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Combination of automated data acquisition techniques and machine learnir
methods for the discrimination and recognition ifiytoplankton

U Improving automation of
phytoplankton data analysis from
optical/imagingsensors

U Adapting training sets to previously
characterizeghytoplanktoncommunitiesin
the studiedareao adaptivelearninge 0

U Guiding classification steps by
Introducing some pairwise constraints
O apnstrainedclusteringg 0

u Partiallyvalidatingpredictionsobtained
by automatedmethodso axror correctioreé 0

Expert knowledge

U Calibrating predictive models for
estimating the number of cellsin colonies
(ccell countingg)

GuillaumeWacquet- ICEAnnual Science Conference 2019
ot to 12t September2019,Goteborg,Sweden



Data acquisition

Imaging in flow devises  Pulse shape-recording
YOROGAWA flow cytometers

FLUID IMAGING o
TECHNOLOGIES, INC. %%

CytSense CytoSub

C Slgnals
Y 3 stadxe‘rlng
Y 3 for fluorescence

FlowCan8100 C Measurement table (11 features/signal)
C Images (grayscale level or color) Y 3 3 schttening
C Measurement table (25/image) Y 33 for fluorescence
Y  2rforphological C Profiles & Images

Y 5 t entemsityp s (
C R package « Zoolmage » C R package « RClusTool »



Phytoplankton speciagcognition:anautomated classification problem

Phaeocystis globosa 9, espéce 5

Cytometricpulse-shapes
A 8 raw time signals per cell e
A identical experimental to00y  FLYELOWLS

FL_ORANGE_LS

conditions 1400 || - FLRED_LS

(same sampling rates, same 1200 o FLYELOW ps
detection threshold, etc.)

—— FL_RED_HS

Voltage (mV)
=
o
o
o

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

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

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

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

-two signals on yellow fluorescence (FLY),
specificpigments

microscopic photo
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. Ph.D. Thesis of Guillaume
Caillaultet al. 2009,b Wagquet - 2011




Phytoplankton species recognition: an automat@essification problem

Voltage (mV)

Cell characterization from theaytometricoptical pulse shape

2000

FWS
—&— SWS_LS
5 FL_YELLOW LS

Known profiles:

1800 -

600 o oRreos Chaetoceros socialis
s AL yeltow v Emiliania Huxleyi

- Lauderia annulata
Leptocylindrus minimus

Which one ? Phaeocystis globosa
Skeletonema costatum

400~

200 -

oyerersesssesiierseestbittitreselin.e Thalassiosira rotula.

Length (um) or Time (x0.5us)

2 methods:

AFeatures
ASignals

Caillaultet al. 2009a,b



PSFM flowcytometryvs microscopy. manualandautomatedmethods

Counts of clusters based on  EeaalaQTASY )Y Counts of species based on
attributs —e— Microscopy elastic matching

2: Mesoflagellates of P. globosa
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R package RClusToo} "JERICG~
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N Freesoftware (open source),written in "R", and specializedn classificationof

any kindsof observationgwith featuretables,signalsimages.etc.).
N Supervised unsupervised and semisupervised (with pairwise constraintg
classification

Download http://mawenzi.univlittoral.fr/RclusTool/
Wacquet G., Hébert,P-A., PoissorCaillault E, Talon,R, 2020 RclusToolURLhttps://cran.r-projectorg/web/packages/RclusTool/Rclus Toolf

* Wacquetet al. « RclusToolAn Rbased Graphical User Interface to explore and classify data interactively (case study of flow cyteneprgp.


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

R package £oolmage» T

DY B 39218 52‘ 12 B Hatadd oy
_thin03 1 m 1 W11 @ o8
SNOM_thin 04 1 a 1
Trizschicides 05 1.1 8 1 5 a1
Aglaciahs 06 14 3 5 2 2 1 AQ
C curasetum 07 1 1
B sinensis 08 g ,ﬂ 1 1 a2
. bh:k_mgggg 8 7 Sy 14 1 n 1
@ Zoo/Phytolmage versicn 5.1-0 (UMONS/IFREMER rephy release) - Rephy 4X lugol v.1.0 - EcoNum - UMONS (= ] gub 1 §o2] i{, H 1 g
membranous 13 1 321 g 1_8§3 g
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. p - | - se_ - _Gstnala 13 1.
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Zoo/Phytolmage version 5.1-0 (UMONS/IFREMER rephy release) - Rephy 4X lugol v.1.0 - EcoNum - UMONS ‘ . ‘ , ‘ ' i 2 L 1 4 :
- 4 Df3 mus. e Plouro_GI_empty 14 1
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21 1 1 6 B
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[1AR.B25.2014-05-19.300A4X.02
[1AR.B25.2014-05-19.300A4X.03

