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Combination of automated data acquisition techniques and machine learning 
methods for the discrimination and recognition of phytoplankton

Expert knowledge 

Machine learning

ü Improving automation of
phytoplankton data analysis from
optical/imagingsensors

ü Adapting training sets to previously-
characterizedphytoplanktoncommunitiesin
the studiedareaόάadaptivelearningέύ

ü Guiding classification steps by
introducing some pairwise constraints
όάconstrainedclusteringέύ

ü Partiallyvalidatingpredictionsobtained
by automatedmethodsόάerror correctionέύ

ü Calibrating predictive models for
estimating the number of cells in colonies
(άcell countingέ)

+

Guillaume Wacquet- ICES Annual Science Conference 2019
9th to 12th September2019, Göteborg, Sweden



Microscope holographique

Data acquisition

Ç Images (grayscale level or color)
Ç Measurement table (25/image)

Ÿ 20 morphological
Ÿ 5 textures (intensity)

Ç R package « ZooImage »

Imaging in flow devises

Ç Signals
Ÿ 3 for scattering
Ÿ 3 for fluorescence

Ç Measurement table (11 features/signal)
Ÿ 33 for scattering
Ÿ 33 for fluorescence

Ç Profiles & Images

Ç R package « RClusTool »

Pulse shape-recording
flow cytometers

FlowCamVS Series

CytoSense CytoSub

FlowCam8100



Cytometricpulse-shapes
Å8 raw time signals per cell

Åidentical experimental 
conditions 

(same sampling rates, same 
detection threshold, etc.)

-one signal on forward scatter (FWS), 
corresponding to the cell length;

-two signals on sideward scatter (SWS), 
corresponding to the internal structure;

-two signals on red fluorescence (FLR)
which characterize chlorophyll pigments;

-one signal on orange fluorescence (FLO),
ages, specific pigments;

-two signals on yellow fluorescence (FLY), 
specific pigments microscopic photo

Caillaultet al. 2009 a,b

Phytoplankton species recognition: an automated classification problem

Ph.D. Thesis of Guillaume 
Waquet - 2011
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Phytoplankton species recognition: an automated Classification problem

Cell characterization from their cytometricoptical pulse shape

Known profiles:

Chaetoceros socialis

Emiliania Huxleyi

Lauderia annulata

Leptocylindrus minimus

Phaeocystis globosa

Skeletonema costatum

Thalassiosira rotula.

Which one ?

Purpose :

ÅMake the species recognition process automatic.

ÅBuild a comparison measure between cytometric profiles 

robust to:

- the intra-species variability, 

- the sensor sensibility.

2 methods:

ÅFeatures

ÅSignals
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Similarity degree = 0.83

Dynamic Time Warping 
(Caillault et al., 2009)

PSFM flow cytometryvs microscopy: manualand automatedmethods
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G2: Mesoflagellates of  P. globosa

G9: Others diatoms

G8: Diatom like Pseudo-nitzschia
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Chaetoceros socialis
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Flow cytometry

Microscopy

N. Guiselin(PhD, 2010) ; G. Wacquet(PhD,2011) ; Caillaultet al., 2009



ṊFreesoftware (open source),written in "R", and specializedin classificationof

any kindsof observations(with featuretables,signals, images,etc.).

Ṋ Supervised, unsupervised and semi-supervised (with pairwise constraints)
classification.

Download: http://mawenzi.univ-littoral.fr/RclusTool/

R package «RClusTool»*

* Wacquetet al. « RclusTool: An R-based Graphical User Interface to explore and classify data interactively (case study of flow cytometry)». In prep.

Wacquet, G., Hébert,P.-A., Poisson-Caillault, E., Talon,P., 2020. RclusTool. URLhttps://cran.r-project.org/web/packages/RclusTool/RclusTool.pdf

https://cran.r-project.org/web/packages/RclusTool/RclusTool.pdf


Ṋ Free software (open source), written in R, and specializedin the

classificationof digital imagesof zoo- or phytoplankton.

