmetry in biologically driven DIC flux in the mixed layer, whereas [Thomalla et al.| [2011]]
identified zonal differences in the phytoplankton seasonal cycle and its sensitivity to physical variability
using satellite chlorophyll data. Furthermore, our interbasin flux patterns are partially consistent with those
reported by Prend et al.|[2022al], who used biogeochemical float data from 2014 to 2020 to estimate air-sea
carbon fluxes across both the ASZ and the adjacent Polar Frontal Zone (PFZ). While both studies agree that

climatological outgassing is concentrated in the Indo-Pacific, Prend et al.| [2022a] also found evidence of
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outgassing in the Atlantic ASZ, in contrast to our results showing persistent uptake. |Prend et al.| [2022a]
further suggested that entrainment was the primary cause of inter-basin differences, whereas here we are
finding that mixing seems to be the dominant factor. Despite these discrepancies with observations, the
model provides a valuable framework for constructing a mixed layer DIC budget and investigating the phys-
ical drivers of carbon fluxes. While its relatively zonally uniform biological response likely diverges from
the real ocean, it facilitates the isolation of physical mechanisms that shape zonal asymmetries in carbon
exchange. Although using observations to reconstruct mixed layer DIC budgets at the spatial resolution
required to detect these localized hotspots is challenging, validating the relationships identified here using
other models, with higher resolution, alternative physical parameterizations, or differing biogeochemical

schemes, would provide valuable insight and help assess the robustness of our findings.

Given that the dominant mode of variability in both surface ocean pCO5 and air-sea carbon flux is sea-
sonal [Gruber et al) [2019], it is essential to examine the seasonal evolution of the DIC budget. This is
particularly important considering the inherently seasonal nature of entrainment, which has been shown to
drive outgassing in regions such as the central Pacific. A key question is whether outgassing hotspots and
their underlying drivers persist year-round, including during summer, when uncertainty in the drivers of
the Southern Ocean carbon sink is greatest, and winter, when model—observation discrepancies are largest
[Hauck et al.| 2023]]. While the influence of topographic features on mixing is not expected to vary strongly
with season, other processes that affect pCO,, such as biological drawdown and entrainment, do exhibit
strong seasonality and may either amplify or mask the effects of mixing. Extending this analysis to explic-
itly resolve the seasonal cycle could provide deeper insight into the interplay of these processes and help

constrain the mechanisms driving temporal variability in carbon fluxes.

A major advantage of using a model like B-SOSE is the ability to investigate interannual variability,
an essential consideration given that the patterns identified in this study may not represent the long-term
mean state of the ocean. Such analysis could also shed light on regional discrepancies, such as the area
east of Drake Passage, where strong vertical mixing and positive lateral advection are present, yet no clear
outgassing signal is observed. Previous studies have documented both interannual and decadal variability
in the Southern Ocean carbon sink [Seferian et al.l 2013} Resplandy et al., [2015; |Gruber et al., [2019].

For example, Landschiitzer et al|[2015]] found that this variability is zonally asymmetric, with thermally
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and non-thermally driven trends often offsetting each other across basins. Similarly, (Gregor et al.| [2018]]
showed that interannual variability is primarily driven by summer processes, whereas winter variability
contributes more to decadal trends. While the present study focuses on a single year, it highlights the value
of a DIC budget approach for diagnosing carbon flux dynamics in this region. Future work should extend this
framework to multiple years to better understand how DIC fluxes and their drivers evolve across seasonal to
interannual timescales.

The ASZ exhibits a distinct biogeochemical and physical regime, shaped by its position between two
contrasting regions. To the north, the Polar Front acts as a dynamic barrier to meridional exchange, while to
the south, the subpolar regime is characterized by weakly sheared circulations and strong sea ice influence
[Orsi et al., [1995; Rintoul, 2018|]. While the Polar Front represents a dynamical boundary, the southern
limit defined by the sea ice edge is seasonal and less effective as a barrier to exchange. Although the
ASZ encompasses the primary outgassing regions of interest, it does not evolve in isolation. Interpreting
our results therefore requires situating them within the broader Southern Ocean system. For example, the
outgassing hotspot near the Atlantic—Indian sector boundary appears to be connected to a larger region
of outgassing in the Weddell Gyre, just south of the sea ice edge. This linkage is supported by previous
work showing that carbon transport from the Weddell Sea can fuel outgassing in the ASZ [Brown et al.,
2015 [Sauvé et al., 2023]]. Future research could extend this budget framework to the seasonally ice-covered
regions to assess broader connectivity. The use of B-SOSE facilitates such analysis by offering detailed,

three-dimensional information about adjacent water masses and their interactions.

4.5 Conclusion

The Southern Ocean plays a pivotal role in the global carbon cycle, mediating the exchange of carbon
between the atmosphere and the deep ocean. Traditionally, its circulation and biogeochemistry have been
understood through a zonally-averaged framework, underpinned by the strong eastward ACC. However,
emerging evidence suggests that this zonal-mean view is insufficient to capture the full spatial and temporal
variability of Southern Ocean carbon processes, particularly those influencing air-sea carbon flux on seasonal
to decadal timescales.

In this study, we address an important gap in understanding how localized physical processes shape the
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near-surface distribution of dissolved inorganic carbon (DIC) and drive zonal asymmetry in air-sea carbon
fluxes. Using a closed mixed layer DIC budget based on monthly output from the high-resolution, data-
assimilating B-SOSE model for the year 2018, we investigate sub-basin-scale variations in the ASZ.

We find that carbon outgassing in the ASZ is concentrated at a few discrete hotspots, primarily in the In-
dian and Pacific basins, while the Atlantic basin is dominated by carbon uptake year-round. The outgassing
hotspots align closely with peaks in vertical DIC mixing, who are themselves located just downstream of
prominent topographic features, implicating topography-driven enhanced upward supply of carbon-rich wa-
ters as a key driver. However, the spatial extent of outgassing, particularly downstream “tails” extending
from these hotspots, suggests that lateral advection of DIC also plays a critical role in sustaining outgassing
downstream. Entrainment contributes to DIC variability at finer scales, and in isolated cases may initiate
localized outgassing. Taken together, our results reveal that zonal asymmetry in carbon fluxes in the ASZ
can arise from a complex interplay between vertical and horizontal physical processes, and not only from
basin-scale differences in biological activity. These findings support a growing body of work emphasizing
the importance of regional and localized dynamics in shaping large-scale carbon fluxes.

