
Submitted to the Journal of Physical Oceanography for peer review, uploaded to EarthArXiv

Global distribution and governing dynamics of submesoscale density fronts1

Caitlin B. Whalena and Kyla Drushkaa
2

a Applied Physics Laboratory, University of Washington, Seattle, WA3

Corresponding author: Caitlin B. Whalen, cbwhalen@uw.edu4

1



ABSTRACT: While the dynamics at submesoscales (0.1s-10s km) are thought to be important

globally for a range of processes near the air-sea interface, few observational studies sufficiently

span scales to include both the submesoscale and global scales, leaving many questions concerning

the coupling between the scales unexplored. To address this gap, we use a global dataset of

ship-based thermosalinograph and satellite sea surface temperature data to identify over a 250,000

submesoscale density fronts throughout the ocean. Globally, we find that the mean submesoscale

frontal dynamics can be characterized by a scaling based on the assumption that the Rossby

number and Froude number are proportional, 𝑅𝑜 ∼ 𝐹𝑟 . Our results also show that the large-scale

ocean characteristics play a role in setting the spatial variability of submesoscale frontal horizontal

buoyancy gradients (i.e., frontal ’sharpness’). If the large-scale background density gradient is

large and/or dominated by salinity as opposed to temperature variability, then submesoscale fronts

tend to be sharper. We show that globally, shallow mixed layers are also associated with sharper

submesoscale fronts, in contrast to previous regional-scale findings. This global perspective on the

variability and dynamics of submesoscale fronts raises many additional questions and hopefully

will inspire the formation of new scale-spanning avenues for future studies.
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1. Introduction20

Submesoscale density fronts (typically 0.1s-10s of km in width) play a critical role in a broad21

range of processes near the ocean’s surface (McWilliams 2016; Taylor and Thompson 2023).22

Frontal dynamics at these scales contribute to the energy and buoyancy budgets in the upper23

ocean by generating strong vertical velocities and dissipating energy through turbulent mixing24

(e.g. D’Asaro et al. 2011; Thomas et al. 2013; Peng et al. 2020), as well as contributing to mixed25

layer restratification processes (e.g., Boccaletti et al. 2007). Vertical transport at these fronts has26

implications for the chemical and biological systems in the ocean including carbon export (Omand27

et al. 2015; Liu et al. 2018) and primary production (Mahadevan 2016). Due to the importance of28

submesoscale fronts at large scales, this study focuses on how large-scale ocean properties affect29

submesoscale density fronts globally.30

Local processes are known to modulate the strength and evolution of submesoscale density31

fronts. For example, in an active mesoscale field, submesoscale fronts can be subject to mesoscale32

shear and strain, which can drive instabilities and sharpen the frontal gradients (Molemaker et al.33

2005). In such a field, some fronts may also be aligned with the wind, forcing Ekman transport34

that sharpens or slumps the front (Thomas and Lee 2005; D’Asaro et al. 2011). Alternatively,35

a destabilizing surface buoyancy flux can drive processes that can produce submesoscale fronts36

through mixed layer baroclinic instability (Haine and Marshall 1998; Boccaletti et al. 2007), or37

sharpen existing fronts. Additionally, since tracers often have a shorter mixing timescale compared38

to the mixing of momentum (this set of assumptions is commonly called the subinertial mixed39

layer approximation, Young (1994)), density fronts tend to slump so that the observed salinity40

and temperature variability at submesoscales is driven toward density compensation (Rudnick and41

Ferrari 1999). The degree to which this process drives frontal compensation varies regionally42

(Spiro Jaeger and Mahadevan 2018; Drushka et al. 2019). Cumulatively, these local processes, and43

others, can alter the evolution of individual fronts and the characteristics of the local submesoscale44

field.45

In contrast to local processes, less is understood about the interaction between submesoscale46

fronts and global-scale background properties due to the vast range of time and length scales47

involved. To address this challenge, studies have investigated the interactions between submesoscale48

fronts and the large scale by using two main approaches: (1) develop parameterizations based49
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on the individual processes described above and then use models or observations to estimate50

their variability and impact, or (2) use regional or global submesoscale-permitting models as an51

approximation for a fully resolved submesoscale field. The first approach has yielded a number of52

advances including a global parameterization for mixed layer baroclinic instability that improves the53

mixed layer characteristics and global overturning (Fox-Kemper et al. 2011), global observational54

estimates of the impact of submesoscale processes on restratification (Johnson et al. 2016), and55

observational estimates of the regional impact of a range of submesoscale processes on the seasonal56

cycle in the North Atlantic (Thompson et al. 2016). While these approaches are useful to advance57

our understanding, they do not fully account for variability of background conditions or include58

interactions between multiple submesoscale processes. The second approach has used regional59

and global models that partially resolve the submesoscale to suggest that submesoscale processes60

may have a global impact by helping to set surface heat fluxes (Barkan et al. 2017; Su et al. 2018),61

and by modulating deep water formation rates (Tagklis et al. 2020). However, these models do62

not fully resolve submesoscale processes (Fox-Kemper et al. 2019; Dong et al. 2020; Freilich et al.63

2023), and therefore may not include smaller-scale processes associated with the submesoscale64

flows. While all these approaches of understanding cross-scale interactions between submesoscale65

fronts and the global scale are important steps, studies are needed that include all relevant scales66

and processes to gain a comprehensive characterization of the coupling between submesoscale and67

global scales.68

In this study we use global observations of submesoscale density fronts to explore how their69

dynamics vary with large-scale properties in the surface ocean. We calculate submesoscale frontal70

buoyancy gradients using a global dataset of ship-based temperature and salinity observations71

to understand the factors that set the globally-averaged dynamics and geographic variability of72

submesoscale density fronts. The cross-front surface buoyancy gradient is defined as 𝑏𝑥 = 𝑀2 =73

𝑔𝜌𝑥/𝜌𝑜 where 𝑏 is the buoyancy, 𝑔 is gravity, 𝜌 is surface density, and 𝜌𝑜 is the reference74

density of 1025 kg m−3. We refer to fronts with a large 𝑏𝑥 as being sharp. This new approach is75

valuable because the horizontal buoyancy gradients are directly related to frontal dynamics and have76

consequences for a wide range of processes associated with submesoscale fronts. For example, the77

buoyancy gradient scales with frontal width in a manner consistent with the underlying assumptions78

of quasi-geostrophic theory (see Section 2). Additionally, the frontal buoyancy gradient is a79
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useful metric since it is related to the kinetic energy if one assumes geostrophic balance via80

