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ABSTRACT: High-resolution numerical models have been used to develop statistical models of

the enhancement of sea surface fluxes resulting from spatial variability of sea-surface wind. In

particular, studies have shown that the flux enhancement is not a deterministic function of the re-

solved state. Previous studies focused on single geographical areas or used a single high-resolution

numerical model. This study extends the development of such statistical models by considering

six different high-resolution models, four different geographical regions, and three different ten-

day periods, allowing for a systematic investigation of the robustness of both the deterministic

and stochastic parts of the data-driven parameterization. Results indicate that the deterministic

part, based on regressing the unresolved normalized flux onto resolved scale normalized flux and

precipitation, is broadly robust across different models, regions, and time periods. The statistical

features of the stochastic part of the model (spatial and temporal autocorrelation and parameters of a

Gaussian process fit to the regression residual) are also found to be robust and not strongly sensitive

to the underlying model, modelled geographical region, or time period studied. Best-fit Gaussian

process parameters display robust spatial heterogeneity across models, indicating potential for

improvements to the statistical model. These results illustrate the potential for the development

of a generic, explicitly stochastic parameterization of sea-surface flux enhancements dependent on

wind variability.
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1. Introduction28

While numerical models of the atmosphere have seen remarkable improvement in the last 7029

years, such models still require approximations of sub-grid scale processes such as surface fluxes30

that are not fully resolved. Traditionally, sea surface fluxes have been parameterized as a deter-31

ministic function of the resolved state. However, such an assumption requires a scale separation32

between the unresolved sub-grid scale processes and the resolved atmospheric model grid-box33

scale processes, an assumption not necessarily valid nor appropriate when the length scale of the34

unresolved process approaches the length scale of the grid. In the absence of scale separation,35

stochastic parameterization that includes an explicitly random component is appropriate (Berner36

et al. 2017; Palmer 2019).The present study expands on previous works of Bessac et al. (2019,37

2021), which used a coarse-graining approach to investigate the difference between ‘true’ (at the38

scale of a high-resolution simulation) and ‘resolved’ fluxes for a range of coarsening scales. These39

previous studies considered nine days of output from a single regional convection-permitting model40

simulation of the Indo-Pacific Warm Pool region. To quantitatively assess our confidence in the use41

of such a parameterization in operational weather and climate models, the present study investigates42

how sensitive the parameterization is to the spatial domain, simulation period, and high-resolution43

model used to develop it.44

a. Parameterized sea surface fluxes45

Sea surface fluxes of e.g. energy, momentum, and gases are normally represented in weather and46

climate models using the bulk flux formulation47

FG = d0 B2G (B) (-B � -0) (1)

with FG the surface flux for some quantity G (in amount of G per unit surface area per unit time),48

d0 the air density, B the wind speed, 2G the dimensionless exchange coefficient for G at wind speed49

B, and -B, -0 the amount of G per atmospheric mass at the surface and at some specified height,50

respectively. The functional dependence of the exchange coefficient on wind speed is generally51

obtained empirically; examples of these functional forms are presented in Lin and Sheng (2020).52

The overbars in Equation 1 represent Reynolds averaging.53
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Jensen’s inequality for the mean wind speed B and the norm of the means of the vector components54

of wind BE implies that55

BE =
p
D

2 + E2 
p
D

2 + E2 = B (2)

where D, E, are the horizontal wind components. As such, the norm of the mean vector field56

is always an underestimate of the true mean wind speed. Since global and regional models57

represent Reynolds averaged variables, numerical models must use Reynolds averaged wind vector58

components instead of scalar mean wind B when computing surface flux. Compensation for59

such errors arising from Reynolds averaging in time associated with wind speeds computed at60

model resolution has traditionally been achieved by introduction of the so-called wind gustiness61

B6(e.g. Jabouille et al. (1996))62

B
2 = B

2
E
+ B2

6
(3)

where B6 must be parameterized using quantities computed by the numerical model, such as63

the turbulent surface heat flux and precipitation (Godfrey and Beljaars 1991; Zeng et al. 2002;64

Redelsperger et al. 2000; Miller et al. 1992; Deardorff 1970; Mahrt et al. 2021; Blein et al. 2022).65

In fact, the spatial averaging of wind over model gridboxes implied by spatial discretization also66

results in underestimation of surface fluxes. The gustiness scheme to correct for time averaging67

can be expanded to include sub-grid scale velocity contributions to correct for spatial averaging as68

discussed in Mahrt and Sun (1995), expressing time averaged fine-scale wind components D, E, as69

a sum of space-time averaged wind components hDi, hEi and their local deviations D⇤, E⇤. Hence70

D = hDi +D⇤ (4)

E = hEi + E⇤ (5)

hD2 + E2i = hDi2 + hEi2 + B2
⇤ (6)

with B
2
⇤ = hD2

⇤i + hE2
⇤i, since hD⇤i = hE⇤i = 0. Jensen’s inequality implies that71

p
hDi2 + hEi2  h

p
D

2 + E2i. (7)

The right-hand side of this inequality is the desired true space- and time-mean wind speed; the72

left-hand side is the quantity directly available from the numerical simulation. Such inequalities73
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hold in general for fluxes which are convex functions of wind speed and the difference between the74

two quantities constitute what we wish to recover using a flux enhancement.75

As with the gustiness, parameterizations of flux enhancements by subgrid-scale (SGS) velocity76

variability in a numerical model must use resolved model state variables. This SGS flux enhance-77

ment can also be represented using a gustiness velocity, as in Blein et al. (2022). Using a formal78

model selection approach, this study found that the optimal set of predictors of B2
⇤ uses information79

related to deep convection and the local resolved flow. Following Bessac et al. (2019), the present80

study considers a different approach to this parameteriztaion problem.81

b. Stochastic parameterizations82

Deterministic parameterization of the difference between ‘true’ and ‘resolved’ fluxes assumes83

sufficient scale separation such that the parameterized sub-grid scale processes are ‘in the thermo-84

dynamic limit,’ where the large number of small-scale fluctuations around the mean largely average85

out, such that their net effect is negligible. This assumption is not generally appropriate when un-86

resolved atmospheric processes have length scales that approach model resolution, and as such87

cannot be deterministically parameterized (e.g. Bessac et al. 2019; Christensen 2020; Dorrestijn88

et al. 2013). The lack of scale separation can, however, be accounted for by use of a stochastic89

parameterization.90

It is known that stochastic corrections to air-sea fluxes are capable of causing noise-induced91

drift upon climate, as a consequence of the asymmetry in the influence rendered by positive and92

negative surface buoyancy fluxes (Williams 2012). As a result, the climate of a model with93

stochastic parameterizations of sub-grid scale processes can be expected to be different from that94

of a comparable model with deterministic parameterizations (even if the stochastic corrections95

