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Abstract: The Southern Ocean (SO) is crucial for global climate regulation by absorb-
ing excess heat and anthropogenic CO2. However, representing air-sea heat fluxes in
climate models remains a challenge, particularly in regions characterised by strong ocean–
atmosphere–sea ice interactions. This study analysed air–sea heat fluxes over the SO
using four products and seven CMIP6 HighResMIP pairs, comparing the mean state and
trends (1985–2014) of sensible and latent heat fluxes (SHF and LHF, respectively) and
the impact of grid resolution refinement on their estimation. Our results revealed signif-
icant discrepancies across datasets and SO sectors, with LHF showing more consistent
seasonal performance than SHF. High-resolution models better capture air–sea heat flux
variability, particularly in eddy-rich regions, with climatological mean differences reaching
±20 W.m−2 and air–sea exchange variations spreading up to 30%. Most refined models
exhibited enhanced spatial detail, amplifying trend magnitudes by 30–50%, with even
higher values observed in some regions. Furthermore, the trend analysis showed signifi-
cant regional differences, particularly in the Pacific sector, where air–sea heat fluxes showed
heightened variability. Despite modelling advances, discrepancies between datasets re-
vealed uncertainties in climate simulations, highlighting the critical need for continued
improvements in climate modelling and observational strategies to accurately represent SO
air–sea heat fluxes.

Keywords: Southern Ocean; ocean–atmosphere interaction; air–sea heat flux; CMIP6
HighResMIP; reanalysis

1. Introduction
Sensible and latent heat fluxes represent the principal contributors to energy exchange

between the ocean and atmosphere, primarily driven by thermal gradients, ocean evap-
oration and sea ice melting [1,2]. This understanding of the energy cycle serves as a key
indicator of how the ocean influences climate, weather, and their extremes and how the
atmosphere drives ocean variability [3–5]. Short- and long-term variations in air-sea heat ex-
change can affect the spatial patterns and intensity of storm tracks, droughts, and floods [5].
Additionally, these variations in surface heat fluxes are also linked to climate variability
such as the North Atlantic Oscillation, Southern Annular Mode, and El Niño Southern
Oscillation [4,6,7].

The Southern Ocean (SO) plays a fundamental role in global climate regulation by
absorbing approximately 75% of excess heat and 40% of anthropogenic CO2 emissions, help-
ing to mitigate the impact of human-induced greenhouse gas emissions [8–12]. Covering
about 20% of the global ocean and connecting major ocean basins, the SO is a dynamically
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complex region marked by intense air-sea fluxes of heat, momentum, gases, and fresh
water, primarily driven by the Antarctic Circumpolar Current (ACC) and strong westerly
winds [1,12–14]. This dynamic system is characterised by strong currents, sharp ocean
fronts, intense mesoscale activity, and high mixed-layer depth variability [15–17].

Oceanic mesoscale features, ranging from tens to hundreds of kilometres, include
eddies, fronts, and meanders, which play a crucial role in ocean circulation, heat transport,
and air–sea interactions. In oceanic frontal regions, variations in Sea Surface Tempera-
ture (SST) influence wind speed, turbulence, and air–sea-ice heat and momentum fluxes,
modifying vertical mixing and atmospheric stability [18–21]. These processes can lead to
rapid local changes in the Marine Atmospheric Boundary Layer (MABL), impacting cloud
formation, precipitation patterns, and the intensification of frontal systems [18,20,22–24].

The SO regional variability in air–sea heat fluxes has not been well quantified, making
it difficult to understand its influence on the global climate system [1,2,25–28]. Over the last
decades, observational and modelling research has highlighted the critical role of air-sea
and air-sea-ice fluxes and their impacts on oceanic heat and carbon uptake, influencing
several regional and global physical and biogeochemical processes [3,7,15,16,25,29].

However, smaller-scale air-sea processes are often not explicitly represented in some
databases, limiting studies that require high-resolution analysis. Additionally, in situ
measurements used to estimate air-sea heat fluxes are sparse and limited in both spatial
and temporal coverage, restricting the information needed to estimate the variability in air–
sea heat fluxes and creating challenges in understanding the environmental dependencies
of air-sea interactions [4,16,25,30]. According to Swart et al. [16], this measurement gap
is notably pronounced during autumn, winter months or any time in regions affected by
seasonal or permanent sea ice. Regarding this, numerical models, despite their limitations,
are powerful tools for investigating meso- and micro-scale processes at the air-sea interface,
particularly in high latitudes.

In this context, the Coupled Model Intercomparison Project Phase 6 (CMIP6) High-
Resolution Model Intercomparison Project (HighResMIP) framework, specifically designed
to investigate the effects of resolution on several key processes of the climate system,
provides an opportunity for the comprehensive analysis of coupled ocean-atmosphere
dynamics and the impact of increasing resolution in climate simulations [29,31–34]. Recent
studies suggest that simulated air-sea heat fluxes are sensitive to changes in the grid
resolution of climate models (e.g., [31,32,35–40]). Wu et al. [41] examined the sensitivity of
simulated global air-sea heat fluxes at three different horizontal model resolutions. They
found that increasing horizontal model resolution leads to improved air-sea heat flux
simulations at mid-high latitudes, where strong SST gradients dominate, while suppressing
heat fluxes in the tropics. Docquier et al. [35] also emphasise that high resolution plays a
key role in accurately representing ocean-atmosphere interactions.

