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For zooplankton imaging 

Instruments development



Among EOVs, plankton monitoring has the potential to scale well

Miloslavich et al 2018



Notably through imaging, 
but no instrument sees it all
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In this paper we review the technologies available to make globally quantitative

observations of particles in general—and plankton in particular—in the world oceans,

and for sizes varying from sub-microns to centimeters. Some of these technologies

have been available for years while others have only recently emerged. Use of

these technologies is critical to improve understanding of the processes that control

abundances, distributions and composition of plankton, provide data necessary to

constrain and improve ecosystem and biogeochemical models, and forecast changes

in marine ecosystems in light of climate change. In this paper we begin by providing

the motivation for plankton observations, quantification and diversity qualification on

a global scale. We then expand on the state-of-the-art, detailing a variety of relevant

and (mostly) mature technologies and measurements, including bulk measurements of

plankton, pigment composition, uses of genomic, optical and acoustical methods as well
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Still for plankton imaging 

Software and machine learning development



Historical approaches to (plankton) image classification

RandomForest was popular in technical papers but 
even more in actually implemented methods 

Gradual transition from classical feature extraction + 
classification to CNNs 
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Classic vs deep: deep is better, for rare classes

Panaïotis et al, 2026

Random



Do we still need 
human validation?

With CNNs, accuracy greatly improves

notably for rare classes (see previous 
slide)
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Why? It’s the features, not the classifier

Panaïotis et al, 2026
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5000 users from ~900 organisations 
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thanks to AI assistance 
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EcoTaxa’s “AI” prediction



EcoTaxa’s “AI” prediction



EcoTaxa’s “AI” similarity search



EcoTaxa’s “AI” similarity search
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Deep object detection/segmentation:

Region proposal
Feature pyramid network

ROI head

Mask head

Classif. head

Panaïotis et al, 2022



Deep object detection/segmentation:

Panaïotis et al, 2022



“Intelligent” segmentation uses context to improve precision
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Deep learning for 
“trait” extraction

(Figure legend continues on next page.)

Orenstein et al. Image-based plankton traits from ML
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specific recommendations as to the exact approach to pursue;
it is not an exhaustive implementation guide. Most of the
following subsections focus on the potential application of
deep-learning models, rather than those based on human-
engineered features, in keeping with the broad thrust of
research in the computer vision community; modern repre-
sentation learning techniques tend to outperform earlier
approaches.

Handcrafted features and measurable traits
Morphological traits measurements can be made by

extracting hand-engineered features from ROIs. Such measure-
ments are made directly from the pixels and might include
major axis length, ESD, or opacity. Techniques for doing so
are well-established and standard in many in situ imaging
pipelines (Blaschko et al. 2005; Sosik and Olson 2007; Gorsky
et al. 2010). If the instrument produces color images, the color
channels could be used to infer information regarding an
organism’s pigment content or transparency. Calibrating these

approaches can be done concisely by comparing automated
measures with ground truth measurements made by a human
operator.

Morphological traits measurements (in the biological sense)
are the most directly interpretable, but require careful calibra-
tion of the pixel size and sample volume of a particular instru-
ment. Likewise, interoperability can be challenging since the
feature extraction technique will need to be rewritten for a
new instrument—there is no general use feature extractor for
different systems. However, once measurements are made and
converted into realistic units, the metrics are easily compara-
ble across devices.

Classification with trait-specific classes
Automated classifiers can be retrained to target specific

traits with a semantically, rather than taxonomically, labeled
set of images. If one wishes to separate ovigerous copepods
from other copepods, they could add a training category speci-
fying the semantic class “with eggs” (Fig. 4a). Similar semantic

Oithona

Oithona with eggs

Estimated
eggs = 42%

Estimated
eggs = 0%

b. Object detection c. Segmentation d. Regression e. Keypoint, pose

Fig. 4. Examples of several techniques for trait extraction from zooplankton images. The hypothetical use case is examining ovigerous copepods imaged
by the Scripps Plankton Camera system. The top panel is a non-egg bearing copepod. The bottom panel is an individual carrying an egg-sac. (a) Auto-
mated classifiers could be trained to add a semantic descriptor to the taxonomic class. (b) Object detection finds the organism and desired trait. (c) Seg-
mentation algorithms classify the pixels as belonging to the organism or the trait. (d) Regression estimates the percentage of pixels that represent the
trait. (e) Keypoint/pose estimation finds body nodes (red dots) and connects them (yellow lines) to estimate orientation or appendage extension.