Cet échantillon n'est pas encore analysé avec la méthode 'Rephy 4 W 10 9P 9% R WM A T An

Fescare (precision versus recall)

B Escoe )

Echantillons 3 traiter: 3

Echantillons analysés: 8

(Auncun échantillon n'a encore été analysé au cours de cette sessi

avona

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

classificatiorof digitalimagesof zoo- or phytoplankton
N For any kinds of plankton images, i.e. from FlowCam Imaging
FlowCytoBgtZooScanmmicro- or macrophotographyX

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

FlowCantollages
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- morphologicafeatures

SIGNAL -greyscaldevels
M J i i PROCESSIN®pticalfeatures

Userinteraction

Samples INTEGRATION INTO LEARNING STE| contextuasamplet

Contextualsample2

Contextualksamplei

MACHINE LEARNING
ALGORITHM
RandonfForest

PERFORMANCE OPTIMIZATION

Multi-class classifie



Classification process
Userinteraction
Samples INTEGRATION INTO LEARNING STE! contextuasamplel

FlowCantollages
Contextualsample2

IMAGE
PROCESSING

Contextualksamplei

Measurements

Optical profilesrom CytoSeng&ub

“12.‘:,.. 18
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- morphologicafeatures
SIGNAL - greyscaldevels MACHINE LEARNING
ALGORITHM

Jo ] e || B ' PROCESSIN®®pticalfeatures
AR Fivi RandomForest

PERFORMANCE OPTIMIZATION Multi-class classifie

Userinteraction

INTEGRATION INTO

Pairwiseconstraintl

CLASSIFICATION STRP

Pairwiseconstraint2

Automated
classification

Newsample

Pairwiseconstrainti

ERROR CORRECTION

WICERI(SINIEIIES / serinteraction
Cellcounting

LDA Userinteraction




FlowCam

Device FlowCAMB2serieg
Magnification: 4X
Chamberdepth: 300um

Actual // Predicted

aggregates 01
9 gda_rk02
long_thin 03

_ short_thin 04
T nitzschioides 05
A glacialis 06
C.cuivisetum 07
B.sinensis 08
black_opaque 09
drop 10

clear 11

Training set
Training setREPHY network (Ifremer) Gt 2
DYPHYRAMaNnsect(CNRS LO
Numberof groups:28 phyto + 12 noise
Numberof vignettes:5154 (~125/group)
ClassifierRandomForest (itree = 500)
Crossvalidation: 10 folds

O D00~ TN 00

Ciliophora_big 21
granular 22

D acuminata 23
C.danicus 24

C.fusus 25

fecal_pellets 26

P micans 27

G.flaccida 28
~_Trotula 29
Gyrodinium_spp 30
Protoperidinium_spp 31
Yseudo-Nitzschia_spp 32
L.danicus 33
Rimbricata 34

D fragilissimus 35
G.delicatula 36
Chaetoceros splp 37
D.brightwelli 38
Paralia_spp 39
Pleuro_Gyro_spp 40

Prorocentrunspp

Gyrodiniumspp

o

Ditylumspp

\\\\“‘\\\\ '

Thalassiosirapp
Chaetocerospp

[=
purd
[=]
o
[=]
-~
—-
(=]
-
(%)
—
[=2]
w0
[\*)
[a%]
[N
w
[
[==]
w
g
[o%)
=
w
-l

Sk anne— SR
== Qo=R
~oESS

_ =8
QDT w
e e =]

s o

[srPr
NN
B PR

i po—

BRwe—

AA

P —
oM@ WD I
23~

40

wip—

SbdSe

o L0 L0 QO QIO LA LA COCOMI PRI MM PIMIMNI MM b S S A OO OO0 OO OO
OO OO~ N LM 2 OO CO~ RN £ LN 2 O OO0~ NN A LI N 2 OO 00 Oy UN S Lo Mo —