Future research should extend this analysis across multiple years and models to assess the robustness
of these patterns. The role of biology should also be investigated using approaches capable of resolving
finer-scale variability. Moreover, understanding how small-scale features, such as mesoscale eddies and
storm-driven mixing, interact with the large-scale circulation to modulate carbon flux is essential. Increas-
ing evidence suggests that regional and event-scale processes can have outsized impacts on global carbon
cycling [|Grayl, 2024]). To improve projections of ocean—atmosphere carbon exchange in a changing climate,
we must continue refining our understanding of these regional dynamics and their connections to basin-wide

and global processes.
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Chapter 5

Conclusion

In view of the importance of the Southern Ocean in the global carbon cycle, it is essential to understand
what drives Southern Ocean air-sea exchanges of carbon in order to make predictions about future states
of the climate system. This thesis aims to further our process-based understanding of the surface ocean
DIC variability which is essential to explain variability in ocean surface pCOy and thus carbon air-sea
fluxes. A circumpolar DIC budget framework is developed and applied to both observations and global
ocean biogeochemistry models in order to quantify the relative importance of different processes in driving
the total variability in mixed layer DIC. A closed mixed layer budget in a high resolution data-assimilating
model of the Southern Ocean is used to deepen our understanding of variability at smaller spatial scales,

thus furthering our understanding of the dominant drivers of the high latitude Southern Ocean carbon cycle.

Chapter 2 presents the first observation-based monthly mixed layer carbon budget for the circumpolar
Southern Ocean, constructed using six years of autonomous under-ice capable biogeochemical float data.
Focusing on two distinct regions, the Sea Ice Zone (SIZ) and the Antarctic Southern Zone (ASZ), the analy-
sis reveals that seasonal changes in mixed layer DIC concentration are primarily driven by biological fluxes,
with a significant contribution from northward Ekman transport, particularly out of the SIZ. On annual
timescales, vertical mixing with carbon-rich waters supplies DIC to the mixed layer in both regions, but the
fate of this carbon differs between the zones. In the ASZ, this DIC is either utilized by biological production
or outgassed to the atmosphere, while in the SIZ, limited by ice cover and light availability, much of the

excess DIC is exported northward to the ASZ via Ekman transport. This wind-driven redistribution of DIC
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highlights an important, previously underappreciated mechanism contributing to carbon outgassing in the
southern Antarctic Circumpolar Current. The findings have implications for understanding how the South-
ern Ocean carbon cycle may respond to future climate change, particularly as diminishing ice cover could
shift the location and magnitude of carbon outgassing. These results offer a valuable benchmark for assess-
ing and improving the performance of climate models, which often struggle to capture carbon dynamics in

this region.

Chapter 3 adapts the budget framework from Chapter 2 to conduct a process-based analysis of the
seasonal variability in mixed-layer DIC in the ASZ, comparing outputs from multiple OMIP models, the
data-assimilating B-SOSE model, and an updated observation-based estimate based on Chapter 2. Across
all datasets, vertical mixing emerges as the dominant source of DIC to the mixed layer, while biological
production is the primary sink. However, models consistently underestimate and delay the spring/summer
biological drawdown relative to observations, resulting in a negative annually integrated entrainment flux,
opposite in sign to float-based estimates. Advective fluxes, though smaller in magnitude, show the great-
est variability across models, largely due to differences in non-Ekman circulation, which, in some cases,
reverses expected transport patterns. These discrepancies persist despite models performing well in global-
scale evaluations, highlighting the value of seasonal, process-based diagnostics. The findings underscore
the importance of accurately capturing both physical and biogeochemical processes, especially biological
timing and transport pathways, to improve model fidelity and reduce uncertainty in future projections of the

Southern Ocean’s role in the global carbon cycle.

Chapter 4 demonstrates that zonal asymmetries in the physical drivers of carbon flux are fundamental
to understanding spatial variability in Southern Ocean air-sea CO5 exchange. Using a closed mixed layer
DIC budget derived from the B-SOSE data-assimilating model, we identify three prominent carbon out-
gassing hotspots in the Indo-Pacific sector of the ASZ, along with a smaller feature in the eastern Pacific.
These hotspots are closely associated with enhanced vertical mixing of carbon-rich waters from below the
mixed layer, highlighting vertical mixing as the dominant physical mechanism supplying DIC to the sur-
face. Downstream of these mixing maxima, zonal advection transports DIC eastward, sustaining continued
outgassing along the path of the Antarctic Circumpolar Current. In some regions, particularly where en-

trainment fluxes are strong, vertical supply of DIC from changes in mixed layer depth also contributes to

134



localized outgassing. The structure of the net advective flux is shaped by complex interactions between
meridional and zonal flow, with changes in the sign of net advection often coinciding with transitions in
air-sea COq flux. Critically, all significant DIC mixing hotspots occur downstream of major topographic
features, reinforcing the role of bathymetry in modulating vertical exchange. Taken together, these findings
illustrate that zonal variability in mixing, advection, and entrainment drives substantial spatial heterogene-
ity in carbon fluxes within the ASZ, underscoring the limitations of zonally averaged frameworks and the

importance of resolving regional processes in understanding and modeling the Southern Ocean carbon sink.

At the heart of this work is an effort to understand the processes that govern the carbon cycle in the
Southern Ocean, not just identifying what is happening, but uncovering why it happens. This empha-
sis on underlying mechanisms has underscored the importance of both physical and biological drivers in
shaping the non-thermal component of surface ocean pCOq, which is often attributed solely to biological
processes. In Chapter 2, we showed that seasonal variability in mixed layer DIC is influenced by both
biological fluxes and advective transport. This dual influence is echoed in Chapter 3, where both models
and observations indicate that biology acts as the dominant sink of DIC, while vertical mixing serves as
the largest source. Moreover, Chapter 3 highlighted the interconnectedness of physical and biological pro-
cesses, showing how a delayed and weakened biological response can lead to a negative entrainment flux,
and how limited exchanges between the mixed layer and the interior ocean through mixing may in turn con-
strain biological activity. Chapter 4 further reveals that even when biological fluxes are relatively uniform
across longitudes, regional outgassing is still driven by different physical mechanisms in different areas.
For example, vertical mixing may dominate in one sector while lateral advection or entrainment prevails in
another. Together, these findings reinforce the need to view carbon fluxes as the product of tightly coupled

physical-biogeochemical interactions.

