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Abstract6

Understanding air-sea interaction is crucial for our ability to predict future states of the climate7

system, and to inform economic and societal decision-making9;8. However, the representation8

of air-sea interactions in climate models is limited by structural errors associated with model9

resolution15;24;31. Coarse-resolution climate models do not resolve small-scale structures in the10

air-sea state, which, due to strong nonlinearities in the coupling formulae, can impact the large-11

scale air-sea exchange—a mechanism that has received little attention and is the focus of this12

paper. Since observations at the temporal and spatial coverage needed to study this problem do13

not yet exist, we quantify the impact of this small-scale heterogeneity on the large-scale air-sea14

heat flux by analyzing 1/10° coupled climate simulations. This effect systematically cools the15

ocean by about 4W/m2 globally—with large spatio-temporal variations—and mostly enhances16

the large-scale heat flux. By identifying an overlooked contribution to air-sea heat flux in climate17

models, we open a promising new direction for addressing biases in climate simulations and thus18

improving future climate predictions. Furthermore, future observations, like the newly proposed19

satellite mission ODYSEA35, could potentially observe and quantify this effect directly.20

1 Introduction21

The air-sea exchange of heat plays a fundamental role in the dynamics of the atmosphere and ocean and,22

consequently, in the evolution of Earth’s weather and climate. This exchange impacts processes across23

a wide spectrum of spatial and temporal scales; ranging from short-term (e.g. the rapid modulation24

of boundary layer turbulence or impacts on hurricane generation and evolution) to longer-term (e.g.25

the evolution of the El-Niño Southern Oscillation)9. Air-sea heat flux also plays a central role in the26

trajectory of global climate; the ocean has absorbed about 90% of the excess heat due to anthropogenic27

climate change, leading to unprecedented ocean warming17.28

Accurately representing the air-sea heat flux is essential for developing reliable coupled climate29

models, our primary tool for understanding past and future changes in Earth’s climate8. The current30

generation of coarse-resolution (1o or coarser) climate models, which make up the large majority of the31

Coupled Model Intercomparison Project (CMIP)10, exhibit global and regional biases in sea surface32
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temperature (SST) and its trends, raising concerns about the predictive skill of these models25;39.33

Among other factors, structural errors associated with model resolution15;24 and air-sea coupling31;5
34

have been identified as some of the key sources of uncertainity and bias.35

There is a rich and rapidly growing literature (recent comprehensive reviews can be found in29;26)36

that demonstrates the impacts of small-scale (mesoscale and sub-mesoscale) oceanic variability and37

high-frequency atmospheric variability on processes that are active at the air-sea interface and in38

the associated boundary layers, a region sometimes collectively referred to as the air-sea transition39

zone8. These small-scale flows modulate the structure and circulation of the atmospheric boundary40

layer, which feeds back onto the buoyancy (heat and freshwater) and mechanical (momentum) fluxes.41

On the ocean side, even a homogeneous atmospheric flow over a heterogeneous ocean covered with42

fronts and filaments leads to a highly variable response in the wind stress, air-sea heat fluxes, and43

upper ocean turbulence. High-frequency atmospheric variability, e.g. gustiness and storms, is also44

crucial in impacting the upper ocean boundary layers, entrainment, and air-sea fluxes of buoyancy45

and gases. All this variability also results in rectified impacts on upper ocean stratification and the46

kinetic and potential energy reservoirs21;3. Furthermore, these coupled effects may impact atmospheric47

storm track structures, western boundary current variability, and eventually large-scale atmosphere48

and ocean circulations.49

Many of these insights into the small-scale coupling mechanisms and their impacts on larger scales50

have come from process-based analysis of high-resolution coupled simulations33, comparison of cou-51

pled models across resolutions28, or by running experiments that modify the scale of coupling by52

filtering the input fields that are passed into the coupler36. While these efforts are essential for fur-53

thering our understanding of air-sea interactions and their impacts, development of parameterizations54

is essential to ensure that the impacts of these small-scale processes can be properly accounted for55

in coarse-resolution simulations. Parameterizations accounting for many missing processes, such as56

radiation, cloud microphysics, moist convection, momentum and buoyancy transport by sub-mesoscale57

and mesoscale eddies, turbulent mixing in boundary layers, and wave breaking, are already an essen-58

tial ingredient in atmospheric and oceanic models7. While, parameterizations accounting for impact59

of temporal atmospheric wind variability —gustiness—on the air-sea flux have been developed12;4;2,60

no parameterizations comprehensively account for all the different components of spatial heterogene-61

ity at the air-sea interface. Heterogeneity is not purely a challenge at the interface of the ocean62

and atmosphere; complementary progress is also being made in implementing parameterizations for63

land-atmosphere heterogeneity in climate models11.64

Turbulent fluxes across the air-sea interface are parameterized with the help of bulk formulae,65