P

" JERICG
e i)



FlowCam CAMANOCTruise

Multidisciplinary campaign: an ecosystem approach to fishel
Period 16th Septembeil2th October 2014- English Chann -

Ship R/V «Thalassa b - IFREMER
Adaptive training setl sampleselectedevery2 days

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

40000 A

Abundances per group (particles/L)

Dactyliosolen fragilissimus  Pleurosigma_Gyrosigma_spp

Group
Asterionellopsis glacialis Nitzschia longissima
Centrales_spp Odontella_spp
.Ceratium_spp [ | Paralia_spp
.Chaetoceros_spp Phaeocystis globosa
Dinophysis_spp Prorocentrum micans
Dytilum brightwelli Protoperidinium_spp
Guinardia_spp Pseudo-Nitzschia_spp

Gyrodinium_spp Rhizosolenia imbricata
B Lauderia Schroederella [l Thalassionema nitzschoides
M Leptocylindrus danicus M Thalassiosira rotula

Central English
Channel (CEC)

Western English
Channel (WEC)
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FlowCam CAMANOCTruise

Multidisciplinary campaign: an ecosystem approach to fish
Period 16th Septembeil2th October 2014 in Channel

Shipg R/V «Thalassa b - IFREMER

Adaptive training setl sampleselectedevery2 days

Wacquet et al. « Combination of
machine learning methodologiesand
imagingin-flow systems for the
automated detection of Harmful
Algae». 2020 Proceeding®f the 18th
International Conferenceon Harmful
Algae 21-26 October 2018 Nantes,
France
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Centrales_spp
.Ceratium_spp
.Chaetoceros_spp
Dactyliosolen fragilissimus
Dinophysis_spp
B Dytilum brightwelli
.Guinardia_spp
Gyrodinium_spp
M Lauderia Schroederella
Leptocylindrus danicus

60000

40000

20000

Abundances per group (particles/L)

Method
FlowCAM
“ Microscope

Western English
Channel (WEC)

Nitzschia longissima

[ | Odontella_spp

[ | Paralia_spp
Phaeocystis globosa
Pleurosigma_Gyrosigma_spp
Prorocentrum micans
Protoperidinium_spp

[ | Pseudo-Nitzschia_spp
Rhizosolenia imbricata

M Thalassionema nitzschoides

M Thalassiosira rotula

Central English
Channel (CEC)

BayOf
Seine (B

DS)

! DiscretesampleX

oct. 06

oct. 1

3

Overalldynamicsof abundanceobtained
by microscopyand FlowCAMor Pseude

»

r Nitzschiagenusare similar:

Abundanceestimation forFlowCAM
lower than for Microscope.



FlowCam Countingcellsin colony

Class: Pseudo-Nizschia_spp
Vapane B4 061 2103 1 25 OASK 13457

* Wacquetet al. « Combination of machine
learning methodologies and imaghngrflow
systems for the automated detection of
Harmful Algae>. 2020.Proceeding®f the
18th InternationalConferenceon Harmful

Algae 21-26 October2018, Nantes, France.

Pseudo-nitzschia abundances (cells/L)

300001

20000

10000

e Multivariate
s — NbCells- measure

Class: Paeudo Ntzschis_spp
—_—
100 pm

Predictivemodel
LinearDiscriminantAnalysis

Prediction l
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“ FlowCAM
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Actual // Predicted
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New image training set (FlowCAM 8000 Series)

Matrice de contusion du framing set 4X

E.DelecroixM.Sc 2019
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New classifiedevelopedon CNN basig Confusion matrix or-FlowCAMimages
X4 X10