have zero mean). Thus for the reduction of systematic errors at the climate-scale the development96

and evaluation of stochastic parameterizations is of importance to the Earth System modelling97

community, as discussed by Zadra et al. (2018). Furthermore, the potential increase in ensemble98

spread introduced by explicit stochasticity may be of interest for the improvement of prediction99

capabilities (e.g. Palmer et al. 2009) thereby presenting an avenue for further improvements to100

contemporary numerical weather prediction and climate modelling. Davini et al. (2017); Dawson101
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and Palmer (2015); and Vidale et al. (2021) discuss the use of stochastic model physics as a cost102

efficient substitute to increasing model resolution.103

c. Idealized flux formulation104

As discussed above, it is known that gustiness and SGS velocity variability contribute to the105

coarse resolution flux in a manner that is not generally negligible (e.g. Bessac et al. 2019; Blein106

et al. 2020). While SGS variability of other variables affect surface fluxes, SGS velocity variations107

are generally the dominant effect (Blein et al. 2020). It is therefore beneficial to focus on that108

part of the sea surface flux enhancement due entirely to SGS velocity variations. In the present109

work, the surface wind dependent part of some sea surface flux is expressed using the idealized,110

normalized, and dimensionless form111

� (B) =
✓
B

B0

◆
=

(8)

where B0 = 1 m/s is a scaling factor. Throughout the rest of this study, it will be assumed that all112

model variables are Reynolds averaged and so the overbar will not be used. The non-dimensional113

quantity expressed as Equation 8 will be referred to as ‘the normalized flux’ to distinguish this114

quantity from the full flux. Neglecting the wind speed dependence of the exchange coefficient, the115

normalized flux of energy or water vapour is represented with = = 1 and momentum, with = = 2.116

A range of exponents have been proposed for fluxes of different gases (e.g. = = 2 in Wanninkhof117

2014).118

We investigate effects of spatial averaging by using convection permitting model outputs to119

approximate the state of a lower-resolution model by averaging fields on a lower-resolution spatial120

grid (coarse-graining), and finding the difference between the gridbox-mean normalized fluxes121

computed from the high-resolution (taken to be the ‘truth’) and coarsened fields. In particular we122

consider the quantity123

Y# ,= = log10

⇣
�
())
# ,=

��
(')
# ,=

⌘
, (9)

the base 10 logarithm of the normalized flux enhancement due to sub-grid scale wind variations,124

where # denotes the averaging scale for coarsening of the fine-resolution model output. In125

Equation 9126

�
())
# ,=

=

* p
D

2 + E2

B0

!
=
+
#

(10)
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and127

�
(')
# ,=

=
©≠≠
´

q
hDi2

#
+ hEi2

#

B0

™ÆÆ
¨

=

(11)

are the ‘true’ and ‘resolved-scale’ normalized fluxes, respectively (with <># denoting spatial128

averaging on a grid of resolution #). Note that Equation 9 implies129

�
())
# ,=

= �
(')
# ,=

+10Y# ,= (12)

Negative values of Y# ,= correspond to normalized SGS flux enhancements of less than one. By130

virtue of Jensen’s inequality, � ())
# ,=

will always exceed �
(')
# ,=

so Y# ,= is real.131

Following Bessac et al. (2019, 2021) we parameterize Y# ,= in terms of resolved variables with132

the linear regression133

Y# ,= = (�# ,=)0 +
3’

:=1
(�# ,=):

⇣
log10 �

(')
# ,=

⌘
:

+
4’
;=1

(⌫# ,=);%;/4
#

|                                                               {z                                                               }
= `# ,=

+k# ,= (13)

with regression coefficients �, ⌫, and the coarse-grained resolved scale precipitation %# (the134

fine-scale precipitation rate averaged over the coarse grid box). The quantity `# ,= denotes the135

deterministic part of Y# ,=, computed entirely from resolved-scale variables � (')
# ,=

, %# , whereas k# ,=136

is the statistical residual, modelled to be stochastic and independent of resolved-scale variables.137

This statistical model thus assumes that the regression fit captures all of the dependence of Y# ,= on138

resolved variables � (')
# ,=

and %# .139

d. Objectives140

Data-driven climate model development exists at an interesting intersection wherein the statistical141

and computational methods employed advance very quickly, but at the same time testing and142

implementing a novel model is an expensive process both in terms of time and in terms of143

computational resources. Furthermore, the parameterizations that are employed in weather and144

climate modelling are oftentimes developed using output from one high-resolution numerical145

model, leading to questions about the model-dependence of these results. As such, it is important146
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to systematically study the robustness of a data-driven parameterizations, as is done in this study147

for the context of sea surface flux parameterization.148

Previous studies of the flux enhancement by SGS wind variations using a coarse-graining ap-149

proach have considered output from single models in a limited number of geographical regions150

over short time periods. For example, the deterministic parameterization of Blein et al. (2022)151

considered single months of output from the AROME model in two domains (the eastern Indian152

Ocean around La Réunion and the Antilles region of the Carribean). Bessac et al. (2019, 2021)153

used nine days of output over the Indo-Pacific Warm Pool from the Cascade simulation of the154

United Kingdom Met Office Unified Model (Holloway et al. 2012) during an active Madden-Julian155

Oscillation event. The question of robustness of these parameterizations to variations in the model,156

geographical domain, and time period used for their construction remains largely open. The object157

of this study is to expand on Bessac et al. (2019) by applying their proposed statistical model to158

thirty days of model output in a variety of geographical regions, extending from the equatorial159

regions to the extratropics, simulated by a set of global convection permitting atmospheric models160

participating in the DYAMOND (DYnamics of the Atmospheric general circulation Modeled on161

Non-hydrostatic Domains) initiative (Stevens et al. 2019). Such variety in model output allows for162

an investigation of the robustness of the parameterization of sea-surface flux enhancement due to163

subgrid-scale wind speed variability. Section 2 provides an overview of the models and regions164

considered, as well as the statistical tools used in the analysis. Results are presented in Section 3,165

the Discussion in Section 4, and the Conclusions in Section 5.166

2. Convection-permitting models and statistical methods167

a. Convection-permitting models168

The DYnamics of the Atmospheric general circulation Modeled on Non-hydrostatic Domains169

(DYAMOND) initiative described by Stevens et al. (2019) provides forty days (August 1 – Septem-170

ber 9, 2016) of high-resolution global numerical model output for a number of different models,171

produced from identical initial (atmospheric analysis) and boundary (sea-surface temperatures)172

conditions. Thus, it can be used to investigate the robustness of the statistical parameterization to173

the models used in its construction. The models considered in this study were selected based on174

availability in the DYAMOND data archive at the time the analysis started. The grid used for the175
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archive was retained until analysis, i.e. no re-gridding was performed prior to analyzing the output.176