G. delicatula

G. delicatula with parasites

Estimated w/ parasite = 0%

Estimated w/ parasite = 30%

b. Object detection c. Segmentation d. Regression

Fig. 5. Examples of several techniques for trait extraction from phytoplankton. The hypothetical use case is examining parasitized diatom chains imaged
by the Imaging FlowCytobot. The top panel is a healthy Guinardia delicatula. The bottom panel is a parasitized chain. (a) Automated classifiers could be
trained to add a semantic descriptor to the taxonomic class. (b) Object detection finds the entire chain, chloroplasts, and parasites. (c) Segmentation
algorithms classify individual pixels as belonging to the organism, chloroplasts, or parasites. (d) Regression estimates the amount of an image that corre-
sponds to the organelle/parasite biovolume.

Orenstein et al. Image-based plankton traits from ML
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Deep learning for 
“trait” extraction

Segmentation of oil sac in Arctic copepods: 

Yellow: human and algorithm match 
Green: outlined by human only 
Red: outlined by algorithm only 

IoU (Yellow / (Yellow + Red)) = ~0.8 for large species

(Figure legend continues on next page.)

Orenstein et al. Image-based plankton traits from ML
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research in the computer vision community; modern repre-
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Because that’s what it’s all about in the end 

A few scientific results



Long term oligotrophication in Villefranche’s bay...

Laux et al, in prep
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Deep features as objective individual descriptors of morphology
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Glider survey through a front

Ligur ian current
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February: Start of the plankton bloom

Subduction to depth of particles, 
copepods, and appendicularians

isohaline

isopycnal



March: A wind mixing event



March: A wind mixing event



March: A wind mixing event



March: A wind mixing event

Mixing affects copepods, 
immediately 

Appendicularians -> Salps 
Accumulation at the front



June: A “cleaned up” water mass



June: A “cleaned up” water mass



June: A “cleaned up” water mass



June: A “cleaned up” water mass

Surface waters are empty 

Phyto remains at the DCM and in 

mixotrophic Rhizarians



Gradient boosting to predict the basin-scale distribution of organisms
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Eucaryotic plankton and carbon flux

Carbon flux from imaging, concurrence from genomics 

Numerous little known taxa structure the ecosystem 

The most abundant ones are not the most correlated to 
carbon export

Guidi et al, 2016



In the EU, in France (and in Villefranche) 

The ocean observation and monitoring landscape



(Some of the) Observation infrastructures

. . .



Observation vs monitoring 
(observation vs surveillance)

Definition of indicators for assessments under the 
Marine Strategy Framework Directive (MSFD)

Plankton is considered under the categories “pelagic 
habitat” (PH), “food webs” (FW), and “non-indigenous 
species” (NIS).

Ec
A
pR
H
A

Cross-linking plankton indicators to 
better de!ne GES of pelagic habitats 

EcApRHA Deliverable WP1.4

2017Co-!nanced by the European Union



Observation vs monitoring 
(observation vs surveillance)

Definition of indicators for assessments under the 
Marine Strategy Framework Directive (MSFD)

Plankton is considered under the categories “pelagic 
habitat” (PH), “food webs” (FW), and “non-indigenous 
species” (NIS).