The ability of climate models to simulate air-sea heat fluxes in the SO remains a topic
of debate within the scientific community. Here, we investigate seasonal climate patterns
(historical means and trends), with particular emphasis on how increased grid resolution
impacts the representation of air-sea heat fluxes. Our research aims to contribute to the
ongoing efforts and advances in this field using different products and CMIP6 HighResMIP
simulations. Section 2 describes the methodology and air-sea heat flux datasets used in this
study. Section 3 presents the seasonal variations by comparing air–sea heat flux products
with Low- and High-Resolution Multi-Model Ensembles (LR and HR MMEs). Additionally,
this section evaluates the grid resolution sensitivity of seven individual HighResMIP HR
models with their LR counterparts. Finally, Section 4 summarises our conclusions and
outlines recommendations for future research.
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2. Methodology
To investigate variations in turbulent air-sea sensible and latent heat fluxes (SHF and

LHF), we used four monthly products (OAFlux, CFSR, ERA5, and SeaFlux) and seven
pairs of low- and high-resolution coupled climate models from the CMIP6 HighResMIP
framework. We analysed the 30-year climatological mean and trends for austral summer
(DJF) and winter (JJA) from 1985 to 2014, using a common period for all products except
SeaFlux due to its limited availability (1988–2017). To assess the impact of increased
resolution and for consistency in further intercomparisons, all datasets were interpolated to
a uniform grid resolution of 1◦ × 1◦ lat/lon using the Climate Data Operators (CDO) [42]
tool, and a landmask was applied.

The Southern Ocean is characterised by several prominent ocean fronts, arranged
from north to south: the Subtropical Front (STF), Subantarctic Front (SAF), Polar Front (PF),
Southern ACC Front (sACCF), and Southern Boundary (sBdy) front. These fronts delineate
three primary inter-frontal zones, each with distinct hydrochemical and hydrophysical
properties: the Subantarctic Zone (SAZ) between the STF and SAF, the Polar Frontal Zone
(PFZ) between the SAF and PF, and the Antarctic Zone (AZ) south of the PF [15,43,44].
South of 63◦ S lies the Marginal Ice Zone (MIZ), marking the transition area between
the open ocean and compacted ice. This region is characterised by intense interactions
between the ocean, sea ice, and atmosphere [45–47]. The study area is mainly concentrated
between SAZ and PFZ, a mostly ice-free latitudinal range of the SO between 50◦ S and 63◦ S
that encompasses the core of the circumpolar westerly jet and a substantial portion of the
ACC [48]. This latitudinal band avoids the limitations associated with COARE algorithms
(OAFlux and SeaFlux), which do not account for air–sea heat fluxes in the presence of sea
ice. Upward air–sea heat flux is defined here as a positive value, representing heat loss
from the ocean to the atmosphere [30,49].

A Taylor diagram was used to statistically evaluate the similarities and differences
between the datasets, using ERA5 as a reference [50–52]. Here, we do not assume ERA5 as
the most appropriate or definitive reanalysis product for turbulent surface fluxes; however,
its widespread use in weather and climate studies makes it a suitable reference for com-
paring and evaluating other products and models (e.g., [1,2,30,50,53]). It is important to
note that this study does not aim to identify the ‘best’ model or product. The limitations
of sparse spatio-temporal in situ data and uncertainties in air-sea parameterisations make
an objective choice difficult [4,25,30,53,54]. This highlights the importance of carefully
selecting air-sea heat flux products to align with research objectives [54,55].

2.1. CMIP6 HighResMIP Model Outputs

The HighResMIP protocol utilises climate models with finer spatial resolutions, typi-
cally around 25 km or less, within a simplified framework that involves only the physical
climate system with fixed forcing conditions from the 1950s (e.g., greenhouse gases, ozone,
and aerosols) [33,34]. This protocol contributes significantly to the Intergovernmental Panel
on Climate Change (IPCC) by evaluating and improving the representation of climate
processes in global models, with particular focus on the effects of horizontal resolution. It
enables model intercomparison, identifying common strengths and weaknesses, while ad-
vancing our understanding of regional mean climate and its variability [29,33]. We selected
seven pairs of low- and high-resolution coupled models (LR and HR, respectively) from
the chosen CMIP6 HighResMIP historical experiment (hist-1950) based on the availability
of turbulent heat flux data (Table 1). The models vary in both oceanic and atmospheric
grid configurations, except for the CMCC and MPI models, which modify only the at-
mospheric grid resolution. Five models use different versions of the NEMO (Nucleus for
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European Modelling of the Ocean) oceanic module. Notably, the CESM distinguishes itself
by incorporating two vertical levels in its oceanic model, in addition to horizontal changes.

Estimates of air-sea heat flux depend on bulk formulas based on the Monin-Obukhov
Similarity Theory (MOST). However, HighResMIP models are developed by different mod-
elling centres, each implementing distinct parameterisation schemes for diverse processes,
including surface stability parameters. Consequently, these models do not use a uniform
surface stability function for heat flux calculations. The main differences among the models
that influence heat flux estimates include planetary boundary layer schemes, stability
functions, dynamic core and coupling methods (e.g., explicit or implicit flux calculations),
and surface roughness values [33,56,57]. The impact of different parameterisations on flux
estimates should be further investigated in future studies and is not within the scope of
this work.

In general, the atmospheric grid resolution increases from 2.5◦–0.5◦ to 1◦–0.25◦, and
the oceanic resolution increases from 1◦–0.5◦ to 0.5◦–1/12◦. Ocean models are classified into
three regimes based on the Rossby radius: eddy-parameterised (0.5◦–1◦), eddy-permitting
(or eddy-present, 0.25◦–0.5◦), and eddy-resolving (or eddy-rich, ≤0.1◦) [31,36]. However,
due to the small baroclinic Rossby radius of deformation at high latitudes (<10 km), most
HighResMIP models do not resolve mesoscale oceanic eddies in subpolar convection
regions. The Rossby radius represents the length scale at which the effects of rotation
become significant as buoyancy or gravity wave effects. This parameter is essential for
accurately representing mesoscale eddies, boundary currents, fronts, and topographic flows
and for improving the representation of the mean climate state [29,31,39,58].

Table 1. Air-sea heat flux datasets with their atmospheric, land, ocean, and sea ice components.