semi-empirical equations which are calibrated with the help of station-based observations of eddy-66

correlation fluxes9. Due to the localized nature of these observations, the bulk formulae are not67

necessarily representative of turbulent fluxes over entire model grid boxes. These model grid boxes68

represent large areas compared to the localized observations, and thus a methodology to account for69

net rectified impacts of sub-grid scale heterogeneity needs to be developed. While the net impact of70

this heterogeneity is not accounted for, it has been shown that accounting for the variability due to sub-71

grid flows using stochastic approaches may be important37;20. Gustiness parameterizations account72

for unresolved atmospheric mesoscale temporal variability of atmospheric winds4;2, but no comparable73

parameterization accounts for sub-grid spatial heterogeneity generated by atmospheric and oceanic74

flows.75

A comprehensive assessment of this missing sub-grid air-sea heat flux due to spatial heterogeneity76

is absent from the literature. This might partially be due to a dearth of direct high spatial resolution77

observations of the coupled air-sea state. While still no direct, long-term, high-resolution global ob-78
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servations of the coupled air-sea state exist, the latest generation of high-resolution coupled climate79

models represent a much wider range of atmospheric and oceanic motions than their low-resolution80

counterparts. These model also generally show a tendency towards reduced biases13. Our study uses81

state-of-the-art high-resolution coupled climate simulations to show that the impact of small-scale82

heterogeneity, missing from most climate simulations, can be large and should be parameterized.83

2 Accounting for the impact of sub-grid heterogeneity on tur-84

bulent air-sea heat flux85

We quantify the impact of small-scale heterogeneity on the turbulent air-sea heat fluxes with the help86

of spatial filtering and computing heat fluxes offline (details provided in Methods section). Spatial87

filtering is used to construct low-resolution surrogate–surface fields that are comparable in spatio-88

temporal variability to most low-resolution climate simulation–from a high-resolution simulation. The89

small-scale turbulent heat flux (Q∗) is calculated as the difference between the net impact of the high-90

resolution flux on large-scales and the flux that could be computed if only the large-scale flow fields91

were known,92

Q∗ = Q−Qc, (1)

where Q is the flux computed using the high-resolution fields, Qc is the flux computed using the low-93

resolution surrogate (filtered) fields, and (.) denotes the spatial filtering operator. Note that Q∗ is94

not the full small-scale spatial variability in the heat flux (Q−Qc), but rather the net impact of this95

on the large-scale that would be missing in a model with no small-scale heterogeneity. If needed, the96

small-scale spatial variability in Q−Qc could be quantified using higher moments of the distribution97

(e.g. standard deviation), but this is not the focus of our study. As explained in the Methods section,98

these computations are carried out separately for the sensible and latent turbulent heat fluxes, but99

for brevity we only discuss the total turbulent heat flux (latent + sensible) throughout the main text.100

This methodology is visually summarized in Figure 1. (Results for individual components and daily101

examples of each component can be found in the Supplementary Material).102

3 Results103

3.1 Patterns of small-scale air-sea turbulent heat flux104

The small-scale air-sea flux (Q∗) shows strong spatial and temporal variability, locally reaching values105

up to O(100) W/m2 (Figure 3 and Supplementary Material Figure 2). The long time (20 year) mean of106

Q∗ (Figure 2b) indicates that the small-scales mostly cool the ocean, enhancing the large-scale fluxes107

(Figure 2a). Some of the most prominent deviations from this cooling pattern, warming of the ocean,108

arise near the equator and in the more energetic parts of the Antarctic Circumpolar Current (ACC).109

The strongest time-mean heat loss, exceeding 20 W/m2, is seen in highly energetic parts of the ocean,110

such as the western boundary currents and the Agulhas retroflection. Away from these regions of111

strong heat loss, the time-mean Q∗ reaches values of O(1) W/m2 over much of the open ocean. A112

global area-weighted average of this time-mean Q∗ corresponds to a heat loss of ∼4 W/m2 (Figure 2b).113

For comparison, Earth’s energy imbalance at the top of the atmosphere is currently warming our planet114

at a rate of ∼ 1W/m2, and about 90% of this excess heat is ending up in the ocean18;17.115

As discussed above, in most regions of the ocean the time-mean Q∗ has the same sign as, and thus116

enhances, the time-mean large-scale flux (Qc). This enhancement is not only limited in the time-mean,117
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Figure 1: Methodology for separating contributions of large and small scales to air-sea flux. Starting
with high-resolution ocean and atmosphere fields on the left we apply two main operations: offline
computation of turbulent heat fluxes (green arrows), and spatial filtering (magenta arrows) to separate
small-scale structures in different order. The upper path illustrates the method to compute Q and the
lower path illustrates QC . See Methods for details.