Actual // Predicted 01 03 05 07 09 11 13 15 17 19 21 23 25 27 29 31 33 35 37 Actual I/ Predicted 01 03 0 007 0 M B 71923 n A
Pseudo_nitzschia_sp 01 1 1T 0 Chaetoceros_sp 01 1 (1 . 1 01
Leptocyiindrus_danicus 02 W 02 Phacocystis_globosa 02 11 1w
Rhizosolenia_imbricata 03 1 1 2|1 1 03
Sphere 04 04 Phaeocystis_globosa_Col 03 03
Gymnodiniaceae 05 1 1 03 Leptocylindrus_danicus 04 04
Ciliophora 06 1 2 1 06 . L
Detitus 07 1 1 .ZI- S L] o7 Rhizosolenia_imbricata 05 05
Chaetoceros_socialis_Chaine 08 1 1 08 Billes 06 1 08
Phaeocystis_globosa_Col 09 09 Bulles 07 07
Chaetoceros_socialis_Pelote 10 1 10
Cylindrotheca_closterium_Phaeo 11 2 @B 1 Eau08 2 08
Cerataulina_sp 12 12 Flou 09 03
Guinardia_delicatula 13 13
Meuniera_membranacea 14 1 14 e Fond 10 i 1o
Guinardia_flaccida 15 1] il T 15 Bacillariaceae 11 11
Guinardia_sfriata 16 16 Naviculales 12 1 02 1 12
Frustules, 17 17
e Guinardia_sp 13 13
phoneis_amphiceros 18 1 18 I
Paralia_sulcata 19 1 19 Cerataulina_pelagica 14 .:i 1
Prorocentrum_sp 20 - 2 Guinardia_flaccida 15 1 15
Protoperidiniaceae 21 21 21 )
Ditylum_brightwellii 22 1 LF 1 1 1 2 Vide 16 18
Z 23 1 2 . 1 23 Rhizosolenia_pungens 17
Tl i0si 24 311 . 21 24 .
Triceratiaceae 25 2 i 11 25 Thafassionema_itzschioides 18
Asterionellopsis_glacialis 26 2 1|2 26 Dynophyta 19
Fibre 27 1 .. 27 P iaceae 20
Eau 28 1 1 28 5
Thalassionema_nitzschicides 20 |4 1 2 B8 2 » Rhaphoneis_amphiceros 21 - (R JEERNS L {
Coscinodiscales 30 12 1 1 . 1 30 Gymnodiniaceae 22 2 1 1 1 1
Naviculales 31 13 i il A Phaeocystis_globosa_Ind23 2 2 = 2
Fond 32 32
Rhi iaceae 13 1 2 1 13 Ciliates 24 1 1
Chaetoceros_curvisefus 34 2 2 . 1 34 Ditylum_brightwellii 25 1
Chaetocerotaceae 35 1 2 1 1 1 2 35 -
Ci odiscales 26 1 1
Flou 36 1 1 1 36 oscinecisca
Phaeocystis_globosa 37 2 25 1] [ 1 37 Thalassiosirales 27 1 1
01 03 05 07 09 M 13 15 17 19 21 23 25 27 29 31 33 3™ I 01 03 05 07 09 11 13 15 17 19 21 23 25 27

Vignettes X4 Vignettes X10
(A.LEPTOCYLINDRUS DANIBBSEUD®ITZSCHJA (A.PHAEOCYSTIS GLOBOSAHREAEOCYSTIS
CRHIZOSOLENIA IMBRIQATA GLOBOSA, C. CHAETOCEROS SODIBHSETOCEROS

SPP, E. RHIZOSOLENIA IMBRICATA, F. LEPTOCYLINDRUS

F.VerhaegheEng. Int. 2022 Wacquet& Lefebvre (2022) DANICUS)