𝐾𝐸𝑔 = (1/2) (𝐻𝑏𝑥/ 𝑓 )2, where 𝐻 is the mixed layer depth and 𝑓 is the Coriolis frequency. The81

effective vertical heat fluxes due to the overturning caused by mixed layer baroclinic instability82

(Fox-Kemper et al. 2008) and Ekman (Thomas and Lee 2005) also scale with the frontal buoyancy83

gradient.84

In the following we will first discuss a general scaling based on a subset of assumptions underlying85

quasi-geostrophic theory that will be used here as a framework to diagnose the statistically prevalent86

global submesoscale frontal dynamics (Section 2). A new method of identifying fronts using ship-87

based observations and determining frontal orientation using satellite SST data is then presented88

(Section 3 and 4). Finally, we will show that the frontal buoyancy gradient scales with the frontal89

width, as expected from some of the underlying assumptions of quasi-geostrophy, and explore90

what sets the geographic variability of the submesoscale frontal buoyancy gradients (Section 5)91

and discuss how these results can be interpreted in the context of previous work that has focused92

on local submesoscale processes and the evolution of regional submesoscale flows (Section 6).93

2. Scaling94

Many studies focus on the distribution of energy across scales as a means of diagnosing whether95

interior quasi-geostrophic dynamics (Charney 1971) or alternative theories (e.g., surface quasi-96

geostrophy) play a dominant role in shaping the submesoscale field in the upper ocean, and97

thus the direction of the energy cascade (Callies and Ferrari 2013; Rocha et al. 2016; Qiu et al.98

2017; Chereskin et al. 2019). When techniques are applied to separate the internal waves from99

the balanced flow (Bühler et al. 2014), submesoscales of ∼10-40 km have been shown to have100

kinetic energy spectral slopes of -3 that are consistent with interior quasigeostrophy in Drake101

Passage (Rocha et al. 2016), shallower -2 slopes that are expected from other theories (e.g., surface102

quasigeostrophy) in the California Current and the North Equatorial Current/Countercurrent (Qiu103

et al. 2017; Chereskin et al. 2019), and slopes between these two extremes in the Kuroshio Current104

(Qiu et al. 2017). Due to data resolution limitations, very few studies have focused on the smaller105

end of the submesoscale range (1-10 km). One such study produces results that suggest (with106

numerous caveats) that geostrophic dynamics may be important on scales as small as 1-20 km,107

depending on the season, in the Gulf of Mexico (Balwada et al. 2022). While this collection of108
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studies provides insight into submesoscale dynamics and indicates variability between regions, it109

also has limitations since it has primarily targeted scales larger than the mixed layer deformation110

radius and it diagnoses submesoscale dynamics by making strong assumptions to remove internal111

waves.112

Here we take a different approach to diagnosing the prevalent dynamics of the observed subme-113

soscale density fronts: we compare the frontal buoyancy gradient to a scaling based on some of114

the assumptions underlying quasi-geostrophic theory. The scaling is built from the Rossby number115

𝑅𝑜 =𝑈/ 𝑓 𝐿, and the Froude number 𝐹𝑟 =𝑈/𝑁𝐻, where𝑈 is the characteristic frontal velocity, 𝐿116

is the characteristic frontal length-scale (half the frontal width), and 𝑁 is the buoyancy frequency117

within the mixed layer. Here we assume that 𝐹𝑟 ∼ 𝑅𝑜 or, equivalently, that that the Burger Number118

𝐵𝑢 = (𝑅𝑜/𝐹𝑟)2 ∼ 1. Note that this assumption can be combined with the additional assumption119

that 𝑅𝑜 ≪ 1 to form the interior quasi-geostrophic equations (Charney 1971), which have been120

shown to be consistent with observations of the submesoscale in some regions (e.g., Rocha et al.121

2016). The quasi-geostrophic assumptions can be combined with additional assumptions (e.g.,122

that potential vorticity is zero in the interior) to form the surface quasi-geostrophic equations (Held123

et al. 1995), which have been used to describe submesoscale dynamics in other studies (LaCasce124

and Mahadevan 2006; Lapeyre and Klein 2006; Lapeyre 2017).125

To relate the horizontal frontal buoyancy gradient 𝑏𝑥 to 𝐿, we introduce the balanced Richardson126

number 𝑅𝑖 = 𝑁2 𝑓 2/𝑀4, where 𝑀2 = 𝑏𝑥 . Combining the relation 𝐹𝑟 ∼ 𝑅𝑜, and 𝑅𝑖 results in a127

scaling relating the frontal length scale to the horizontal buoyancy gradient,128

𝑏𝑥 = 𝑀
2 =

𝐿 𝑓 2
√
𝑅𝑖𝐻

. (1)

The 𝑏𝑥 ∼ 𝐿 portion of this scaling was also found in Chen and Young (1995) for fronts when129

advection (e.g., due to mesoscale straining) is balanced by across-front nonlinear diffusion given130

by the subinertial mixed layer approximation (Young 1994). In this study we will assume that the131

balanced 𝑅𝑖 is, on average, scale invariant across the ∼1-10 km frontal widths we are considering.132

We argue that this is a reasonable assumption since previous theoretical work shows that 𝑁2 ∼133

𝑀4/ 𝑓 2 during submesoscale restratification (Tandon and Garrett 1995) and in the subinertial mixed134
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layer approximation (Young 1994). We leave it to future work to justify this assumption over a135

wider range of conditions.136

A different scaling than Equation 1 might be observed if the dominant dynamics of subme-137

soscale fronts followed theoretical frameworks other than quasi-geostrophy. For example, if the138

ageostrophic terms were more important on average than is assumed in quasi-geostrophy, semi-139

geostrophic dynamics may be more appropriate as commonly described for a specific frontal140

orientation in (Hoskins 1974), and in a more general form can be shown to assume that 𝐹𝑟 ∼
√
𝑅𝑜141

(Cullen 2006), which would lead to a different scaling than is presented in Equation 1.142