Datasets Model Short
Name

Model Components

Atmosphere—Land Ocean—Sea Ice

SEAFLUX SAT, wind and humidity (0.25◦) SST (0.25◦)—global ice free ocean

ERA5
HRES 4D-Var
31 km (TL639)
137 levels to 1 Pa

SST:
HadISST2.1 (0.25◦)
OSTIA (0.05◦)
ocean waves: 0.36◦

SIC:
HadISST2.0 (0.25◦)
OSI SAF (0.05◦)

CFSR NCEP GFS
T382 ~38 km; 64 levels

GFDL MOM4—GFDL SIS
0.25–0.5◦; 40 levels

OAFLUX SAT, wind and humidity (1◦) SST (1◦)—global ice free ocean

CESM1-CAM5-SE-LR
CESM1-CAM5-SE-HR
[59]

CESM-L
CESM-H

CAM5.2—CLM4
1◦ (48,602 cells)
0.25◦ (777,602 cells)
30 levels; top level 2.25 mb

POP2—CICE4
0.25◦ (320 × 384), 60 levels
1/10◦ (3600 × 2400), 62 levels
top grid cell 0–10 m

CMCC-CM2-HR4
CMCC-CM2-VHR4
[60]

CMCC-L
CMCC-H

CAM4—CLM4.5
1◦ (288 × 192)
0.25◦ (1152 × 768)
26 levels top at ~2 hPa

NEMO 3.6—CICE4
ORCA025 (1442 × 1051)
50 levels top grid cell 0–1 m

CNRM-CM6-1
CNRM-CM6-1-HR
[61]

CNRM-L
CNRM-H

Arpege 6.3—Surfex 8.0c
1◦ (T127)
0.5◦ (T359)
91 levels top level, 78.4 km)

NEMO 3.6—Gelato 6.1
eORCA1 (362 × 294)
eORCA025 (1442 × 1050)
75 levels; top grid cell 0–1 m
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Table 1. Cont.

Datasets Model Short
Name

Model Components

Atmosphere—Land Ocean—Sea Ice

EC-Earth3P-LR
EC-Earth3P-HR
[62]

EC-Earth-L
EC-Earth-H

IFS cy36r4—HTESSEL
TL255 (512 × 256)
TL511 (1024 × 512)
91 levels top level 0.01 hPa

NEMO 3.6—LIM3
ORCA1 (362 × 292)
ORCA025 (1442 × 1921)
75 levels; top grid cell 0–1 m

ECMWF-IFS-LR
ECMWF-IFS-HR
[63]

ECMWF-L
ECMWF-H

IFS cy43r1—HTESSEL
TCO199 (800 × 400)
TCO399 (1600 × 800)
91 levels; top level 0.01 hPa

NEMO 3.4—LIM2
ORCA1 (362 × 292)
ORCA025 (1442 × 1021)
75 levels; top grid cell 0–1 m

HadGEM3-GC31-LL
HadGEM3-GC31-HH
[32]

HadGEM-L
HadGEM-H

MetUM—JULES
N96 (192 × 144)
N512 (1024 × 768)
85 levels; top level 85 km

NEMO-3.6—CICE5.1
eORCA1 (360 × 330)
eORCA12 (4320 × 3604)
75 levels; top grid cell 0–1 m

MPI-ESM1.2-HR
MPI-ESM1-2-XR
[64]

MPI-L
MPI-H

ECHAM6.3—JSBACH3.20
T127 (384 × 192)
T255 (768 × 384)
95 levels; top level 0.01 hPa

MPIOM1.6.3
TP04 (802 × 404)
40 levels; top grid cell 0–12 m

2.2. ERA5

ERA5, developed by the European Centre for Medium-Range Weather Forecasts [65,66],
is recognised as one of the most advanced reanalysis datasets and is widely used in clima-
tology, hydrology, oceanography, and meteorology. This dataset integrates an extensive
array of observations obtained from satellites and in situ stations, offering horizontal reso-
lution with refined atmospheric physics and a revised snow scheme [66]. ERA5 provides
hourly outputs at a native grid resolution of 31 km with 137 vertical levels in the Integrated
Forecasting System (IFS) Cy41r2, covering atmospheric, oceanic, and land surface variables
on a 0.25◦ regular grid from 1940 onwards. Here, we used ‘monthly averaged reanalysis’
data from the Copernicus Climate Data Store [67] from 1985 to 2014. The atmospheric
model is coupled with land surface (HTESSEL) and ocean wave (WAM) models. Surface
heat flux is parameterised via a bulk algorithm based on the MOST, which accounts for
different surface types (land, ocean, or sea ice) with specific stability functions and surface
roughness lengths, computing outputs from the ocean wave model in a coupled mode [66].
Following CMIP recommendations, ERA5 considers the dynamics of greenhouse gases,
ozone, aerosols, and volcanic eruptions and maintains consistency in reconstructing SST
and sea ice [66]. The model is forced by prescribed SST and Sea Ice Concentration (SIC) data
from the MetOffice Hadley Centre up to 2007 at a 0.25◦ grid resolution, after which it uses
higher-resolution data from the MetOffice’s OSTIA product (0.05◦) and the EUMETSAT
OSI-SAF dataset for SIC [66–68].

2.3. CFSR

The National Centers for Environmental Prediction’s (NCEP) Climate Forecast System
Reanalysis (CFSR) [69], a fully coupled atmosphere–ocean–land model, was operational
from 1979 until it was replaced by the NCEP Climate Forecast System Version 2 (CFSv2) in
March 2011 [70]. Here, we used the ‘regular monthly mean product’ from the University
Corporation for Atmospheric Research (UCAR) Research Data Archive. The CFSR uses
the NCEP Global Forecast System (GFS) for the atmosphere and the Geophysical Fluid
Dynamics Laboratory (GFDL) Modular Ocean Model version 4 (MOM4) for the ocean,
along with the Global Ocean Data Assimilation System (GODAS). While the CFSR did
not employ simultaneous coupled data assimilation for the atmosphere and ocean, the
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CFSv2 includes significant upgrades to practically all aspects of data assimilation and
forecast modelling. The global atmosphere resolution is ~38 km (T382) with 64 vertical
levels, and the global ocean resolution is 0.25◦ at the equator, degrading to 0.5◦ beyond
the tropics, with 40 vertical levels. The surface heat flux in the CFSR/CFSv2 uses bulk
formulas and applies empirical equations to extend the MOST across various stability
regimes, incorporating modifications to the heat and moisture roughness lengths [53,70].