Another central theme of this work is the importance of examining variability beyond global or annual
scales. Focusing only on broad averages risks overlooking key regional and seasonal dynamics that are
critical to understanding the carbon cycle. A consistent finding throughout this thesis is that the supply of
DIC to the mixed layer varies significantly across both space and time, and that this variability is closely
linked to patterns of air-sea CO5 flux. In Chapter 2, we found that advective DIC supply to both the ASZ and

SIZ varied seasonally, with a marked decrease in supply from the SIZ during the summer period of carbon
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uptake. Chapter 3 further emphasized the importance of seasonal resolution, revealing that the magnitude
of DIC supply during periods of mixed layer DIC accumulation was correlated with stronger DIC-driven
variability in surface ocean pCOs. Moreover, while the annual mean fluxes appeared comparable across
models, resolving their seasonal behavior was key to understanding differences between models and with
observations. For instance, only by examining the seasonal evolution of biological fluxes could we explain
the emergence of a negative entrainment flux, and the seasonal evolution of the advective flux revealed
fundamental circulation difference between models. In Chapter 4, we found that vertical supply of DIC to
the mixed layer exhibited strong zonal asymmetry, with localized hotspots initiating outgassing that was then
sustained downstream through advection. Together, these findings highlight the limitations of generalizing
from a single location or season and demonstrate that capturing the full spatial and temporal complexity of
the system is essential for robust predictions of carbon dynamics in the Southern Ocean.

Looking ahead, both the observation-based budget framework and the model-based closed budget can
be extended along several key dimensions. The observational framework could be expanded to encom-
pass the full Southern Ocean by leveraging additional Argo float data available since 2020 and adapting the
methodology to include more northerly zones that are segmented by continental boundaries. This would
broaden the spatial scope of the observational baseline that proved essential for model evaluation in Chapter
3. Expanding the model evaluation itself to include a wider range of models, from high-resolution ocean
biogeochemistry models to fully coupled Earth system models with dynamic atmospheres, would strengthen
our process-level understanding and help identify common model limitations. Extending the closed budget
analysis to seasonal timescales or applying it in along-stream coordinates would further clarify the mecha-
nisms that initiate or terminate carbon outgassing in specific regions. Future work should also project this
analysis into the coming decades to assess how mixed layer DIC fluxes evolve under climate change. CMIP
model output, from Phases 5 and 6 as well as from future phases of CMIP, offers a valuable opportunity
to evaluate whether future trends are robust across models and to uncover the drivers behind intermodel di-
vergence. Such insights are critical for improving the representation of carbon dynamics in models and for
enhancing our ability to project how the ocean will respond to climate change. In turn, more reliable projec-
tions can support evidence-based climate policymaking, contributing to a just transition toward a low-carbon

economy and more effective adaptation strategies.
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Chapter A

Appendix: Additional Method Information
for Chapter 2

A.1 Horizontal Mass Transport

The monthly averaged Ekman mass transport is northward at the SIE and PF which is as expected due to the
presence of strong westerly winds at those latitudes (Figure [C.4). The monthly Ekman transport averages
to 20.2 Sv at the SIE and 36.5 Sv at the PF, which is consistent with previous modeling studies that found a
zonally integrated Ekman transport along 60°S (50°S) of 25 Sv (55 Sv) [Hallberg and Gnanadesikan, 2006]].
There is about twice as much transport (varying from 1.5x to 2.8x) across the PF than the SIE, which is not

surprising as wind driven transport can be inhibited by the presence of sea ice.

Monthly averaged mixed layer geostrophic transport is southward for the SIE and the PF, and it is one
order of magnitude smaller than the monthly averaged Ekman transport, with an average of -2.4 Sv (panel
b) of Figure [C.4). We present mixed layer geographic transport separately for each zonal regions on either
side of one boundary due to our choice of depth of integration. In the Ekman transport calculation, we
assume that the Ekman depth is shallower than the mixed layer depth, an assumption which is likely true
for most months but may break down in summer or fall depending on the eddy viscosity (not shown). This
assumption allows us to consider the full depth of the Ekman layer and removes the need to choose a depth

of integration. For the geostrophic transport calculation, we integrate the geostrophic velocity down to the
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mixed layer depth of the region under consideration.

We do not consider the eddy component of the horizontal advection in this region as it has been shown

to be more than 50% smaller than the time mean component in the Ekman layer [Dufour et al., 2015].

A.2 Mass Budget and Vertical Velocity

The seasonal cycle of the monthly averaged mixed layer mass fluxes differs between the ASZ and the SIZ
(Figure [C.6). However, we observe that there is a balance between the surface fluxes of mass and the
advective mass flux in both zonal regions while the term representing the difference between the tendency
and the entrainment (TEND— Fl,,4,4i) is negligible. In the ASZ, the fluxes of mass do not vary strongly
from month to month. Surface fluxes of mass, including precipitation, evaporation and a small contribution
from sea ice melt and freeze, lead to water accumulating in the region’s mixed layer. This is balanced by
a mass advection out of the ASZ. The sign of the advective flux is set by a balance between the negative
Ekman advection and the positive vertical advection. The geostrophic advection is at least one order of
magnitude smaller. In the SIZ, the sea ice melt and freeze cycle creates strong seasonal variations in the
monthly averaged surface flux which leads to seasonal variations of similar magnitude but opposite sign in
the advective flux. As such, we see a positive advective flux of mass (driven by vertical advection) during ice
formation and a negative advective mass flux (driven by Ekman advection) during sea ice melt. On annual
time scales, mass fluxes in the SIZ and the ASZ are similar with a positive surface flux opposed by a negative
advective flux driven by a dominance of Ekman transport out of the zone over vertical mass advection into

the mixed layer (Figure |C.7/).

Using the mixed layer mass budget, we solve for the vertical velocity at the base of the mixed layer
(w_p) which is shown in Figure We find an average w_j, of 1.19 x 10_6m/s (1.07 x 10_6m/s) in
the ASZ (SIZ). This vertical velocity is of the expected scale and sign for these two zonal regions where
upwelling is expected [Gruber et al., [2019]. Because we have used a mass budget to estimate w_y, our
estimate includes both the effect of Ekman upwelling and other processes such as topography-driven or

storm-driven upwelling.
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A.3 Estimated Parameters

We solve a non-linear system composed of the different monthly averaged budget equations for DIC and
Oq to find the missing parameters: the eddy diffusivity (k), the respiration quotient (Rp,) and the monthly
biological flux of DIC (Fy;,). We find an eddy diffusivity of (6.8345.8) x 1075 m? s ((2.9542.5) x 1075
m? s™) for the ASZ (SIZ) (see Sections and for more information). We find a respiratory quotient
of —0.65 4+ 0.16 (—1.59 + 0.26) for the ASZ (SIZ). The canonical value for the oxygen to carbon ratio is
-1.45 [Anderson and Sarmiento, |1994]]. However, |DeVries and Deutsch| [2014]] found important latitudinal
variations in the amount of oxygen consumed by unit of phosphate released during respiration (Rp, /p). In
the high-latitude Southern Ocean in particular, they find that R, , p increases from about 50 to 200 between
47°S and 70°S. When we convert Rp, /p to the respiratory quotient (Ro,,c) using 106C:P, we find that
we see a latitudinal variation of similar magnitude from the ASZ to the SIZ. The magnitude of the monthly
averaged biological flux of DIC obtained from the optimization scheme and its clear seasonal cycle are
as expected with a strong uptake of carbon during the spring bloom, stronger in the ASZ than in the SIZ
(Figure[C.5). The positive flux of carbon in winter, indicating dominance of respiration over photosynthesis,

can be explained by the severe light and micro-nutrient limitations in the high-latitude Southern Ocean.