3. Data143

a. Ship Thermosalinograph Measurements144

We use an updated version of the dataset described by Drushka et al. (2019), which consists of145

global observations of near-surface temperature and salinity collected from ships. Measurements146

were taken using thermosalinographs that were installed on a variety of research vessels, sailing147

vessels, and ships of opportunity at 5-10 m depth, considered here to represent the ocean surface.148

Collectively these vessels have sampled much of the ice-free global ocean, though the majority149

of coverage is in the North Pacific and North Atlantic and concentrated in shipping lanes. The150

dataset combines measurements from numerous databases that have been merged (with duplicates151

removed). Measurements were typically recorded every 1-5 minutes, resulting in horizontal152

resolution of 0.1 to 1.5 km at typical ship speeds of 2 to 5 m s−1. A rigorous quality-control method153

was applied to remove spurious data (see Drushka et al. 2019, for details). The updated dataset154

extends from 1990 to 2020 and consists of over 32 million points following the quality control155

process.156

b. Satellite Sea Surface Temperature157

Level 2P global satellite SST data from the Group for High Resolution Sea Surface Temperature158

(GHRSST) Moderate-resolution Imaging Spectroradiometer (MODIS) Aqua, which has approxi-159

mately 1 km resolution, is used in this study. This satellite SST data is available from July 2002160

to present. Here we select only data that has a quality level of 3 ‘acceptable quality’ or higher to161

remove the impact of clouds.162
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4. Methods163

a. Calculating the Submesoscale Frontal Buoyancy Gradients164

To prepare the thermosalinograph data for submesoscale frontal identification, continuous and165

relatively straight segments are selected from the full dataset. The first step is to remove data that166

satisfies any of the following: (1) the previous data point was taken more than an hour before, (2)167

the angle between the position of the datapoint and the previous datapoint, or the two data points168

surrounding it, exceeds 𝜋/10, (3) the distance between a datapoint and the previous one exceeds 3169

km, (4) the ship was moving less than 4 m/hr. After this process is complete, the ship tracks are170

divided into segments at least 20 km in length and of at least 20 datapoints. Next, each segment171

is subject to additional quality control including smoothing ‘steppy’ salinity segments (caused by172

rounding of the salinity data to 0.01 precision) with a 5-point Hanning filter, removing salinity173

spikes (defined as differing more than 2 standard deviations from a 7-point running mean), and174

discarding segments where salinity spikes are present in more than 1/50 of the datapoints. The175

absolute salinity, conservative temperature, and in situ density are then calculated and used in the176

remainder of the study (referred to as salinity, temperature, and density).177

Submesoscale fronts are defined here as strings of at least four consecutive datapoints where the178

density gradient between each datapoint exceeds 0.01 kg /km2 and has the same sign (See Figure179

1 for an example). To account for remaining small spikes in the data (due to either data quality or180

physics), single outliers are allowed if the density gradient between the two points after the outlier181

is ≤ 0.01 kg/km2 and has the same sign as remainder of the front. The density gradient for each182

front is calculated using a linear fit of all the points in the front. Fronts were discarded if the183

gradient from the fit was ≤ 0.01 kg/km2 or if the associated 𝑟2 was <0.5. This series of quality184

control checks is chosen to minimize the false-positive frontal identifications, with the trade-off of185

preferentially selecting narrower fronts; this therefore impacts quantities such as the distributions186

of frontal widths and buoyancy gradients. To account for this, here we focus on spatial variability187

and report quantitative results as a function of frontal width. The front identification process yields188

over 250,000 submesoscale fronts.189

Due to the variety of possible angles between a given front and ship track as it crossed the front,190

the true frontal width will differ from the frontal width measured along the ship track. To account191
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for this, the frontal width and density gradient is corrected using two approaches: (A) a statistical192

correction accounting for the mean offset due to the ships crossing fronts at a variety of angles, and193

(B) a satellite-based correction which includes the frontal orientation data calculated from satellite194

SST. Note, we do not need to account for aliasing due to frontal movement while the ship crosses195

the front because the effect is negligible since this study considers averages of a large number of196

fronts.197

The first step in the statistical correction approach (A) assumes that both the ship tracks and the198

frontal orientations are randomly distributed. The frontal width in the ship reference frame 𝑤𝑠 is199

related to the width of the front in earth coordinates 𝑤𝑒, by 𝑤𝑒 = 𝑤𝑠𝑐𝑜𝑠(𝜃), where 𝜃 is the smallest200

angle between the ship track and the front. We can therefore approximate the frontal width in Earth201

coordinates 𝑤𝑒, 𝑤𝑒 = 𝑤𝑠 |𝑐𝑜𝑠(𝜃) | where | | denotes the mean. We assume a random distribution of202

fronts and ship tracks so that |𝑐𝑜𝑠(𝜃) | = 2/𝜋.203

Near coasts the statistical correction has a propensity to underestimate the frontal width since204

fronts tends to run parallel to coastlines (Mauzole 2022) and ship tracks are preferentially perpen-205

dicular to coasts. For all data within 250 km of a coastline, an additional empirical correction is206

applied to compensate. The distance from the closest coast was determined using 1 m resolution207

bathymetry data (v18 of Smith and Sandwell 1997). A correction 𝑐 was then chosen so that close208

to coasts 𝑤𝑒 = 𝑐𝑤𝑠 |𝑐𝑜𝑠(𝜃) |, where 𝑐 = 1− 𝑐𝑜𝑠(𝜋/4(𝑑 (1/250+ 1)) and 𝑑 is the distance from the209

coast, which increases buoyancy gradients close to the coasts by a factor of 2-3. Applying this210

correction improves mean estimates of the buoyancy gradient close to the coasts, so that they are211

more closely aligned with Approach (B), the satellite-corrected buoyancy gradients.212

In addition to the statistical correction, an independent estimate of the frontal width is generated219

by applying a satellite-based correction (B) to each front that overlaps with satellite SST data. The220

satellite-based correction is made by matching each front with GHRSST MODIS Aqua satellite221