The first ten days of the DYAMOND simulations are discarded as spin-up, following the protocols177

of Stevens et al. (2019).178

To allow direct comparison with the results of Bessac et al. (2019), we also consider the Cascade179

experiment (Holloway et al. 2012; Love et al. 2011) although it is not part of DYAMOND, but180

a separate project using the UK Met Office Unified Model. The fact that the Cascade project181

modeled a time-period different from DYAMOND (April 6 – 15, 2009) allows for a further test182

of robustness with respect to time periods. For brevity and consistency, hereinafter ‘Cascade’ will183

denote the Cascade experiment whereas the shorthand ‘UM’ will denote the UM contribution to184

DYAMOND. Note also that the Cascade simulation considered only the Indo-Pacific Warm Pool185

region, and that in the present analysis the first day of the Cascade simulation is discarded as186

spin-up, as in Bessac et al. (2019, 2021).187

A detailed study of the similarities and differences of the numerical models studied is presented in188

Endo (2022). The models FV3 and UM have relatively similar parameterization schemes; NICAM189

explicitly simulates rather than parameterizes cumulus convection or fractional cloudiness; and190

GEOS uses noticeably different parameterization schemes compared to the other models. A191

summary of model physics and dynamics is presented as Table 1.192

b. Geographical regions studied195

To assess the robustness of the regression model across various geographical domains with196

different meteorological properties, we consider four distinct regions, the Indo-Pacific Warm Pool,197

the subtropical Northeast Pacific, the subarctic Northeast Pacific, and a region of the Southern198

Ocean encompassing the Antarctic Peninsula and Patagonia (Figure 1).199

The Indo-Pacific Warm Pool region is bounded by 20� N and 20� S and by 42� E and 177� E. Land200

masses within the region include the Maritime Continent, as well as northern Australia, the Horn of201

Africa, and South Asia. Being a region with substantial convection and resulting small-scale wind202

variability, the region is expected to have relatively large values of Y# ,= (Figure 1). Furthermore,203

consideration of this region allows for direct comparison with the results of Bessac et al. (2019,204

2021), since the domain is identical to the domain used in the Cascade experiment.205

9



T���� 1. DYAMOND model configurations, synthesizing Stevens et al. (2019); Satoh et al. (2019) and the

technical documentation applicable for each model.

193

194

Model FV3 GEOS IFS NICAM UM Cascade

Technical
documenta-
tion

Lin and Rood
(1996, 1997);
Lin (2004);
Harris et al.
(2020); Zhao
et al. (2018)

Putman and
Lin (2007);
Putman
and Suarez
(2011);
Molod et al.
(2015)

Wedi (2014);
Malardel
et al. (2016);
European
Centre for
Medium-
Range
Weather
Forecasts
(2020a)

Satoh et al.
(2008, 2014);
Kodama et al.
(2015, 2021)

Walters et al.
(2017); Wood
et al. (2014)

Davies et al.
(2005)

Grid Cubed sphere Cubed sphere Octahedral re-
duced Gaus-
sian

Icosahedral Latitude-
Longitude

Latitude-
Longitude

Resolution 3.3 km 3.3 km 4.8 km 3.5 km 7.8 km 4 km

Time integra-
tion

Forward-
in-time
finite-volume,
vertically
Lagrangian

Forward-
in-time
finite-volume,
vertically
Lagrangian

Semi-implicit
semi-
Lagrangian

Split-explicit,
vertically
implicit

Semi-implicit
semi-
Lagrangian

Semi-implicit
semi-
Lagrangian

Hydrostatic
model

No No Yes No No No

Top height 39 km 80 km 80 km 50 km 85 km 40 km

Cumulus
parameteriza-
tion

Shallow Full Shallow None Shallow Suppressed

Fractional
cloudiness
parameterized

Rotstayn et al.
(2000); Smith
(1990)

Bacmeister
et al. (2006)

Räisänen
et al. (2004);
Tiedke (1993)

None Wilson et al.
(2008); Smith
(1990)

Wilson and
Ballard
(1999); Smith
(1990)

Orographic
gravity waves

Garner (2005) McFarlane
(1987)

Lott and
Miller (1997)

McFarlane
(1987)

Lott and
Miller (1997);
Vosper (2015)

Webster et al.
(2003)

Non-
orographic
gravity waves

Alexander
and Dunker-
ton (1999);
Lindzen
(1981)

Garcia and
Boville
(1994)

Scinocca
(2003);
Warner and
McIntyre
(1999)

None Scaife et al.
(2002);
Warner and
McIntyre
(1999)

None reported

Planetary
boundary
layer

Lock et al.
(2000)

Lock et al.
(2000)

European
Centre for
Medium-
Range
Weather
Forecasts
(2020b)

Mellor and
Yamada
(1982);
Nakanishi and
Niino (2006,
2009)

Lock et al.
(2000)

Lock et al.
(2000)

The subtropical Northeast Pacific region is bounded by 5� N and 30� N and by 120� W and206

180� W. The only substantial land mass in this region is Hawaii. Low precipitation rates, along207

with the strong, steady easterlies in this region contrast with the weak winds of the Warm Pool and208
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the strong but variable winds of the midlatitude regions. Furthermore, air-sea fluxes in the region209

are well studied in the literature (e.g. Fagan and Mackenzie 2007).210

The subarctic Northeast Pacific domain is adjacent to the subtropical Northeast Pacific domain,211

bounded by 30� N and 70� N and by 120� W and 180�. The region includes the west coast of212

North America with Alaska and the Aleutian Islands, as well as the Russian Far East. This region213

contains the Pacific storm track and has different wind and precipitation climatologies compared214

to the Indo-Pacific Warm Pool and the subtropical Northeast Pacific, with highly variable winds215

due to synoptic-scale storm activity (albeit relatively weak in the simulation month of August).216

Quantification of Y# ,= in this well observed region is potentially useful for analysis of observational217

data, such as those from Station P or Line P (e.g. Franco et al. 2021).218

The region of the Southern Ocean considered is bounded by 40� S and 70� S and by 40� W219

and 120� W and includes Patagonia, the Antarctic Peninsula, and the Drake Passage region. This220

is a region of strong and variable winds (the ‘roaring forties’) and may be useful for statistical221

analysis and uncertainty quantification of datasets originating from the Drake Passage, such as the222

observations studied in Rees et al. (1997).223

c. Coarse graining227

The present study uses fine resolution numerical model output as ‘truth’ and uses a coarse228

graining approach to generate a proxy of the resolved scale model. This is done by setting a coarse-229

resolution grid and determining which fine-resolution grid boxes fall in each coarse-resolution230

box. The ‘true’ normalized flux contribution from the contributing fine-scale grid boxes are then231

computed and averaged on the coarse grid. The coarse-scale wind is obtained by averaging the232

zonal and meridional wind from the contributing fine-scale grid boxes and taking the norm of233

the averaged wind vectors. This norm is used to compute the ‘resolved-scale’ normalized flux.234

The difference between the ‘true’ and ‘resolved-scale’ normalized flux is used to compute Y# ,=.235

Resolved scale grid boxes which contain land are excluded from the analysis.236

The present work will report results primarily for # = 0.4� (approximately 45 km ⇥ 45 km in the237

Warm Pool, down to approximately 22 km ⇥ 45 km in the Southern Ocean) and = = 2, to allow for238

comparison with Bessac et al. (2021). The choice of this exponent means that the results presented239

in this study will relate directly to the parameterization of momentum fluxes. Fluxes of e.g. water240
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F��. 1. Global Y0.4� ,2 means for IFS and FV3, with land masked out in grey and regions considered in this

study outlined in red. Note that the magnitude and sign of Y# ,= are dictated by the choice of the scale factor B0

in Equation 8.