and even daily average values of Q∗ predominantly enhance Qc (Figure 3). Around 70% of the daily118

average values have Q∗ enhancing Qc (same sign), and over 20% of the values show an enhancement119

exceeding 10% of the magnitude of Qc. Within the western boundary current regions this enhancement120

is even more pronounced (with 77% of all values acting to enhance, and 35% exceeding 10% of the121

large-scale flux; see text inset in Figure 3 and gray boxes in Figure 2 for reference). These strong local122

enhancement events could be vital for improving the representation of extreme events, like marine123

heatwaves23 and atmospheric rivers34 in coarse resolution models.124

3.2 Oceanic vs atmospheric contributions to small-scale air-sea turbulent125

heat flux126

Is it the small-scale heterogeneity of the ocean or the atmosphere that is driving the patterns of Q∗?127

To separate the degree to which atmospheric versus oceanic small-scale features contribute to Q∗,128

we consider two cases where the input variables from only the atmosphere or the ocean are filtered.129

The contribution coming from small-scale heterogeneity in the atmosphere is denoted Q∗,A, where130

only the atmopsheric input fields are filtered when computing the large-scale flux (Qc). The oceanic131

counterpart is denoted by Q∗,O, where only the oceanic input fields are filtered. Here we discuss the132

results primarily in terms of the long-time (20-year) average of these terms (Figure 4). Further details133

of these computations can be found in the Methods section.134

The contribution to the sub-grid flux (Q∗) due to small-scale atmospheric features (Q∗,A) produces135

a spatially smooth cooling effect over much of the ocean. Hot spots in Q∗,A emerge in a few regions136

that have cold wind bursts off continents, such as east of the North American continent in the western137

Atlantic Ocean. In contrast, the contribution from small-scale oceanic features (Q∗,O) is highly spa-138

tially variable and results in both warming and cooling of the ocean. As expected, dynamically active139
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Figure 2: 20-year time averaged results for the CM2.6 simulation. a) shows the large scale flux QC and
b) shows the small scale flux Q∗ (for details see Equation 1). Negative values indicate ocean heat loss.
Grey boxes indicate the western boundary current regions used in Figure 3. Orange lines indicate the
maximum extent of sea ice. Numbers shown in the top left of map panels indicate globally averaged
values for all available values and for only ice free locations in parentheses. For details on treatment
of sea ice and temporal averaging see Supplementary Materials.
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Figure 3: Bivariate histogram showing the relationship between the large-scale flux QC on the x-axis
and the small scale flux Q∗ on the y-axis for 1 year of the CM2.6 simulation. Points falling in the
upper-right and lower-left quadrants indicate that the small scale flux is the same sign as and enhancing
the large scale flux. Points falling below the red dashed line in the lower-left quadrant and above the
red dashed line in the upper-right quadrant are enhancing the large-scale flux by more than 10%. The
percentage of datapoints for the full domain (’All data’) and just the western boundary current (’WBC
only’; gray boxes in Figure 2) categorized as enhancing and enhancing more than 10% are shown at
the lower left. Note that the interannual variability of Q∗ is small (see Supplementary Material) and
thus this relationship is representative of the full-time frame.
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Figure 4: 20-year time-average decomposed small-scale flux Q∗ for the CM2.6 simulation. a) shows the
contribution only from the atmospheric fields Q∗,A, b) shows the contribution only from the oceanic
fields Q∗,O, and c) shows the coupled contribution Q∗,O−A, resulting from the interplay of small scales
in both ocean and atmosphere and defined as the residual (See Methods section 5.4). Negative values
indicate heat flux from the ocean to the atmosphere. Orange lines indicate the maximum extent of
sea ice. Numbers shown in the top left of map panels indicate globally averaged values for all available
values and for only ice free locations in parentheses. For details on treatment of sea ice and temporal
averaging see Supplementary Materials.
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regions with large oceanic variability contribute most strongly to Q∗,O. The global area average of140

Q∗,A and Q∗,O correspond to a cooling of 3 W/m2 and 1 W/m2 respectively, with Q∗,A corresponding141

to about 75% of the globally averaged small-scale heat loss (Q∗) of 4 W/m2. However, locally Q∗,O
142

can be much larger than Q∗,A and potentially play a leading role in the regional dynamics.143

The contribution to the sub-grid flux coming from the coupled small-scale flow heterogeneity is144

denoted asQ∗,O−A, and computed as a residual (see methods section). Q∗,O−A is found to be one or two145

orders of magnitude smaller than Q∗,A and Q∗,O (Figure 4c), often Q∗,O−A is opposite signed to Q∗,O.146

This smallness of Q∗,O−A may be expected, as the spatio-temporal scales of oceanic (slow and small)147

and atmospheric flows (fast and large) are very different, and the correlation between the two may be148

expected to be a sub-dominant contributor to the flux arising from small-scale heterogeneity. Much149

of the small-scale heterogeneity at the air-sea interface arises due to the internal variability resulting150

from the disparate instabilities of the individual fluids, rather than due to coupled interactions.151