A.4 Error and Correlation of each Variable used in Monte Carlo Simulation

We record the error and correlation of each variable used in the Monte Carlo simulation in Table[A.l
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Table A.1: Error and Correlation of each Variable used in Monte Carlo Simulation

Variable Error Unit Correlation

T 0.002 °C uncorrelated

S 0.01 PSU uncorrelated

P 2.4 dbar uncorrelated

02 3 pmol /kg uncorrelated

TA 8.74%* pumol/kg uncorrelated

pH 0.007 total uncorrelated

N 0.5 pumol/kg uncorrelated
ASICsrz 3.45 x 108* m?/day uncorrelated
ASIC 57 4.23 x 107* m?/day uncorrelated

SIT 20% N/A uncorrelated

SI transport 20% m?/day uncorrelated

SIh 20% m uncorrelated
(Precip. - Evap.) 1.24 x 107 7* kg/m? /s uncorrelated
(1/pf )inter 0.00246%* m? /s uncorrelated
(1y/pf)inter 0.00167* m? /s uncorrelated
Ugeo—inter 20% N/A uncorrelated
Frir—sea—C 0.506%* mol/m?/yr correlated in time
Foir—sea—0, 20% N/A correlated in time

@ *average error from field of individual errors

Source

Wong et al. \_NONOH_

Wong et al.|[2020]
Wong et al.|[2020]
Johnson et al.|[2017a]
Carter et al.|[2018]
Johnson et al.|[2017a]
Johnson et al.|[2017a]
Hersbach et al.|[2020]
Hersbach et al.|[2020]
Li et al.|[2018]

Hersbach et al.|[2020]
Hersbach et al.|[2020]
Hersbach et al.|[2020]
Gray and Riser|[2014]
Gray et al.|[[2018]

Bushinsky et al. [2017]
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Chapter B

Appendix: Derivation of Budget Equation

To obtain the TEND and the Fenrain, We use the following equality to expand the first term of Eq.[2.1]

(‘iﬁ/oh(t) vdz = /(;(t) a;z)dz + %v,h (B.1)
We obtain

/A [gt /_ (;(t) p[X]dz — %(p[X])_h A B.2)
Integrating over depth

/A [‘W - CZL(p[X])h] dA (B3)

Simplifying and integrating over the area

A%PZ A i) 2 (B.4)

where
Fontrain = pnlX) 00 i s g (B.5)
Fontrain = X 50 if &0 <0 (B.6)

The advective flux terms originate from the second term of Eq. 2.1l We separate the horizontal and
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vertical advections by expanding the dot product.

/A/_Oh(t) <u8(,08[f]) +Ua(g[;f])> dzdA + /A/_Oh(t) wd(p[X])dA (B.7)

where (u,v,w) is the velocity vector in the (x,y,z) direction. We can ignore the zonal advection term (v) due

to the shape of the zone which is approximately zonally symmetric. We assume that the meridional gradient

of the molar concentration of tracer (p[X]) doesn’t vary with depth in the mixed layer.

21X [° 0
/A Toy /—h(t) vldA /Awp X2y (B.8)

In the Southern Ocean, meridional advection at the surface is mostly due to Ekman transport with additional
contribution from geostrophic transport. We assume that the Ekman depth is smaller than the mixed layer

depth.

[ o o Jon

Since vertical velocity (w) is O at the surface and using the following Coriolis equation,

0 T,
/ PUepdz = —— (B.10)
—h(t) /

we obtain the following equation, having further assumed that the meridional gradient of the molar concen-

tration of tracer (p[X]) doesn’t vary zonally.

R

We simplify further and set the boundaries of the meridional integration as the Northern (N) and Southern

— Ty

Ip

0
+/ vgeodZ] dedy — A(wpX])|_, (B.11)
—h(t)

(S) frontal boundaries.

/ " (1) /

— Ty

0
[P +/_h(t) vgeodz] dx — A(wp[X])|_, (B.12)
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We define V¢, and V g, the Ekman and geostrophic mass transports,

N N
/ WMWWD+/‘@ﬁ@MDAWMMMh (B.13)
S S

and divide through by the ocean surface area to obtain the final form of the horizontal advection equation,

as consistent with Eq.[2.3]

Fhoriz—adv = _% [(p[X]‘/ek)’N - (p[X]Vek)|S + (p[XN/geo)‘N - (p[X]Vgeo)’S} (B14)

p[X] ‘ ~ (PIX] ’ ) corresponds to the tracer molar concentration of the source water of the horizontal
advection at the northern (southern) boundary.

The vertical advection at the base of the mixed layer depends on the vertical velocity at the base of the
mixed layer (w_j) as well as on the molar concentration of tracer (p[X| |7 ) in the downwelled or upwelled

waters depending on the sign of w_,.

Fvert—adv = (wP[X])Lh (BIS)

The mixing flux term corresponds to the last term of Eq.[2.1} which can be expressed as

[ 2
AZ 0z

0

dA (B.16)
—h

Since the vertical gradient of the molar concentration is O at the surface and integrating over the ocean

surface area, we are left with

~ g, 2P X) (B.17)
0z |,
Dividing by the area for consistency with Eq. 2.3] we obtain
A(p[X])
[ (B.18)
mizing e L
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Chapter C