224

225

226

and energy, for which = = 1, are considered in Endo (2022). The same qualitative conclusions are241

found for these fluxes as for momentum fluxes.242

A detailed analysis of the magnitude of Y# ,= in the Warm Pool was presented in Bessac et al.243

(2019). The overall magnitude of the SGS flux correction increases for larger coarsening scales244

# . The relative error was found to be largest for the smallest values of resolved flux �
(')
# ,=

. For245

an averaging scale of 0.5� and a flux exponent = = 2, the relative error of the 50th percentile246

resolved fluxes exceeds 10 percent approximately 15 percent of the time. Maps of time-mean247
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Y0.4�,2 over a ten-day subset of the simulation period for the IFS and FV3 models are broadly248

similar in distribution and magnitude (Figure 1). The fact that values of Y0.4�,2 simulated by the249

FV3 model are generally larger than those from IFS are consistent with the higher resolution of the250

FV3 model, since smaller-scale variability will manifest in the computed Y# ,= values. These mean251

fields will also differ as a result of the fact that the 40-day simulation period is sufficiently long for252

each model to generate its own realization of internal weather variability.253

d. Modelling stochastic enhancement with Gaussian fields254

Estimation of the coefficients of the deterministic part of Y# ,= in Equation 13 is done by means255

of least squares regression. The stochastic residual k# ,= is modelled as a space-time random field256

with a specified covariance structure, separate from the aforementioned deterministic part. Once257

the parameters of the space-time covariance have been estimated, generation of realizations of k# ,=258

is a straightforward process by use of a ‘square root’ of covariance matrices. Following Bessac259

et al. (2019, 2021), we consider the covariance function260

: (G,G0, H, H0, C, C0) = f exp (�3 (G,G0, H, H0, C, C0)W) (14)

with261

3 (G,G0, H, H0, C, C0) =

s✓
G� G

0

\G

◆2
+

✓
H� H

0

\H

◆2
+

✓
C � C

0

\C

◆2
(15)

as a covariance model that defines characteristic zonal, meridional and temporal lengthscales \G ,262

\H, and \C , as well as variance parameter f and roughness parameter W 2]0,2]. Note that the263

nugget parameter X included in Bessac et al. (2019) has been omitted, as was done in Bessac et al.264

(2021), due to its small contributions in Bessac et al. (2019). In this study, parameters of the265

covariance model are estimated in locally stationary fashion via maximum likelihood as in Bessac266

et al. (2019, 2021). In practice, obtaining a correlated random field with known covariance is not267

anticipated to be computationally expensive, especially in light of recent developments by Chen268

and Stein (2021) and Tsyrulnikov and Gayfulin (2017), the former improving computation cost of269

covariance matrices and the latter being an alternative spatio-temporal pseudo-random Gaussian270

field generator.271
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F��. 2. Time means of resolved flux � (')
0.4� ,2 (top), precipitation %0.4� (middle), and normalized flux enhancement

Y0.4� ,2 (bottom) for FV3 (left) and IFS (right) for the Indo-Pacific Warm Pool. The grey mask denotes land, the

vertical axis denotes latitude, and the horizontal axis denotes longitude.

273

274

275

3. Analysis272

a. Statistical features of resolved-scale normalized flux and precipitation280

We first consider the statistics of resolved-scale normalized flux and precipitation, the explanatory281

variables utilized in the parameterization of the deterministic part of Y# ,=. These statistics may be282

different across models, spatial domains, and time periods because of model differences, intrinsic283

temporal non-stationarity or spatial heterogeneity, or sampling variability.284

Figure 2 shows maps of the time mean resolved-scale normalized flux, precipitation, and residuals285

Y0.4�,==2 for the Indo-Pacific Warm Pool for two models (IFS and FV3). It can be observed from286
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F��. 3. Distribution of precipitation and resolved-scale normalized flux for the four regions considered for

IFS, plotted as a mutual information density and respective marginal densities, with # = 0.4�, = = 2. Significant

values of the mutual information density (at the five percent significance level with a two-tail test) are shown in

color, whereas grey indicates that the null hypothesis could not be rejected.

276

277

278

279

Figure 2 that there are similarities between the geographical distribution of time mean resolved-scale287

normalized flux, precipitation, and Y# ,=, demonstrating some form of interdependence between the288

variables. Such a dependence reflects the fact that smaller values �
(')
# ,=

(e.g. blue regions in the289

top row of Figure 2) can result from increased cancellation of vector winds within a grid-box and290
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F��. 4. As in Figure 3 for FV3.

stronger convection (higher %# , cyan and yellow in the middle row) mirroring larger Y# ,= (yellow291

in the bottom row). Small-scale wind variations due to proximity to nearby land masses are also292

evident in the distribution of Y# ,= (Blein et al. 2020). Such relationships between �
(')
# ,=

, %# , and293

Y# ,= are prominent along the equator in the Indian Ocean.294

The marginal probability densities for precipitation and resolved-scale normalized flux, ?(%# ,=)295

and ?(� (')
# ,=

) respectively, and their joint probability density ?(%# ,=,�
(')
# ,=

), can be used to compute296
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the mutual information density297

MID(%# ,=,�
(')
# ,=

) = ?(%# ,=,�
(')
# ,=

) log

 
?(%# ,=,�

(')
# ,=

)

?(%# ,=) · ?(� (')
# ,=

)

!
(16)

which characterizes statistical dependence by indicating whether a joint probability density is larger298

or smaller than the density resulting from the product of the marginal probabilities, a feature which299

arises when random variables are dependent. In particular, a positive mutual information density300

in a region indicates a higher probability than if the variables were independent, whereas a negative301

mutual information density indicates a smaller probability than would be the case for independent302

variables.303

The marginal probability distributions and mutual information densities for the regions consid-304

ered and two models (IFS and FV3) are shown respectively in Figures 3 and 4. The densities305

are estimated by aggregating data over the geographical region and the first ten days used in the306

analysis. A 10-day subset of the DYAMOND simulations is used to allow direct comparision to the307