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

CNN Classifications results on point R1 of the DYPHYRAD transect from spring 2021 to summer 2022)
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CNN Classifications results on point R1 of the DYPHYRAD transect from spring 2021 to summer 2022)
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100%
X 1 O 3000 Groupes Groupes
[ Bacillariaceae 1 Bacillariaceae
Cerataulina_pelagica M Cerataulina_pelagica
g!;?tweros_sp 75% = g_!llla?tooeros_sp
iliates iliates
@ Coscinodiscales o I Coscinodiscales
=] Ditylum_brightwellii =] M Ditylum_brightwellii
=] Dynophyta o | Dynophyta
2000
E Guinardia_flaccida B B Guinardia_flaccida
© Guinardia_sp © B Guinardia_sp
8 Gymnodiniaceae 8 50% Gymnodiniaceae
c Leptocylindrus_danicus = B Leptocylindrus_danicus
% Naviculales % B Naviculales
g Phaeocystis_globosa S | Phaeocystis_globosa
=) Phaeocystis_globosa_Col o . Phaeocystis_globosa_Col
< 1000 Phaeocystis_globosa_Ind < B Phaeocystis_globosa_Ind
Protoperidiniaceae B Protoperidiniaceae
Rhaphoneis_amphiceros 25% B Rhaphoneis_amphiceros
Rhizosolenia_imbricata B Rhizosolenia_imbricata
Rhizosolenia_pungens B Rhizosclenia_pungens
I I Thalassionema_nitzschioides B Thalassionema_nitzschicides
l I | ' I [ Thalassiosirales [ Thalassiosirales
. | ! | | o
01/03 29/03 26/04 24/05 21/06 19/07 16/08 13/09 11/10 08/11 06/12 03/01 31/01 28/02 28/03 25/04 23/05 20/06 18/07 01/03 29/03 26/04 24/05 21/06 19/07 16/08 13/09 11/10 08/11 06/12 03/01 31/01 28/02 28/03 25/04 23/05 20/06 18/07
Date Date

F.VerhaeaheEna. Int. 2022 Wacauet& Lefebvre (2022)




FlowCytometry

Device PulseShapeecordingFlowCytometer
Models. CytoSenskeCytoSub
Triggerlevel: Redfluorescence set to 10mV

» = ———
¢ £ .
| ‘ N ( f P
1. 3 B q 5
1 [\7=2 251 SO
" \ o ) -
! es
)

CytoSense”

Training set
Training setDYPHYRADansect
Numberof groups:4 functionalgroups
(synechoccocuysico & nanceukaryotes
micro-phytoplankton + 4 noise
Numberof vignettes:372 (~50/group)
ClassifierRandomForest (tree = 500)
Crossvalidation: 10 folds

3000

0 50 1000 1500 2000 2600

50 00 150 200 20 300

|




Flowcytometry ¢ Intercomparisorexercisé

Partnersinvolved: CEFAS, CNHROG, CNRSIO
Manual classification CytoClussoftware): CEFAS, CNHROGG, CNRSIO
Automated classification RclusToopackage) CNREOG

Scatterplot and density distribution
% common (black polygon)

Synechoqpccus Picoeukaryotes
/ o =~ S CEFAS CNRS-LOG CNRS-MIO  Automated
4 N )
= =48 ‘\ Synechococcus | 98.73 91.71 95.14 96.65
3 i Y
320 s \ Pico 56.37 68.11 90.88 63.12
Q Q v
14 4
z T 25 Nano | 97.67 97.55 97.30 99.86
20 =
g 820 Micro |  32.09 80.43 97.78 83.84
2 3 4 2 3 4
logo(SWS.Total) log1o(SWS.Total)
Ry e Rand index (~similarity between partitions)
/\m_ P e CEFAS CNRS-LOG CNRS-MIO  Automated
i} \ 5° / CEFAS 1 0.95 0.94 0.89
5 g A
3 35 ( CNRS-LOG 1 0.97 0.91
= o \
= <, CNRS-MOI 1 0.90
g3 g r—
- i - Automated 1

Iogm(SV‘\‘/S.TotaI) s logw(SWSs.Total)
Rand index = proportion of pairs of particles which are
automated | | manual CEFAS | = | manual CNRS LOG manual_CNRS MIO 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 URolgsToopackage and manual clustering farvivophytoplankton recognitiom. In prep.



Flowcytometry - LifeWatchcruise

Scientific campaign for analysis of plankton diversity
(LifeWatcHJERIC® 9 - ¢ ONXMzA 8 S> wWkl#). a{ A
Period 8th May-12th May, 2017
Area:North Sea
Shipg R/V «Simon Stevin - V0LIZ

VLIZ cruise 2017 VLIZ cruise 2017

Manual clustering - Software: CytoClus Algorithm: Random Forest - Training set: Channel (fir10)
. 1oo- _1oo-
= &
a = Groups | ~abd| pvalue
& 75 S 75 taon Synecho 0.99 <2el6
. o | L Pico 0.84 <2e16
2 50- 2 50- . Mano
3 3 B Fico Nano 0.89 <2el6
g g LRI Micro 0.73 <2e16
& & Total 0.88 <2e16
E 0- @ 0-

| | ! , , , , , Spearman'sank
mai 09 mai 10 mai 11 mai mai 09 mai 10 mai 11 mai 12

correlationcoefficient

100- 100-
g - g - rmon 0.95 <2el6
5 5 W o 0.59 <2e16
& 5 =2f;§° 0.95 <2el6
s s Momeococa [N~ 081 <2e16
2 > 0.95 <2el6

0- 0

mai 09 mai 10 mai 11 mai mai 09 mai 10 mai 11 mai 12

* Wacquetet al. « RclusToolAn Rbased Graphical User Interface to explore and classify data interactively (case study of flow cytemesgp.