Appendix: Additional Figures for Chapter 2

This appendix contains additional figures which may be useful for readers interested in reproducing the

method.
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Figure C.1: Monthly position of the fronts used to define the zonal regions. (STF: Subtropical Front, SAF:
Sub-Antarctic Front, PF: Polar Front, SIF: Sea Ice Front).
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Figure C.2: Monthly pressure at the base of the mixed layer for the ASZ and the SIZ.
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Figure C.3: Vertical Velocity at the base of the mixed layer estimated using the mixed layer mass budget.
(ASZ: Antarctic Southern Zone, SIZ: Sea Ice Zone)
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Figure C.4: Monthly mass transport of water due to a) Ekman and b) geostrophic transport. Geostrophic
transport across a particular front varies by zonal region due to the choice of depth of integration, the mixed
layer depth of the zone under consideration. (PF: Polar Front, SIE: Sea Ice Edge, ASZ: Antarctic Southern
Zone, SIZ: Sea Ice Zone)
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Figure C.5: Monthly biological flux of carbon estimated using the optimization scheme for the ASZ and
the SIZ. The shading corresponds to one standard deviation of the Monte Carlo simulation.
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Figure C.6: Monthly averaged mixed layer mass fluxes for a) the ASZ and b) the SIZ. (TEND: Tendency,
Fentrain: Entrainment flux, Fg,, rqce: Surface flux, Fyq,: Advective flux)
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Figure C.7: Annually integrated advective fluxes of mass for the ASZ and the SIZ. (F¢,;rqin: Entrainment
flux, Fyyr face: Surface flux, Fiq,: Advective flux)
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Figure C.8: Monthly averaged fluxes of DIC to and from the ASZ mixed layer as well as the budget residual
in gray. Fluxes are presented with an uncertainty of one standard deviation. Negative (positive) fluxes
remove (add) carbon from (to) the mixed layer. (TEND: Tendency, Fentrqin: Entrainment flux, Fair—seq:
Air-sea flux, F,4,: Advective flux, Fj,;,: Mixing flux, Fy;,: Biological flux)
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Figure C.9: Monthly averaged fluxes of DIC to and from the SIZ mixed layer as well as the budget residual
in gray. Fluxes are presented with an uncertainty of one standard deviation. Negative (positive) fluxes

remove (add) carbon from (to) the mixed layer. (TEND: Tendency, Fentrqin: Entrainment flux, Fair—seq:
Air-sea flux, F,4,: Advective flux, Fj,;,: Mixing flux, Fy;,: Biological flux)
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Figure C.10: Annually integrated fluxes of carbon using the SeaFlux-based air-sea flux product. (Fentrqin:
Entrainment flux, Fy;,—seq: Air-sea flux, Fq,: Advective flux, Fj,;,: Mixing flux, Fy;,: Biological flux
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Figure C.11: Monthly averaged fluxes of DIC to and from the ASZ mixed layer using the SeaFlux-based
air-sea flux product. Fluxes are presented with an uncertainty of one standard deviation. Negative (posi-

tive) fluxes remove (add) carbon from (to) the mixed layer.(TEND: Tendency, Fentrqin: Entrainment flux,
Flir—seq: Air-sea flux, F4,: Advective flux, Fj,;,: Mixing flux, Fy;,: Biological flux)
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Figure C.12: Monthly averaged fluxes of DIC to and from the SIZ mixed layer using the SeaFlux-based
air-sea flux product. Fluxes are presented with an uncertainty of one standard deviation. Negative (positive)
fluxes remove (add) carbon from (to) the mixed layer. (TEND: Tendency, Feptrain: Entrainment flux,
Flir—seqa: Air-sea flux, F4,: Advective flux, Fj,;,: Mixing flux, Fy;,: Biological flux)
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Figure C.13: Monthly averaged net advective flux of DIC and its components in the ASZ (mol C
*m‘z*day‘l). a) Net advective flux of DIC (Net ADV) and vertical advective flux of DIC (VADV). b)
Ekman advective flux of DIC from the SIZ (EKM from SIZ) and geostrophic advective flux of DIC from the
PFZ (GEO from PFZ). ¢) Ekman advective flux of DIC to the PFZ (EKM to PFZ) and geostrophic advective
flux of DIC to the SIZ (GEO to SIZ). Overlaid dotted red and green lines indicate periods where the slope
of the advection component matches the sign of the slope of the total advection.
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Figure C.14: Monthly averaged net advective flux of DIC and its components in the SIZ (mol C
*m‘z*day‘l). a) Net advective flux of DIC (Net ADV) and vertical advective flux of DIC (VADV). b)
Geostrophic advective flux of DIC from the ASZ (GEO from ASZ). There is no Ekman flux of mass into
the SIZ. c) Ekman advective flux of DIC to the ASZ (EKM to ASZ). There is no geostrophic advective flux
of DIC out the SIZ. Overlaid dotted red and green lines indicate periods where the slope of the advection

component matches the sign of the slope of the total advection.
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Figure C.15: Monthly averaged net advective flux of mass and its components in the ASZ (kg*m2*day™").
a) Net advective flux of mass (Net ADV) and vertical advective flux of mass (VADV). b) Ekman advective
flux of mass from the SIZ (EKM from SIZ) and geostrophic advective flux of mass from the PFZ (GEO
from PFZ). ¢) Ekman advective flux of mass to the PFZ (EKM to PFZ) and geostrophic advective flux of
mass to the SIZ (GEO to SIZ). Overlaid dotted red and green lines indicate periods where the slope of the
advection component matches the sign of the slope of the total advection.
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of the SIZ. Overlaid dotted red and green lines indicate periods where the slope of the advection component

Ju

Ju

Au Se Oc

matches the sign of the slope of the total advection.
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Figure C.17: Contribution to seasonal variability from each variable necessary to compute pCO using
CO2SYS for a) the ASZ and b) the SIZ. (All: we vary all variables, pH: we vary pH and set all other
variables to their annual average, etc.)
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Chapter D

Appendix: Budget Variables for Chapter 3

This appendix contains the names of the model output used to compute the OMIP budget framework and

the B-SOSE closed budget.
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Table D.1: OMIP Budget Framework Variables used in this study, including the variable name, long name,

units, and a brief description of their use.

Variable Long name Units Used for

areacello Grid-Cell Area for Ocean m? Various
Variables

deptho Sea Floor Depth Below mol m—3 Identifying the 1000m isobath
Geoid

thetao Sea Water Potential °C Computing density, identifying the
Temperature Polar Front

SO Sea Water Salinity psu Computing density

dissic Dissolved Inorganic Carbon | mol m~—3 Various
Concentration

02 Dissolved Oxygen mol m~3 Various
Concentration

mlotst Ocean Mixed Layer m Identifying the mixed layer depth
Thickness Defined by Sigma
T

siconc Sea-Ice Area Percentage % Identifying the sea ice edge
(Ocean Grid)

Z0S Sea Surface Height Above m Identifying the Polar Front
Geoid

fgco2 Surface Downward Mass kgCm=2s~! | Air-Sea flux of carbon
Flux of Carbon as CO

fgo2 Surface Downward Flux of mol m—2 s~} Air-Sea flux of oxygen
O2

wfo Water Flux into Sea Water kgm 257! Air-Sea flux of mass

umo, vmo Ocean Mass X, Y Transport | kgs™! Mass transport at zonal boundaries

tauuo, tauvo | Sea Water Surface N m—2 Ekman transport at zonal
Downward X, Y Stress boundaries
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Table D.2: B-SOSE closed budget variables used in this study, including the variable name, long name,
units, and a brief description of their use.

