Fat chance: can /n situ imagery
and machine learning provide a
clearer picture of Arctic
zooplankton lipidscape ?
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Plankton : the beginning and the end of (almost) all marine things
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Darnis et al. 2012 Fig.1



The classical sampling approach...
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The classical sampling approach...




The modern imaging approach
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Schmid et al. 2016 Fig.1 & Fig. 3



The modern imaging approach
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The modern “trait-based” approach

Functional trait = any morphological, physiological or phenological feature measurable at
the individual level that impacts the fitness of organisms and ecosystem functions

Martini et al. 2021, Fig. 2b
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A closer look at morphological traits

LOKI images from North Water

Polynya, August 15, 2013

il

Mature female copepods from Kongsfjorden, Svalbard.

Calanus by perborcus
e Calanus glacialis

Calanus finmarchicus Foto: 1daB & DagA

Bergeet al. 2012, Fig. 1




Finding & measuring oil sacs

Oil sac identification:
1) Annotations by students with ImgLab

2) ResNet34 pretrained on ImaqgeNet as
backbone, with U-Net for segqmentation.

Maps et al. 2024 JPR (www.doi.org/10.1093/plankt/fbad048)



https://github.com/Appsilon/copepods-lipid-content
https://github.com/Appsilon/copepods-lipid-content
http://www.doi.org/10.1093/plankt/fbad048

Finding & measuring oil sacs

Lipid mass estimation:
1) Each pixelin a LOKlimageis 23 pm
2) Estimate the lateral area (A) in um?

3) Use the relationship of Vogedes et al. 2010

m = 0.197 A138

Maps et al. 2024 JPR (www.doi.org/10.1093/plankt/fbad048)
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http://www.doi.org/10.1093/plankt/fbad048

Case study in Pikialasorsuaq (North Water Polynya)
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Maps et al. 2024 JPR (www.doi.org/10.1093/plankt/fbad048)



http://www.doi.org/10.1093/plankt/fbad048

Case study in Pikialasorsuaq (North Water Polynya)
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http://www.doi.org/10.1093/plankt/fbad048

Case study in Pikialasorsuaq (North Water Polynya)
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http://www.doi.org/10.1093/plankt/fbad048

Imaging, ML & IBM modelling to study the composition and
functions of arctic copepod communities (Lucie Bourreau)

Copepod traits from images
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Imaging, ML & IBM modelling to study the composition and
functions of arctic copepod communities (Lucie Bourreau)

* Minimize a cost function on lipid content & lipid fullness ratio distribution

* Critical to calibrate on severa/ traits at the same time
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Conclusion
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Modified from Irisson et al. 2022, Fig. 2
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Thank you !

uvp6_sn000130hf_2021_darkedge (344,0,0,0/344)
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Machine learning tools : an expert partner

Dedicated T 50+
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Success stories: Mbaza
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