SST data, and using this match to calculate the front’s orientation, and its associated width and222

density gradient. First, satellite SST data is identified that overlaps spatially with a ship-based223

segment and is within 1 day of the in situ data. As a first quality control check to see if the observed224

fronts are aligned with the satellite data, a linear regression plane fit is applied to the satellite SST225

data averaged within 2 km of each shiptrack frontal datapoint. Fronts for which the sign of the226
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Fig. 1. An example implementation of the front detection method. (a) Density along a ship track, with data

points used determined to be part of fronts (black dots), and fit frontal gradients (lines), including those with

(pink), and without (red) satellite angle estimates. (b) Satellite sea surface temperature (SST) for pass 2, with

shiptrack (black line), and frontal locations (large black dots), front angle (pink line), and data used for the plane

fit (small black dots). White regions are clouds. (c) The same as (a), except for temperature and with the addition

of satellite SST data along the shiptrack. (d) The calculated frontal angles from each satellite pass.
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fit did not agree with the in situ frontal gradient sign are discarded at this stage for computational227

efficiency.228

Next, to obtain satellite data used to find the frontal orientation, for each in situ datapoint in229

each front, satellite data are selected that are close to the fronts (at most 1/2 the width of the front230

away, as observed from the ship). Fronts are then discarded that have too few satellite data points231

associated with them, with the requirement that the number of data points both exceeds 5 and232

exceeds 1/2 the frontal width squared as measured from the ship. For fronts with sufficient satellite233

data, a plane was fit to the satellite SST data to determine the orientation of the front.234

Planar regression is commonly used to fit planes to data, where a 𝑟2 value is a measure of235

goodness of fit. Since the satellite SST data has frequent gaps (e.g., due to cloud cover), planar236
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regression was not used since a 𝑟2 value does not account for poor fits due to the common issue237

of spatially clustered or linear data distributions. Instead, we use the moment of inertia method238

(Fernández 2005; Woodcock 1977) to find the plane fit of the satellite SST data, which finds the239

best-fit plane where the vector normal to the plane is the equivalent to the maximum moment of240

inertia if the data points had mass. Using this method, the degree to which the satellite data is241

orientated in a line as opposed to a cluster, as measured by 𝐾 = 𝑙𝑛(𝜆1/𝜆2)/𝑙𝑛(𝜆2/𝜆3), where 𝜆 are242

the eigenvalues of the inertia matrix (See Fernández (2005); Woodcock (1977) for details). Here243

we require that 𝐾 ≥ 0.5 and 𝑟2 ≥ 0.3 to use the estimate of the frontal orientation obtained from244

satellite data. The moment of inertia method plane fit is used to calculate the orientation of the245

front to the ship track, and to produce an estimate of the width and density gradient associated246

with each front in Earth coordinates. Approximately 1/10 of identified fronts have a satellite-based247

estimate of frontal width and gradient.248

In the year 2015, a total of 219 fronts had multiple satellite crossings and thus multiple angles of249

the front could be compared to check the robustness of the satellite-based method. If the difference250

between the angles is measured on a scale from 0 to 𝜋, a total of 59% of fronts agreed within 𝜋/4251

and a total of 87% of fronts agreed within 𝜋/2 which is good agreement given that fronts may252

move within the 1 day time window required to match satellite and ship-track data.253

The frontal buoyancy gradient 𝑏𝑥 is then calculated by combining the observed frontal widths254

with the observed density gradients by using both the corrected ship-based method and satellite255

method for rotating the fronts into Earth coordinates. The probability density functions of the256

frontal widths and horizontal buoyancy gradients are similar using both methods (Figure 2a and b).257

If the ship-frame widths and buoyancy gradients are subsampled to include only fronts that also258

have satellite-based estimates, the discrepancy between the two probability density functions is259

reduced, indicating that a portion of the difference is due to differences in spatial sampling. Figure260

2c shows the joint probability density function of the frontal width and the buoyancy gradient261

for the ship-based method. The mean frontal buoyancy gradient as a function of frontal width262

is poorly resolved for fronts smaller than 1.5 km due to shiptrack data resolution limitations and263

frontal selection choices. Due to this, the remainder of this study focuses on submesoscale fronts264

larger than 1.5 km in width. Additionally, the upper limit for frontal width for the majority of265
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Fig. 2. The probability density distributions of the (a) widths and (b) buoyancy gradients of the observed

submesoscale fronts. Filled blue bars indicate frontal characteristics that are calculated in ship coordinates,

empty orange bars indicate that they are calculated in Earth coordinates using satellite data, and empty light blue

bars indicate that variables are calculated in ship coordinates but subsampled for the fronts that have concurrent

satellite data. (c) The joint probability density function of the frontal width and buoyancy gradients in ship

coordinates with the mean buoyancy gradients for given frontal widths are indicated by magenta dots.
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figures is 30 km, with the exception of the maps, which have an upper cut-off of 10 km to avoid266

the less common large gradients associated with wider fronts appearing as spatial variability.267

b. Mixed Layer Depth and Buoyancy Frequency285

The mixed layer depth and buoyancy frequency are estimated using over 1.3 million temperature,286

salinity, and pressure profiles from the global Argo dataset between 2011 and 2023 (Figure 4). For287

each Argo profile the mixed layer depth is calculated using the variable density threshold method288

(de Boyer Montegut et al. 2004), where the mixed layer depth is defined as the depth where the289

density is equal to the density at 10 m plus a density equivalent to a 0.2◦C increase from the290

properties at 10 m.291

The buoyancy frequency throughout the mixed layer is very low, with an increase near the mixed292

layer base, and therefore the mean buoyancy frequency within the mixed layer can be sensitive to293

the definition of the mixed layer depth. To account for this, we define the mixed layer buoyancy294

frequency as the mean in the upper 3/4 of the mixed layer. As a measure of error, the mixed layer295
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(a) (c)

(d)(b)

Fig. 3. Full year averages of monthly products of the (a) average mixed layer depth, (b) average mixed layer

buoyancy frequency, (c) large-scale horizontal density gradient, and (d) large-scale horizontal Turner angle. The

mixed layer depth and buoyancy frequency are both calculated from Argo float data. The horizontal density

gradient and Turner angle are both calculated from the World Ocean Atlas climatology.
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277

buoyancy frequency is also calculated by changing the averaging range to the full mixed layer depth296

and 1/2 the mixed layer depth. Globally, the mixed layer buoyancy frequency increases as the mixed297

layer shallows (Figure 4), which is similar to the trend shown by Dong et al. (2020) calculated by298

applying a slightly different method to Argo data from only the months of August and February. A299

global 1◦ monthly product of the mean mixed layer depth and mixed layer buoyancy frequency was300

constructed (Figure 3c, d). As expected due to the impact of averaging, the maximum mixed layer301

buoyancy frequency for shallow mixed layers is smaller for the product than that of the individual302