Variable Long name Units Used for
MLD Diagnosed mixed layer depth m Identifying the mixed
layer depth

BLGBIOC Tendency of DIC due to biology | mol m=—3 s~! Biology

surfCO2fl1x Flux of CO> due to air-sea mol m~2 s ! Air-Sea Flux
exchange

DIC Dissolved Inorganic Carbon mol m—3 Entrainment, Advection
concentration

(0D Dissolved oxygen concentration | mol m~3 Entrainment

ForcDIC DIC forcing tendency due to mol m—3 s~} Advection
freshwater flux

ForcO2 O, forcing tendency due to mol m—3 57! Advection
freshwater flux

DIC snapshot Dissolved Inorganic Carbon mol m~3 Tendency
concentration

02 snapshot Dissolved oxygen concentration | mol m~3 Tendency

ADVxDIC, Zonal, meridional, and vertical mol m—3 s~ 1 Advection

ADVyDIC, Advective Flux of DIC

ADVrDIC

ADVx02, Zonal, meridional, and vertical mol m—3 s~1 Advection

ADVyO2, Advective Flux of O

ADVrO2

WvelMass Vertical Mass-Weighted ms~! Advection
Component of Velocity

DFxEDIC, Zonal, meridional, and vertical mol m—3 s~ 1 Mixing

DFyEDIC, Diffusive Flux of DIC

DFrIDIC

DFxEO?2, Zonal, meridional, and vertical mol m—3 s~ 1 Mixing

DFyEO2, Diffusive Flux of Oy

DFrlO2

Theta Potential temperature °C Identifying the polar front

SealceArea SEAICE fractional ice-covered | m? m—? Identifying the sea ice
area [0 to 1] edge

ETAN Surface Height Anomaly m Identifying the polar front
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Chapter E

Appendix: B-SOSE Closed Budget
Methodology

In this section, we give more practical details on how to close the DIC and Oy budgets for B-SOSE using

Python.

The mixed layer closed budget includes the same budget terms as the budget framework: Tendency,
Entrainment, Advection, Mixing, Air-sea flux and Biology. These terms are related by the three-dimensional
tracer conservation equation which is solved by B-SOSE. It can be summarized by Equation 3.1 in the main
text. It is important to note that the mixed layer budget described here is extensive (ie tracer content, and not
concentration, is conserved).

Utilizing the mixed layer depth output from the model, we identify the cell whose bottom is closest to
the mixed layer depth and define all cells up to and including this one as the mixed layer.

Just like in the budget framework, the tendency for the closed budget is the time rate of change of tracer
content in the mixed layer of each zone. To quantify it, we first multiply the snapshot tracer concentration
(in mol * m~?) by the volume of each cell to find the amount of tracer in each cell at the beginning and
end of each time period (here, one month). We then sum the resulting tracer content (in mol) for all cells
corresponding to the mixed layer of each zone under study (ASZ and SIZ). Finally, we take the total tracer
content and we compute the time derivative using the difference between the snapshot at the beginning and

end of the time step, dividing by the length of time (mol/day).
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Entrainment is the process by which the mixed layer deepens and waters which were previously below
the mixed layer are now part of it. Detrainment is the opposite process by which mixed layer volume
decreases. While all other terms of the closed budget are defined for each cell of the 3D ocean model, the
entrainment term is only relevant because we are computing a budget with a time varying bottom boundary:
the mixed layer. As such, loss of precision in the closed budget that arise from using output on a coarser
time step than the one used by the original model affects this term more than the others. For this reason, flux
due to entrainment can be very sensitive to large variations in mixed layer depth from one time step to the
next. In regions where we noticed such large variations, mostly in the Weddell Sea in winter or in coastal
regions, the closed budget can have a large residual. We found that using the mixed layer depth computed
online and then averaged monthly (output provided by the B-SOSE modeling team) made the mixed layer

depth less subject to such drastic variations and improved the residual.

TdH

Ent = — 2%
=

(E.1)

T: tracer content in entrained water (mol) h: effective depth over which entrainment/detrainment is
occurring (m) H: mixed layer depth (m)

To estimate the contribution to the closed budget from entrainment and detrainment, we first identify
which cells, at the bottom of the mixed layer, have been entrained or detrained. To do so, we make a mask
where the cells within the mixed layer are equal to 1 and the cells without are equal to 0. We then calculate
the 1st order discrete difference along the time axis. The resulting array will be equal to -1 or 1 where cells
have been added or removed from the mixed layer, and O everywhere else. Using this new mask, we identify
the cells which are being entrained or detrained at each time step and sum the amount of tracer in this water.
We also identify the vertical extent of the detrained/entrained waters using the height of each cell in the
model. Once we have identified these two quantities for each cell, we can find the average concentration of
the detrained/entrained water (in mol/m) for each cell by dividing the sum by the vertical extent. Finally,
we take the tracer entrainment concentration and multiply it by the time derivative of the mixed layer depth
(in m/day), computed using the snapshot, as above for the tendency term. The resulting spatially resolved

entrainment is then summed over each zone.

The tendency of tracer due to air-sea flux is expressed in mol /m?/s. We multiply the tendency by the

194



area of the surface cells and sum the results for each zone.

Additionally, we multiply the tendency of tracer due to biology (1ol /m?/s) by the volume of the cells,
and then sum for all cells within the mixed layer of each zone.

The advective flux of tracer is made up of contributions from the zonal, meridional and vertical advec-
tion. B-SOSE computes the advective flux of each tracer online (in mol/s) in the X,y and z direction.

The position of the advection fluxes on the model grid are staggered compared to the location of other
terms like the tendency due to biology. While most budget terms are located in the center of a model grid
cell, advection (and diffusion, see below) are located on the edges of the model cells. To get the flux due
to advection for each cell in a way that will be consistent with the other fluxes, we first need to take the 1st
order discrete difference along the appropriate axis. For example, for the advective flux in the x direction,
we take the difference between neighboring cells along the x coordinate of the model. Imagining each model
cell as a box, taking this difference between the values at the cell edges (the advection entering and exiting
the box along the zonal direction) gives us the net zonal advection for the cell center (the net zonal advection
for the box as a whole). We repeat this step for all 3 components of the advection.