2.4. SeaFlux and OAFlux: COARE-Based

SeaFlux and OAFlux datasets use a neural network emulator from the Coupled Ocean–
Atmosphere Response Experiment (COARE) bulk flux algorithm to estimate near-surface
turbulent heat fluxes [71]. The COARE algorithm, developed by the Tropical Ocean Global
Atmosphere-COARE (TOGA-COARE) field programme to study air-sea coupling pro-
cesses [72], applies the MOST to account for atmospheric stability, gustiness, and surface
roughness, based on the Liu–Katsaros–Businger methodology [73]. Turbulent heat fluxes
are parameterised from bulk quantities: SST, near-surface air temperature, humidity, and
wind speed [72]. Initially designed for low to moderate winds, the algorithm was updated
for higher-wind conditions, improving its accuracy for wind speeds up to 20 m.s−1 after
modifying the roughness representation with accuracies of 5% and 10% for wind speeds of
0–10 m.s−1 and 10–20 m.s−1, respectively [72]. However, the algorithm tends to underesti-
mate surface stresses and Charnock coefficients in strong winds while overestimating them
in low winds. The latest version, COARE v3.5, incorporates enhanced surface roughness
and drag coefficient parameterisations based on extensive oceanic field observations [74].

The SeaFlux project (SeaFluxV3), managed by the Global Energy and Water Cycle
Experiment (GEWEX) and Climate and Ocean: Variability, Predictability and Change
(CLIVAR) under the World Climate Research Programme (WCRP), uses COARE v3.5 [75],
to provide high-resolution (0.25◦) satellite-based data on near-surface winds, humidity, and
temperature over the global ice-free ocean from 1988 to 2018 [32]. SST data are sourced
from the NOAA Daily Optimally Interpolated Sea Surface Temperature (OISST) product,
which merges in situ and satellite data. Here, we used the ’monthly mean products’ from
the NASA Global Hydrometeorology Resource Center Distributed Active Archive Center
for 1988–2017.

The Woods Hole Oceanographic Institution’s (WHOI) Objectively Analyzed Air–Sea
Fluxes (OAFlux) dataset, available from 1958 to 2019 at a 1◦ spatial resolution, is a hybrid
product that combines data from field observations, satellites, and numerical weather
prediction (NWP) reanalysis with OISST-derived SST data. OAFlux estimates surface
turbulent heat fluxes using COARE v3.0 with input data at a 0.25◦ resolution. Here, we
used monthly mean data from the WHOI OAFlux project [76].

3. Results and Discussion
The evaluation of the datasets was initially performed using a Taylor diagram

(Figure 1). We then compared the products with the Multi-Model Ensemble (MME),
a common approach in climate research, and analysed individual models to assess the
impact of increasing grid resolution on the air–sea heat flux estimates (Figures 2–5). Here,
the term ‘products’ refers to the OAFlux, CFSR, ERA5, and SeaFlux datasets, and the short
model names defined in Table 1 are used for individual HighResMIP models.

3.1. Taylor Diagram

The analysis revealed that SHF are statistically less representative than LHF in evalu-
ating seasonal performance compared to ERA5 within the 50–63 ◦S latitude band (Figure 1).
While the standard deviation ranges of the flux components were similar (0.7 < std < 1.4),
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LHF exhibited a stronger correlation (r > 0.85) than SHF. The SHF correlation varied signif-
icantly between seasons, showing a wider correlation strength (0.1 < r < 0.9) in summer
(Figure 1a) and moderate–strong correlations (0.6 < r < 1) in winter (Figure 1b). This sug-
gests that SHF are more sensitive to measurement and parameterisation errors, especially on
subseasonal and seasonal timescales [53], which may be attributed to the accuracy of param-
eters, including air–sea temperatures, wind, and humidity, in flux estimates [27,53,77,78].

For SHF, the CFSR data showed the most pronounced seasonal variation, with the
highest std and better correlations observed in the cold season. The MMEs showed stronger
SHF correlations in winter (r ≈ 0.8) than in summer (0.4 < r < 0.5). Among individual
models, MPI-L (CNRM-L) simulated the most pronounced seasonal variations in SHF, ∆std
± 0.25, with a higher std in summer (winter). SHF correlations among models were more
dispersed and weaker in summer (r < 0.5) than in winter (r > 0.6).

Among the products, CFSR and SeaFlux exhibited the lowest (std ~0.9) and highest
(std ~0.7) LHF seasonal variations, respectively. The MMEs indicated that HR models
demonstrated better consistency with ERA5 than LR models in simulating both LHF and
SHF. For LHF, when examining individual models, the std ranged from 0.7 to 1.3 (~0.8 to
1.4) in summer (winter), with MPI-L and CMCC-H displaying extreme std values. Notably,
MPI-H exhibited the most pronounced seasonal variability, with larger error and lower r
values during the warm season. Furthermore, the HadGEM-H and EC-Earth-H (MPI-H
and CNRM-H) models outperformed the others in simulating summer (winter) conditions,
with the smallest deviation from the reference.

The sensitivity to increased grid resolution varied among models and seasons. CESM
exhibited heightened sensitivity to grid resolution in summer, while ECMWF showed
greater sensitivity during winter for both heat flux components. For SHF performance, the
EC-Earth and MPI models showed minimal differences between versions during summer,
while HadGEM showed the smallest version differences during winter. EC-Earth models
consistently displayed the lowest LR–HR LHF differences in both seasons. The analyses
showed that some individual HighResMIP models demonstrated satisfactory performance
in simulating fluxes, although MMEs consistently underestimated these fluxes compared to
single-model outputs. These findings emphasise the importance of understanding seasonal
discrepancies in air-sea heat flux datasets to enhance the reliability of climate projections,
particularly in data-sparse regions. We suggest that to identify and quantify sources of
uncertainty and variability in these parameters, comprehensive analyses must consider, for
example, model-specific characteristics, including their unique parameterisation schemes
and grid resolution configurations [4,53,55].

