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Key Points:6

• Increased dispersion, as an effect of lateral stirring, results in near-linear increases7

in phytoplankton flux.8

• Lateral dispersion has the greatest impact on phytoplankton flux when the reac-9

tive timescale is small compared to the advective timescale.10

• Flux is optimized at intermediate phytoplankton growth rates, another example11

of biophysical feedback that should be considered in modeling.12
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Abstract13

Submesoscale dynamics, operating at spatial scales of O(1−10 km) and temporal scales14

of O(1 day), are particularly important for marine ecosystems as they occur on similar15

timescales as phytoplankton growth, enabling biophysical feedbacks. While submesoscale16

dynamics are known to impact biological fluxes by modifying nutrient upwelling, hor-17

izontal transport has traditionally been assumed to only redistribute phytoplankton with-18

out altering concentrations. However, variations in submesoscale dispersion may signif-19

icantly impact total biogeochemical flux if biological reactions occur during dispersal.20

By parameterizing the effects of dispersion due to lateral stirring on flux, within an east-21

ern boundary current region, we show that enhanced dispersion yields a near-linear in-22

crease in offshore flux, with the magnitude modulated by phytoplankton growth rates23

and ambient nutrient availability. These findings identify a pathway for improving pa-24

rameterizations of biogeochemical fluxes, while revealing a source of uncertainty in their25

prediction by climate models.26

Plain Language Summary27

Phytoplankton play a crucial role in Earth’s climate by absorbing carbon dioxide28

from the atmosphere, making accurate predictions of their abundance essential for cli-29

mate modeling. Ocean currents fundamentally shape phytoplankton communities by con-30

trolling their access to light and nutrients. However, computational limitations prevent31

climate models from representing ocean currents smaller than certain scales, such as the32

submesoscale, around 1-10 km. Dynamics occuring at the submesoscale operate on timescales33

similar to phytoplankton growth, paving the way for significant interactions between ocean34

movement and biological processes. Submesoscale dynamics are known to have a signif-35

icant impact on phytoplankton growth by vertically transporting nutrients from deeper36

waters. These dynamics can also alter distributions of plankton and nutrients in the hor-37

izontal. Small-scale stirring motions can cause phytoplankton to scatter, or disperse, across38

the ocean surface. Using data from a coastal region, we find that dispersion leads to lin-39

ear increases in the rate of transport of phytoplankton offshore, with the magnitude de-40

pending on both phytoplankton growth rates and ambient nutrient availability. Our find-41

ings suggest that climate models must account for how physical transport and biolog-42

ical responses of phytoplankton affect each other, and that ignoring these interactions43

may be a large source of uncertainty in predictions.44

1 Introduction45

Oceanic phytoplankton productivity is heterogeneous, with increased productiv-46

ity in nutrient-rich areas, such as those near coastlines. Ocean currents redistribute plank-47

ton away from these productivity hotspots, providing crucial linkages between coastal48

and offshore regions. This transport is modulated by fine-scale ocean dynamics, which49

are unresolved in ocean general circulation models (OGCMs) and require parameteri-50

zations. To formulate accurate parameterizations, an understanding of the often com-51

plex biophysical feedbacks at these small scales is necessary, as eddy parameterizations52

of reactive tracers have been shown to perform poorly when they do not account for eddy53

reaction terms in addition to eddy flux terms (Prend et al., 2021).54

Submesoscale dynamics, characterized by lateral scales of O(1-10 km) and timescales55

of O(1 day), and dynamically by O(1) Rossby and Richardson numbers, influence the56

abundance and distribution of phytoplankton through several mechanisms (McWilliams,57

2016; Lévy et al., 2018; Lévy et al., 2023). These include nutrient transport into the eu-58

photic zone due to enhanced vertical velocities, increased phytoplankton residence time59

in the euphotic layer due to reduced vertical mixing, and ecosystem restructuring caused60

by lateral stirring (Lévy et al., 2012; Mahadevan, 2016).61
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In this paper, we focus on the impact of submesoscale lateral dispersion on carbon62

flux in coastal regions. Lateral stirring has been shown to have a substantial impact on63

nutrient fluxes (Letscher et al., 2016) and plankton patchiness (Abraham, 1998; Mackas64

et al., 1985; Gangrade & Franks, 2023; Martin, 2003; Gower et al., 1980). The latter is65

significant because the contribution of phytoplankton to NPP is impacted by their spa-66

tial heterogeneity (Brentnall et al., 2003). The flux of biogeochemical tracers, rather than67

their distribution, is of particular interest as this quantity must be parameterized in OGCMs,68

and modelled tracer distributions have been found to be sensitive to the flux parame-69

terization used (Fennel et al., 2022).70

Unlike previous work that treated lateral stirring as a passive process, impacting71

only the distribution of phytoplankton and not their concentrations (Lévy et al., 2018),72

we use a coupled model to quantify the differential impact of lateral stirring based on73

biological factors. While the assumption that stirring is a passive process holds true when74

biological reactions are sufficiently slow, when the reaction timescales are large relative75

to the physical timescales, it is possible that there are considerable biophysical feedbacks.76