Ṋ For any kinds of plankton images, i.e. from FlowCam, Imaging
FlowCytoBot, ZooScan, micro- or macrophotography,Χ

Download: https://cran.r-project.org/web/packages/zooimage/

R package «ZooImage»



Classification process
Samples

Measurements
table

Training set

Multi-class classifier

- morphologicalfeatures

- greyscalelevels

- opticalfeatures

FlowCamcollages

IMAGE 
PROCESSING

PERFORMANCE OPTIMIZATION

MACHINE LEARNING 
ALGORITHM

RandomForest

INTEGRATION INTO LEARNING STEP

Optical profiles from CytoSense/Sub

SIGNAL 
PROCESSING

Contextualsample1

Contextualsample2

...

Contextualsamplei

User-interaction

Adaptedtraining set
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Classification process
Samples

Measurements
table

Training set

Multi-class classifier

Automated
classification

Partial 
validation

- morphologicalfeatures

- greyscalelevels

- opticalfeatures

FlowCamcollages

IMAGE 
PROCESSING

New sample

Measurements
table

PERFORMANCE OPTIMIZATION

MACHINE LEARNING 
ALGORITHM

RandomForest

ERROR CORRECTION

INTEGRATION INTO LEARNING STEP

INTEGRATION INTO
CLASSIFICATION STEP

Optical profiles from CytoSense/Sub

SIGNAL 
PROCESSING

Contextualsample1

Contextualsample2

...

Contextualsamplei

User-interaction

Adaptedtraining set

Cellcounting

User-interaction

User-interaction

Pairwiseconstraint1

Pairwiseconstraint2

...

Pairwiseconstrainti

User-interaction

LDA



FlowCam
Device: FlowCAM(B2 series)
Magnification:4X
Chamberdepth: 300µm

Training set
Training set:REPHY network (Ifremer) 

DYPHYRAD transect(CNRS LOG)
Numberof groups: 28 phyto + 12 noise
Numberof vignettes: 5154 (~125/group)
Classifier:RandomForest (ntree = 500)
Cross-validation: 10 folds

Thalassiosiraspp.

Gyrodiniumspp.

Ditylumspp.

Chaetocerosspp.

Prorocentrumspp. Phaeocystisspp.



FlowCam- CAMANOC cruise
Multidisciplinary campaign: an ecosystem approach to fisheries.

Period: 16th September-12th October, 2014 - English Channel
Ship: R/V «Thalassa II» - IFREMER
Adaptive training set:1 sampleselectedevery2 days

BayOf
Seine (BOS)

Central English
Channel (CEC)

Western English
Channel (WEC)

DiscretesamplesΧ

Wacquet et al. « Combination of
machine learning methodologiesand
imaging-in-flow systems for the
automated detection of Harmful
Algae». 2020. Proceedingsof the 18th
International Conferenceon Harmful
Algae, 21-26 October 2018, Nantes,
France.



FlowCam- CAMANOC cruise
Multidisciplinary campaign: an ecosystem approach to fisheries.

Period: 16th September-12th October, 2014 in Channel
Ship: R/V «Thalassa II» - IFREMER
Adaptive training set:1 sampleselectedevery2 days

BayOf
Seine (BOS)

Central English
Channel (CEC)

Western English
Channel (WEC)

{ǇŜŀǊƳŀƴΩǎ ǊƘƻ Ґ лΦтп 
(p-value < 0.05)

Overalldynamicsof abundanceobtained
by microscopyand FlowCAMfor Pseudo-
Nitzschiagenusare similar:

Abundanceestimation for FlowCAM
lower than for Microscope.

DiscretesamplesΧ

Wacquet et al. « Combination of
machine learning methodologiesand
imaging-in-flow systems for the
automated detection of Harmful
Algae». 2020. Proceedingsof the 18th
International Conferenceon Harmful
Algae, 21-26 October 2018, Nantes,
France.



FlowCam- Countingcellsin colony*

Multivariate
NbCells~ measures

Predictivemodel
LinearDiscriminant Analysis

Prediction

{ǇŜŀǊƳŀƴΩǎ ǊƘƻ Ґ лΦтф 
(p-value < 0.05)

* Wacquetet al. « Combination of machine 
learning methodologies and imaging-in-flow 
systems for the automated detection of 
Harmful Algae». 2020. Proceedingsof the 
18th International Conferenceon Harmful
Algae, 21-26 October2018, Nantes, France.