3.2. Climatological Mean State

Figure 2 shows the seasonal mean patterns of SHF and LHF from 1985 to 2014 based
on MMEs and products and highlights notable spatial differences. For SHF, most products
indicated heat directed out of (into) the ocean in the Indian and Pacific (Atlantic) sectors,
with variations of approximately ±15 W.m−2 (Figure 2.1,5a) during summer. Among
the products, the CFSR stands out as providing the most discrepant spatio-temporal
patterns, displaying predominantly negative SHF values in all sectors, extending poleward
up to ~70◦ S in summer (Figure 2.1b). SeaFlux and ERA5 exhibited some similarities
in spatial pattern positioning in summer; however, ERA5 covered larger areas of ocean
heat gain, while the positive values (ocean heat loss) were less intense than for SeaFlux
(Figure 2.1,5a). Spatially, SHF MMEs aligned relatively well with SeaFlux (Figure 2.1d–1f),
differing primarily in magnitude (Figure 2.1,2).
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Figure 1. Taylor diagram for (a) DJF and (b) JJA. Markers indicate individual datasets, with numbers
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markers indicate the MMEs.

These summer patterns result from combined air–sea and air–sea ice interactions,
including solar radiation, air-sea temperature gradients, wind forcing, and ocean circulation.
According to Cai et al. [9], most of the increased ocean heat uptake observed between 50 and
65◦ S is primarily driven by enhanced longwave radiation (greenhouse gas emissions
trapping more heat in the atmosphere), increased SHF (atmosphere warming faster than
the ocean), reduced shortwave radiation (increased cloud cover due to poleward-shifting
storm tracks), and decreased evaporative heat flux from the ocean (weakened easterlies
and reduced shortwave radiation diminish evaporation rates). During winter, positive SHF
values ranged from ~10 to 40 W.m−2 across all ocean basins in the SAZ (Figure 2.2,5a), which
can be attributed to the enhanced temperature gradient between the warmer ocean surfaces
and the colder MABL, leading to greater ocean heat loss compared to that observed in
summer conditions [77,79,80]. In relation to other products, MMEs and SeaFlux displayed
extensive areas with higher positive values (Figure 2.2a–f). For instance, the median SHF
values reached 10–15 W.m−2 greater than those of other products (Figure 2.5a).

Overall, SHF was consistently lower than LHF across all datasets, typically by a
factor of 3–4, consistent with Yu et al. [81]. However, some studies have reported even
larger differences, reaching up to seven times or an order of magnitude [53,82], primarily
driven by thermal contrast, which may enhance vertical turbulent mixing and modulate the
MABL [1,80,83]. This thermal gradient also plays a crucial role in shelf water densification
and atmospheric buoyancy flux patterns [84]. It is important to note that significant
variations in SHF intensity and direction across datasets within each basin introduce
uncertainties that can lead to misinterpretations of these processes.

LHF displayed an evident meridional gradient across the SO, with values exceeding
80 W.m−2 at lower latitudes and gradually decreasing towards the pole, reaching min-
ima below 20 W.m−2 near the MIZ, especially during winter, when the sea ice presence
inhibits air-sea heat fluxes (Figure 2.4). These results are in agreement with previous
studies (e.g., [30,77]). The Pacific sector displayed the highest seasonal LHF intensity, with
wintertime values peaking at ~100 W.m−2, and a significantly larger interquartile range—
almost twice the amount released by the other sectors (Figure 2.3–4,5b). This asymmetry
and intense ocean heat loss result from complex interrelated processes, including vertical
humidity gradients [8,13,77,85] and wind-driven Ekman transport [9]. These processes
are further amplified by increased surface wind stress, which strengthens the ACC and
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its associated mesoscale eddies. This intensification enhances air–sea heat exchange and
promotes deeper convective mixing [79,86]. During winter, ocean heat exchange drives
deep convective mixing, with mixed-layer depths reaching up to 700 m, resulting in signifi-
cant implications for Subantarctic Mode Water (SAMW) formation and anthropogenic CO2

uptake and storage [9,10,79,86].

Figure 2. 30-year seasonal averages for SHF (1a–g,2a–g) and LHF (3a–g,4a–g). Black boxes outline
the ocean sectors: Atlantic, Indian, and Pacific. Boxplots (5a–b) illustrate seasonal heat fluxes for DJF
(red) and JJA (black) at a 95% confidence level. The last row shows MME LR–HR differences for SHF
(1g,2g) and LHF (3g,4g).

As previously discussed, the products exhibited distinct spatio-temporal patterns
in SHF and LHF estimates. In both seasons, CFSR (OAFlux) consistently produced the
largest SHF (LHF) discrepancies among all datasets (Figure 2). The LHF MMEs values
were similar to the ERA5 and CFSR values (Figure 2.3,4) in the SAZ region, showing
good agreement with ERA5 south of 63◦ S (Figure 2.4). In summer, compared to ERA5,
the MMEs tended to overestimate SHF and underestimate LHF. In winter, this difference
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decreased, suggesting a better agreement between the MMEs and ERA5. Additionally,
the resolution-dependent differences between MMEs (LR–HR) reached magnitudes of
±10 W.m−2, mainly in winter, with HR MMEs transferring more heat in the MIZ and
higher latent heat in the Indian–Pacific sectors, whereas the LR MMEs exhibited increased
sensible heat in the Atlantic–Indian sectors and the Ross Sea (Figure 2.1g–4g).

Comparing the individual HighResMIP models (Figure 3) with all products
(Figure 2) revealed significant discrepancies. During summer, CMCC, EC-Earth, ECMWF
model pairs, and CESM-H showed SHF spatial patterns almost similar to those of ERA5
(Figures 2.1 and 3.1a–7b). In the cold season, most models agreed with the products, ex-
cept for ECMWF-H and MPI-L (Figures 2.2 and 3.1d–7e). For LHF, most models closely
resembles ERA5 and CFSR values in both seasons (Figures 2 and 3).