PH1/FW5: change in plankton communities = index 
based on pairs of taxa

PH2: change in plankton biomass = anomalies in time 
series

PH3: change in plankton diversity = richness (Menhinick), 
dominance (Hulburt), β-diversity

NIS3: trend in the number of recorded non-indigenous 
species = cumulative sum



Ongoing zooplankton series in Villefranche

Station Size Site(s) Start Depth Frequency Identification

Vlfr 200µm SOMLIT Point B 1995 [75, 0]m weekly zooscan + identification ~100 taxa

2017 [75, 0]m bi-monthly microscope ~ 200 taxa (and stages)

2023 [75, 0]m bi-monthly metabarcoding

DYFAMED 2018 [1/200, 0]m monthly zooscan + identification ~100 taxa

MOOSE-GE 2015 [200, 0]m yearly zooscan + identification ~100 taxa

330µm SOMLIT Point B 1966 bi-monthly zooscan + identification ~100 taxa

700µm SOMLIT Point B 1995 weekly zooscan + identification ~100 taxa



Merci
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Unsupervised clustering in a morphological space
PC

A2
 (2

0.
1%

)

PCA1 (49.4%)

PC
A4

 (5
.6

%
)

PCA3 (11.7%)

homogenous structure

circularity

size

brightness

elongation

symmetry

heterogenous structure

soft edges

homogenous structure

  dark                        elongated                         flakes                        fluffy                      agglomerated

A

B

C

D

E

Baffin Bay

Fram Strait

dark    elongated   flake        fluffy    agglomerated

lo
g(

pe
rim

et
er

)

ci
rc

ul
ar

ity

1/
m

ea
n 

gr
ey

 le
ve

l

ku
rto

si
s

2.75

2.50

2.25

2.00

1.75

1.50

1.0

0.75

0.5

0.25

0

250

200

150

100

20

10

0

SIZE                                              SHAPE                                    BRIGHTNESS                         STRUCTURE

dark    elongated   flake        fluffy    agglomerated dark    elongated   flake        fluffy    agglomerated dark    elongated   flake        fluffy    agglomerated

Fig. 2 Assignation of marine snow into morphotypes. A The PCA morphospace presenting correlations between 24 morphological characteristics of
individual marine snow particles (arrows) and their exemplary appearance spread over the 1st and 2nd axes on the left and the 3rd and 4th axes on the
right side. B The projection of 1,063,576 marine snow particles in the common morphospace of two sampling regions distinguished by color (blue: Fram
Strait, yellow: Baffin Bay). C Categorisation of the marine snow into 5 morphotypes by k-means clustering (color-coded). D Box plots of the median values
(size of the boxes present 25th and 75th quartiles, whiskers present distance from the quartile max/min to 1.5 * IQR (inter-quartile range)) of key
exemplary morphological properties (perimeter, circularity, 1/grey level, kurtosis of grey level) characterizing 5 morphotypes. E Representation of example
images of marine snow in each category morphotype.
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method should motivate future efforts to further develop and
implement objective marine snow classifications. The possibility
to gain qualitative information on each individual marine snow
particle in its natural environment, to identify it, and to retrieve
its ecological role in trophic webs and carbon sequestration is the
most important step forward we have taken. For future studies,
we recommend broadening the perspectives of the selected
morphotypes interpretations, extending the ‘taxonomical’ catalog
of possible types of marine snow, and expanding it over other
regions and processes.

Methods
Sampling locations. Two separate research programs were conducted in
June–July 2016.

As part of the GreenEdge project, the CCGS Amundsen icebreaker sampled
164 stations along east–west transects by following the sea-ice retreat in the Baffin
Bay (Fig. 1). The Baffin Bay is a deep-water basin connected to the Arctic Ocean
through three straits: Lancaster Sound, Jones Sound, and Nares Strait. It is covered
by sea ice during winter; it becomes completely ice-free only in July. Between these
two situations, there is a marginal ice zone present in this area for most of the year.
The Baffin Bay is characterized by intense hydrographic gradients caused by
interactions between the northward-flowing relatively warm current from the
North Atlantic (West Greenland Current) and the colder southward flowing
current from the Arctic (Baffin Current)58 (Fig. 1).

As part of the FRAM project (Frontiers in Arctic marine Monitoring, Long-
Term Ecological Research LTER Hausgarten), Fram Strait was sampled at
26 stations (Fig. 1) from the RV Polarstern. Fram Strait is the only deep gateway
into the Arctic basin and a crucial passage of warm Atlantic water advection into
the Arctic Ocean84. It is also characterized by complex hydrography driven by the
interaction between the northward-flowing Atlantic waters of the West Spitsbergen

Current and the southward flowing Arctic waters of the East Greenland Current
that results in strong mesoscale dynamics and intense formation of eddies85.
Because of the increased transport of warm water by the West Spitsbergen Current
(WSC) in recent years, the ice extent in the Svalbard region has been rapidly
declining86.