./\

Q Jerico.,  Specifidraining setcombiningopticalshapesand imagt ~ JERICGE~
R Training setDYPHYRAfEansect(CNRS.OG) ﬁ,‘ L
Numberof groups:11 phyto + 2 nois@o be completedwith more groups)
Numberof vignettes:319 (to be completedwith more imagesCytoSenséimitation = 150img/samplg
ClassifierRandomForest (tree = 500)

Crossvalidation: 10folds

[ Functional traits]

0.9 90

4000 6000 8000 10000

_ éo.s 608
alphadiversity
° zéaiﬁnardiaspp “ﬁ;iﬂéﬁgsiosirapp o Sif;lijmspp 9 l
O 0.04
Usedfor: - countingcellsin colony
- computation offunctional traits,
diversityA Y RAOSa oa{ C50 %

beta diversity (LCBD)



JERICOss
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Automatedestimation ofcellsin colonies
(flow cytometrysignalshapesand images)

Today for imagingin-flow systems 1 image = Jarticle = 1cell

Proposedmethod

Class: C.socialis
Particle: 663_img_Mer2_2016-07-19_fir26_medium 17u53

Length FWS: 102.865 pm
Nb cells SWS: 6.2413 pm
Nb cells FLR: 4.19332 pm

1. Cli k 4 polyg s (subregion).

2. Click it nd r gh -cl kwh n done.

Close windows to end.

Calibration of predictive models (one
per taxonomicgroup)for the estimation

of the number of cells in colonies,

basedon manual counts made on the
Imagesclassifiedn training sets

Algorithm LinearDiscriminantAnalysis

i

i

[ T

J ER IC(.‘.ext
gt
% " i
SomeexamplesandresultsX
Thalassionemaitzschoides
“ Manuat7 **°°°° Manuat 4
Proposed 6 Proposed 4
Thalassiosiraotula
Manuat 13 ©©  Manuat4
Proposed 12 Proposed 4
Phaeocystlglobosa
: e
o‘:O.-\ ,."* "'-.".
145 3 ',;"»--';.,
AN
‘:" rf‘&' . .:3 "‘:0’!-'
. 4.‘: ‘:.\'f :o
24

Proposed 92

Proposed 229



" JERICOss . - - . .
é Applyingnew CNN classification @ytoSensémages

Combinationof images andptical profiles

=B

Thalassionemaitzschioides

e e S T S P N s 8 1)

Ditylumbrightwellii

M. RvckmarM.Sc 2022¢c G.Wacauetunpubl

Pseudenitzschiasp.

Gyrodiniumspirale

25
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Phaeocystis globosa (cellule) Exemple de Gymnodini Cryptophyte
ystis g ( ) Bt oke it Phaeocystis globosa (colonie)

| -

Tripos sp. Ciliés Chaetoceros sp.

Building a new training set
on CytoSens@nages Dymum prightwe

Detonula pumila Guinardia striata

Pseudo -nitzschia sp.

M. RvckmarM.Sc 2022¢c G.Wacauetunpubl I[Jzolsolema ~ Rhizolsoleniasp. ~~ Thalassiosirasp. Thalassionema nitzschioides



Applyingnew CNN classification dytoSensemages
premilinaryresults

VGG16: Loss
VGG16: Accuracy w—Training Loss
siia | as | —— aliat] s
100 Traming Accuracy —/J____ validation Los _ 0
validation Accuracy / 0_9 952 20 2} 1 /0
0.95 :
25
0.90 4 w
w
w 2.04 &
= w =
% 0.8%4 L] 1.4402 s @
B e
pr} 154 - . 2
E 0.8378 \ ;
0680 | <
1.0 4
0.754 0s
| ——— oous
0.70 0o+ 1 7%
T v v T T T T T
— -~ - v —r ~ - o Q.0 2.5 5.0 7.5 10.0 12.5 15.0 17!
a.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 Epoch
Epoch