Argo profiles (Figure 4). Note that the climatologies of mixed layer depth and mixed layer buoyancy303

frequency is only an approximation of the across-front properties, and therefore have associated304

uncertainties when these variables are used to calculate quantities such as the balanced Richardson305

number.306

c. Large-Scale Horizontal Density Gradient and Turner Angle307

The monthly World Ocean Atlas sea surface temperature and salinity, which have 1 degree308

resolution, are used to calculate the large-scale horizontal density gradient and Turner angle. The309
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Fig. 4. The mean mixed layer buoyancy frequency is elevated where the mixed layer is shallower, as calculated

using values from individual Argo profiles (orange circles and lines) and a monthly product of monthly means

calculated from the Argo measurements (blue line). The lines are the average mixed layer buoyancy frequency

over the upper 3/4 of the mixed layer, and the shaded regions are bounded by the mean mixed layer buoyancy

frequency when the buoyancy frequency is averaged over the upper 1/2 or full mixed layer depth. The mixed

layer buoyancy frequency from Dong et al. (2020) calculated using a different approach and only incorporating

data from August and February has a similar trend (dotted black line).
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284

annual-mean of the monthly products of both quantities are shown in Figure 3c and d, respectively.310

The large-scale horizontal Turner angle is calculated following Johnson et al. (2012)311

𝑇𝑢ℎ = 𝑎𝑟𝑐𝑡𝑎𝑛

(
∇𝜌 • (𝛼∇𝑇 + 𝛽∇𝑆)
∇𝜌 • (𝛼∇𝑇 − 𝛽∇𝑆)

)
,

where the density gradient ∇𝜌, temperature gradient ∇𝑇 , and salinity gradient ∇𝑆 are all vectors312

and 𝛼 is the thermal expansion coefficient and 𝛽 is the haline contraction coefficient. Here we313

use the inverse tangent defined on the interval from -90◦ to 90◦. Positive angles indicate the314
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Fig. 5. The mean frontal buoyancy gradient as a function of frontal width for fronts using ship-based

observations (solid) where confidence intervals are 90% bootstrapped. The scaling (dotted) is shown for

𝑏𝑥 = 𝐿 𝑓 /(
√
𝑅𝑖𝐻) where 𝐻 is calculated from Argo data and the balanced Richardson number is fit to 0.9±0.1.

The error bars delineate the high and low bounds when the scaling fit to the 90% bootstrapped confidence

intervals of the data.
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329

density gradient is temperature-dominated, and negative angles indicate the density gradient is315

salinity-dominated.316

5. Results317

The global distribution of submesoscale fronts, including their horizontal cross-front buoyancy318

gradient and associated frontal width, is presented here, focusing on fronts 1.5-30 km wide.319

Each submesoscale front is co-located with the monthly mean mixed layer depth, mixed layer320

buoyancy frequency, large-scale horizontal buoyancy gradient, and large-scale horizontal Turner321

angle. The following explores the dominant dynamics governing the observed submesoscale fronts322

globally and how these dynamics vary geographically and are modulated by background mixed323

layer characteristics.324
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In the global mean, the cross-front buoyancy gradient scales with the frontal width, where330

wider fronts are associated with sharper frontal buoyancy gradients (Figure 5). Here we compare331

the observed scale dependence of the mean frontal buoyancy gradient with the scaling 𝑏𝑥 =332

𝐿 𝑓 2/(
√
𝑅𝑖𝐻) (Equation 1), where 𝐿 is twice the observed frontal width and 𝐻 is the mixed layer333

depth from climatology. The balanced Richardson number, Ri, is then estimated by bin averaging,334

followed by applying a least-squares fit to find the y-intercept in log space. We find that a balanced335

Richardson number of 0.9±0.1 fits the data globally, which is consistent with a Richardson number336

of O(1) expected in submesoscale flows when thermal wind is assumed (e.g. Thomas et al. 2008).337

The observed magnitude of the balanced Richardson number implies that globally the observed338

mean submesoscale fronts tend towards stability (smaller Richardson numbers are associated with339

a range of instabilities (Thomas et al. 2013)). Additionally, since the slope of the observed frontal340

buoyancy gradient matches Equation 1, the results suggest that, on average, the observed fronts are341

consistent with the underlying assumptions of the scaling (i.e., consistent with some assumptions342

of quasigeostrophy).343

Global maps of the observed mean submesoscale frontal buoyancy gradients show variability346

of over an order of magnitude, typically ranging between 10−7s−2 and 3x10−6s−2 (Figure 6).347

Larger buoyancy gradients are found close to the coasts, in strong current systems (e.g., in western348

boundary current extensions), near river outflows (e.g., the Amazon), and in eastern upwelling349

systems (e.g., off the coast of northwest Africa and western Australia). There are many similarities350

between the geography observed here and the persistent SST fronts mapped globally by Mauzole351

(2022). For example, strong current systems and eastern upwelling systems have both numerous352

persistent SST fronts and sharper (larger 𝑏𝑥) submesoscale density fronts, as shown in Figure353

6. The regional variability of frontal sharpness implies that submesoscale frontal dynamics have354

distinct dominant characteristics in different regions of the world.355

There are seasonal differences between the distribution of submesoscale frontal horizontal buoy-356

ancy gradients (Figure 6), which are consistent with regional studies. For example, previous work357

found that the Amazon River plume is located mainly along the coast north of the river outlet from358

February through June, and has a 30% chance of migrating to middle of the basin, approximately359

between 50-30W, between May and September (Coles et al. 2013). These previous findings are360

consistent with the location and seasonal cycle of the frontal buoyancy gradient sharpness shown361
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Fig. 6. Global mean submesoscale frontal buoyancy gradient from ship-based data averaged between (a)

May-October and (b) November-April.