The vertical advective flux requires adjustments to handle boundary conditions. First, we set the flux for
the bottom cell to 0 as there is no flux through the sea floor. At the surface, we need to make an adjustment
for the flux of tracer due to the surface freshwater flux. We take the vertical mass-weighted component of
velocity (WvelMass in m/s) at the surface and multiply it by the tracer concentration at the surface (mol/m3)
and by the area of the cell (m2). From this flux (in mol/s), we then subtract the tendency of the tracer due to
freshwater converted to the right units using the volume of the cell. The resulting quantity should be set as
the vertical advective flux at Z=0. Finally, note that these adjustments to the vertical advective flux should

be made before taking the discrete difference described above.

sfeflx = a x WvelMass,—g + [T],=0 — D * V,—¢ (E.2)

[T]: tracer concentration (mol /m?)
WvelMass: vertical mass-weighted component of velocity (m/s)
a: area of the cell (m?)

D: tendency due to freshwater flux i.e. dilution (1ol /m3/s)
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V': volume of the cell (m?)

To ensure consistence between the components of the advection, we multiply the horizontal advective
flux by -1. We then select the cells which are part of one zone’s mixed layer depth and take the sum of each
component of advection for these cells. We add the zonal, meridional and vertical components of advection
to obtain the total advective flux.

The method for finding the mixing term is similar to the method for advection. We utilize the diffu-
sive flux in the zonal, meridional, and vertical directions for each tracer (in mol/s). We also calculate the
difference between adjacent values of the diffusive flux along the appropriate coordinates. For the vertical
diffusive flux, we set the bottom flux to 0 (no correction is required at the surface) and sum the cells for the

mixed layer of each zone.
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Chapter F

Appendix: Additional Figures for Chapter 3

This Appendix contains additional figures for Chapter 3.
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Figure F.1: Advection Components for the B-SOSE Closed Budget (leftmost panel), Budget Framework
(middle panel) and the difference between them (rightmost panel) for a) the ASZ DIC budget, b) the SIZ
DIC budget, c) the ASZ O, budget, b) the SIZ O budget. The output presented is for the year 2018 and the
purpose is for method validation. ADV: Total tracer advection; HADV: Horizontal tracer advection; VADV:
Vertical tracer advection.
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Figure F.2: Location of the Polar front (top panel) and the sea ice edge (bottom panel) for all models used
in this analysis
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Figure F.4: a) Seasonal cycle of mixed layer alkalinity for all datasets. b) Seasonal cycle of normalized
mixed layer alkalinity for all datasets. We normalize by subtracting the time-team for each dataset. c)
Seasonal cycle of normalized mixed layer alkalinity for models only.
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Figure F.5: Takahashi Decomposition of the seasonal variability of pCO between the Temperature, Salin-
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Figure F.6: Profile of the total transport of DIC across the Polar front for the OMIP2 models. Positive
values indicate that the transport is exiting the zone which is located south of the front. Note that the
transport shown here is the sum of meridional and zonal transport across the front. The zonal component
exists because the front does not follow a parallel of constant latitude. The dashed line indicates the spatially
averaged mixed layer depth. The black arrows indicate the sign of the vertical velocity.
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Figure E.7: Profile of the total geostrophic velocity across the Polar front integrated along the front com-
puted from observational products. Positive values indicate that water is exiting the zone which is lo-
cated south of the front. Note that the integrated velocity shown here is the sum of meridional and zonal
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Figure F.9: Profile of the meridional mass transport for the OMIP2 models at at latitudes and longitudes
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latitude and corresponds to the green highlighted portion of the map. The bottom row is averaged from 120
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indicate northward transport. The dashed line indicates the spatially averaged mixed layer depth.
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a) Using spatially varying mixed layer depth
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Figure F.11: Zone-averaged vertical mass transport for OMIP models computed directly from model output
using a) a spatially-varying mixed layer depth and b) a zone-averaged mixed layer depth. Positive values
indicate upwelling.
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Figure F.12: a) Zone-averaged primary organic carbon production by all types of phytoplankton for OMIP
models except CanESMS5 (output does not exist). b) Mass concentration of total phytoplankton expressed
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Figure F.13: Budget framework results for the observation-based estimate for the years 2014-2020. The
top row is for the dissolved inorganic carbon budget and the bottom row for the dissolved oxygen budget.
The left column is for the ASZ and the right column for the SIZ. The error bars are from a Monte Carlo
simulation. (ASZ: Antarctic Southern Zone; SIZ: Sea ice Zone, CONC: Tendency - Entrainment; ADV:
Advection flux; MIX: Mixing flux; BIO: Biological flux; ASF: Air-sea flux; RES: residual of the budget
framework)
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Figure F.14: Budget framework results for B-SOSE for the years 2014-2018. The top row is for the dis-
solved inorganic carbon budget and the bottom row for the dissolved oxygen budget. The left column is
for the ASZ and the right column for the SIZ. The error bars are the difference between the closed budget
and the framework budget from the method validation of B-SOSE, taken as a percentage and multiplied by
the average magnitude of each flux. (ASZ: Antarctic Southern Zone; SIZ: Sea ice Zone, CONC: Tendency
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Figure F.15: Budget framework results for OMIP2 ACCESS-OM?2. The top row is for the dissolved inor-
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work budget from the method validation of B-SOSE, taken as a percentage and multiplied by the average
magnitude of each flux. (ASZ: Antarctic Southern Zone; SIZ: Sea ice Zone, CONC: Tendency - Entrain-
ment; ADV: Advection flux; MIX: Mixing flux; BIO: Biological flux; ASF: Air-sea flux; RES: residual of
the budget framework)
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Figure F.16: Budget framework results for OMIP1 CanESMS5. The top row is for the dissolved inorganic
carbon budget and the bottom row for the dissolved oxygen budget. The left column is for the ASZ and the
right column for the SIZ. The error bars are the difference between the closed budget and the framework
budget from the method validation of B-SOSE, taken as a percentage and multiplied by the average mag-
nitude of each flux. (ASZ: Antarctic Southern Zone; SIZ: Sea ice Zone, CONC: Tendency - Entrainment;
ADV: Advection flux; MIX: Mixing flux; BIO: Biological flux; ASF: Air-sea flux; RES: residual of the
budget framework)
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Figure F.17: Budget framework results for OMIP2 MRI-ESM2-0. The top row is for the dissolved inor-
ganic carbon budget and the bottom row for the dissolved oxygen budget. The left column is for the ASZ
and the right column for the SIZ. The error bars are the difference between the closed budget and the frame-
work budget from the method validation of B-SOSE, taken as a percentage and multiplied by the average
magnitude of each flux. (ASZ: Antarctic Southern Zone; SIZ: Sea ice Zone, CONC: Tendency - Entrain-
ment; ADV: Advection flux; MIX: Mixing flux; BIO: Biological flux; ASF: Air-sea flux; RES: residual of
the budget framework)
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Figure F.18: Budget framework results for OMIP1 MRI-ESM2-0. The top row is for the dissolved inor-
ganic carbon budget and the bottom row for the dissolved oxygen budget. The left column is for the ASZ
and the right column for the SIZ. The error bars are the difference between the closed budget and the frame-
work budget from the method validation of B-SOSE, taken as a percentage and multiplied by the average
magnitude of each flux. (ASZ: Antarctic Southern Zone; SIZ: Sea ice Zone, CONC: Tendency - Entrain-
ment; ADV: Advection flux; MIX: Mixing flux; BIO: Biological flux; ASF: Air-sea flux; RES: residual of
the budget framework)
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Figure F.19: Budget framework results for OMIP2 NorESM2-LM. The top row is for the dissolved inor-
ganic carbon budget and the bottom row for the dissolved oxygen budget. The left column is for the ASZ
and the right column for the SIZ. The error bars are the difference between the closed budget and the frame-
work budget from the method validation of B-SOSE, taken as a percentage and multiplied by the average
magnitude of each flux. (ASZ: Antarctic Southern Zone; SIZ: Sea ice Zone, CONC: Tendency - Entrain-
ment; ADV: Advection flux; MIX: Mixing flux; BIO: Biological flux; ASF: Air-sea flux; RES: residual of
the budget framework)
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Figure F.20: Budget framework results for OMIP1 NorESM2-LM. The top row is for the dissolved inor-
ganic carbon budget and the bottom row for the dissolved oxygen budget. The left column is for the ASZ
and the right column for the SIZ. The error bars are the difference between the closed budget and the frame-
work budget from the method validation of B-SOSE, taken as a percentage and multiplied by the average
magnitude of each flux. (ASZ: Antarctic Southern Zone; SIZ: Sea ice Zone, CONC: Tendency - Entrain-
ment; ADV: Advection flux; MIX: Mixing flux; BIO: Biological flux; ASF: Air-sea flux; RES: residual of
the budget framework)
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Figure F.21: Annually Integrated Fluxes of DIC (a and b) and Oz (¢ and d) for the ASZ (a and ¢) and SIZ
(b and d). (ASZ: Antarctic Southern Zone, SIZ: Sea Ice Zone)
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Figure F.22: Vertical gradient in DIC concentration at the base of the mixed layer for the SIZ. (SIZ: Sea Ice
Zone)
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Figure F.23: Horizontal and Vertical advection of DIC computed using different methods for a) the ASZ
and c) the SIZ. Net DIC advection (horizontal + vertical) computed using different methods for b) the
ASZ and d) the SIZ. “Closed budget”: uses the DIC advection output computed online during model run,
summed over all cells part of the mixed layer of the zone. “Closed budget zone-averaged mld”: same as for
the “Closed budget” but we set the mixed layer depth of all cells to be equal to the averaged mixed layer
depth (no spatial variation in mixed layer depth). “Framework”: total volume transport at the horizontal
zone boundaries (PF and SIE) is multiplied by the DIC concentration averaged at the front. “3Dmask”:
volume transport at each cellwise boundary between the mixed layer of the zone and the rest of the domain
is multiplied by the cellwise concentration of DIC. We then take the sum. (ASZ: Antarctic Southern Zone,
SIZ: Sea Ice Zone, SIE: Sea Ice Edge, PF: Polar front)
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Figure F.24: Seasonal cycle in Ocean pCO» for all models and also for OMIP2 MRI and NOR models at
the OMIP1 years (2005-2009).
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Figure F.25: Concentration of DIC in waters entrained or detrained for all datasets. Dots indicate a month
of entrainment ({MLD/dt > 0).
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Chapter G