CASCADE results, and to investigate sensitivity to the time period considered. Statistical signifi-308

cance of the MID is assessed at the five percent significance level, using the following two-tailed309

test. Realizations from the null hypothesis distribution of independent (%# ,=,�
(')
# ,=

) are generated310

via resampling, i.e. from 2000 random permutations of the sets %# and �
(')
# ,=

. Such resampling pre-311

serves marginal distributions while removing dependence between variables. The null hypothesis312

of independence is rejected when the observed MID(%# ,�
(')
# ,=

) is below the 2.5 percentile or above313

the 97.5 percentile of the MID of the null hypothesis distribution. Such statistically significant314

MID values are indicated in color.315

From the MID shown in Figures 3 and 4, the two predictors %# , � (')
# ,=

are not linearly dependent.316

Although the absence of such dependence between the two predictors is not strictly necessary for317

their use in the regression model, we nevertheless are able to confirm that either of the two input318

variables are not simple functional transformations of the other variable. For the Indo-Pacific319

Warm Pool, the MID exhibits lower probability densities for bands of (� (')
# ,=

,%# ) with moderate320

resolved-scale normalized flux and high precipitation rate as well as for moderate precipitation321

rate and small resolved-scale normalized flux. While this fact indicates that precipitation and322

resolved-scale normalized flux are not completely independent, the fact that the joint probability323
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distribution indicates the two variables are also not linearly dependent justifies their construction324

as separate predictors for the purpose of constructing a regression model for `# ,=. The structure325

of the statistical dependence between these two predictors is similar in the IFS and FV3 models,326

as well as in all other models analyzed (Endo 2022).327

Turning to the marginal distribution of precipitation for the Indo-Pacific Warm Pool, of particular328

note are the two peaks indicating a strong separation between a large number of space-time points329

with no precipitation and a large number of points with appreciable precipitation. That is, the330

models consistently distinguish between precipitating and non-precipitating states. Despite broad331

similarity in the marginal distributions of %# between the IFS and FV3 models, differences are332

evident. For example, the fraction of space/time points with zero precipitation is smaller in FV3333

than IFS. Again, these differences could result from true model differences or from different weather334

realizations in the two models. The marginal distributions of resolved-scale normalized flux are335

similar between these models in the Indo-Pacific Warm Pool.336

For both IFS and FV3, the MID for the subtropical Northeast Pacific is similar to that of the337

Indo-Pacific Warm Pool, demonstrating comparable dependence between wind and precipitation338

despite the different dominant meteorological processes in the regions reflected in the marginal339

distributions. For example, the steady wind in this region manifests itself in the resolved-scale nor-340

malized flux marginal distribution, presenting a narrower probability distribution when compared341

against the resolved-scale normalized flux marginal probability distribution in the Indo-Pacific342

Warm Pool. As with the Warm Pool, a large number of grid points are absent of precipitation.343

Again, the MID of �
(')
# ,=

and %# is similar between models despite differences in the marginal344

distributions.345

During the simulation period, the FV3 subarctic Northeast Pacific region is largely absent of346

precipitation (as indicated by the ‘spike’ of zero precipitation less prominent in the other two347

regions), unlike what is observed in the Warm Pool and subtropical Northeast Pacific. Despite the348

different marginal distributions, in particular smaller values of the precipitation rate and narrower349

resolved-scale normalized flux marginal distribution, the mutual information density plot is again350

similar to that of the other domains and between models.351

Finally, the stronger winds in the Southern Ocean region are reflected in the marginal distribution352

for resolved-scale normalized flux, shifted to larger values when compared against the other regions.353
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Relative to the other regions in the FV3 output, the larger precipitation rate mode corresponds to354

smaller values, but this feature is not seen in the IFS model output. Once again, despite these355

differences in the marginal distribution, the mutual information density maintains the features356

similar to those of the other regions’ mutual information densities.357

The four regions selected for this study, viz. the Indo-Pacific Warm Pool, subtropical Northeast358

Pacific, subarctic Northeast Pacific, and a region of the Southern Ocean, offer a variety of wind359

and precipitation marginal distributions. Despite this fact, the mutual information densities for the360

regions are remarkably similar across models and regions (for example, a positive MID appears361

in the vicinity of log10 �
(')
# ,=

= 2, %1/4 = 1 in a consistent manner across all models and regions362

studied, alongside regions of negative MID flanking the positive signal), indicative of the similar363

statistical dependence between resolved-scale normalized flux and precipitation. The relationship364

between the two predictor variables is robust. This robustness is part of the justification of the use365

of the same predictors in all regions. Inclusion of these regions in the analysis will ensure that366

a wide range of possible precipitation and resolved-scale normalized flux marginal distributions367

are considered for the study, thus allowing for a comprehensive evaluation of the robustness of the368

statistical model.369

b. Robustness of the deterministic regression model `# ,=370

We now consider the dependence of the SGS normalized flux enhancement Y# ,= on resolved-371

scale normalized flux and precipitation. A regression fit using Equation 13 generates regression372

coefficients �0, . . . ,⌫4 which are specific to the realized values of the predictor-predictand set373

%,�
(')

,�
()) used in the regression. We examine the robustness of these regression fits across374

models, geographical regions, and time periods.375

The form of the regression model Equation 13, a sum of a quartic polynomial of %1/4
#

and a cubic376

polynomial of log10 �
(')
# ,=

, results in the possibility of compensation between regression terms cor-377

responding to different powers. As a result, similar regression functions can be produced with quite378

different regression coefficients. Therefore, it is not particularly meaningful to directly compare379

regression coefficients between fits. It is more meaningful to compare computed `# ,= (� (')
,%)380

values, as defined in Equation 13, between different regression fits to determine if a regression fit381
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obtained from one model, region, and time period produces similar values of `# ,= as a different382

regression fit.383

We measure the robustness of the regression model using the correlation coefficient384

corr(`(�8, � 9 ), `(� 9 , � 9 )) =
mean((`(�8, � 9 )�mean(`(�8, � 9 ))) · (`(� 9 , � 9 )�mean(`(� 9 , � 9 ))))

std(`(�8, � 9 )) std(`(� 9 , � 9 ))
(17)

between pairs of deterministic regression models `(�8, � 9 ), each fit to a set of inputs �8, and then385

applied using a potentially different set of inputs � 9 , where �8, � 9 consist of sets of resolved-scale386

normalized flux and precipitation from different models, regions, and time periods. The second387

argument of the correlation represents prediction of ` obtained using the model/region/time period388

used to estimate the statistical model, while the first argument represents the predictions using on389

a different model/region/time period. A correlation value closer to unity corresponds to a greater390

degree of robustness between the regression models, since this indicates that a statistical model391

developed in one setting can be successfully applied to model the relationship between �
(')
# ,=