To further understand the role of the atmosphere and the ocean, we also conducted a second152

decomposition where we filtered either the velocity fields or the tracer fields when computing fluxes.153

This allows us to evaluate the contribution coming from the small-scale heterogeneity in these particular154

flow variables, which can be contrasted to the above decomposition into fluids (see Supplementary155

Material for figures). This analysis showed thatQ∗,A gets almost all of its contribution from the velocity156

fields (primarily wind heterogeneity), and Q∗,O gets almost all of its contribution from the tracer fields157

(primarily sea surface temperature - SST - heterogeneity). While gustiness parameterizations address158

the missing impact of unresolved temporal atmospheric wind variability, which may be similar to the159

atmospheric spatial sub-grid wind heterogeneity, our study is the first to estimate and contrast the160

impact of sub-grid oceanic surface temperature heterogeneity.161

4 Discussion162

Coarse-resolution climate models have structural errors that arise due to their inability to resolve163

small-scale heterogeneity. The impacts of this missing sub-grid scale heterogeneity on the resolved164

state needs to be parameterized to reduce structural uncertainty and improve the fidelity of our future165

climate projections. Here we estimate the size and patterns of the air-sea turbulent heat flux that166

directly impacts the large-scale flow and is missing when small-scale heterogeneity is absent.167

We find that this flux (Q∗) leads to a net cooling of the ocean, with the strongest cooling observed168

in the most dynamically active regions of the ocean, like the western boundary currents. Locally Q∗
169

can be as large as O(100) W/m2, while the long-term average cooling can be as large as 20-30 W/m2 in170

some key regions. We also show that Q∗ can be explained primarily as a sum of contributions from the171

oceanic (SST heterogeneity) and atmospheric (wind heterogeneity) small-scale heterogeneity. While172

this atmospheric contribution leads to cooling everywhere in the time average, the oceanic contribution173

is much more spatially variable and results in both cooling and warming. Some of these patterns of174

oceanic contribution seem to be correlated with known SST biases in current generation of climate175

models39.176

The novelty of our approach is that with the help of a high-resolution coupled simulation and177

the ability to compute air-sea fluxes offline, we were able to precisely isolate the impact of small-178

scale heterogeneity on air-sea heat flux. Past approaches, which compare model states across model179

resolutions or coupling resolutions, are unable to isolate the impact of individual processes; since180

changing resolution leads to changes in the strength and influence of many processes and also a change181

in the large-scale atmosphere and ocean state. However, this also highlights a few caveats of our study.182
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Firstly, our work relies on high-resolution coupled numerical models and the results are sensitive183

to the resolution of our model and scale of filtering. While we do not believe that the qualitative184

results of our study would change as these parameters are changed, we hope to build quantitative185

confidence by using higher-resolution coupled simulations and also address the scale-dependence of186

our estimated fluxes in future studies. In particular, it would be exciting to assess these processes in187

the new generation of ultra-high resolution global storm and eddy-resolving coupled simulations that188

are being developed as part of the second phase of DYAMOND32. Also, crucially, newly proposed189

satellite missions such as ODYSEA35 and field campaigns conducting high-resolution surveys of the190

air-sea transition zone, which aim to measure both atmosphere and ocean states simultaneously, offer191

the opportunity to verify and quantify these impacts from observations.192

Secondly, by design, we were able to study a single process in isolation, but more work needs to193

be done to understand how the missing flux that we have identified interacts with other processes194

and impacts the large-scale circulation and energetics. One direction in doing this would be to build195

a parameterization of the effect documented here, and to study the impact and connection of this196

parameterization with other model components. Conceptually the atmospheric contribution that we197

have estimated may be accounted for by gustiness parameterizations, but no equivalent parameteriza-198

tion exists to account for the impact of small-scale oceanic heterogeneity on air-sea fluxes. Also, while199

we have focussed on turbulent heat fluxes in this study, a natural next extension would be to study200

the effects on momentum or gas fluxes. We hope that these efforts could help reduce biases in future201

CMIP class simulations.202

5 Methods203

5.1 High-resolution simulation data204

We use daily averaged output fields from the control runs of two global, high resolution, coupled,205

ocean-atmosphere climate model simulations. Both models are considered ocean eddy permitting with206

a nominal resolution of 0.1° in the ocean component. Since we find that our main conclusions are207

supported by both simulations (see Supplementary Material) we choose to present only results from208

the longer CM2.6 in the main text for simplicity.209

CM2.6 The CM2.6 model configuration13 is part of the suite of centennial-scale 1990 radiatively210

forced numerical climate simulations from three GFDL coupled models (CM2-O). The atmospheric211

resolution is nominally 0.5°. The output required for this study was availabe for the last 20 years of212

the 100 year simulation as daily averages.213

CESM The Community Earth System Model version 1.127 (henceforth referred to simply as CESM)214

has a finer atmospheric resolution of 0.25°. We use daily average output from 2 years of a 100-year215

simulation, run under present-day (year 2000) conditions.216

For this study we use Analysis-Ready Cloud Optimized (ARCO)1 editions of these datasets in Zarr217

format ingested to cloud storage via Pangeo Forge30.218
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5.2 Computing turbulent heat fluxes offline219