344

345

in Figure 6. Another example is near the coastline of the northeastern tropical Pacific, where the362

horizontal buoyancy gradients are elevated in the winter months compared to the summer months.363

Gaps in the mountains create strong localized winds during the winter months that blow over the364

Gulf of Tehuantepec, Papagayo, and Panama, cooling the sea surface and generating submesoscale365

features hundreds of kilometers from the coast (Liang et al. 2009), the signature of which is apparent366

in Figure 6.367

On average, sharper buoyancy gradients at submesoscale fronts are found where the large-scale372

background density gradient is also large (Figure 7a). The correlation between submesoscale and373

background large-scale gradients holds globally for both submesoscale frontal gradients calculated374

in Earth coordinates using satellite data, and gradients using ship-based data only. Since the ship-375

based frontal dataset is large, it can be divided into 20◦ latitudinal bands, revealing a correlation376
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Fig. 7. Mean submesoscale frontal horizontal buoyancy gradients as a function of the (a) large-scale density

gradient and (b) mixed layer depth. The global mean in Earth coordinates (black, dashed), global mean in ship

coordinates (black, solid), and latitude-band average in ship coordinates (colors, solid). Means of over 200 fronts

are plotted and uncertainty is estimated with 90% bootstrapped confidence intervals.

368

369

370

371

in all bands. While the trends in the Northern Hemisphere are consistently significant, in the377

Southern Hemisphere the correlation is not always significant, which may be due to the role of378

rough topography in driving submesoscale activity in the Antarctic Circumpolar Current (Dove379

et al. 2022) or the relative paucity of data.380

For a given large-scale density gradient, submesoscale fronts are typically sharper when the383

large-scale horizontal Turner Angle is negative, corresponding to large-scale gradients that are384

dominated by salinity as opposed to temperature (Figure 8). The sharpest fronts globally occur385

when Tuℎ < −𝜋/8 and the large-scale density gradient is > 10−3 kg/km2. For example, some386

of the sharpest submesoscale fronts occur near the Amazon River outflow where the large-scale387

gradients are strongly dominated by salinity. In contrast, the central North Pacific at mid-latitudes388

has strongly temperature-dominated large-scale lateral gradients and have only moderately sharp389

submesoscale fronts.390

Shallow mixed layers are globally correlated with larger submesoscale frontal buoyancy gradients,391

calculated in either the ship or Earth reference frame (Figure 7b). Additionally, sharper frontal392

buoyancy gradients are found where the mixed layer is shallow for all individual latitude bands393
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Fig. 8. The median buoyancy gradient across submesoscale fronts as a function of the large-scale horizontal

density gradient and large-scale horizontal Turner angle. A minimum of 25 fronts are require to plot a bin.

381

382

except for in the mid-latitude Southern Hemisphere and the Southern Ocean (60-20◦S). The global394

negative correlation between the frontal buoyancy gradient and mixed layer depth is expected given395

the 1/𝐻 dependence in Equation 1. Note that the global correlation observed here between shallow396

mixed layer and sharp frontal buoyancy gradients, and the elevated submesoscale activity during397

spring restratification shown in previous work (e.g. Haine and Marshall 1998; Boccaletti et al.398

2007; Fox-Kemper et al. 2008), can both occur simultaneously on different time and length scales399

as discussed in Section 6.400

While on average the horizontal frontal buoyancy gradients are larger when the mixed layer is411

shallow, there is evidence that this is modulated by a secondary effect of the opposite sign. Where412

the mixed layer is shallow, the mixed layer buoyancy frequency tends to be larger (Figure 4),413

which increases the balanced Richardson number (Figure 9b). According to Equation 1, a larger414

balanced Richardson number would lead to relatively smaller values of 𝑏𝑥 , modulating the main415

1/𝐻 influence of mixed layer depth on 𝑏𝑥 . Evidence that this modulation occurs can be found416

by estimating the balanced Richardson number by calculating a scaling fit analogous to that in417

Figure 2, modified so that it is applied over a variety of mixed layer depth ranges (See Figure418

9a for an example with three ranges). We find that the fit-based balanced Richardson number419

is larger when the mixed layer is shallow, and varies over an order of magnitude (Figure 9b).420
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Fig. 9. The variability of the balanced Richardson number with mixed layer depth, calculated either using

a fit or using Argo data. (a) Identical to Figure 5, except that the fronts are divided according to mixed

layer depth percentile, the 0-10th percentile (0-17 m), 10-50th percentile (17-34 m), and 50-100th percentile

(>34 m), and the balanced Richardson number fit is done for each percentile group (see Figure 5 for details).

(b) The balanced Richardson number calculated using buoyancy frequency from Argo data and ship-based

horizontal buoyancy gradients (blue, dashed) with 90% bootstrapped confidence intervals calculated using the

mean buoyancy frequencies in the upper one half or full mixed layer; scaling fit and confidence intervals

calculated as in Figure 5, but for each mixed layer depth bin (black, solid); and a constant buoyancy frequency

of 4.6x10−3𝑠−1, which is the mean; and ship-based horizontal buoyancy gradients (blue, dotted) with 90%

bootstrapped confidence intervals.
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410

The fit-based balanced Richardson number as a function of mixed layer depth closely tracks the421

balanced Richardson number calculated from Argo data (Figure 9b). In contrast, there is little422

agreement when a constant mixed layer buoyancy frequency is used to calculate the balanced423

Richardson number (Figure 9b). In summary, the result here suggests that in addition to the main424

correlation described above between shallower mixed layers and sharper buoyancy gradients (the425

1/𝐻 effect), there is an opposite, modulating effect of larger balanced Richardson number (the426

1/
√
𝑅𝑖 in Equation 1) due to larger mixed layer buoyancy frequencies in shallower mixed layers.427

As a word of caution, note that concurrent measurements of mixed layer depth and frontal gradients428

are needed over a wide range of background conditions to fully test and confirm the role of the429

balanced Richardson number suggested by these observations.430
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Fig. 10. Four regimes of submesoscale frontal dynamics, shown in (a) including a shallow mixed layer and

0<Tuℎ (dark yellow), deep mixed layer and 0<Tuℎ (red), shallow mixed layer and Tuℎ <0 (light blue), deep

mixed layer and Tuℎ <0 (dark blue). A deep mixed layer is defined as >80m, and 0<Tuℎ indicates that the

large-scale density gradient is temperature-dominated whereas Tuℎ <0 indicates that it is salinity-dominated. (b)