Grouping sampling time into phases according to sea ice position. A value of
Open Water Days (OWD) was ascribed to each station of the Baffin Bay campaign,
based on how long it had been ice-free before sampling (positive value) or how
long after sampling it took to become ice-free (negative value), following the
approach applied to the same dataset by Randelhoff et al.58. Because OWD cor-
related clearly with distance to the ice edge (R= 0.88), binning and arranging
stations according to their OWD enabled us to treat it as the spatial distance
relative to the ice coverage.

In Baffin Bay, the dataset was then divided into three phases according to the
sea ice conditions based on OWD. The ice-covered period comprised 54 stations
that were located under the sea ice (<−10 OWD), in the deeper, Arctic-water-
influenced western part of Baffin Bay. The ice break-up period included 24 stations
that were within 10 days of the ice break-up (10 days before to 10 days after). The
ice-free period included 42 stations that were in open waters for more than 10 days
and were located mostly in the eastern shallower part of the Baffin Bay, which is
largely influenced by Atlantic water.

Stations in the Fram Strait were divided following a similar time-for-space
approach into three different phases determined by ice conditions and timing. The
ice-covered phase included 5 stations located in the East Greenland Current
domain. Ice break-up phase included 7 stations in the core of the West Spitsbergen
Current when it was still the ice edge zone (June 25th to 29th). The ice-free phase
included the same stations, but sampled two weeks later (July 6th to 7th), when the
ice had disappeared.

The time-for-space approach, although advantageous in terms of data analysis,
could involve some caveats, mostly due to the impact of different ocean currents on
two sides of the studied areas. In both regions, the differences in the composition of
marine snow between eastern and western stations could be amplified by the fact
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Fig. 6 Conceptual schemes of the phases of the Arctic ice-associated phytoplankton bloom dynamics extended by the corresponding morphological
changes of marine snow. The exemplary marine snow images assessed by the UVP (Underwater Vision Profiler) are presented over various phases of the
Arctic phytoplankton bloom. A Conceptual scheme of the stages of the Arctic phytoplankton bloom. B Conceptual scheme of the corresponding
modification in marine snow composition.
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Fig. 2 Assignation of marine snow into morphotypes. A The PCA morphospace presenting correlations between 24 morphological characteristics of
individual marine snow particles (arrows) and their exemplary appearance spread over the 1st and 2nd axes on the left and the 3rd and 4th axes on the
right side. B The projection of 1,063,576 marine snow particles in the common morphospace of two sampling regions distinguished by color (blue: Fram
Strait, yellow: Baffin Bay). C Categorisation of the marine snow into 5 morphotypes by k-means clustering (color-coded). D Box plots of the median values
(size of the boxes present 25th and 75th quartiles, whiskers present distance from the quartile max/min to 1.5 * IQR (inter-quartile range)) of key
exemplary morphological properties (perimeter, circularity, 1/grey level, kurtosis of grey level) characterizing 5 morphotypes. E Representation of example
images of marine snow in each category morphotype.
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right side. B The projection of 1,063,576 marine snow particles in the common morphospace of two sampling regions distinguished by color (blue: Fram
Strait, yellow: Baffin Bay). C Categorisation of the marine snow into 5 morphotypes by k-means clustering (color-coded). D Box plots of the median values
(size of the boxes present 25th and 75th quartiles, whiskers present distance from the quartile max/min to 1.5 * IQR (inter-quartile range)) of key
exemplary morphological properties (perimeter, circularity, 1/grey level, kurtosis of grey level) characterizing 5 morphotypes. E Representation of example
images of marine snow in each category morphotype.
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method should motivate future efforts to further develop and
implement objective marine snow classifications. The possibility
to gain qualitative information on each individual marine snow
particle in its natural environment, to identify it, and to retrieve
its ecological role in trophic webs and carbon sequestration is the
most important step forward we have taken. For future studies,
we recommend broadening the perspectives of the selected
morphotypes interpretations, extending the ‘taxonomical’ catalog
of possible types of marine snow, and expanding it over other
regions and processes.