In the 50–63◦ S (south of 63◦ S) region, CNRM (MPI) pairs were the models that
exhibited the most pronounced positive SHF values, with extensive areas of strong ocean
heat loss. Our results suggest that climate models with the same ocean component can
simulate different patterns of SHF ocean heat gain/loss (Figure 3). For instance, among
models employing the NEMO ocean model (Table 1), CNRM and HadGEM displayed
extensive areas with SHF around 40 W.m−2 in both LR and HR configurations, while CMCC,
EC-Earth, and ECMWF showed large areas of heat loss (Figure 3.2a,b–6a,b). On the other
hand, ECMWF and EC-Earth, which employ different versions of the same atmospheric
and oceanic components (Table 1), recorded the fewest positive SHF values, particularly
in the Indian and Pacific Ocean sectors (Figure 3.4a–e,5a–e). Both models follow a similar
grid refinement ratio, increasing atmospheric (oceanic) resolution by a factor of 2 (4).

When evaluating the influence of grid resolution configurations based on the SHF
LR–HR differences, most models displayed minor spatial variation during summer, differ-
ing mainly in magnitude (±4 W.m−2). Conversely, CESM not only recorded the high-
est difference values (Figure 3.1c) but also exhibited a distinct directional shift, with
ocean heat uptake concentrated predominantly in the Atlantic and eastern Pacific sectors
(Figure 3.1a,b). CESM remained the most prominent model in winter (Figure 3f), showing
greater sensitivity to increased resolution, particularly in the Atlantic sector (±15 W.m−2),
along the Antarctic coast, and in the PF and MIZ (±20 W.m−2).

The spatial distribution of LHF in summer was very similar for most models, except
for the CMCC models, which displayed lower values in the Atlantic and Indian sectors
and higher values in the Pacific sector (Figure 3g,h). In winter, MPI showed the lowest
values across all sectors, including the Antarctic Zone (Figure 3.7g–k). Additionally, almost
all HR models showed more LHF (up to 20 W.m−2) in the Drake Passage and near 60◦

W (Figure 3.1i,l–7i,l), emphasising the importance of eddy-resolving models in regions of
high mesoscale variability. The results showed that models with increased atmospheric
resolution only, such as CMCC and MPI, exhibit less sensitivity to resolution changes
in simulated air–sea heat fluxes compared to models with both increased oceanic and
atmospheric grid resolution. This suggests that the oceanic resolution primarily drives the
low–high resolution impact [37,87], as demonstrated by the CESM model.

The CESM and HadGEM models have the most refined grids, with their oceanic
components increased from 1◦ eddy-parameterised to 1/12◦ eddy-resolving, alongside
atmospheric resolutions amplified by factors of 4 and 5, respectively. Furthermore, CESM
also incorporates two additional vertical levels in its HR oceanic module, resulting in
notable differences compared to other models. This refinement contributes to high sen-
sitivity and variability, as well as the representation of ocean dynamics, leading to the
most pronounced discrepancies in LHF and SHF values (Figure 3.1). Increased vertical
and horizontal resolution improves the representation of overflows, resulting in a more
realistic bathymetry that enhances the accuracy of current dynamics simulations. While
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mesoscale eddies can be parameterised in LR models, accurately resolving ocean currents
requires significantly higher horizontal resolution [3,31,35]. HR models exhibited a noisier
spatial distribution compared to their LR counterparts, reflecting the impact of increased
resolution on the intrinsic variability of heat fluxes. This effect was particularly pronounced
for eddy-resolving models (CESM and HadGEM), where subgrid processes are better re-
solved. Interestingly, despite their ability to resolve finer-scale processes, HR models exhibit
lower conceptual complexity than LR models, as many physical processes represented by
parameterisations in LR models become less scale-dependent in HR models [29].
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While high-resolution models are able to resolve finer-scale ocean dynamics, the im-
pact of increased grid resolution varies significantly between regions and models [32,38,88].
For example, SHF and LHF values exhibited heightened sensitivity to increased atmo-
spheric and oceanic grid resolutions in specific areas within the Atlantic (60–30◦ W),
Indian (80–100◦ E), and Pacific (150◦ E–120◦ W) sectors, with differences reaching up to
±20 W.m−2. Air-sea heat gain/loss differences between LR and HR versions reached up
to 30% (Figure 3c,f,i,l), emphasising significant uncertainty in their quantification within
climate models. For reference, a 30% discrepancy in heat fluxes implies a similar level of
uncertainty in simulated precipitation and could reflect significant disparities in the simu-
lated hydrological cycle [79] or even inaccuracies in estimates of ocean heat content and
sea level rise, primarily driven by thermal expansion and continental ice melting [89,90].

The results indicated that regions southward of 63◦ S are more sensitive to changes
in grid resolution, with variations in air–sea heat fluxes reaching up to 50% between LR
and HR values during winter, particularly in the Weddell Sea (~40◦ W–20◦ W). This region
is critical for many processes, including water mass formation, global ocean circulation
and turnover, and sea ice dynamics, playing a crucial role in the polar climate [9,91–93].
In the Weddell Sea, the representation of sea ice thickness and polynyas affects the mixed-
layer depth, with convection extending into the deep ocean, which is a known issue in
many Earth System Models (ESMs) and remains a significant challenge [3,68,94]. Some
key physical processes, such as ice-wave interactions, floe size distribution dynamics,
and small-scale heat and momentum exchanges, remain underrepresented or absent in
current climate models, reinforcing the need for improved parameterisations to enhance
the accuracy of polar climate simulations [4,16,45,95]. These findings highlight challenges
in accurately representing complex air-sea-ice interactions in polar regions.