, %, and392

Y# ,= in another setting. Therefore, high correlation between a wide variety of numerical models,393

geographical regions, and time periods indicate robustness of the statistical model. In Equation 17394

the correlation is evaluated over all spatial and temporal points in the region. The correlation values395

between deterministic regression values computed using output from different models, different396

geographical regions, and different 10-day sets of model output, are presented as Figures 5 to 7.397

The correlation analysis across models is conducted for the Warm Pool region in order to allow398

comparison with the Cascade simulation. For comparison with Cascade, it should be noted that399

this simulation was conducted for a different time period than the DYAMOND simulations.400

A number of inferences can be made from inspection of the correlations of the regression fits.401

Correlations between different models in the Warm Pool (Figure 5) indicate the following:402

1. The majority of correlation values across models range between 0.70 and 0.98, indicating a403

reasonably high degree of robustness between models, albeit imperfect.404

2. FV3 and GEOS have the highest mutual correlations. These models share the same dynam-405

ical core, and the same planetary boundary layer parameterization. It is not surprising to406

find that regression fits are most robust between different models with somewhat different407

parameterizations but identical dynamical cores.408
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3. NICAM and Cascade have the lowest correlation coefficients with other models (between409

0.35 and 0.78) although their mutual correlation values are rather large (in the 0.95 range).410

This fact is noteworthy given the different time periods of the two simulations, as well as the411

fundamental differences between the two models. There appears to be no obvious similarity412

between the models’ dynamical cores or their physics parameterizations.413

Correlations between regression models’ fits for different models over different geographical loca-414

tions are reported in Figure 6. The correlations indicate a reasonably high degree of robustness415

across regions. Note that the correlations for given model pairs are not symmetric, i.e. model 8416

variables used to calculate normalized flux enhancements using model 9 and vice versa are expected417

to have different correlation values in general.418

Again focusing on the Indo-Pacific Warm Pool, Figure 7 presents the correlation coefficients419

for different time periods of the DYAMOND simulation (August 11–20, 21–30, and August 31 –420

September 9). All correlation values are above 0.96, indicating a high degree of robustness in time,421

and indicate that any ten days’ worth of hourly model output is sufficient to produce a regression422

fit for the Warm Pool domain. Such high correlations are similarly observed in the other regions423

as well (Endo 2022).424

Graphical representations (in the form of joint probability distributions) of the correlation ma-425

trices presented as Figures 5–7 are useful when evaluating the magnitude and spread of `# ,=426

parameterizations, and are included as Supplementary Figures S1–S3. While the probability den-427

sity distribution contours in estimate-target space are not in all cases symmetric across the 1:1428

line, the deviation of estimated `# ,= from the ‘true’ `# ,= appears to be largely limited. As well,429

comparable ranges of values are predicted by the `# ,= functions. The fact that a number of the joint430

distributions cluster around low-dimensional curves is suggestive of a possible imperfection in the431

specific form of regression that was used to generate the `# ,= estimates. These results indicate a432

reasonable, albeit imperfect, robustness of the regression model of Bessac et al. (2019, 2021).433

c. Covariance structures for k# ,=450

We now consider the statistics of the regression residual k0.4�,2, representing that part of the451

variability of Y0.4�,2 that is not captured by the regression on resolved normalized flux and precip-452

itation and which we model as a space-time stochastic process. As discussed in detail in Bessac453
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F��. 5. Correlations computed over the included grid-boxes, of the deterministic part of the normalized flux

enhancement for the Indo-Pacific Warm Pool, for # = 0.4� and = = 2. The regression fit obtained from the model

in the horizontal axis is applied to the variables obtained from the model in the vertical axis, and is compared

to `0.4� ,2 obtained from the regression and variables of the model in the vertical axis. Black type is used for

correlations lower than 0.73 and white for those higher than 0.73.
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438

et al. (2019), the k0.4�,2 field will display correlations in both space and time. Before fitting this454

field to the covariance structure described in Section 2d, we consider the space/time structure of455

the correlations in the different regions and models.456

Domain-mean spatial autocorrelation functions for the models studied are presented in Figure 8.457

Rather than showing the entire correlation function, zonal and meridional cross-sections are shown.458
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F��. 6. Correlations computed over the included grid-boxes, of the deterministic part of the normalized flux

enhancement for robustness across geographical regions, for each global model space with # = 0.4� and = = 2.

The regression fit obtained from the region in the horizontal axis is applied to the variables obtained from the

region in the vertical axis, and is compared to `0.4� ,2 obtained from the regression and variables of the region in

the vertical axis.
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As found in Bessac et al. (2019, 2021) the spatial autocorrelation shows a zonal elongation. This459

feature is present in all geographical regions studied, with larger decay scales in the Southern460

Ocean. Notwithstanding modest quantitative differences, general profiles of decay are similar461

across models, with no other identifiable feature present in the other regions studied. Characteristic462

length scales for spatial decay appear to be smaller for IFS and NICAM in the Indo-Pacific463

Warm Pool and the subtropical Northeast Pacific, but are comparable with FV3 and GEOS in464
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F��. 7. Correlations computed over the included grid-boxes, of the deterministic part of the normalized flux

enhancement for three different ten-day periods, for Indo-Pacific Warm Pool with # = 0.4� and = = 2. The

regression fit obtained from the time period in the horizontal axis is applied to the variables obtained from the

time period in the vertical axis, and is compared to `0.4� ,2 obtained from the regression and variables of the time

period in the vertical axis. Note that the colorbar has a higher lower bound compared to Figures 5 and 6, for the

purpose of making the lower-correlation combinations more readily identifiable.

444

445

446

447

448

449

24



0

0.5

1

W
a

rm
 P

o
o

l
co

rr
e

la
tio

n
FV3 GEOS IFS NICAM

0

0.5

1

S
o

u
th

e
rn

 O
ce

a
n

co
rr

e
la

tio
n

0

0.5

1

N
E

P
 s

u
b

a
rc

tic
co

rr
e

la
tio

n

-100 0 100

distance (km)

0

0.5

1

N
E

P
 s

u
b

tr
o

p
ic

a
l

co
rr

e
la

tio
n

-100 0 100

distance (km)

-100 0 100

distance (km)

-100 0 100

distance (km)

F��. 8. Domain mean spatial correlations for k in the zonal (black) and meridional (blue) directions, with

# = 0.4�, = = 2. Note that the correlation functions are not necessarily symmetric about zero.

467

468

the subarctic Northeast Pacific and the Southern Ocean domains, for the choice of regional and465

temporal boundaries chosen for the present study.466
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F��. 9. Temporal autocorrelation functions for various k fields with # = 0.4�, = = 2. Red indicates the median,

while the black lines indicate the interdecile range (10 and 90 percentiles) for points across the domain.