Since we did our study using full resolution and filtered variables using archived climate model data,220

we had to recompute the turbulent air-sea heat fluxes offline (post simulation) using the same bulk-221

formulae that were used during simulation. These bulk-formulae algorithms for offline calculations have222

been made available as a Fortran package called Aerobulk (https://github.com/brodeau/aerobulk),223

by5. We created the aerobulk-python package6, which provides python wrappers for the Fortran code.224

The latent (Qlat) and sensible (Qsen) turbulent heat fluxes are computed using the bulk formulae225

(ABulk(...)) as follows:226

Qlat, Qsen = ABulk(θA, θO,uA,uO, qA, pA), (2)

where sub-script A and O correspond to atmospheric and oceanic variables near the air-sea interface,227

θf is the potential temperature in each fluid, uf is the velocity in each fluid, qA is the atmospheric228

relative humidity, and pA is the atmospheric sea level pressure. The bulk formulae in fact only uses the229

relative wind (uA−uO) in all its internal calculations. The oceanic variables are passed as values in the230

top most ocean cell, and the atmospheric scalar variables (θA, qA, pA) are taken from fixed heights zs231

and atmospheric velocity variables (uA) are taken from fixed height zu. These heights are also passed232

as inputs to the bulk formulae. The bulk formulae are iterative solvers, and we used 6 iterations when233

doing the offline computations.234

Interpolation The atmospheric and oceanic fields are not on the same grid, and need to be colocated235

before fluxes can be computed. Here, for the calculation of fluxes, we interpolate all atmospheric fields236

onto their corresponding ocean model grids using the xESMF-python package16.237

Given constraints on the available simulation output (archived data is daily averages, rather than238

snapshots) the heat fluxes calculated offline are sufficiently close to the fluxes computed during the sim-239

ulation (see Supplementary Materials for details). Also, the results found in this study are qualitatively240

independent of the choice of algorithm (see Supplementary Material for a discussion of quantitative241

differences). We thus present results only for the ecmwf algorithm.242

5.3 Computing impact of small scales on turbulent air-sea heat fluxes243

In this study, we investigate whether the small-scale variability in the turbulent air-sea heat flux,244

generated due to the small-scale heterogeneity in the flow fields, results in a net flux at the large245

scales.246

The latent (Qlat) and sensible (Qsens) turbulent heat fluxes defined in equation 5 are the fluxes247

composed of variability at all scales. The contributions of this full variability flux to the large-scale248

flux can be quantified by filtering (the details of the filter – (.) – are explained towards the end of this249

section), and this net flux is denoted as Qlat and Qsens. A coarse-resolution model, which is unable to250

resolve the small-scale heterogeneity in the flow fields is only able to produce heat fluxes corresponding251

to low-resolution flow fields, which are computed as:252

Qc
lat, Q

c
sens = ABulk(θA, θO,uA,uO, qA, pA). (3)

These are computed the same way as equation 5, but using filtered fields as input. If the bulk-formulae253

were linear functions, then Qlat, Qsens would be the same as Qc
lat, Q

c
sens. However, the non-linearities254

https://github.com/brodeau/aerobulk
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of bulk formulae imply that small-scale heterogeneity can interact and contribute to the net flux at255

the large-scales. We compute this contribution of small-scale heterogeneity to net large-scale flux as,256

Q∗
lat = Qlat −Qc

lat, (4)
257

Q∗
sen = Qsen −Qc

sen. (5)

Note that here we have applied an additional spatial filter to the Qc equations as well, because the258

non-linearities can produce variability at scales that should be smoothed out due to the filtered input259

variables to the bulk formulae. This way of defining the contribution of the small-scales follows from260

the large eddy simulation literature38;22.261

Filtering We filter high-resolution model fields to generate variables with reduced heterogeneity,262

such that they have similar smoothness to variables from a coarse-resolution model. Here we use263

spatial filtering to achieve this, with the help of a 2-dimensional Gaussian kernel filter implemented264

via the GCM-filters python package14;19. In this study we use a 2o filter kernel, to generate filtered265

fields that roughly match what is produced by most current CMIP class models. As shown in the266

