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From pictures to knowledge



Why plankton?

OXYGEN

CARBON

FISHERIES



Many instruments



Loads of data
ZooScan = 1 Bpx/y, 1.5M objects/y 
UVP = 8.6Bpx/y, ~10M objects/y 
ISIIS = 25Tpx/y, 100M objects/y



Steep growth in data acquisition

Training data set: in
the context of plankton
images, a set of images
classi!ed into
categories by experts,
from which the
algorithm will learn

Test data set: in the
context of plankton
images, an
independent set of
expert-classi!ed
images on which the
predictive
performance of the
classi!er is evaluated
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Figure 3
Accumulation of images and samples contained in a single repository (EcoTaxa; Picheral et al. 2017). Image data sets collected with
different instruments (the UVP, IFCB, FlowCam, ZooScan, ISIIS, etc.) have been uploaded by an international community of users
from more than 350 organizations. Abbreviations: IFCB, Imaging FlowCytobot; ISIIS, In Situ Ichthyoplankton Imaging System; UVP,
Underwater Vision Pro!ler.

of image-derived traits to enable new functional ecology approaches, and (c) propose next steps
for the future of plankton classi!ers, the coordinated acquisition of massive imaging data sets, and
the development of tools for quantitative imaging.

2. THE CLASSIFICATION OF PELAGIC IMAGES
2.1. A History of Machine Learning Approaches
Machine learning covers all techniques that learn patterns from a training data set and can then
!nd the same patterns in another, independent, test data set. To classify images taxonomically
and access the underlying ecological information (e.g., concentrations/biomass per taxon), most
studies have used supervised classi!ers, which learn to classify (i.e., give a name to) new images
based on a set of images already classi!ed by human experts.

We now tend to separate classic machine learning from deep learning (LeCun et al. 2015). In
the classic approaches, the images are !rst processed by deterministic algorithms that extract in-
formation from them—the size of the organism, its average color or gray level, the complexity of
its shape, its symmetry, and so on. Those features are said to be handcrafted because they indeed
need to be crafted by a practitioner, who must assess or guess what is relevant to tell the various
taxa apart. Then, the classi!cation algorithm, such as a support vector machine (Cortes & Vapnik
1995) or a random forest (RF) (Breiman 2001), learns which combinations of feature values are
associated with which taxonomic label.Deep learning for image classi!cation is based on convolu-
tional neural networks (CNNs) (Krizhevsky et al. 2012, Russakovsky et al. 2015). The !rst part of
the network extracts features from the input image by computing convolutions (i.e.,multiplication
by a !lter) over it; convolutions increase contrast, highlight edges, and so on. After several steps of
convolution and reduction, the image is transformed into a vector of numbers: its deep features.
These features are then used by a classi!er, just like with classic learning; the classi!er here is an
arti!cial neural network. The main difference from classic machine learning is that the feature
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different instruments (the UVP, IFCB, FlowCam, ZooScan, ISIIS, etc.) have been uploaded by an international community of users
from more than 350 organizations. Abbreviations: IFCB, Imaging FlowCytobot; ISIIS, In Situ Ichthyoplankton Imaging System; UVP,
Underwater Vision Pro!ler.
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for the future of plankton classi!ers, the coordinated acquisition of massive imaging data sets, and
the development of tools for quantitative imaging.

2. THE CLASSIFICATION OF PELAGIC IMAGES
2.1. A History of Machine Learning Approaches
Machine learning covers all techniques that learn patterns from a training data set and can then
!nd the same patterns in another, independent, test data set. To classify images taxonomically
and access the underlying ecological information (e.g., concentrations/biomass per taxon), most
studies have used supervised classi!ers, which learn to classify (i.e., give a name to) new images
based on a set of images already classi!ed by human experts.