Since lateral stirring may have a stronger magnitude near surface, where phytoplank-77

ton are located, than in lower layers, where nutrients are stored and then upwelled, it78

is also not necessarily the case that nutrients and phytoplankton, which also have sig-79

nificant vertical gradients, are redistributed exactly together by lateral stirring. As a re-80

sult, submesoscale modification of plankton dispersion can result in biophysical feedbacks.81

We begin by discussing our modeling framework in §2. In §3, the results of com-82

puting biogeochemical fluxes along increasingly dispersive Lagrangian trajectories demon-83

strate that the impact of lateral dispersion on the flux indeed differs based on biolog-84

ical factors. Lastly, in §4, we discuss the implications for the uncertainty of NPP quan-85

tification, the enhancement of Lagrangian subgridscale models, and the improvement of86

parameterizations for biological transport.87

2 Modeling Framework88

Inspired by the approach of Freilich et al. (2022), we use an advection-reaction frame-89

work to compute the offshore phytoplankton biogeochemical flux along Lagrangian tra-90

jectories. As in that work, we explore the biological parameter space by varying the growth91

rate within the formulation of the phytoplankton growth (reaction) term. We explore92

the physical parameter space by using a Lagrangian subgridscale (LSGS) model, which93

parameterizes the effect of increasingly dispersive submesoscale dynamics on the flux.94

This representation of subgridscale effects is accomplished by modifying Lagrangian tra-95

jectories generated from coarse resolution velocity data according to target statistical96

measurements calculated from finer resolution, but more spatially limited, velocity data.97

In this analysis, we compute these statistics using surface drifter data, and simulate a98

range of values around the calculated values in order to determine the effect of varying99

the magnitude of dispersion. Then, to compute the flux, we formulate a reaction term100

based on a logistic population model, with an observation-informed carrying capacity.101

The analysis is performed within an eastern boundary upwelling system, chosen102

for its surface drifter and biogeochemical data availability, which helps identify where103

the realistic scenario falls within the range of computed fluxes with varying dispersion.104

2.1 Subgridscale Parameterization Scheme105

Lagrangian stochastic (LS) models aim to represent particle motion within a tur-106

bulent flow by taking advantage of known statistics of the true velocity field (Thomson107

& Wilson, 2012). We use the Lagrangian subgridscale (LSGS) model proposed by Haza108

et al. (2007) and Haza et al. (2012), which is a deterministic model based on an LS model,109

to generate particle trajectories according to an increasingly dispersive “true” velocity110
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field. Unlike the more general LS models, the LSGS approach aims to correct the tur-111

bulent portion of model velocity fields only and generate trajectories according to that112

correction, to account for unresolved velocity components.113

The LSGS model in two dimensions is formulated as follows. Given a lower-resolution114

observational velocity field um(t, x, y) (m subscript for “mesoscale”), a trajectory xm :115

R → R2 is formed by solving116

dxm(t)

dt
= um(t, x, y). (1)

We apply a Reynolds decomposition by taking a time-average,117

um(t, x, y) = Um(x, y) + u′
m(t, x, y), (2)

so that only the turbulent velocity u′
m is inaccurate due to the unresolved fine-scale dy-118

namics. We approximate Um(x, y) by a year-long time-average. The corrected trajec-119

tory xc : R → R2 is then found by solving120

dxc

dt
= Um(xc) + u′

m(t,xc) + η(t), (3)

where η(t) is the correction found via the LSGS procedure. In particular, the zonal com-121

ponent of η(t) = (ηu(t), ηv(t)) is found by solving122

dηu(t)

dt
= a

du′
m(t,xc(t))

dt
+ bu′

m(t,xc(t)) + cηu(t). (4)

The parameters in Eq. (4) are defined as123

a =

(
σu
r√
τur

)(√
τum
σu
m

)
− 1, b =

(
σu
r√
τur

)(
σu
m√
τum

)
− 1

τur
, and c = − 1

τur
. (5)

The meridional component ηv(t) is found exactly analogously. The statistical parame-124

ters of interest – the turbulent velocity fluctuations (r.m.s. of turbulent velocity) σ and125

the decorrelation timescale τ – appear in the parameters (5). Associated with the coarse126

velocity field um are σm = (σu
m, σv

m) and τm = (τum, τvm), where the superscript u de-127

notes the zonal direction and the superscript v denotes the meridional direction. Sim-128

ilarly, there are statistics σr and τr associated with the real velocity field.129

In-situ position data from the Sub-Mesoscale Ocean Dynamics Experiment (S-MODE)130

field campaign are used to calculate σr and τr. The data are from 135 microstar surface131

drifters (1 m drogue), with observations at approximately five-minute intervals. All drifters132

were launched off the San Francisco coast in April 2023 (S-MODE Mission Data, 2024;133

Farrar et al., 2020).134

Archiving, Validation and Interpretation of Satellite Oceanographic (AVISO) data135

are used for the low resolution velocity field um. This coarser velocity field is geostrophic136

with Ekman surface currents, with a grid spacing of 0.25◦ by 0.25◦ and time intervals137

of six hours (Rio et al., 2014). The time range and domain of the AVISO data were cho-138

sen to match that of the drifter data. Trajectories are initialized using velocity data for139