Methods
Sampling locations. Two separate research programs were conducted in
June–July 2016.

As part of the GreenEdge project, the CCGS Amundsen icebreaker sampled
164 stations along east–west transects by following the sea-ice retreat in the Baffin
Bay (Fig. 1). The Baffin Bay is a deep-water basin connected to the Arctic Ocean
through three straits: Lancaster Sound, Jones Sound, and Nares Strait. It is covered
by sea ice during winter; it becomes completely ice-free only in July. Between these
two situations, there is a marginal ice zone present in this area for most of the year.
The Baffin Bay is characterized by intense hydrographic gradients caused by
interactions between the northward-flowing relatively warm current from the
North Atlantic (West Greenland Current) and the colder southward flowing
current from the Arctic (Baffin Current)58 (Fig. 1).

As part of the FRAM project (Frontiers in Arctic marine Monitoring, Long-
Term Ecological Research LTER Hausgarten), Fram Strait was sampled at
26 stations (Fig. 1) from the RV Polarstern. Fram Strait is the only deep gateway
into the Arctic basin and a crucial passage of warm Atlantic water advection into
the Arctic Ocean84. It is also characterized by complex hydrography driven by the
interaction between the northward-flowing Atlantic waters of the West Spitsbergen

Current and the southward flowing Arctic waters of the East Greenland Current
that results in strong mesoscale dynamics and intense formation of eddies85.
Because of the increased transport of warm water by the West Spitsbergen Current
(WSC) in recent years, the ice extent in the Svalbard region has been rapidly
declining86.

Grouping sampling time into phases according to sea ice position. A value of
Open Water Days (OWD) was ascribed to each station of the Baffin Bay campaign,
based on how long it had been ice-free before sampling (positive value) or how
long after sampling it took to become ice-free (negative value), following the
approach applied to the same dataset by Randelhoff et al.58. Because OWD cor-
related clearly with distance to the ice edge (R= 0.88), binning and arranging
stations according to their OWD enabled us to treat it as the spatial distance
relative to the ice coverage.

In Baffin Bay, the dataset was then divided into three phases according to the
sea ice conditions based on OWD. The ice-covered period comprised 54 stations
that were located under the sea ice (<−10 OWD), in the deeper, Arctic-water-
influenced western part of Baffin Bay. The ice break-up period included 24 stations
that were within 10 days of the ice break-up (10 days before to 10 days after). The
ice-free period included 42 stations that were in open waters for more than 10 days
and were located mostly in the eastern shallower part of the Baffin Bay, which is
largely influenced by Atlantic water.

Stations in the Fram Strait were divided following a similar time-for-space
approach into three different phases determined by ice conditions and timing. The
ice-covered phase included 5 stations located in the East Greenland Current
domain. Ice break-up phase included 7 stations in the core of the West Spitsbergen
Current when it was still the ice edge zone (June 25th to 29th). The ice-free phase
included the same stations, but sampled two weeks later (July 6th to 7th), when the
ice had disappeared.

The time-for-space approach, although advantageous in terms of data analysis,
could involve some caveats, mostly due to the impact of different ocean currents on
two sides of the studied areas. In both regions, the differences in the composition of
marine snow between eastern and western stations could be amplified by the fact
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Fig. 6 Conceptual schemes of the phases of the Arctic ice-associated phytoplankton bloom dynamics extended by the corresponding morphological
changes of marine snow. The exemplary marine snow images assessed by the UVP (Underwater Vision Profiler) are presented over various phases of the
Arctic phytoplankton bloom. A Conceptual scheme of the stages of the Arctic phytoplankton bloom. B Conceptual scheme of the corresponding
modification in marine snow composition.

ARTICLE NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-021-22994-4

10 NATURE COMMUNICATIONS | ��������(2021)�12:2816� | https://doi.org/10.1038/s41467-021-22994-4 | www.nature.com/naturecommunications

PC
A2

 (2
0.