We now tend to separate classic machine learning from deep learning (LeCun et al. 2015). In
the classic approaches, the images are !rst processed by deterministic algorithms that extract in-
formation from them—the size of the organism, its average color or gray level, the complexity of
its shape, its symmetry, and so on. Those features are said to be handcrafted because they indeed
need to be crafted by a practitioner, who must assess or guess what is relevant to tell the various
taxa apart. Then, the classi!cation algorithm, such as a support vector machine (Cortes & Vapnik
1995) or a random forest (RF) (Breiman 2001), learns which combinations of feature values are
associated with which taxonomic label.Deep learning for image classi!cation is based on convolu-
tional neural networks (CNNs) (Krizhevsky et al. 2012, Russakovsky et al. 2015). The !rst part of
the network extracts features from the input image by computing convolutions (i.e.,multiplication
by a !lter) over it; convolutions increase contrast, highlight edges, and so on. After several steps of
convolution and reduction, the image is transformed into a vector of numbers: its deep features.
These features are then used by a classi!er, just like with classic learning; the classi!er here is an
arti!cial neural network. The main difference from classic machine learning is that the feature
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How can we 

proce this 

amount of data?



Machine learning for data acquisition

From pictures to numbers



Quantitative imaging and ML-assisted sorting

+

ML



Measure + classify Deep learning

So"ware to extract features 
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Plankton image classification 
is a challenging ML problem

Kaggle
competition
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Evolution of machine learning techniques
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Why is it hard?



Measure + classify Deep learningvs.
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Model Size Accuracy Avg. 
precision Avg. recall

MobileNet v4 + 600 5.4M 89.4 91.2 92.0

MobileNet v4 + 1792 7.5M 89.2 90.9 91.9

EfficientNet v2 S + 600 25M 89.8 91.2 92.9

EfficientNet v2 XL + 600 208M 89.1 90.9 92.3

MobileNet v4 + 50 4.4M 88.9 90.1 901.6

MobileNet v4 features + PCA + RF ~4.4M 89.1 90.1 92.0

How deep is enough?



How deep is enough?
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Measure + classify

CNNs

For plankton images: 

not very dp



Sometimes, classification is not enough

0.35s ~ 2500 objects 

6h ~ 150 millions objects 

on cruise ~ 1.5 billion objects, among which ~1% are plankton (~20-30 millions)



Semantic 
segmentation

Extract only certain objects from a 
scene 

Detect or segment objects 

Classify them a the same time 



EcoTaxa: ML-assisted image classification

`



EcoTaxa: ML-assisted image classification

Throughput of 
~2,000 to 10,000 

per hour



Machine learning for data acquisition

From numbers to knowledge



Temporal 
dynamics

NB: 
performance 
metrics are hard 
to interpret!
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Global biomass of fragile plankton

Biard T, Stemmann L, Picheral M, Mayot N, Vandromme P, Hauss H, Gorsky G, Guidi L, Kiko R, Not F (2016) 
In situ imaging reveals the biomass of giant protists in the global ocean. Nature 532:504.
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Table 1 | Carbon standing stock of giant Rhizaria in the 0-100, 0-200 and 0-500 m depth layers 

of the oceans.  

Estimates of global giant rhizarian carbon biomass were derived from median values assuming an ocean surface 

of 3.61 × 1014 m2. Giant rhizarian biomass contributions to global carbon and meso- and macro-zooplankton 

standing stocks were calculated on the basis of the median values for the 0–200 m depth layer (that is, only 

matching data available globally) published in ref. 5. The ranges of contribution were computed using the first 

and third quartiles of rhizarian integrated biomass. IQR, interquartile range. Global biomass estimates are 

expressed in petagrams of carbon (1 Pg = 1015 g). Detailed computational processes are provided in the Methods. 

 
Figure 1 | Worldwide contribution of giant Rhizaria to zooplankton communities (>600 µm) in 

the top 500 m of the water column. Underwater Vision Profiler sampling stations are represented by 

red dots (694 stations; Extended Data Table 1). Relative contributions of the depth-integrated 

abundances are shown for the Rhizaria (red) and other zooplankton (grey) as seen and quantified by 

UVP5. Bottom right panel, global average contribution for each group considered. Contributions are 

geographically divided according to Longhurst’s Biomes and Provinces30 (numerical values are shown 

in Extended Data Table 2a). Map made with Natural Earth data (http://www.naturalearthdata.com). 