April 11, 2023 at 00:00 UTC, and stepped forward until the last available time step on140

May 12, 2023 (∼ 23 : 00 UTC). One trajectory is initialized at each point in the 0.25◦141

by 0.25◦ grid, within the region 140 W to 120 W longitude, 26 N to 42 N latitude, and142

trajectories that exit this region are not considered. The LSGS model involves a random143

initialization; we use an ensemble of 10 trajectories (see Supporting Information). The144

advective time-step is the time resolution of the AVISO data.145

The LSGS model stems from the assumption that the trajectories can be described146

by a first-order LS model; in this context, the standard deviation of particle locations147

starting at the same initial point, in each direction, can be calculated as
√
2σ

√
τ (see148

SI). When using the LSGS model to generate trajectories corresponding to different amounts149
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of now-“resolved” subgridscale dispersion, by construction, σm and τm remain constant.150

To simulate increasingly dispersive, hypothetical “true” scenarios, we vary σr
√
τr, which151

we identify as the “dispersion parameter.” Consequently, in generating trajectories, there152

are four parameters to vary: σu
r , σ

v
r , τ

u
r , and τvr .153

We modify trajectories computed using AVISO velocities via the LSGS method-154

ology for a range of target values of the dispersion parameter; σu
r , σ

v
r ∈ [0.05, 0.5] and155

τur , τ
v
r ∈ [0.25, 1.075], all in increments of 0.025. These ranges were selected based on156

the submesoscale parameters calculated using the drifter data: σu
r ≈ 0.218, σv

r ≈ 0.271,157

τur ≈ 0.772, and τvr ≈ 0.698. In order to distinguish the effect of varying the turbu-158

lent velocity fluctuations (σr) versus that of varying the decorrelation timescale (τr), we159

only vary one in each simulation, while setting the other to be the calculated value from160

the drifter data.

Figure 1. (a) A sample drifter trajectory (blue), a trajectory produced from the AVISO ve-

locity field (yellow), and an LSGS trajectory (solid red), with the same initial condition, plotted

over the realistic background nutrient gradient (shaded). The solid red line is produced from an

average of the dotted red lines, which correspond to 10 random initializations of the LSGS proce-

dure. The orange line approximates the coastline and the orange vector is unit normal. (b) The

domain-averaged Euclidean displacement (purple), decomposed into displacements perpendicular

(blue) and parallel (red) to the coast, plotted against the zonal dispersion parameter. Only σu is

varied, since the zonal component is weighted more heavily in computing the offshore flux, while

σv is fixed at 0.15.

161

The corrected velocity field associated with the produced trajectories has statis-162

tics closer to the target statistics computed over a submesoscale spatial domain, which163

has been referred to as “submesoscale dispersion” in this study. This is not intended to164

suggest that we only consider dispersion produced by O(1) Rossby and Richardson num-165

ber features, as these dispersion statistics cannot be isolated from the smaller scale, e.g.166

wave, effects that also affect the drifter trajectories. Instead, the statistics are intended167

to represent the total effect of all dynamics that cause unresolved dispersion at the sub-168

mesoscale.169

2.2 Biological Model170

In order to allow for nonlinear biological interactions while limiting the number of171

parameters, we represent the reaction term, i.e. the changes in phytoplankton concen-172

tration in response to nutrient availability, using a logistic model but with spatially-dependent173
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carrying capacity (c.f. Abraham, 1998). The system is given by174

DP

Dt
= λP

(
1− P

N0

)
, (6)

where P is the concentration of phytoplankton (µmol m−3), D/Dt = ∂t + v · ∇, and175

λ is a nutrient uptake rate parameter (s−1).176

The carrying capacity is set to be proportional to the spatially-dependent back-177

ground nutrient gradient, N0 = N0(x, y) (µmol m−3). The initial condition P0 is taken178

to be N0. While Eq. (6) does not admit an analytical solution, it can be numerically ap-179

proximated (see SI) and captures the observed heterogeneity of primary production. Al-180

though this simple representation of phytoplankton growth averages over more specific181

processes such as depletion due to grazing by zooplankton, nutrient limitation, reminer-182

alization, changes in community composition, etc., it importantly captures the nonlin-183

earity of the growth while remaining conceptually tractable. In this work, we consider184

λ a constant parameter, but it can be a function of spatial, temporal, or other variables185

(Bonachela et al., 2011; Lomas et al., 2014).186

The phytoplankton concentration anomaly is

P ′(x, y, t) ≡ P (x, y, t)− P0(x, y) = P (x, y, t)−N0(x, y)

(with N0 as before) and the velocity anomaly is

u′(x, y, t) ≡ u(x, y, t)−Um(x, y).