3.3. Climatological Trend

In recent decades, air-sea heat fluxes have undergone significant changes, marked by
strong regional and seasonal dependencies [22,26,53,80]. In the SO, accurately representing
the flux variations, particularly regional trends, remains highly uncertain, making it difficult
to confidently determine long-term trends [26,31]. In this section, we evaluate these
contrasting trends, showing notable variability in both magnitude and spatial distribution
across different datasets. Trends in air-sea heat fluxes estimated by products and MMEs
show a considerable spread among the products, which is relatively larger in winter than
in summer (Figure 4). During summer, all products presented different spatial patterns,
although the interquartile range of SHF trends remained positive, especially in the Atlantic
and Indian sectors (Figure 4.5a). In contrast, MMEs displayed negative SHF trends, showing
homogeneous spatial patterns across the ocean basins (Figure 4.1,5a). In the Antarctic Zone
(south of the PF), most datasets exhibited a similar spatial pattern of accelerated positive
trends (~2 W.m−2.dec−1), particularly in the Weddell Sea, albeit with smoothed values in
the MMEs (±0.5 W.m−2.dec−1) (Figure 4.1).

SHF trends intensified in the cold season, with most products showing negative trends
in the Atlantic sector and positive trends in the Indian sector (Figure 4.2,5b). Compared to
other products, both SHF MMEs trends showed weaker magnitudes and reduced spatial
variability, particularly during summer (Figure 4.1g), suggesting that MMEs may inad-
equately represent air-sea heat fluxes in the SO. Discrepancies among the products are
not limited to SHF estimates; they also are evident in LHF estimates during both summer
and winter. OAFlux and ERA5 indicated that the Atlantic Ocean loses heat at a rate of
approximately 1 W.m−2.dec−1 while the eastern Pacific Ocean absorbs heat at a slightly
faster rate of ~−2 W.m−2.dec−1 during summer (Figure 4.3). ERA5 showed the most
extensive areas of ocean heat loss trends while SeaFlux stood out as the product with the
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strongest tendency for ocean heat gain across SO basins. Poleward, substantial regional
differences were observed among datasets, particularly near the Antarctic coast and the
sea ice edge. ERA5 showed the largest area of positive trends, while OAFlux recorded the
highest positive magnitudes, particularly in the Weddell Sea (60–30◦ W) and parts of the
Amundsen–Bellingshausen Sea (65–145◦ W) (Figure 4.3).
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During winter, LHF trend values were more pronounced, with most products indi-
cating a negative (positive) trend in the Atlantic (parts of the Indian) sector, except for
MMEs (Figure 4.4,5b). Among them, the CFSR exhibited the strongest trends, greater
than ±2 W.m−2.dec−1 in the Atlantic and Indian sectors. In the Pacific sector, there was
less consensus among the datasets regarding the spatial distribution of trends, reflecting
variability in regional heat flux dynamics. Although higher ocean resolution is expected
to improve the estimation of air-sea heat fluxes by improving air-sea coupling and mean
state representation, the inherent complexities and limited observational data can also am-
plify error propagation. This is evidenced by OAFlux, which, despite its lower resolution,
exhibited the smallest discrepancies in SHF compared to other products during summer
(Figure 4.5a). Roberts et al. [58] and Ding et al. [96] pointed out that air-sea heat fluxes are
highly sensitive to horizontal resolution, particularly in regions with strong ocean fronts
and mesoscale activity, where ocean dynamics significantly influence the MABL processes.

Overall, the individual model trends showed distinct characteristics (Figure 5), marked
by smoother values, more pronounced spatial disparities, and divergent trend directions
compared to the product-based results (Figure 4). Additionally, a notable disparity in the
trend magnitudes between the products and models was also observed south of 63◦ S.
Figure 5 shows that increasing the grid resolution of climate models enhanced spatial detail
and generally amplified magnitudes, as exemplified by CESM and HadGEM (ocean grid
refined from 1◦ to 1/12◦). HR models using NEMO often calculate air-sea fluxes on the
atmospheric grid and interpolate SST from the oceanic grid, as in HadGEM. This process
smooths mesoscale features, introducing significant biases in air-sea feedback [32,97] and
impacting long-term mean and trend patterns. To resolve mesoscale eddies, air-sea heat
fluxes should ideally be computed on a finer oceanic grid, as implemented in the CESM
model [98]. This approach preserves high-resolution SST anomalies, enhancing model
fidelity, but also demands substantial adjustments for many coupled models and massive
computing resources, significantly increasing computational costs [29,55,97].

In terms of sensitivity to refinement resolution, HR models displayed a noisier sig-
nal, indicative of ocean mesoscale activity, which was more apparent in trend patterns
(Figure 5) than in the climatological mean state (Figure 3). This result suggests that higher
resolution is crucial not only for accurately simulating the mean state but also for capturing
dynamic variations such as trends. According to Hewitt et al. [31], the representation or
parameterisation of the ocean mesoscale impacts not only the mean state of the ocean but
also its variability and future climate response.

The summer LR air-sea heat flux trends were smoother compared to their HR counter-
parts; HR models exhibited greater spatial detail and increased values, maintaining similar
overall patterns. This increase in spatial detail was even more pronounced in winter, with
some models (e.g., CESM in the Pacific sector and CNRM in the Atlantic sector) showing
shifts in magnitude large enough to reverse the trend direction. The models with the most
significant LR–HR differences displayed a notable shift in trend signals across large areas.
For example, during summer, MPI SHF showed shifts in the Atlantic sector (LR negative
and HR positive trends), while for CRNM, this occurred in the Pacific sector. In winter,
CESM displayed SHF trend shifts in the Indian sector, while ECMWF exhibited inverse
trend signals in the Pacific with increased grid resolution. These patterns were similar for
LHF trends, with the same models exhibiting shifts in corresponding sectors and seasons.
Furthermore, increased LR–HR values were observed in SHF trends for EC-Earth and
HadGEM (MPI) during summer (winter). Similarly, ECMWF and HadGEM (CNRM and
MPI) showed amplified LHF trends during summer (winter).

Air-sea heat flux trends are more sensitive to grid refinement during winter, with SHF
showing more extensive impacted areas compared to LHF. The LR–HR differences ranged
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from 30 to 50%, with some sectors reaching even higher values (Figure 5). This significant
variation highlights the sensitivity of air-sea heat flux trends to grid refinement, demon-
strating the impact of model resolution on capturing regional and seasonal changes, to
represent dynamic processes (e.g., mesoscale variability) and to improve the representation
of long-term trends.
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4. Conclusions
This study investigated the mean state and trends of SHF and LHF using four different

products and seven CMIP6 HighResMIP model pairs providing air-sea heat fluxes and
analysed the impact of grid resolution refinement on their estimates over the Southern
Ocean. Our results revealed significant discrepancies across different datasets in both sum-
mer and winter seasons. Taylor diagrams showed that LHF trends had a more consistent
seasonal performance than SHF trends, with stronger correlations and smaller deviations,
indicating that SHF are more sensitive to flux estimation errors (Figure 1).