FlowCam800



New image training set (FlowCAM 8000 Series)

E. Delecroix, M.Sc. 2019



X10X4

New classifier developedon CNN basis ςConfusion matrix on FlowCAMimages 

Vignettes X10
(A. PHAEOCYSTIS GLOBOSA COX, B. PHAEOCYSTIS 

GLOBOSA, C. CHAETOCEROS SOCIALIS , D. CHAETOCEROS 
SPP, E. RHIZOSOLENIA IMBRICATA, F. LEPTOCYLINDRUS 

DANICUS) 

Vignettes X4
(A. LEPTOCYLINDRUS DANICUS, B. PSEUDO-NITZSCHIA, 

C.RHIZOSOLENIA IMBRICATA) 

F. Verhaeghe, Eng. Int. 2022 ςWacquet& Lefebvre (2022)

https://doi.org/10.1093/bioinformatics/btac703


CNN Classifications results on point R1 of the DYPHYRAD transect from spring 2021 to summer 2022)

X10

X4

Majority of non-living particles

100µm filtration

150µmfiltration

F. Verhaeghe, Eng. Int. 2022 ςWacquet& Lefebvre (2022)



X10

X4

CNN Classifications results on point R1 of the DYPHYRAD transect from spring 2021 to summer 2022)

F. VerhaegheEng. Int. 2022 ςWacquet& Lefebvre (2022)



Flow Cytometry
Device: Pulse-Shape recordingFlow Cytometer
Models: CytoSense/CytoSub
Trigger level: Redfluorescence set to 10mV

Training set
Training set:DYPHYRAD transect
Numberof groups: 4 functionalgroups 

(synechoccocus, pico- & nano-eukaryotes, 
micro-phytoplankton) + 4 noise

Numberof vignettes: 372 (~50/group)
Classifier:RandomForest (ntree = 500)
Cross-validation: 10 folds

CytoSense

Synechococcus

MicroNano

Pico



Flow cytometryςIntercomparisonexercise*
Partnersinvolved: CEFAS, CNRS-LOG, CNRS-MIO
Manualclassification (CytoClussoftware): CEFAS, CNRS-LOG, CNRS-MIO
Automatedclassification (RclusToolpackage): CNRS-LOG

CEFAS CNRS-LOG CNRS-MIO Automated

Synechococcus 98.73 91.71 95.14 96.65

Pico 56.37 68.11 90.88 63.12

Nano 97.67 97.55 97.30 99.86

Micro 32.09 80.43 97.78 83.84

CEFAS CNRS-LOG CNRS-MIO Automated

CEFAS 1 0.95 0.94 0.89

CNRS-LOG 1 0.97 0.91

CNRS-MOI 1 0.90

Automated 1

% common (black polygon)

Rand index (~similarity between partitions)

Scatterplot and density distribution

Rand index = proportion of pairs of particles which are

similarly classified in the 2 partitions (either in the same
group or in different groups)

* Wacquetet al. « Comparison between automated analysis of flow cytometry data using RclusToolpackage and manual clustering for in vivophytoplankton recognition». In prep.



Flow cytometry- LifeWatchcruise
Scientific campaign for analysis of plankton diversity 
(LifeWatch/JERICO-b9·¢ ŎǊǳƛǎŜΣ wκ± ά{ƛƳƻƴ {ǘŜǾƛƴέ-VLIZ).

Period: 8th May-12th May, 2017
Area: North Sea
Ship: R/V «Simon Stevin» - VLIZ

Spearman'srank
correlationcoefficient

Groups t́flr pvalue

Synecho 0.95 <2e-16

Pico 0.59 <2e-16

Nano 0.95 <2e-16

Micro 0.81 <2e-16

Total 0.95 <2e-16

Groups ábd pvalue

Synecho 0.99 <2e-16

Pico 0.84 <2e-16

Nano 0.89 <2e-16

Micro 0.73 <2e-16

Total 0.88 <2e-16

* Wacquetet al. « RclusTool: An R-based Graphical User Interface to explore and classify data interactively (case study of flow cytometry)». In prep.



Usedfor: - countingcellsin colony
- computation of functional traits,
diversityƛƴŘƛŎŜǎ όa{C5ύΣ Χ

Thalassiosiraspp.

Thalassionemaspp.

Ditylumspp.

Chaetocerosspp. Asterionellopsisspp.

Guinardiaspp.