This identifies Um(x, y) = Uc(x, y), i.e., the mean coarse resolution velocity field equals187

the mean “corrected” velocity field, which is consistent with the assumption that only188

the fluctuating portion of the coarse resolution velocity field should be modified by the189

LSGS procedure. The Lagrangian phytoplankton biogeochemical flux is then190

⟨u′P ′⟩L, (7)

where ⟨·⟩L is the time average taken over the trajectory the flux is computed along, cor-191

responding to the velocity u. To obtain a scalar quantity, we consider the flux in the off-192

shore direction, so each vector u′P ′ computed along a trajectory is dotted with a unit193

normal vector representing the offshore direction (Fig. 1a).194

An average flux is then computed along each trajectory. Since the distribution of195

the average fluxes for each trajectory is approximately normal (Fig. 3, SI), a domain av-196

erage is then taken of all the Lagrangian-averaged fluxes. In that manner, one final av-197

erage flux value is obtained for each simulation. This is done for each of 20 logarithmically-198

spaced values of the uptake rate λ ∈ [0.005 day−1, 2 day−1]. Growth rates of 0.3-0.6199

day−1 have been observed off the California coast (Landry et al., 2009).200

2.3 Carrying Capacity201

We formulate a realistic background (or time-mean) nutrient gradient based on ni-202

trate data at the time and location of the drifter data, from the World Ocean Atlas (Rea-203

gan et al., 2024) (Fig. 1, SI). Although phytoplankton growth and survival is also de-204

pendent on light exposure and micronutrient concentration (Rhee & Gotham, 1981; Beardall205

et al., 2001; Glibert et al., 2016), we approximate the carrying capacity in relation to ni-206

trate concentration (Dugdale et al., 2007). Since the carrying capacity is formulated in207

nitrogen units, phytoplankton concentration is as well.208

Spatial variability in the carrying capacity or nutrient field has been invoked in prior209

studies (Abraham, 1998; Prend et al., 2021). Our application of this concept to a real-210

istic scenario allows for synthesis of theoretical and observational results. Here, we make211
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use of the observed strong mean gradient of surface nutrient concentration within the212

California Current system (Legaard & Thomas 2006; Yu et al. 2021), as there is in many213

coastal environments. Although we expect that water parcels are dispersed horizontally214

with both plankton and nutrient together, these parcels are affected by vertical processes215

that result in a reduced carrying capacity on average in the offshore region. These pro-216

cesses include vertical nutrient supply, subduction, settling of cells and particles, and ver-217

tical migration by grazers. The carrying capacity is modeled such that this range of pro-218

cesses, which cannot be completely resolved, is still accounted for.219

To better analyze how velocity fields versus background nutrient gradients affect220

flux, we run simulations with nutrient concentrations decaying linearly orthogonal to the221

coast, creating a primarily meridional gradient (Fig. 4, SI).222

3 Results223

The LSGS model successfully produces trajectories that are qualitatively more sim-224

ilar to the drifter trajectories than the uncorrected trajectories (Fig. 1a). The drifter tra-225

jectories have a higher calculated dispersion parameter (σu
r

√
τur ≈ 0.191, σv

r

√
τvr ≈ 0.226)226

than the uncorrected trajectories (σu
m

√
τum ≈ 0.159, σv

m

√
τvm ≈ 0.211). This motivates227

the question of whether particles following more dispersive trajectories have larger to-228

tal displacements in general (i.e. the trajectories “wander around” more), which is the229

case when increasing the turbulent velocity fluctuations (Fig. 1). In this manner, a par-230

cel carrying a community of phytoplankton that is subject to a more dispersive veloc-231

ity field may meander more before going offshore, spending more time within the higher232

nutrient concentration (Fig. 1), eventually yielding higher offshore flux. From this, we233

may expect a (noisy) positive relationship between the dispersion parameter and the flux234

(Fig. 4-7, SI).235

The average Lagrangian flux varies nearly linearly with the dispersion parameter,236

though the relationship is modulated by biological factors, including the direction of the237

carrying capacity gradient. Regardless of whether σu
r , σ

v
r , τ

u
r , or τ

v
r is varied, there is a238

positive, approximately linear relationship between the dispersion parameter and the av-239

erage flux along trajectories (Fig. 2). The linearity of this relationship is unexpected given240

the nonlinear dependence of the flux ⟨u′P ′⟩L on these parameters, which affect both u′,241

through the dependence of xc, Eq. (5), and P ′, through the dependence of N0 on xc. The242

relationships differ slightly based on whether σr or τr is varied, as expected due to the243

mathematical formulation Eq. (5).244

The slope of the relationship between biogeochemical flux and the dispersion pa-245

rameter depends nonlinearly on the biological uptake rate (Fig. 3). Since the velocity246

determines the location of the phytoplankton-laden parcel, and the concentration of phy-247

toplankton is highly dependent on spatially-varying nutrient availability, P ′ may be con-248

sidered a function of u′. Thus, modifications to the velocity field can affect the flux non-249

linearly via biological factors. In particular, the uptake rate that maximizes the aver-250

age flux for any value of the dispersion parameter, in all cases, is an intermediate one251

among the simulated range. Freilich et al. (2022) found a similar result, that interme-252

diate growth rates maximize phytoplankton flux vertically. Fig. 4 shows that submesoscale253

lateral dispersion can have a differential impact on the phytoplankton biogeochemical254

flux depending on the growth rate.255

Although lateral dispersion significantly affects the magnitude of the flux, our re-256

sults do not provide evidence that it can reverse the direction (or sign) of the flux, when257

considering a realistic background nutrient gradient. As expected, due to the eastern bound-258

ary, the average flux is westward in each case. Note that while Fig. 3 shows some small259