The spatial distributions of climatological mean values revealed distinct patterns
in both seasons, highlighting regional variations in air-sea heat fluxes and how heat is
exchanged between the ocean and atmosphere. For instance, CFSR and OAFlux displayed
the largest discrepancies in SHF and LHF among all datasets studied here. When comparing
both low- and high-resolution MMEs, their SHF estimates closely aligned with SeaFlux but
displayed smoother magnitude variations, while LHF estimates showed good agreement
with those of ERA5 and CFSR (Figure 2).

The CMIP6 HighResMIP initiative allows for comparisons between low- and high-
resolution coupled models, emphasising the impact of grid refinement on simulated fluxes.
Our results showed that models with finer grid refinement in oceanic and atmospheric
components, such as CESM and HadGEM, have shown improved simulations of mesoscale
processes, including eddy activity and boundary current dynamics. To illustrate, SHF
and LHF differences between low- and high-resolution models reached up to ±20 W.m−2

in some areas, which corresponds to a spread of up to 30% in air–sea heat gain/loss
(Figure 3c,f,i,l).

The discrepancies observed in the mean state were more pronounced in the trends,
marked by strong regional and seasonal variations (mainly in the Pacific sector), with
winter being more sensitive to resolution changes than summer (Figure 4). Most individual
models displayed smoother trends compared to products, especially in regions south of
63 ◦S.

For the models with the finest grid refinement (CESM and HadGEM, with ocean
grids refined from 1◦ to 1/12◦), increasing the grid resolution enhanced spatial detail and
generally amplified the magnitudes of air-sea heat fluxes. These differences, which can
range from 30% to 50% (even higher in some sectors during winter, Figure 5), are expected
to have significant impacts, including ocean mesoscale variability, sea ice dynamics, water
mass formation, and global ocean circulation. These results emphasise the role of eddy-
resolving models in capturing long-term climate signals and their potential impacts, as
reported in previous research (e.g., [29,31,35,41]).

Over the past two decades, significant efforts have been made to estimate air-sea
heat fluxes across the global ocean (e.g., [27,50,78,99,100]). Our findings highlight key
discrepancies in how datasets represent ocean-atmosphere heat exchanges and the role
of grid resolution in improving the representation of air-sea heat fluxes. We showed that
the climatological state and long-term trends remain challenging to estimate and widely
debated, particularly in data-sparse regions.

As emphasised by the Southern Ocean Observing System (SOOS) and the Southern
Ocean Region Panel (SORP), improving the density and coverage of flux observations is
crucial for enhancing the accuracy of heat flux estimates at regional scales [28,101]. Ad-
dressing these challenges necessitates developing advanced parameterisations for polar
air-sea ice interactions, achieving the closure of global and regional heat budgets, reduc-
ing sampling uncertainties through better observational coverage, and establishing more
accurate scaling parameters for surface flux estimates [4,27,29,40,53,101]. According to
Souza et al. [101], these initiatives are expected to contribute to the 5th International Polar
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Year planned for the period from 2032 to 2033. Finally, this study reinforces the need
for continued collaborative research efforts and advancements in both climate modelling
techniques and observational strategies to improve our understanding and simulation of
the complex dynamics driving air–sea interactions, particularly in the context of ongoing
climate change.

Author Contributions: Conceptualisation, R.M. and F.C.; methodology, R.M.; software, R.M.; val-
idation, R.M.; formal analysis, R.M. and F.C.; investigation, R.M.; resources, R.M.; data curation,
R.M.; writing—original draft preparation, R.M.; writing—review and editing, R.M., F.C. and R.B.d.S.;
visualisation, R.M.; supervision, R.B.d.S.; project administration, R.B.d.S.; funding acquisition, R.B.d.S.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the Brazilian agency CNPq for the following projects: (i) SOAC-
Multiescala—Multiscale Study of the Ocean-Atmosphere-Cryosphere System (CNPq 406663/2022-
0) and (ii) C3OS-Heat, Connections and Climate in the Southern Ocean (CNPq/PROANTAR
440879/2023-0). R.B.d.S. was partly funded as a CNPq Scientific Productivity Fellow (CNPq
308642/2021-0).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in the study are included in the
article, and further inquiries can be directed to the corresponding author.

Acknowledgments: The authors are thankful to the Copernicus Climate Data Store (https://cds.
climate.copernicus.eu, accessed on 17 September 2023), for the ERA5 ‘monthly averaged reanalysis’
dataset; the University Corporation for Atmospheric Research (UCAR) Research Data Archive for
the CFSR ‘regular monthly mean product’ (https://rda.ucar.edu/datasets/d093002, accessed on
17 September 2023) and CFSv2 (https://rda.ucar.edu/datasets/d094002, accessed on 18 September
2023); the NASA Global Hydrometeorology Resource Center Distributed Active Archive Center (https:
//cmr.earthdata.nasa.gov, accessed on 19 September 2023) for SeaFlux ’monthly mean products’;
Woods Hole Oceanographic Institution’s (WHOI) OAFlux project for monthly mean data from
(https://oaflux.whoi.edu, accessed on 19 September 2023); and finally to the Earth System Grid
Federation (ESGF) for CMIP6 HighRESMIP simulations (https://highresmip.org/data, accessed on
14 September 2023). The authors are also grateful to the anonymous reviewers whose comments
greatly contributed to improving the manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

ACC Antarctic Circumpolar Current
AZ Antarctic Zone
LHF Latent Heat Flux
MABL Marine Atmospheric Boundary Layer
MIZ Marginal Ice Zone
MOST Monin–Obukhov Similarity Theory
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