Depth 
layer 
(m) 

Number 
of 

sampling 
stations 

Rhizarian integrated biomass  

(mgC m-2) Global 
rhizarian 
biomass 

(PgC) 

Contribution to global: 

Min Max Median IQR Carbon 
standing stock 

Biomass of 
meso- and 

macro-
zooplankton 

Biomass of 
meso-

zooplankton 

0-100 877 0 23,910 34.43 247 0.012 — — — 

0-200 848 0 146,400 245 1,219 0.089 5.2% 
(0.6-22%) 

29% 
(4-68%) 

31% 
(5-69%) 

0-500 694 0 115,091 564 1,608 0.204 — — — 



Global biomass of fragile plankton

Biard T, Stemmann L, Picheral M, Mayot N, Vandromme P, Hauss H, Gorsky G, Guidi L, Kiko R, Not F (2016) 
In situ imaging reveals the biomass of giant protists in the global ocean. Nature 532:504.

	
9 

 
Figure 2 | Latitudinal distribution of depth-integrated biomass (0–200 m depth) of Rhizaria 

(blue, in situ optical assessment, this study; 848 sampling stations) and mesozooplankton 

(orange, plankton net-based assessments31; 26,918 samples). Loess regressions with polynomial 

fitting were computed to illustrate the latitudinal patterns. Shaded areas represent 95% confidence 

intervals. Biomass is plotted on a logarithmic scale. 



Total biomass macrozooplancton (>1mm)

Drago L, Panaïotis T, Irisson J-O, [...], Stemmann L, Kiko R (2022) Global Distribution of Zooplankton 
Biomass Estimated by In Situ Imaging and Machine Learning. Frontiers in Marine Science 9.
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diminution in the epi- and mesopelagic layers (Figure 9). We
also observed latitudinal patterns with the highest biomass in
intertropical areas consistent with these previous studies. The
highest biomass of Acantharea predicted by the mesopelagic
global model in the Gulf of Alaska coincides with a large number
of organisms imaged by the UVP5. This is surprising knowing
the above described distribution patterns. More observations
from this region are required to clarify whether this was a
temporally limited occurrence or whether it represents a region
of permanent abundance maxima. The predicted biomass in
Antarctic waters in this depth layer is also surprising. Acantharea
are marine planktonic unicellular eukaryotes in the Rhizaria
group and produce a mineral skeleton made of strontium sulfate
(Michaels, 1991; Decelle and Not, 2015). The surprisingly high
abundance at high latitudes might be important for studies done
on the strontium biogeochemical cycle (Bernstein et al., 1987;
Decelle et al., 2013).

4.4 Comparison Between Net Sampling
and In Situ Imaging
The integrated global predicted biomass is dominated by
Copepoda (35.7%), Eumalacostraca (26.6%) and Rhizaria
(16.4%). Because of their important contribution to the
predicted global biomass, the distribution map of total biomass
ad minima (Figure 11) reflects in part the major distribution
patterns of these three groups: polar waters are dominated by
Copepoda and intertropical waters are dominated by
mixotrophic Rhizaria. Eumalacostraca follows the predicted
distribution of zooplankton with 3 peaks of biomass at 60°N
(55°N for zooplankton), at the equator and at 45°S (55°S for
zooplankton). The comparison of the models’ output with data
from the Tara Ocean expedition, obtained with a 300 mm mesh
size multinet (Pesant et al., 2015; Soviadan et al., 2022) shows a
good agreement for the latitudinal patterns of Copepod biomass.
Net data is estimated to be higher than biomass estimated from
UVP5 data in the intertropical latitude range for this group.
Results in the high latitudes regions with strong seasonality and
sea ice cover should be taken with caution as no data was
available in the UVP5 dataset in winter for these latitudes. For
Rhizaria, we observe that at most locations the biomass estimated
by the nets is zero, while the UVP5 images suggest a considerable
biomass in this group (Figure 10). In the TARA Ocean multinet
samples, only Acantharea, Foraminifera and Phaeodaria are
sometimes detected, while Collodaria are consistently absent
from these samples. Indeed, Collodaria and Acantharea are