negative intercepts for the best fit lines, the LSGS procedure did not produce negative260

fluxes.261
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Figure 2. Domain-averaged Lagrangian flux ⟨u′P ′⟩L versus the dispersion parameter in one

direction, with fixed uptake rate λ = 1.0645 day−1. Points are colored by the dispersion pa-

rameter in the direction not plotted on the x-axis. Top: dispersion is modified by varying the

turbulent velocity fluctuations σr, (a) zonally and (b) meridionally. The red stars show the flux

corresponding to the drifter dispersion parameter value, while the red squares show that calcu-

lated from the uncorrected/AVISO-only simulation. Bottom: dispersion is modified by varying

the decorrelation timescale τr, (c) zonally and (d) meridionally. The flux for the uncorrected

simulation is not shown, as simulating that value of the dispersion parameter would require very

unrealistic values of τu
r , τ

v
r .

The direction of stronger mean velocity, which is aligned with a strong tracer gra-262

dient in physically realistic scenarios, should have a greater impact on flux. This is re-263

flected in the relative tightness of the linear relationship in Fig. 2a,c compared to b,d.264

Comparison to the simulations with reversed background nutrient gradient shows that265

the relative impact of zonal versus meridional dispersion depends on the direction of the266

background nutrient gradient, underscoring the significance of the relationship between267

the mean flow and the resource landscape. Varying the dispersion parameter has a greater268

impact on the average flux when the direction of the gradient and the flux are aligned269

(Fig. 4, SI). The interplay between the distribution of resources, which is spatially het-270

erogeneous, and dispersion, which is strongly impacted by fine-scale dynamics, is thus271

another mechanism through which physical and biological dynamics are coupled.272

With any amount of dispersion, the flux is a nonlinear function of the uptake rate,273

with two key characteristics. First, for a given dispersion parameter, the flux is maxi-274

mized at an intermediate value of the uptake rate (≈10−1, Fig. 4). Although the rela-275

tionships in Fig. 4 depend on the velocity field and cannot be predicted a priori, they276

follow the pattern that the flux monotonically increases until it is maximized at an in-277
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Figure 3. The dependence of the flux on the dispersion is mediated by the uptake rate. The

best fit corresponding to the scatter plots, as in Fig. 2, for 20 uptake rates. Line colors indicate

uptake rate, with shading showing standard deviation. Top: effect of varying the turbulent veloc-

ity fluctuations σr, (a) zonally and (b) meridionally. Bottom: same as the top, but varying the

decorrelation timescale τr, (c) zonally and (d) meridionally.

termediate value of the uptake rate and decreases thereafter, which could be predicted278

from the formulation of the reaction term. Too low of an uptake rate will cause the con-279

centration to always stay well below carrying capacity, while too high of an uptake rate280

will cause the concentration to exceed it, causing it to then decrease. The preference for281

an intermediate uptake rate reflects that a balance between nutrient uptake and resup-282

ply is optimal for growth.283

Second, for smaller and suboptimal growth rates, the phytoplankton flux is more284

strongly influenced by lateral stirring. In Fig. 4c,d, varying the decorrelation timescale285

(τr), which may be considered the advective timescale, has more of an effect on the av-286

erage flux in the regime in which the uptake rate is lower. The shape of the trends in287

Fig. 4c,d generally reflects that transport is optimized when the timescales of reactions288

and advection are of approximately the same order (Freilich et al., 2022). By simulta-289

neously varying the biological and physical parameters, two distinct effects are revealed:290

universal maximization of flux at an intermediate uptake rate and increased sensitivity291

of flux to lateral stirring when the reaction timescale is faster than the advective timescale.292
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Figure 4. Average flux across Lagrangian trajectories versus the uptake rate λ, for different

amounts of dispersion. Top: dispersion increased by increasing the turbulent velocity fluctuations

σr, (a) zonally and (b) meridionally. Bottom: dispersion increased by increasing the decorrela-

tion timescale τr, (c) zonally and (d) meridionally.

4 Discussion and Conclusion293

In this study, we explore both the physical and biological parameter spaces to an-294

alyze the coupled impact of submesoscale lateral dispersion and nonlinear biological re-295

actions on offshore phytoplankton biogeochemical flux. We find in each case that there296

is a near-linear relationship between the average, lateral Lagrangian flux and the disper-297

sion parameter. Moreover, we find that the impact of the dispersion parameter on the298

average flux depends on both the biological uptake rate and the background nutrient gra-299

dient. In any case, the results indicate that increased resolved lateral dispersion corre-300

sponds to increased calculated offshore flux.301

These insights are particularly relevant in the context of the well-established un-302

certainty of predictions of the response of biological carbon transport to the changing303

climate (Brett et al., 2021; Henson et al., 2022). Given that the calculated dispersion304

parameter values for the AVISO data were much smaller than those for the drifter data,305

the inability to accurately gauge the effect of unresolved subgridscale dispersion on bi-306

ological carbon flux may be another major contributor to this prediction uncertainty. This307

is especially true given that dispersion is likely underrepresented in ocean models (Schroeder308

et al., 2012). Trajectories derived from both models and altimetry observations have poor309