1%
)

PCA1 (49.4%)

PC
A4

 (5
.6

%
)

PCA3 (11.7%)

homogenous structure

circularity

size

brightness

elongation

symmetry

heterogenous structure

soft edges

homogenous structure

  dark                        elongated                         flakes                        fluffy                      agglomerated

A

B

C

D

E

Baffin Bay

Fram Strait

dark    elongated   flake        fluffy    agglomerated

lo
g(

pe
rim

et
er

)

ci
rc

ul
ar

ity

1/
m

ea
n 

gr
ey

 le
ve

l

ku
rto

si
s

2.75

2.50

2.25

2.00

1.75

1.50

1.0

0.75

0.5

0.25

0

250

200

150

100

20

10

0

SIZE                                              SHAPE                                    BRIGHTNESS                         STRUCTURE

dark    elongated   flake        fluffy    agglomerated dark    elongated   flake        fluffy    agglomerated dark    elongated   flake        fluffy    agglomerated

Fig. 2 Assignation of marine snow into morphotypes. A The PCA morphospace presenting correlations between 24 morphological characteristics of
individual marine snow particles (arrows) and their exemplary appearance spread over the 1st and 2nd axes on the left and the 3rd and 4th axes on the
right side. B The projection of 1,063,576 marine snow particles in the common morphospace of two sampling regions distinguished by color (blue: Fram
Strait, yellow: Baffin Bay). C Categorisation of the marine snow into 5 morphotypes by k-means clustering (color-coded). D Box plots of the median values
(size of the boxes present 25th and 75th quartiles, whiskers present distance from the quartile max/min to 1.5 * IQR (inter-quartile range)) of key
exemplary morphological properties (perimeter, circularity, 1/grey level, kurtosis of grey level) characterizing 5 morphotypes. E Representation of example
images of marine snow in each category morphotype.
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Fig. 2 Assignation of marine snow into morphotypes. A The PCA morphospace presenting correlations between 24 morphological characteristics of
individual marine snow particles (arrows) and their exemplary appearance spread over the 1st and 2nd axes on the left and the 3rd and 4th axes on the
right side. B The projection of 1,063,576 marine snow particles in the common morphospace of two sampling regions distinguished by color (blue: Fram
Strait, yellow: Baffin Bay). C Categorisation of the marine snow into 5 morphotypes by k-means clustering (color-coded). D Box plots of the median values
(size of the boxes present 25th and 75th quartiles, whiskers present distance from the quartile max/min to 1.5 * IQR (inter-quartile range)) of key
exemplary morphological properties (perimeter, circularity, 1/grey level, kurtosis of grey level) characterizing 5 morphotypes. E Representation of example
images of marine snow in each category morphotype.
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Fig. 2 Assignation of marine snow into morphotypes. A The PCA morphospace presenting correlations between 24 morphological characteristics of
individual marine snow particles (arrows) and their exemplary appearance spread over the 1st and 2nd axes on the left and the 3rd and 4th axes on the
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(size of the boxes present 25th and 75th quartiles, whiskers present distance from the quartile max/min to 1.5 * IQR (inter-quartile range)) of key
exemplary morphological properties (perimeter, circularity, 1/grey level, kurtosis of grey level) characterizing 5 morphotypes. E Representation of example
images of marine snow in each category morphotype.
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Imaging for high resolution sampling across a front

