
Machine learning for plankton 
and particles images

imaginecology2, 2022-09-29 
Jean-Olivier Irisson (with input from many colleagues!)

From pictures to data



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
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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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associated with which taxonomic label.Deep learning for image classi!cation is based on convolu-
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the network extracts features from the input image by computing convolutions (i.e.,multiplication
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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.
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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?



Quantitative imaging and ML-assisted sorting



Quantitative imaging and ML-assisted sorting



Quantitative imaging and ML-assisted sorting

+
ML



Measure + classify Deep learning
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Measure + classify Deep learning

Software 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?
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Why is it hard?
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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?
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For plankton images: 
not very d"p



And in 
real life?

Performance 
metrics are hard 
to interpret!
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n = 2.5k F1 = 6% F1 = 63%



EcoTaxa: ML-assisted image classification
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EcoTaxa: ML-assisted image classification

Throughput of 
~2,000 to 10,000 

per hour
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Unsupervised 
classification

1. Density based 
clustering to find seeds 

2. Growing 

3. Labelling



What’s next?
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Vision transformers and self-supervision
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Merci



What for? 
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 — — — 
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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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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. 



What for? 
Trophic status of ecosystems



What for? 
Super high resolution sampling



What for? 
Morphological diversity of zooplankton
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What for? 
In situ behaviour of organisms

Vilgrain L, Maps F, Picheral M, Babin M, Aubry C, Irisson J-O, Ayata S-D (2021) Trait-based approach using in situ copepod images reveals 
contrasting ecological patterns across an Arctic ice melt zone. Limnology and Oceanography 66:1155–1167.
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