agreement with submesoscale observational data in other regions as well. In general, drifter310

observations show faster dispersion than modeled or satellite altimetry derived velocity311

fields (Poje et al., 2014).312

The lateral redistribution of nutrients, particularly in regions with strong gradi-313

ents, has a significant impact on the magnitude of primary production, export produc-314

tion, and availability of nutrients (Stukel & Barbeau, 2020). Thus, the discrepancy be-315
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tween the calculated flux for the trajectories generated with the submesoscale drifter dis-316

persion parameter versus that for the uncorrected trajectories (Fig. 2a,b) emphasizes317

the importance of accounting for subgridscale dispersion in both models and observa-318

tions to accurately estimate climatological impacts on the NPP.319

One of the major limitations of many satellite NPP algorithms is that they do not320

account for the Lagrangian nature of ocean ecosystems (Kuhn et al., 2023). They instead321

assume that production occurs where plankton are found. More recent work overcomes322

this limitation, but is constrained by the lack of availability of submesoscale velocity fields323

(Jönsson & Salisbury, 2016; Messié et al., 2022). The methodology developed in this pa-324

per can be used to contextualize – or even directly employed to analyze – how subgrid-325

scale dispersion may influence the results obtained by these algorithms.326

In the context of the LSGS model used, which lacks a mechanism for energized smaller327

scales to influence dispersion, the long-time effects of decreasing the decorrelation timescale328

may be inaccurately represented. This is a by-product of the assumption that σr and329

τr are constant in time (Haza et al., 2007). Although it is beyond the scope of this work330

to propose an enhanced LSGS model, LSGS models may be improved by considering statis-331

tics at multiple scales or otherwise allowing a bidirectional energy cascade. The subme-332

soscale is characterized by both upscale and downscale energy fluxes (McWilliams, 2016);333

future work should analyze the impact of this characteristic on biogeochemical fluxes.334

Nevertheless, the decorrelation timescale produces a coherent trend in relation to the flux335

– especially τur , not unexpectedly since the flux direction is primarily zonal – in a man-336

ner that seemingly depends on the biological timescale. As a result, this statistic may337

be a useful ingredient for parameterizations in this biological context. Developing pa-338

rameterizations that account for the interaction between the biological timescale λ and339

physical timescale τ (Fig. 4) is worthy of further investigation.340

Our results suggest that interactions between submesoscale lateral dispersion and341

biological reactions are an important factor to consider when formulating parameteri-342

zations, building upon previous findings that in the case of vertical flux, parameteriza-343

tions must account for biophysical coupling (Freilich et al., 2022) and that when param-344

eterizing biogeochemical flux, the impact of nonlinear reactions must be handled care-345

fully (Prend et al., 2021). The lateral stirring of biogeochemical tracers cannot be ac-346

curately modeled as a perfectly passive process. This further motivates the development347

of more biologically informed parameterizations and those that account for non-local ef-348

fects.349

Open Research Section350

The code to complete all aspects of the simulations and analysis is available at https://351

github.com/freilich-lab/submesoscale-lsgs and archived at 10.5281/zenodo.14278765.352

The drifter data used were all of the 2023 trajectories from S-MODE: https://catalog353

.data.gov/dataset/s-mode-l2-position-data-from-surface-drifters-version-1.354

The AVISO data used can be downloaded from https://data.marine.copernicus.eu/355

product/MULTIOBS GLO PHY MYNRT 015 003/services.356
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Text S1. Theoretical Framework for LSGS Model and Dispersion Parameter
Although the full details of the derivation of the LSGS model can be found in Haza et al. (2007),

we give an overview here. The first assumption is that the trajectories produced by the “true" velocity
field and coarse resolution (or model) velocity field follow a first-order Markov model. For the real/true
velocity field, whose associated quantities are denoted with a subscript r, we assume

dxr = (ur(t,xr) + u′
r)dt

du′
r = Λrdξ −Aru

′
rdt

(1)

so that ur(t,xr(t)) is the deterministic drift, ξ denotes a two-dimensional Wiener process, u′
r is a

fluctuation velocity with zero mean, Ar is the dissipation matrix, and Λr is the dispersion matrix. Exactly
analogous equations can be written for the coarse resolution velocity fields, denoted with a subscript
m. In the case of zero spin, the dissipation and dispersion matrices are defined by

Ar =

[
1
τur

0

0 1
τvr

]
and Λr =

σu
r

√
2
τur

0

0 σv
r

√
2
τvr

 .