Appendix: Additional Figures for Chapter 4

This Appendix contains additional figures for Chapter 4.
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Figure G.1: Drivers of pCO; variability in the a) Indian, b) Atlantic and c) Pacific basin of the ASZ over
the seasonal cycle. (ASZ: Antarctic Southern Zone)
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Annual Mixed Layer Mixing DIC Fluxes (mol/m2/yr)
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Figure G.2: Annually integrated mixed layer DIC a) net mixing, b) horizontal mixing and c) vertical mixing.
The contours plotted represent the Polar front (northern contour) and the sea ice edge (southern contour),
and define the ASZ. (ASZ: Antarctic Southern Zone)

Annual Mixed Layer Advective DIC Fluxes (mol/m2/yr)
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Figure G.3: Annually integrated mixed layer DIC a) net advection, b) horizontal advection and c) vertical
advection. The contours plotted represent the Polar front (northern contour) and the sea ice edge (southern
contour), and define the ASZ. (ASZ: Antarctic Southern Zone)
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Mixed layer DIC Fluxes integrated over latitude for the ASZ (mol/m?/yr)
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Figure G.4: Annually and latitudinally integrated mixed layer DIC a) net advection, b) vertical advection, c¢)
horizontal advection, d) horizontal advection smoothed with a window witdh of 60 cells, e) zonal advection,
f) meridional advection for the ASZ. (ASZ: Antarctic Southern Zone)
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Annual DIC Tendency and Entrainment Flux (mol/m2/yr)
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Figure G.5: Annually integrated mixed layer DIC a) tendency, b) entrainment flux and c) tendency minus
entrainment flux. The tendency is the time derivative of the amount of DIC in the mixed layer. The tendency
minus entrainment flux is equal to the temporal change in mixed layer DIC concentration multiplied by the
mixed layer depth. The contours plotted represent the Polar front (northern contour) and the sea ice edge
(southern contour), and define the ASZ. (ASZ: Antarctic Southern Zone)
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Figure G.6: a) Annually and latitudinally integrated mixed layer DIC entrainment flux for the ASZ. b)
Latitudinally averaged annual change in mixed layer depth for the ASZ. (ASZ: Antarctic Southern Zone)
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Figure G.7: a) Annually and latitudinally integrated mixed layer DIC mixing flux for the ASZ. b) Annually
and latitudinally averaged surface ocean pCOs, ¢) surface ocean DIC concentration, d) surface ocean tem-
perature for the ASZ, and e) mixed layer depth. The horizontal colored dotted lines correspond to the zonal
average of the respective variable. (ASZ: Antarctic Southern Zone)
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