The median submesoscale frontal buoyancy gradient or (c) the geostrophic frontal kinetic energy, as a function

of the large-scale Turner angle and the mixed layer depth. Lines delineate the four regimes, which are also shown

as the colors corresponding to the colorbar in (a).
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To better appreciate the dual impact of the mixed layer depth (MLD) and the large-scale horizontal438

Turner angle, the ocean can be divided into four regimes by separating regions into negative vs.439

positive Turner angle, and shallow vs. deep mixed layers. Figure 10b shows the submesoscale440

buoyancy gradients associated with each regime and Figure 10a designates the spatial extent of441

each regime on a global map. The sharpest frontal submesoscale buoyancy gradients (median442

𝑏𝑥 is 5.6x10−7 𝑠−2) occur where the mixed layer is shallow and the large-scale gradients are443

salinity-dominated (MLD<80 m, Tuℎ <0). These regions include coastal areas where there is444

a large amount of freshwater outflow from rivers (e.g., the Ganges and the Amazon) and in the445
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tropical rain bands and monsoon-influenced regions where there is large freshwater input from rain,446

consistent with previous studies that have found uncompensated, salinity-dominated submesoscale447

density variability in these regions (MacKinnon et al. 2016; Spiro Jaeger and Mahadevan 2018;448

Drushka et al. 2019). In regions where the mixed layer is shallow and large-scale density gradient449

is dominated by temperature (MLD<80 m, 0<Tuℎ), submesoscale horizontal buoyancy gradients450

tend to be moderate (median 𝑏𝑥 is 4.5x10−7 𝑠−2). This regime is predominately in the center of451

each basin in the mid-latitudes. Next, we move on to the regime where the mixed layer is deep452

and the large-scale gradients are salinity dominated (80 m<MLD, Tuℎ <0), which has moderate453

frontal buoyancy gradients (median 𝑏𝑥 is 4.9x10−7 𝑠−2). This regime occurs less frequently and is454

predominately confined to high latitudes away from coasts where there is surface freshwater input455

from precipitation and glacial and sea ice melt (e.g. in the Southern Oecan, Haumann et al. 2016) as456

well as outflow of fresh Arctic waters (in the North Atlantic, Haine et al. 2015). Finally, the frontal457

buoyancy gradients are the smallest (median 𝑏𝑥 is 4x10−7𝑠−2) in the final regime where the mixed458

layer is deep and the large-scale density gradients are dominated by temperature (80 m<MLD,459

0<Tuℎ). This regime typically occurs far from coasts at high latitudes such as the Southern Ocean460

and the subpolar Atlantic.461

Other metrics of submesoscale frontal dynamics also vary globally. For example, the frontal462

kinetic energy, estimated here by assuming that each front is in geostrophic balance, 𝐾𝐸𝑔 =463

1/2(𝐻𝑏𝑥/ 𝑓 )2, on average varies according to the mixed layer depth and the large-scale horizontal464

Turner angle (Figure 10c). When the mixed layer is deeper the submesoscale fronts have more465

geostrophic kinetic energy. Interestingly, for a given mixed layer depth, the kinetic energy is larger466

when the large-scale gradient is dominated by salinity (Tuℎ <0) due to the tendency for sharper467

submesoscale fronts when the large-scale gradient is dominated by salinity.468

6. Discussion469

This study explores a global dataset of submesoscale density fronts to understand their governing470

dynamics, geographic distribution, and linkages to a range of background characteristics, including471

the mixed layer depth, mixed layer buoyancy frequency, large-scale horizontal gradients, and large-472

scale horizontal Turner angle. We find that the global mean submesoscale frontal buoyancy473
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gradients scale with the frontal width following a relationship that is consistent with theory, and474

also vary geographically in correlation with the background large-scale environment.475

In their entirety, these results provide a link between submesoscale fronts and the large-scale476

characteristics and dynamics of the surface mixed layer. Our interpretation is that the large-scale477

background variables described here help set the sharpness of submesoscale density fronts on large478

spatial scales and long timescales. On smaller scales, a variety of previously explored mechanisms479

then modulate the submesoscale frontal gradient sharpness, including processes that eliminate480

strong frontal density gradients by facilitating frontal compensation (Young 1994; Rudnick and481

Ferrari 1999; Spiro Jaeger and Mahadevan 2018), seasonal variability of surface buoyancy forcing482

that generates submesoscale instabilities (Haine and Marshall 1998; Boccaletti et al. 2007), and483

mesoscale straining (McWilliams 2016). Therefore, we would expect that the submesoscale frontal484

dynamics are a consequence of interactions on a range of scales including both local processes485

and the average background properties. In a mean sense, the submesoscale frontal processes486

then feedback to help to set the large-scale properties of the surface ocean through a variety of487

mechanisms that are currently under active research (Taylor and Thompson 2023).488

Globally, the observed mean submesoscale dynamics scale with frontal width (Figure 5) accord-489

ing to Equation 1, which assumes the balance 𝐹𝑟 ∼ 𝑅𝑜. The implication is that submesoscale490

fronts 1.5-10 km wide scale according to some of the assumptions underlying quasigeostrophy, as491

opposed to alternative dynamics such as semigeostrophy, which would require 𝐹𝑟 ∼
√
𝑅𝑜 (Cullen492

2006). Unlike the full set of quasigeostrophic assumptions, here we do not include direct con-493

straints on the magnitude of 𝑅𝑜. Note that the result is valid for a global average, indicating that a494

range of dominant dynamics is possible among the observed fronts, which could include fronts that495

have strong ageostrophic components. Consequently, studies that focus on strongly ageostrophic496

individual submesoscale features (e.g. Freilich et al. 2023) or fronts subject to symmetric insta-497

bility (Thomas et al. 2013), may be highlighting a subset of the range of possible submesoscale498

dynamics. Our findings also begin to extend the knowledge of dynamics to smaller scales within499

the submesoscale range compared to previous work, which has focused on scales larger than the500

mixed layer deformation radius and has found evidence for quasigeostrophic dynamics in a number501

of different regions (Rocha et al. 2016; Qiu et al. 2017; Chereskin et al. 2019), however more work502

is needed to fully understand the dynamics of these smaller submesoscales.503
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Our results show that submesoscale frontal gradients tend to be sharper when the large-scale504

horizontal density gradient is large (Figure 8), especially when the gradient is salinity-dominated505