These matrices but for the coarse velocity field, Am and Λm, are defined exactly analogously. The
difference between these matrices – Ar versus Am and Λr versus Λm – depends only on σr, σm, τr,
and τm, and is what is used to formulate the LSGS model proposed by Haza et al. (2007). With the
assumption that both velocity fields produce trajectories governed by the above stochastic differential
equations, we aim to find a random vector process, which can be considered the subgridscale com-
ponent, η(t), in order to formulate corrected trajectory positions xc(t) such that it and the associated
velocity field,

uc(t)
.
= um(t) + η(t)

1



have the same pdf p(t,uc,xc) as a real particle given the same initial condition, for all relevant times t.
The authors then argue that finding η = (ηu, ηv) according to the equation

dηu

dt
= a

du′m
dt

+ bu′m + cηu

where

a
.
=

σu
r

√
τum

σu
m

√
τ ru

− 1, b
.
=

σu
r

σu
m

√
τur τ

u
m

− 1

τr
, c

.
= − 1

τur

with a specific random initialization, corresponds to a stationary solution of η that yields “statistically
equivalent" corrected and real velocity fields. Notice the above is not an SDE, but an ODE, and that we
have arrived at a deterministic (except for the initial condition), rather than stochastic, model. The ran-
dom initialization is that ηu(0) should be drawn from a normal distribution with mean zero and variance

(ηu)2 =
(σu

r /
√
τum − σu

m/
√
τur )

2 + (σu
r

√
τur − σu

m

√
τum)2

τur + τum
,

and analogously for ηv. From this, the authors propose a spatially-dependent version of the above
equations, which we used for our analysis. Despite the limitations associated with the assumptions
made in this derivation, this LSGS model showed good performance in creating corrected trajectories
with approximately the target statistics (Haza et al., 2007). This is clearly advantageous when com-
pared to more general Lagrangian stochastic models when one has observational or fine resolution
velocity data, as it can take advantage of this available statistical information. It is also advantageous
for the scenario in which one specifically wants to assess the affect of varying the target parameters.
Additionally, since the final form of the model is deterministic, it has a much lower computational cost
than using a truly stochastic model.

By calculating the standard deviation of the locations of particle trajectories, we can see how the
dispersion parameter σ

√
τ arises naturally. As in Pope (2001), we consider dispersion from a point

source in statistically stationary isotropic turbulence. Suppose the unit source is at the origin and the
release of the particles is at t = 0. Since we are considering multiple particles from the same source,
we emphasize that σ is the r.m.s. velocity (the square root of the arithmetic mean of the variances of the
turbulence velocity corresponding to each particle). We also define ρ(s) to be the Lagrangian velocity
autocorrelation function. Then we can calculate the covariance of the fluid particle position to be

⟨xi(t)xj(t)⟩ =
∫ t

0

∫ t

0
⟨ui(t

′)uj(t
′′)⟩dt′dt′′

=

∫ t

0

∫ t

0
σ2ρ(t′ − t′′)δijdt

′dt′′.

The covariance of position is also isotropic so

⟨xi(t)xj(t)⟩ = σ2
X(t)δij ,

where σX(t) denotes the standard deviation for the particle positions, which is the dispersion from the
point source. Then

σ2
X(t) = σ2

∫ t

0

∫ t

0
ρ(t′ − t′′)δijdt

′dt′′

= 2σ2

∫ t

0
(t− s)ρ(s)ds.
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We are interested in the regime where t ≫ τ , since we are interested in the dispersion for trajectories
integrated forward for a month while the calculated decorrelation timescales are on the order of a day.
In this long-time regime, we approximate∫ t

0
(t− s)ρ(s)ds ≈ t

∫ ∞

0
ρ(s)ds = tτ

(note that the τ we use in practice is an approximation of this τ ). Then we see that

σX(t) ≈
√
2σ

√
τt.

Since in all simulations we integrate trajectories for the same amount of time, we can increase the
expected dispersion of the trajectories by increasing σ

√
τ , which we defined to be the dispersion pa-

rameter. This also relates to a simple approximation of the eddy diffusivity coefficient; this dispersion
can also be thought of as diffusion with constant diffusivity σ2τ .

In the random flight model Eq. (1), the scaling on the random forcing appears, up to constant, as
the entries of the dispersion matrix Λ. This matrix has been referred to as the “dispersion matrix" not
only in Haza et al. (2007) but also prior work, seemingly stemming back to Raupach (1989). From an
intuitive standpoint, this could be identified as the “dispersion parameter" because the random forcing is
what should cause more dispersion in the generated trajectories, by modifying the fluctuation velocity,
larger values of the scaling coefficient should yield more dispersion. The physical meaning of σ and
τ could also be used to justify this alternative definition of the dispersion parameter; decreasing the
decorrelation timescale could be thought to lead to more dispersion, since a less correlated velocity field
allows particles to experience more variability in both the direction and magnitude of their velocities. It
should also be noted that the LSGS model is somewhat of a “steady-state" approximation to (1), so the
role of each component of the dispersion parameter is not necessarily the same. Yet, we empirically
find that decreasing τ does not actually increase dispersion, which is further justification for defining the
dispersion parameter as in the main text. The domain averages of the Lagrangian-averaged velocity
variance for different trials with increasing values of the dispersion parameter, which were increased by
decreasing τ while holding σ fixed, is shown in Figure S1.

Text S2. Additional Details for Biological Model
Approximation to WOA Data and Units. The first iteration of the background nutrient gradient

was formulated to approximately match real values of nitrate concentrations from World Ocean Atlas
data. The WOA data showed a very similar near-linear decay, and the approximation was with an
exactly linear decay. We approximated the coastline over the domain of interest with the line going
through the points (−124.5, 40) and (−120, 34). The normal vector to the coastline was taken by
normalizing the vector [m,−1]T where m is the slope of the approximate coastline. The background
nutrient concentration at a given point was then calculated based on the distance to the coastline, with
a maximum value set at 5.5 and a decay rate of 0.25 with distance from the coastline. Given the coarse
time and space resolution of the WOA data, these choices were made somewhat arbitrarily, just to
approximately match the WOA data while maintaining linearity (for ease of calculation when computing
the flux) and that all concentration values within the domain are positive. The nutrient values were
converted from µmol kg−1 to µmol m−3 by multiplying by 1025 kg m−3.