Supplementary Material, our main results are relatively independent of the filtering method, as long267

as roughly the same length scales are filtered.268

5.4 Decomposing impact of small scales in to components from the Atmo-269

sphere and Ocean270

The atmospheric and oceanic small-scales have very different spatio-temporal properties. Broadly271

speaking, the ocean small-scale correspond to slow time scales and small spatial scales, while the272

atmosphere small-scales are composed of faster time scales but relatively larger spatial scales. Thus,273

it is interesting to study the impacts of the small-scale heterogeneity in each fluid independently. Here274

we only show formulae for the latent heat fluxes, but same details would follow for sensible heat fluxes275

too.276

To isolate the effects of small scales in the atmosphere, we first compute heat fluxes where only the277

atmospheric fields have been smoothed:278

Qc,A
lat = ABulk(θA, θO,uA,uO, qA, pA), (6)

and the define the small-scale contribution as279

Q∗,A
lat = Qlat −Qc,A

lat (7)

Similarly the effects of the small-scales in the ocean are studied by first computing fluxes with only280

coarsening the oceanic fields:281

Qc,O
lat = ABulk(θA, θO,uA,uO, qA, pA), (8)

and then defining the small scale contribution as282

Q∗,O
lat = Qlat −Qc,O

lat. (9)

Note that the impact of the coupled small-scale features is defined as the residual283

Q∗,O−A
lat = Q∗

lat −Q∗,O
lat −Q∗,A

lat . (10)

https://gcm-filters.readthedocs.io/
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It should be noted that some degree of small-scale heterogeneity in the atmosphere or the ocean flow284

fields may be generated by coupling between the two fluids, while a large part of it is created by285

the intrinsic variability of the two fluids. Q∗,O−A
lat is not a measure of the flux resulting from the286

heterogeneity generated by coupling, as the impact of this small-scale heterogeneity (even though287

generated in response to coupling), has been accounted for in either Q∗,O
lat or Q∗,A

lat . Rather, Q∗,O−A
lat288

accounts only for the flux impact that results due to the small-scale correlation and its projection onto289

the flux between the two fluids.290

5.5 Data Availability291

The code to reproduce our resutls can be found on github https://github.com/ocean-transport/292

scale-aware-air-sea and will additionally be archived on zenodo before publication. The raw data293

used in this study is available in cloud storage (urls can be found in the above code).294
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1 Temporal averaging and areas covered in sea ice

The bulk algorithms as implemented in this study do not support calculating fluxes in the presence of
sea ice, and thus we need to mask input data values that might be affected by sea-ice. Neither of the
simulations provides sea ice concentrations as output, and we approximate a mask by eliminating grid
cells that have a sea surface temperature below 0°C. All values identified by that mask are removed.

This means that long term means in the area of seasonal sea ice occurence represent less data
points than on the open ocean. It also means that the order of time averaging and spatial filtering of
turbulent heatfluxes does not commute at the sea-ice edge, since it is a non-stationary boundary.

We compute all time averaged ((.)
T
) results shown in the main manuscript as the sum of the time

averaged components.

Q∗T = Q∗
lat

T
+Q∗

sen

T
(1)

For each component (only shown for sensible heatflux) we compute the time average as

Q∗
sen

T
= Qsen

T −Qc
sen

T
, (2)

rather than

Q∗
sen

T
= Qsen

T
−Qc

sen

T
, (3)

since this saves many computationally expensive filtering steps.
Figure 1 demonstrates on a 1 year dataset, that in the open ocean these two ways methods are

indeed equivalent for Q∗T , and differences are contained to the area covered by the moving ice edge
and are small compared to the results presented in the main manuscript, especially when averaged
globally.

To indicate areas that might be influenced by the presence of sea ice we indicate the maximum
extent of the sea ice edge with an orange contour in each map plot. Additionally we compute global
averages in those plots for all values and only for values that are never covered by sea-ice (values in
parentheses on the upper left edge of each map).
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Figure 1: Absolute difference between Q∗ when changing the order of temporal averaging and spatial
filtering (see Equation 2 and 3). The averaging is done over the first year of the CM2.6 simulation.
Orange lines indicate the maximum extent of sea ice. Numbers shown in the top left of map panels
indicate global averaged values for all available values and only ice free locations in parentheses. For
details on treamtment of sea ice and temporal averaging see Temporal averaging and areas covered in
sea ice.
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We find that none of our conclusions are changed by excluding areas that are partially covered by
sea ice and in the text we exclusively refer to the values including all available data points.

2 Daily examples of Q∗

Figure 2: Daily flux maps for CM2.6. The columns indicate the different terms used in the study (see

methods for details). Left: The smoothed full resolution flux Q.; Center: The large scale flux (QC)
(Q L bar); Right:The small scale flux (Q∗). Each row shows the same daily timestep within the first
year of the CM2.6 simulation. Orange lines indicate the maximum extent of sea ice. Numbers shown
in the top left of map panels indicate global averaged values for all available values and only ice free
locations in parentheses. For details on treamtment of sea ice and temporal averaging see Temporal
averaging and areas covered in sea ice.