Functional traits

beta diversity (LCBD)

alpha diversity

Specifictraining set combiningopticalshapesand images
Training set:DYPHYRAD transect(CNRS-LOG)
Numberof groups: 11 phyto + 2 noise (to becompletedwith more groups)

Numberof vignettes: 319 (to becompletedwith more images, CytoSenselimitation = 150 img/sample)

Classifier:RandomForest (ntree = 500)
Cross-validation: 10 folds
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Calibration of predictive models (one
per taxonomicgroup)for the estimation
of the number of cells in colonies,
basedon manual counts made on the
imagesclassifiedin trainingsets.

Algorithm: LinearDiscriminantAnalysis

Someexamplesand resultsΧ

Thalassionemanitzschoides

Manual: 7
Proposed: 6

Manual: 4
Proposed: 4

Thalassiosirarotula

Manual: 13
Proposed: 12

Manual: 4
Proposed: 4

Phaeocystisglobosa

Proposed: 229 Proposed: 92

Automatedestimation of cellsin colonies 
(flow cytometrysignal shapesand images)

Proposedmethod

Today, for imaging-in-flow systems, 1 image = 1 particle = 1 cell
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Applyingnew CNN classification on CytoSenseimages

Thalassionemanitzschioides

Pseudo-nitzschiasp.

Ditylumbrightwellii Gyrodiniumspirale

Combinationof images and optical profiles

M. RyckmanM.Sc. 2022 ςG. Wacquetunpubl.
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MAREL Carnot 
Cytosensedeployment

(April-May 2021)
K. RobacheM.Sc. 2022



M. RyckmanM.Sc. 2022 ςG. Wacquetunpubl.

Building a new training set 
on CytoSenseimages



Applyingnew CNN classification on CytoSenseimages : 
premilinaryresults

M. RyckmanM.Sc. 2022 ςG. Wacquetunpubl.



Conclusions and perspectives

Conclusions

Ç Useof expertknowledgeto άƻǊƛŜƴǘŀǘŜέthe automatedmethods
Ç Integrationof this knowledgeat different levels

ü Learning,constraints,validation,single-cellcounts

Ç Applicationon different datasets
ü Imaging-in-flow system,automatedflow cytometry

Ç Developmentof two Rpackages
ü RClusTool, ZooImage



Conclusions and perspectives

Conclusions

Ç Useof expertknowledgeto άƻǊƛŜƴǘŀǘŜέthe automatedmethods
Ç Integrationof this knowledgeat different levels

ü Learning,constraints,validation,single-cellcounts

Ç Applicationon different datasets
ü Imaging-in-flow system,automatedflow cytometry

Ç Developmentof two Rpackages
ü RclusTool, zooimage

Perspectivesandongoingwork

Ç Applicationto other sensorsanddataacquisitionsystems
ü ZooScan(for zooplankton),Fluorometers(for total chlorophyllor pigmentarygroupsΧ

Ç Optimizationof trainingsets(specificto eachgeographicalarea)
Ç Useof deeplearningto obtainmore information from data

ü ConvolutionalNeuralNetwork,RecurrentNeuralNetwork,Χ

Ç Combinationof signalandimageinformation
ü for micro-phytoplanktonwith flow cytometry



R package « RClusTool »

Collaborative work between CNRS- LOG and ULCO- LISIC
(DYMAPHY (INTERREG IV A « 2 Seas », JERICO - NEXT (H2020 ) &
MARCO (CPERHF)

R package « ZooImage »

Collaborative work between UMONS, IFREMER and CNRS- LOG
(IFREMER, JERICO - NEXT & MARCO projects )

New « R » package tool based on CNN (Wacquet & Lefebvre, 2022)



Web app with near real - time results Pulse Shape -Recording FCM

EasyclusLive web app. Instrument check;  Unsupervised wlusteringTotals per sample (abundance, chla); Cluster plots; 
Biodiversity indicators  - EasyClustool : Possibility to build a classifier to perform supervised analysis - Thomas Rutten Projects





Processing and storage of thousands of data (raw data, processes data, images and automated 
classification)
ZooPhytoImage(U Mons-Ifremer-CNRS/LOG), RClusToolBox(LISIC/ULCO-CNRS/LOG), EasyClus(TRP), 
EMODNET, SeaDataNet, EcoTaxa, other databases...

http://ecotaxa.obs-vlfr.fr/explore/
Picheral M., Stemman L., MMV 2017

http://ecotaxa.obs-vlfr.fr/explore/