The reversed nutrient gradient was constructed in the same way as the realistic background nutrient
gradient. Instead of calculating the distance from the coast though, a line perpendicular to the coast
was approximated. The gradient was then formed with a maximum of 5.5 and a decay rate of 0.3.

Throughout, the phytoplankton flux is considered in nitrogen units. However, this is directly propor-
tional to phytoplankton carbon flux, for instance, by employing a conversion according to the Redfield

3



ratio.
Lack of Analytical Solution. To solve for P ′, we just (numerically) solve for P at each trajectory point
and then subtract P0 (which does not evolve in time, so has a determined value at the given trajectory
point), since we assume P = P ′ + P0.

If we had a constant carrying capacity K, we could solve the equation for P via the method of
characteristics to obtain the solution

P (x, y, t) =
Kf(s, r)

1
K e−λt + (1− e−λt)f(s, r)

(2)

where f is the initial condition for P , and s is the initial condition for the ODE

dx(t)

dt
= u(x, y, t)

while r is the initial condition for the ODE

dy(t)

dt
= v(x, y, t).

Given explicit velocity fields in each direction over the time interval, u(x, y, t) and v(x, y, t), we can then
find an exact solution for the concentration. However, if we instead consider a spatially-varying carrying
capacity so that the system is

∂P

∂t
+ u

∂P

∂x
= λP

(
1− P

K(x)

)
.

Using the method of characteristics, we have

dt

ds
= 1,

dx

ds
= u(x, t),

dP

ds
= λP

(
1− P

K(x)

)
.

At this point, we can see that an analytical solution is not possible because the dP
ds equation is not sep-

arable, since we cannot factor out the x(s) term. To our knowledge, there is no other method to obtain
an analytical solution for this equation, especially given that we do not have a closed-form expression
for our velocity field. However, the ODE is simple enough that it can be numerically approximated; we
use a Runge-Kutta scheme (RK45 in SciPy).
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Figure S1: The average velocity variance holding σ fixed but varying τ . The top figure shows the aver-
age zonal velocity variance vs. the dispersion parameter, where σ is held fixed at the drifter parameters
and τv is 0.7 (close to the drifter value). The bottom figure is the same but with the average meridional
velocity variance.

5



Figure S2: The contributions of the velocity and concentration anomalies, respectively, to the flux, for a
randomly selected trajectory. Each blue and purple line corresponds to a different value of the uptake
rate λ.
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Figure S3: Distributions of the Lagrangian-averaged fluxes over the domain for four arbitrarily selected
sample simulations. The top two have the calculated drifter values of τ whereas the bottom two have
the calculated drifter values of σ. Each line within a plot is the flux computed for a different value of the
uptake rate λ and is shaded accordingly. In each case, we see an approximate bell-curve, justifying the
use of the domain average as a representative value.
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Figure S4: Comparison of the realistic background nutrient gradient, as in the main text (top), and
reversed background nutrient gradient (bottom).
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Figure S5: Figure 2 in the main text but for the reversed nutrient gradient. Top: The effect of varying the
turbulent velocity fluctuations σr (a) zonally and (b) meridionally on the domain-averaged Lagrangian
flux ⟨u′P ′⟩L. The dispersion parameter in the relevant direction (e.g., zonally) is plotted on the x-axis,
and the points are colored by the dispersion ratio in the other direction (e.g., meridionally). Each of
these plots is for one, intermediate value of the uptake rate. Bottom: The same as the top panel,
but illustrating the effect of varying the decorrelation timescale τr (c) zonally and (d) meridionally on
the average flux over Lagrangian trajectories. For each simulation, an intermediate uptake rate of
λ = 1.0645 day−1 was used.
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Figure S6: Figure 3 in the main text but for the reversed nutrient gradient. The best fit corresponding to a
version of Figure S5 for each of the 20 uptake rates considered. Uptake rate is denoted by the line color.
Shading shows the standard deviation. Top: the effect of varying the turbulent velocity fluctuations σr,
(a) zonally and (b) meridionally. Bottom: the same as the top, but the effect of varying the decorrelation
timescale τr, (c) zonally and (d) meridionally.
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Figure S7: Figure 4 in the main text but for the reversed nutrient gradient. On the y-axis, the average
flux across Lagrangian trajectories is plotted, with the uptake rate λ on the x-axis, for each different
dispersion parameter value. Top: the relationship for different values of the dispersion parameter, where
the dispersion parameter was increased by increasing the turbulent velocity fluctuations, (a) zonally
(σu

r ) and (b) meridionally (σv
r ). Bottom: the same as the top, but where the dispersion parameter was

increased by decreasing the decorrelation timescale, (c) zonally (τur ) and (d) meridionally (τvr ).
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