†These authors contributed equally to this work.
∗Corresponding author: julius@ldeo.columbia.edu
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Figure 2 shows several examples ofQ, QC , andQ∗ based on daily averages (the finest time frequency
available for both simulations). These high time resolution fields show a large degree of variability
particularly in Q∗, but also illustrate that many Q∗ anomalies are associated with anomalies of the
same sign in the QC∗ terms, and thus act to enhance the background variability.

3 Comparing offline and online fluxes

Our offline flux calculations are close to the values produced within the simulation itself. Figure 3
shows a close match of regional patterns for each simulation.

For CM2.6 our offline estimates however underestimate the global heatflux as a result of an under-
estimation of the latent heatflux and a lesser overestimation of the sensible heatflux (Figure 4). We
note however that the mismatch between the offline and online latent heatfluxes for CM2.6 is about
the same order of magnitude (10 W/m2̂) as the difference between the online fluxes computed by the
two simulations.

Possible issues leading to the mismatch could be:

• Nonlinear effects throughout the daily cycle, which we cannot capture due to the output frequency
(daily average) of both simulations used here

• Corrections for skin temperature which were not implemented as part of this study.

For CESM (Figure 4, bottom row) the online flux is well captured by the range of offline fluxes,
and due to the fact that all of our main results presented in the main manuscript are qualitatively
the same for both simulations, we believe that the mismatch observed is of minor importance for the
results presented in the manuscript.

4 Dependence on the choice of algorithm and smoothing method

Within the main manuscript we only present a single estimate of the small scale flux for brevity. To
evaluate the sensitivity of our results to the choice of bulk algorithm and the two different smoothing
methods, spatial filtering and coarse-graining, we repeated the analsyis for a shorter 1 year time
window with all options. Due to the lack of strong interannual variability we believe these results
to be representative of the full results. Figure 5 shows that the choice of algorithm changes results
within a range of about 1W/m2, and the algorithm presented in the main manuscript (ecmwf) can be
considered one of the more conservative estimates. We find that all conclusions of the main manuscript
are very consistent across different algorithms, and thus are convinced that our results capture an actual
physical mechanism, and that the choice of algorithm plays a secondary role for these findings. These
conclusions also hold for the smoothing method, but coarsening generally leads to a larger small scale
flux. This is likely due to the fact that coarsening removes more small scale variance compared to a
Gaussian filter with the same window length.We chose the spatial filtering, since it enables the selective
filtering of a subset of inputs, and thus decompose results into oceanic and atmospheric contributions,
which is not possible with coarse graining.

4.1 Decomposition ocean/atmos vs tracer/vel

We extend the approach in Atmosphere and Ocean decomposition to decompose the small scale flux
into contributions from tracers and velocity components. To isolate the effects of small scales in the
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Figure 3: One year averaged heat fluxes (unsmoothed) for CM2.6 (a-d) and CESM (e-h). The left
column shows the latent heatflux, and the right column shows the sensible heatflux.
a-d Show results for CM2.6. Panels a/b show the online fluxes (provided as part of the simulation

output) and panels c/d show the offline fluxes (calculated via aerobulk-python). e-h Show results for
CESM. Panels e/f show the online fluxes (provided as part of the simulation output) and panels g/h

show the offline fluxes (calculated via aerobulk-python).
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Figure 4: Timeseries of globally averaged full heat fluxes for CM2.6 (left column) and CESM (right
column). The upper row shows latent heat flux, the center row shows sensible heatflux, and the
bottom row shows the combined turbulent heatflux. The colored lines represent different algorithms
used to calculate offline fluxes, and the black dashed line shows the flux output from the coupled
simulation.
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Figure 5: Global averaged small scale flux using different bulk algorithms and smoothing methods for
the first year of the CM2.6 simulation. Upper left: Combined turbulent small scale flux Q∗. Upper
right: Latent component of the small scale flux Q∗

lat. Lower left: Sensible component of the small
scale flux Q∗

sen. (For definitions see the Methods section). Colors indicate the bulk algorithms used.
The linestye indicates the smoothing method, solid lines for filtering (used in the manuscript) and
dashed lines for coarsening.
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velocity fields of both ocean and atmosphere compared to the effects of small scales in the tracer fields,
we follow the same pattern in Eq 6-10 in the main manuscript.

To isolate the effects of small scales in the velocity, we first compute heat fluxes where only the
velocity fields have been smoothed:

Qc,V
lat = ABulk(θ, θO,uA,uO, qA, pA), (4)

and the define the small-scale contribution as

Q∗,V
lat = Qlat −Qc,V

lat (5)

Similarly the effects of the small-scales in the tracers of both ocean and atmosphere are quantified
by first computing fluxes with only coarsening the tracer fields:

Qc,T
lat = ABulk(θA, θO,uA,uO, qA, pA), (6)

and then defining the small scale contribution as

Q∗,T
lat = Qlat −Qc,T

lat. (7)

Figure 6 compares the decomposition into atmosphere and ocean contribution to the decomposition
into velocity and tracer contributions. The pattern and global average values of the atmosphere and
velocity contribution, and the ocean and tracer contribution are very similar. These results suggest
the atmospheric contribution to be largely driven by the velocity contribution, whereas the oceanic
contribution is largely driven by small scale tracer structures. This seems overall plausible. The
atmospheric flow is generally much faster and shows high variability in velocities, but tracers like
temperature tend to have larger scales than e.g. the SST in the ocean.