poorly sampled by nets and are not well preserved in plankton
samples fixed with regular fixatives such as formaldehyde
(Suzuki and Not, 2015). Yet, solitary Collodaria are predicted
as the 3rd most important group in terms of biomass in the upper
200 m of the global model. Our results show that in situ imaging
is far more suitable for the study of this group and all other
fragile plankton groups. As described above, several important
zooplankton groups are generally well modeled, allowing us to
combine the taxon-specific models to yield a global estimate of
zooplankton biomass in the 1.02 to 50 mm size range. Previous
studies (Table 2) have computed such global zooplankton
biomass obtained largely (Hatton et al., 2021) or completely
(Moriarty et al., 2012; Moriarty and O’Brien, 2013; Buitenhuis
et al., 2013) from net collected organisms. These studies also used
a proportionality method for estimating the global biomass
presented in Table 2 by multiplying the median value of
biomass with the surface of the ocean and the studied depth.
Our predictions are within the same order of magnitude — but at
the lower limit— of these compilations if one combines theirmeso-
andmacrozooplankton biomass estimates.We refrain from amore
detailed comparisondue to the difference in size studied (here 1.02 -
50 mm ESD — equivalent to 765 mm to 37.5 mm meshsize
according to Nichols and Thompson (1991)’s 3/4 law of mesh
selection — compared to ≥ 200 mm for the cited meso- and
macrozooplankton studies), sampling methods and depth
covered (Buitenhuis et al., 2013). Contrary to the complementary
use of nets and Zooscan, such as with the TARA dataset, these
previous studies arebasedondataobtained throughmethodswhich
do not allow to split the organisms based on fixed criteria (size, area
of the organism or taxonomy). One would expect a large
contribution to biomass in the 200 to 765 mm mesh size range
(Gallienne, 2001; Hwang et al., 2007).

4.5 Global Zooplankton Biomass
Distribution
The distribution of the global integrated biomass (0-500 m) ad
minima follows the patterns described by Ikeda (1985), Moriarty
et al. (2012) and Hatton et al. (2021) which correspond to a
latitudinal distribution of the biomass with high values north of
55°N and south of 55°S. Relatively higher values of biomass are
predicted around the equator (15°N-15°S). The benefit of our
work and of compiled datasets such as the ones used in Moriarty
et al. (2012); Moriarty and O’Brien (2013), Buitenhuis et al.
(2013) and Hatton et al. (2021) is that they bring together
numerous single transects and allow to have an integrated view

TABLE 2 | Comparison of global biomass estimates in the literature.

Study Size range (mesh size) Depth Global estimates (PgC)

Moriarty et al., 2012 ≥2 mm 0-350 m 0.02

Moriarty and O’Brien, 2013 ≥200 mm 0-200 0.19

Buitenhuis et al., 2013 ≥200 mm Integrated 0.33-0.59

Buitenhuis et al., 2013 ≥2 mm 0-500 m 0.22-1.52

Hatton et al., 2021 ≥200 mm 0-200 m 0.53-31.57

Hatton et al., 2021 ≥2 mm 0-200 m 0.02-2.64

This study ≥765 mm - 37.5 mm 0-200 m 0.229

Please note that we have converted the size range we cover with the UVP5 (1.02-50 mm ESD) to meshsize using the empirical Nichols and Thompson (1991)’s 3/4 law of mesh selection.
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Physical-biological interactions at high resolution



Life cycle and “behaviour” of single cell plankton



Morphological diversity of zooplankton
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Community-level behaviour 
from individual-level morphology
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