Box 2 Frontal and submesoscale dynamics

Submesoscale motions, with lateral scales a decade or so below the mesoscale, are best defined in terms of dynamical balances11: unlike mesoscale
dynamics, submesoscale dynamics are not well-approximated by geostrophic balance, and so all the terms in the equations of motion are potentially
important. Submesoscale dynamics are often closely linked with fronts. The purpose of this box is to give a brief overview of the physical forcings that
lead to fronts and submesoscales, and the phenomenology of the flows themselves.
Early evidence of dynamical features much smaller than the mesoscale came from sun-glitter in photographs taken during the 1970s Apollo Mission,
which revealed predominantly cyclonic spiral eddies in the ocean, with scales of around 10–25 km135. All such submesoscale motions derive their
energy from lateral density gradients in the surface ocean (see schematic). These density gradients are driven by atmospheric forcing: heat and fresh-
water exchanges, and winds, which inhomogeneously mix the upper ocean. Horizontal straining by mesoscale eddies (red arrows) can squeeze these
density contrasts into nearly vertical planes (gray surfaces), intensifying their geostrophic along-front, sheared currents (green arrows)—this is an
example of frontogenesis. Fluid instabilities feed off these localized sources of potential and kinetic energy, generating submesoscale vortices and
filaments that carry of some of this energy away. A sufficiently strong front will generate a cross-frontal ageostrophic secondary circulation—an
overturning circulation directed in the sense of trying to flatten the density surfaces in the front (yellow arrows). Next we describe persistent fronts,
submesoscale fronts, and a more complicated scenario that inextricably links mesoscale and submesoscale motions.
Persistent fronts like those associated with the Gulf Stream and Kuroshio are locked in place by the coastal boundary and large-scale atmospheric
forcing. Strong winter-time winds are directed nearly parallel to the axis of the jet, driving cold dense water southward across the front through Ekman
forcing—a dynamical balance between surface friction, pressure, and Coriolis acceleration that moves upper ocean waters to the right of the wind in the
Northern Hemisphere—keeping the density surfaces steep, the stratification low, and strengthening the jet24, 136. This forcing is directly balanced by
submesoscale symmetric instability, which takes energy mostly from the kinetic energy of the jet, and baroclinic instability, which converts the potential
energy of the sloping density surfaces into large meanders and eddies. Associated with these highly energetic processes is a deep vertical velocity
structure137 that reaches into the thermocline.
The ubiquitous submesoscale density fronts and filaments that are continuously created at the ocean’s surface by mesoscale strain differ from persistent
fronts like the Kuroshio and Gulf Stream. Unlike their more powerful cousins, submesoscale fronts are continuously forming, moving, and dissipating—
they are not in a steady-state balance between forcing and dissipation at a fixed location. These fronts have associated cross-frontal secondary
circulations that are generally confined to the vertically well-mixed upper layer of the ocean138. In the presence of shallow summer-time mixed layers,
these features do not carry much energy and thus have little impact on the local circulation. In the winter, on the other hand, the nearly vertical density
surfaces associated with these fronts and filaments extend through the deep mixed layer, and so contain significant potential energy in addition to the
intense kinetic energy of their cross-front currents. In the last few years, ample evidence8, 139–141 indicates that this energy is converted to kinetic energy
by mixed layer instability142, 143: a submesoscale baroclinic instability with maximal growth at the mixed-layer deformation scale, LML=NMLhML/f, where
NML and hML are, respectively, the mixed-layer buoyancy frequency and mixed-layer depth. In mid-latitudes in winter, with NML~10−3 s−1, hML~200m and
f ~2 × 10−4 s−1, this gives LML ~1 km, and like mesoscale baroclinic instability, the result is the formation of submesoscale vortices with sizes close to this
scale143.
Sufficiently steep density contrasts confined to the mixed layer can generate significant submesoscale energy, as above. But less-steep density surfaces
that intersect the surface and reach deep into the interior can also generate significant energy at submesoscales, through a process called Charney-type
baroclinic instability, which is likely widespread in the ocean144. This mesoscale-driven process provides an alternate but potentially important pathway
between the surface and interior23, 25.
In all cases, submesoscale processes act against fronts, reducing mixed-layer depth, increasing stratification, and decreasing vertical mixing145. The
eddy kinetic energy produced in these processes likely enhances lateral turbulent mixing at the submesoscale146. Ultimately, submesoscale turbulent
energy undergoes an inverse cascade, coagulating small vortices into larger features and ultimately increasing the energy of the mesoscale5, 31, 147

indirectly modifying the large-scale circulation.
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Consequences for phytoplankton
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... allows the detection of 
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displacement: 2 mm) reproduces the observations well 

The displacement is realistic; the sensory field is much 
larger than expected
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