469

470

The temporal autocorrelation function (acf) of the k field is the correlation between k# ,= at471

some given time and k# ,= at some lag time, normalized such that the acf at zero lag is unity. As472

with the spatial correlation function, we present the acf averaged over all base points in the domain473
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(Figure 9). We also present the 10th and 90th percentiles of the acf for points across the domain. A474

diurnal cycle is evident in the Warm Pool domain but largely absent in all other regions, suggesting475

the presence of a missing physical predictor of Y# ,=. We will discuss this point in greater detail476

later in Section 4. There is no other major substantial difference between temporal autocorrelation477

functions for different geographical regions, with the decay scale and interdecile range comparable478

in scale across models and regions.479

We model k# ,= as a Gaussian random field with a covariance model that captures the three-480

dimensional decay in the correlation function. Following Bessac et al. (2019, 2021), we consider481

the covariance function defined as per Equation 14. We do not model a diurnal cycle in the482

covariance function as it appears consistently across models only in the Warm Pool region. First483

guess values used to obtain the fit for the Gaussian process regression \8 coefficients used the zonal484

distance, meridional distance, and temporal lag time such that the correlation at the distance or lag485

is equal to 4
�1. The coefficients W and f were initialized with constants 1 and 0.3 respectively.486

Parameter fits were carried out in small, non-overlapping windows moved across the spatial domain.487

Estimates of \G , \H, and \C , and W for the Warm Pool region from FV3 and IFS output are presented488

as Figure 10.489

Despite the general similarity of values across the domain, the estimated Gaussian process param-490

eters display spatial variability. This spatial variability of the parameters may result from sampling491

variability, or may reflect actual spatial inhomogeneity of the parameters. By comparing the spatial492

patterns of the estimated Gaussian process parameters obtained from different numerical models, it493

is possible to investigate if any true spatial heterogeneity in the statistics is present, since sampling494

variations due to internal atmospheric variability should not be correlated across fits for different495

numerical models. In this regard, it should be noted that the DYAMOND contributions are forced496

with identical SST and as such this forcing may introduce systematic, correlated inhomogeneities497

if the regression model does not completely account for the deterministic dependence of Y# ,= on498

the resolved state. Spatial correlation coefficients between models for the Gaussian parameter499

fit fields in the Warm Pool are presented in Figure 11, and indeed demonstrate the presence of500

systematic spatial heterogeneity: this observation originates from the relatively high correlations501

seen across different model combinations presented in Figure 11, with correlation values for most502

combinations being over 0.5. Such heterogeneity is also found in the subarctic Northeast Pacific,503
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F��. 10. Maps of Gaussian process parameter fits for FV3 (left) and IFS (right) in the Indo-Pacific Warm Pool

with # = 0.4� and = = 2, for August 11–20. The grey mask denotes land, the vertical axis denotes latitude, and

the horizontal axis denotes longitude.

507

508

509

although absent in the subtropical Northeast Pacific and the Southern Ocean (Endo 2022). The504

roughness parameter displays higher correlations than the decay length scales, indicating consistent505

spatial heterogeneity across different models.506
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F��. 11. Correlations between estimated Gaussian process fit parameters for different numerical models.

Results for the Indo-Pacific Warm Pool are presented.

510

511

d. Different resolutions # and normalized flux exponents =512

Endo (2022) reports similarities between the spatial and temporal covariance structures for k513

with = = 1 and 2, as well as a striking similarity between results for # = 0.4� and # = 0.76�.514

Consistent with the results of Bessac et al. (2019), the correlation between the deterministic part of515

the normalized flux enhancement is higher for = = 1 than for = = 2. These results further support the516

robustness of data driven stochastic parameterization for operational weather and climate models.517
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4. Discussion518

a. Implications519

This study has considered the robustness to changes of base model, geographic region, and time520

period of a data-driven parameterization of subgrid-scale velocity enhancements of sea surface521

fluxes. A regression analysis using resolved-scale normalized flux and precipitation was used to522

model the field523

Y# ,= = log10

⇣
�
())
# ,=

��
(')
# ,=

⌘
, (9)

measuring the difference between true (� ())
# ,=

) and resolved-scale (� (')
# ,=

) sea surface normalized524

fluxes due to subgrid-scale velocity variations. We have investigated the robustness of both the525

regression model as well as the covariance structure of the stochastic residual k# ,=. A Gaussian526

process was fit to k# ,=, in order to model the spatial and temporal correlation structures present in527

this field. We have shown that the deterministic part of the normalized flux enhancement regression528

is broadly robust to the high-resolution model output used to fit the parameterization. It is similarly529

broadly robust to the use of data from different geographical regions and time periods. However,530

the robustness of the statistical model is weaker for some numerical models, as was the case with531

NICAM, and for some geographical regions, as was observed for the Southern Ocean. Similarly,532

the statistical features of the stochastic residual are also robust and are largely independent of the533

underlying model, region, or time period.534

Although the fine-scale model output is by construction treated as if they generate an ideal ‘true’535

surface wind speed, in fact these fields will be influenced by the specific parameterizations used in536

the models (particularly the boundary layer schemes). Furthermore, because of the finite resolution537

of the models, there are SGS wind variations on smaller scales that are not accounted for in the538

coarse graining approach. The relatively high degree of robustness of the parameterization across539

models indicates a modest sensitivity to the details of the boundary layer schemes and differences540

in model resolution.541

The robustness of the regression model was quantified by use of correlations between regression542

model predictions based on the data used to estimate the model and predictions using input543

data from other models, regions, or time periods. It was found that the deterministic part of544

the normalized flux enhancement `# ,= can be estimated with a reasonable degree of imperfect545
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robustness for many different models while using a statistical model developed using one numerical546

model. The presence of some relatively small correlation values (less than 0.5) indicates that the547

regression fit does not generalize perfectly in all cases. In particular, the regression fit encountered548

specific difficulties with generalizability involving the Southern Ocean, albeit this result is model-549

dependent. Probability density functions of the data used for these `# ,= regressions are suggestive550

that limitations of generalizability are partly a consequence of the form of regression used in the551

present analysis. Regression models based on different 10-day periods are close to identical.552