All of the above findings are qualitatevly consistent between the two simulations (results for CESM
not shown).

4.2 Main conclusions from the paper for CESM

All conclusions drawn from the CM2.6 simulation are qualitatively supported by the CESM simulation.
In fact, the values from CESM generally show a higher small scale flux contribution both locally and for
the global mean. Figure 7 shows similar patterns for the small scale heatflux with strong enhancement
in the western boundary currents, near the Equator and around the subpolar front. CESM also shows
the dampening of air-sea fluxes near the equator. Overall the pattern seems noisier, particularly in
the Southern Ocean, likely a consequence of the shorter simulation duration, where transient features
might average out over time.

Just like the results presented in the main manuscript, the small scale flux does mostly reinforce
the large scale heat flux, and a substantial amount (20+%) of local values enhance the large scale flux
by more than 10% (Figure 8). We also see that within the Western Boundary current regions, the
enhancement is even more pronounced, just like for CM2.6.

4.3 Interannual variability

We find that interannual variability in the globally averaged results is very small, making our choice
of a single year to demonstrate the characteristics of daily results, as well as various analyses within
this Supplementary Material, representative of the longer 20 year simulation.
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Figure 6: Comparison of the small scale ocean/atmosphere decomposition (left; similar as shown in
Figure 4 of the main text) and tracer/velocity decomposition (right) for CM2.6. All terms are averaged
over the first year of the simulation using the ecmwf algorithm. Orange lines indicate the maximum
extent of sea ice. Numbers shown in the top left of map panels indicate global averaged values for all
available values and only ice free locations in parentheses. For details on treamtment of sea ice and
temporal averaging see Temporal averaging and areas covered in sea ice.
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Figure 7: As Figure 2 in main manuscript but shows 20 year averaged results for CESM simulation. a)

shows the large scale flux QC and b) shows the small scale flux Q∗ ( for details see Equation 1 in main
manuscript). Negative values indicate ocean heat loss. Grey boxes indicate the Western Boundary
Current regions used in Figure 8. Orange lines indicate the maximum extent of sea ice. Numbers
shown in the top left of map panels indicate global averaged values for all available values and only
ice free locations in parentheses. For details on treamtment of sea ice and temporal averaging see
Temporal averaging and areas covered in sea ice.
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Figure 8: As Figure 3 in main manuscript but for CESM simulation. Bivariate histogram showing the
relationship between the large-scale flux (QC on the x axis and the small scale flux Q∗ on the y axis.
Points falling in the upper-right and lower-left quadrant (same sign) indicate that the small scale flux
is enhancing the large scale flux. Points falling below (above) the red dashed line in the lower-left
(upper-right) quadrant are enhancing the large-scale flux by more than 10%. The percentages of total
datapoints categorized as enhancing (enhancing more than 10%) are shown in the lower left of each
panel. Text insets indicate the percentage of data points falling into these two categories for all data
and only the northern Western Boundary current regions indicated in Figure 7. Note that the year to
year variability is small (see Supplementary Material) and thus this relationship is representative of
the full time frame.
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Figure 9: Global average small scale flux for CM2.6 and the ecmwf algorithm for sensible heatflux (a),
latent heatflux (b), and combined turbulent heatflux (c). Each timeseries has a 360 day running mean
applied to highlight interannual variability.

4.4 Main results seperated into latent and sensible heatflux

Figure 10: Columns as in Figure 2 in the main text, but shown for latent (left column) and sensible
(right column) separately. Maps show averages of each term over 20 years of the CM2.6 simulation.
Orange lines indicate the maximum extent of sea ice. Numbers shown in the top left of map panels
indicate global averaged values for all available values and only ice free locations in parentheses. For
details on treamtment of sea ice and temporal averaging see Temporal averaging and areas covered in
sea ice.
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Figure 10 shows the results for large scale and small scale flux separated into both individual
components. The latent heat flux dominates the amplitude of the turbulent heat flux in most regions
of the ocean. We further concluded that within each component individually the influence of small
scales is to reinforce the large scale patterns (Figure 10). We also find that results from the second
simulation also show qualitatively similar results (not shown). Future work that aims to implement a
parametrization of the smale scale flux might have to consider both components individually, but for
the purpose of this study we chose to present results for latent and sensible heatflux combined.
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