(Tuℎ <0) as opposed to temperature-dominated (0<Tuℎ), suggesting that gradients on the large506

scale play a role in setting those on the submesoscale. Sharp fronts where the background density507

gradient is large may be due to a combination of effects including (1) the stirring of large-scale508

density gradients could generate sharper submesoscale fronts, and (2) kinetic energy associated509

with large background density gradients could aid in forming sharp submesoscale fronts. The510

observation that sharper fronts occur where the background gradient is salinity-dominated as511

opposed to temperature-dominated suggests that cross-scale coupling is modulated by different512

processes in each case. Possible contributing factors include (1) the role of air-sea fluxes on frontal513

dynamics in regions where the large-scale gradient is salinity- versus temperature-dominated514

(e.g. Spiro Jaeger and Mahadevan 2018); (2) an elevated mixed layer buoyancy frequency, and515

therefore more stable balanced Richardson number, in salinity-dominated regions (Figure 3b,d);516

or (3) differences in boundary conditions between the two regimes (e.g., gradients are sustained517

differently in the case of river plumes as opposed to western boundary current extensions). We518

leave it to future work to fully investigate these potential mechanisms.519

Throughout the global ocean, we find that sharper submesoscale buoyancy gradients are cor-520

related with shallower mixed layers (Figure 7b), consistent with what is expected from Equation521

1. Much of the previous work highlighting the link between mixed layer depth and submesoscale522

activity has found that the submesoscale is more active when a deep mixed layer is shoaling during523

springtime restratification due to heightened mixed layer baroclinic instability (e.g. Callies et al.524

2015; Thompson et al. 2016; Yu et al. 2019). To reconcile these two results, we suggest that the525

equilibrium dynamics (represented in Equation 1) may cause sharper fronts when the mixed layer is526

shallow globally, while local transient processes such as mixed layer restratification can temporarily527

cause elevated submesoscale activity as the potential energy in deep mixed layers is converted to528

kinetic energy in submesoscale fronts and eddies. Our results suggest that equilibrium dynamics529

may be more important than mixed layer restratification processes in setting the correlation between530

mixed layer depth and frontal sharpness on a global scale. An additional consideration is that mod-531

els do not currently resolve the smallest submesoscale features associated with a shallow mixed532

layer during the warmer months (Dong et al. 2020), suggesting that higher-resolution modeling533
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is needed to fully understand the seasonal cycle of submesoscale activity and how it is related to534

mixed layer depth.535

The global-mean balanced Richardson number associated with submesoscale density fronts536

observed here is 0.9±0.1, consistent with O1 Richardson number found during theoretical studies537

of restratification (Tandon and Garrett 1995) and the subinertial mixed layer approximation (Young538

1994). Geographically, the balanced Richardson number associated with submesoscale fronts539

varies over an order of magnitude between regions with deep mixed layers and shallow mixed540

layers in part due to changes in the mixed layer buoyancy frequency (Figure 9), which according541

to Equation 1 could cause a modulating effect of the opposite sign impacting the magnitude of542

submesoscale buoyancy gradients. These results imply that the coupling between vertical mixing543

processes and submesoscale dynamics, which has been studied in specific contexts (Hamlington544

et al. 2014; Whitt and Taylor 2017; Callies and Ferrari 2018), is important globally. Additionally,545

our results suggest that submesoscale fronts are, on average, more stable to processes such as546

symmetric instability and mixed layer baroclinic instability when the mixed layer is shallow due547

to a larger mean balanced Richardson number. Future studies are needed that include concurrent548

mixed layer depth and vertical/horizontal buoyancy gradient measurements to fully understand549

the linkages between turbulent mixing in the mixed layer, the balanced Richardson number, and550

submesoscale fronts globally.551

Our results predominately focus on the frontal horizontal buoyancy gradient as an indicator552

of submesoscale dynamics, and briefly show how the results relate to another characterization553

of submesoscale dynamics, the total geostrophic kinetic energy (Figure 10c). In this example,554

sharper frontal buoyancy gradients in regions of salinity-dominated background density gradients555

(Tuℎ <0) also cause elevated total geostrophic kinetic energy compared to regions with temperature-556

dominated background gradients with the same mixed layer depth. This suggests that submesoscale557

frontal dynamics vary between these two regimes, but also cross-scale energy fluxes and interac-558

tions between vertical mixing processes and the submesoscale may also have distinctly different559

characteristics in the two regimes. Similarly, the global variability of submesoscale dynamics560

may have important impacts on quantities such as carbon export or equivalent heat flux due to561

submesoscale instabilities, opening a number of possible avenues for future work.562
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7. Conclusion563

The observations here demonstrate that submesoscale frontal buoyancy gradients vary globally564

as a function of frontal width according to the scaling 𝑏𝑥 = 𝐿 𝑓 2/(
√
𝑅𝑖𝐻). The frontal buoyancy565

gradients also vary geographically with the large-scale density gradient, large-scale horizontal566

Turner angle, and mixed layer depth in a way suggesting that the balanced Richardson number is567

also important for setting the geographic variability of frontal dynamics on a global scale. Notably,568

we find that globally shallower mixed layers are associated with sharper submesoscale fronts, which569

has not be described in previous work.570

The majority of previous studies concerning submesoscale dynamics have focused on explain-571

ing the evolution of fronts due to transient local processes such as surface buoyancy forcing and572

mesoscale straining, or the balance of vertical mixing processes on the frontal scale. Our study573

takes a different approach by applying a global observational perspective to focus on mean dy-574

namics and the role of background properties in altering submesoscale fronts. This global-scale575

perspective is important since frontal dynamics are known to impact the global-scale air-sea in-576

teractions, buoyancy fluxes, across-scale energy transfers, carbon export, and productivity, and577

therefore studying the complementary influence of the large scale on the small scale is critical for578

completeness. We view this work as a first step on this global trajectory and hope it inspires future579

theory, modeling, and observational studies to fully explore and explain the global patterns these580

observations reveal.581
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