The random spatiotemporal field k# ,= has similar but not identical statistical features across553

different models and regions. Similarly the temporal autocorrelation functions in all models and554

regions attenuate with comparable time scales but only the Warm Pool region displays a diurnal555

cycle. Such a deviation is suggestive of a missing predictor for the regression model, providing an556

indication of potential for further regression model improvement.557

If the random spatiotemporal field k# ,= truly has spatially homogeneous statistics, as would be558

expected if the regression model completely captured the deterministic dependence of the SGS559

normalized flux enhancement on the resolved-scale state, any apparent spatial variations in the560

obtained Gaussian process fits will be due to sampling variability. However, it was determined that561

in the Indo-Pacific Warm Pool and the subarctic Northeast Pacific, spatial variations in Gaussian562

process fits between different models were correlated and thus there exists some spatial structure563

that may not be caused by sampling variability. It is possible that the functional form of the564

regression model does not completely represent the dependence of Y# ,= on �
(')
# ,=

and %# . Such565

change to the regression, be it by the addition of a predictor or the use of a different parametric566

form of the regression fit, will change the spatial and temporal structure of the residual field k# ,=.567

Despite the regression model being most robust between the two models that share dynamical568

cores, different models with different dynamical cores appeared to have high correlation coef-569

ficients as well. The DYAMOND model producing the least robust regression model among570

other DYAMOND models was NICAM, which differs the most from the other models by virtue571

of explicitly representing convective processes parameterized in the other numerical models. In572

contrast, the correlation coefficients between NICAM and Cascade, another simulation with con-573

vection (mostly) represented at resolved scale rather than by use of parameterization, were notably574

high. The degree of parameterization of cumulus convection may be a contributing factor to model575
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sensitivity of the regression fit. This interpretation is consistent with the fact that the statistical fit576

utilizes precipitation as a proxy of deep convection and small-scale surface convergence, and this577

quantity is expected to be influenced by the cumulus parameterization of a given numerical model.578

The fact that the empirical parameterization is broadly - but not perfectly - robust across models,579

regions, and time periods indicates that the appropriate approach to developing ‘operational’580

parameterizations would be to combine these various data sources to produce a single, unified581

empirical fit.582

b. Future extensions583

This study investigated the robustness of the statistical model of Bessac et al. (2019) used to584

represent the SGS wind variation enhancement of normalized sea surface flux. A number of585

questions have emerged that are relevant to future research on introducing stochastic sea surface586

flux enhancements into operational weather and climate models. The important fact uncovered by587

the present study is that an empirical parameterization of sea surface flux enhancement obtained588

from some numerical model can be applied to a different numerical model or to a different589

geographical region with the expectation that the resulting normalized flux enhancement will be590

reasonably accurate. This finding is useful when envisioning the next steps for flux representation591

in contemporary numerical weather prediction and climate modelling.592

The use of a combination of polynomial fits, as was done in the present study, may not be the best593

statistical model for capturing the dependence of Y# ,= on �
(')
# ,=

and %# , and may have contributed594

to the limitations identified in the present work. As such, the investigation of different forms of the595

statistical model, as well as investigation into other predictors for the regression fit, may improve596

the statistical model. For example, Blein et al. (2022) use a formal predictor-selection procedure597

to determine optimal regression models among a large range of possible predictors, including ones598

that would not necessarily be available in a coarse resolution model. They note the inability of599

the parameterization to generate values of low gustiness velocities implied by the parameterization600

of Bessac et al. (2019), where low gustiness requires strongly negative Y# ,= values: by virtue of601

the Gaussian distribution of Y# ,=, occurrences of such low Y# ,= are expected to be few in number.602

This feature again supports exploration of additional parameters to improve the regression, or603

alternatively, a different distribution for k# ,= with fatter tails. The use of DYAMOND output604
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may be beneficial for this purpose, due to the large number of variables reported by participating605

models. In addition to the benefits discussed above, a model selection process similar to what is606

employed by Blein et al. (2022) can also be used to simplify the functional form of any regression607

model that may be used in a given parameterization. An improved statistical model for Y# ,= should608

reduce the systematic spatial structure of the Gaussian process fits, resulting in a spatially uniform609

model such as would be needed for use in operational weather and climate models.610

An alternative approach which avoids the need to specify a parametric form of the regression611

fit would be the use of machine learning techniques to effectively and efficiently represent the sta-612

tistical dependences needed for parameterization of the normalized sea surface flux enhancement.613

Generative adversarial networks (GANs), for example, may be utilized in this direction (Gagne614

et al. 2020). In particular, the ability of GANs to draw realizations from high dimensional distri-615

butions without explicit expressions for the probability distribution should allow for investigation616

of a better functional form of the regression fit, without the need to specify its form explicitly. An617

important consideration for such an approach would be the necessity to ensure consistent generation618

of statistical models and realizations, since a number of fluxes, each with different (and possibly619

noninteger) values of =, are computed simultaneously by the numerical model.620

Further numerical simulations at even higher resolution may also be beneficial to identifying621

better statistical fits. Use of a finer scale model can determine at which point unresolved flow622

ceases to contribute meaningfully to the surface fluxes. Larger training sets should also reduce623

risk due to numerical model extrapolation, since the regression model fit has the potential to624

produce unreasonable results outside of input variable values encountered during the model fit.625

Nevertheless, the results obtained in this study with the use of a regression fit to one model output626

applied to a different model output finds no evidence of consequential extrapolation errors.627

Finally, it is important to note that surface flux parameterization is not an issue only for the sea628

surface. As such, an equivalent study should be conducted on the land surface as well. The number629

of additional parameters that may be involved in such parameterization, however, can be expected630

to make such study nontrivial due to additional factors such as topography and other fixed surface631

heterogeneities.632
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5. Conclusions633

The present study utilized high-resolution global atmospheric model output from the DYAMOND634

initiative to statistically model the enhancement of normalized sea surface flux due to sub-grid635

scale wind variations, expanding on the works by Bessac et al. (2019, 2021). In particular, the636

high resolution vector wind field was coarsened to obtain a wind vector field approximating that637

in a operational global atmospheric model. Then, the differences between the sea-surface wind638

dependent part of the normalized sea surface flux in high resolution and coarse resolution wind639

fields were studied, in order to determine how the ‘true’ normalized flux from the higher resolution640

model field can be represented using the ‘resolved-scale’ coarse resolution field. The resolved-scale641

normalized surface flux and the resolved-scale precipitation were used as variables for a polynomial642

fit to compute the deterministic part of the normalized flux enhancement and the regression residual643

was fit to a space-time Gaussian process. We investigated the robustness of the statistical model644

across a range of different high-resolution models, geographical regions, and time periods.645

We demonstrated that the features of both the regression fit and the stochastic residual are broadly646

robust, albeit imperfect. This finding supports the application of the methods in a robust manner647

across all oceans on the globe without major region specific or model specific features. As such,648

data-driven development of an explicitly stochastic flux enhancement model is shown to be an649

attractive method for the climate modelling community. A robust spatial heterogeneity in the650

statistics of the Gaussian process fit was found to be present in the Indo-Pacific Warm Pool and the651

subarctic Northeast Pacific. This fact suggests potential improvement of the regression fit by the652

use of additional predictors or by use of a different form of statistical model.653
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