M. RyckmarM.Sc 2022¢ G.Wacquetunpubl




Conclusions and perspectives

Conclusions

¢ Useof expertknowledgeto & 2 N S tfiealitanfatédmethods
¢ Integrationof this knowledgeat different levels
i Learningconstraintsvalidation,singlecell counts
¢ Applicationon different datasets
i Imagingin-flow system,automatedflow cytometry
¢ Developmenbf two Rpackages
it RClusTogFZoolmage



Conclusions and perspectives

Conclusions

¢ Useof expertknowledgeto & 2 NJA S tfidabitantatedmethods
¢ Integrationof this knowledgeat different levels
i Learningconstraints,validation,singlecellcounts
¢ Applicationon different datasets
i Imagingin-flow system,automatedflow cytometry
¢ Developmentbf two Rpackages
i RclusToglzooimage

Perspectivesand ongoingwork

¢ Applicationto other sensorsand data acquisitionsystems
i ZooScarffor zooplankton) Fluorometers(for total chlorophyllor pigmentarygroupsX
¢ Optimizationof training sets(specificto eachgeographicaarea)
¢ Useof deeplearningto obtain more information from data
i ConvolutionaNeuralNetwork, RecurrentNeuralNetwork, X
¢ Combinationof signalandimageinformation
i 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)

Université
de Lille

Laboratoire d'Informatique

R package « Zoolmage »

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

UMONS X2

Université de Mons

Université
de Lille

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




Web app with near real -time results Pulse Shape -Recording FCM
7

QO B8 https;/fytoplankton.nl/ULCO-CNRS/Marel/phytoplankton_liveloc.shtml

Live Results Marel to image gallery (if available)

Marol_Pico_MAREL totalsALL-LY concentrationmi 13 10" Marel_Pico MAREL totalALL-LT hardw concimt ) Marel_Pico_MAREL totalsALL-LY Total SWS HSim! ye 210 Marel_Pico_MAREL totalsALL-LT Total FL Red HS/ent

Eudid VarClusDistinct

Marel_phyiodatabeseDES tat

0
2 2 5 05
. vwClusDistinctnes sn2

Easyclud.ive web applnstrument check;UnsupervisedvlusteringTotalsper samplgabundancechla); Clusterplots;
Biodiversityindicators - EasyClusool : Possibility to build a classifier to perform supervised anatyB®masRutten Projects



LIMNOLOGY A
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OCEANOGRAPHY: METHODS i ooz e
S ¥ L © 2022 The Authors. Limmology and Oceanography: Methods published by

Wiley Periodicals LLC on behalf of Association for the Sciences of
Limnology and Oceanography.
doi: 10.1002/lom3.10493

Automatic recognition of flow cytometric phytoplankton functional
groups using convolutional neural networks
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Processing and storage of thousands of data (raw data, processes data, images and autom:
classification)

ZooPhytolmad® MonslfremerCNRS/LO@ClusToolBgkISIC/ULCONRS/LO@asyCIuSTRP),
EMODNETBeaDataNeEcoTaxaother databases...

. Exploration @
_LECOTa Xa Filter: Samples=jerico201707a17 Project=UVP5 JERICO 2017

£ Update view & apply filters Img /page: 50 v Zoom: 10 v Q

Not logged (login)
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detritus feces badfocus detritus detritus detritus Copepoda feces
Sample @ pep
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* jerico201707al17

Depth @ & /

v Min [m -~ Max [m] - - »
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Location S Fa B0 G B B i zsam S
badfocus detritus darksphere Copepoda fiber detritus feces fiber
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Open map / : . - - — ] -
/ Public exploration of Powerfull filters: Automatic classification POWERFUL manual annotation
validated images across + Taxonomy * Random Forest *  >20000images / day !!!
oceans + Date/time/month/Depth/sample... * Deep Learning (soon) « All operations recorded
* Annotators (experts) * Explict validation

http://ecotaxa.obsvlirfr/explore/ |- -1 32 =32 - -EmrEEE =

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




