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

» Improving automation of
phytoplankton data analysis  from
optical/imaging sensors

Expert knowledge

» Adapting training sets to previously-
characterized phytoplankton communities in
the studied area (“adaptive learning”)

» Guiding  classification  steps by
introducing some pairwise constraints
(“constrained clustering”)

» Partially validating predictions obtained
by automated methods (“error correction”)

» Calibrating predictive models for
estimating the number of cells in colonies
(“cell counting”)

Guillaume Wacquet - ICES Annual Science Conference 2019
9th to 12th September 2019, Géteborg, Sweden



Data acquisition

Imaging in flow devises

YOKOGAWA

FLUID IMAGING o'
TECHNOLOGIES, INC. “@¢
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FlowCam VS Series

FlowCam 8100

O Images (grayscale level or color)
0 Measurement table (25/image)
— 20 morphological
— 5 textures (intensity)
d R package « Zoolmage »

Pulse shape-recording
flow cytometers

CytoSense

O Signals |
— 3 for scattering
— 3 for fluorescence
O Measurement table (11 features/signal)
— 33 for scattering
— 33 for fluorescence
O Profiles & Images

0 R package « RClusTool »



Phytoplankton species recognition: an automated classification problem

Cytometric pulse-shapes

Phaeocystis globosa 9, espéce 5

2000
* 8 raw time signals per cell 0 WS
—*— SWS_LS
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-two signals on sideward scatter (SWS),
corresponding to the internal structure;
-two signals on red fluorescence (FLR)
which characterize chlorophyll pigments;

ages, specific pigments;
-two signals on yellow fluorescence (FLY),

specific pigments
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Phytoplankton species recognition: an automated Classification problem

Cell characterization from their cytometric optical pulse shape

2000

FWS
—*— SWS_LS
— = FL_YELLOW_LS
— % FL_ORANGE_LS
1400+ —+— FL_RED_LS
SWS_HS

1200 -| —<— FL_YELLOW_HS
—=— FL_RED_HS

1800 -

1600 |-

1000 -

Voltage (mV)

18

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

Caillault et al. 2009 a,b
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Which one ?

Known profiles:

Chaetoceros socialis
Emiliania Huxleyi
Lauderia annulata
Leptocylindrus minimus
Phaeocystis globosa
Skeletonema costatum
Thalassiosira rotula.

2 methods:

* Features
* Signals




PSFM flow cytometry vs microscopy : manual and automated methods

Counts of clusters based on EaaCASYCNEIWY

. Counts of species based on
attributs —e— Microscopy

elastic matching

2: Mesoflagellates of P. globosa
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R package « RClusTool »° JERICC~
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v Free software (open source), written in "R", and specialized in classification of

any kinds of observations (with feature tables, signals, images, etc.).

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

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

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

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


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

R package « Zoolmage »

Actual if Predicted

s 01
Ok 02

& Zoo/Phytolmage version 5.1-0 (UMONS/IFREMER rephy release) - Rephy 4X lugol v.1.0 - EcoNum - UMONS

| < | » || + |@ nttpy/127.0.01:6868/
e [0
Zoo/Phytolmage version 5.1-0 (UMONS/IFREMER rephy release) - Rephy 4X lugol v.1.0 - EcoNum - UMONS
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Résumé B Tableau B Vignettes [l Graphique oF

Prélévement/échantilion:

[] AR.B25.2014-05-1 9.3001\4){.01*
=== AR.B25.2814-85-19.388,4X.01 ===

Echantillon contenant 3329 particules numérisées.
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Echantillons 3 traiter: 3

Echantillons analysés: 8

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

I M- e |
Groups comparison

‘ ow!m

bubtie Agiaciaks Gacota

‘m

o1 04 07T 10 13 16 19 22 25 28 M M I 40

3@21 64 2 B2 1%
LA - F Ml s
il i . 0 p

1 1
3! ﬂ " 14 = n . 2‘
2| él 41& i 1 1 11
14222 2
! aZ}gZ ‘Z? g 2114 -312
4 1314 1

i) 1
i £ 1 21
L El 1 4
oo O sty = 1

1 1
ANz 3
3 a6
i 4
1 1244
[ 2 i214 3084
721 1 1 & B
[ 1 12 8 318

10 97 %W M WM W W a0
Fescare (precision versus recall)

B Escoe )

] Fabotogaives

SBeY

hombs

v/ Free software (open source), written in R, and specialized in the

classification of digital images of zoo- or phytoplankton.

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

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




Classification process

User-interaction
INTEGRATION INTO LEARNING STEP Contextual sample 1

Contextual sample 2

IMAGE

PROCESSING
Contextual sample i

Measurements
from Cyto?ense/Sub table

Optical profiles

: - morphological features
I ' SIGNAL - greyscale levels MACHINE LEARNING

'\ PROCESSING -optical features ALGORITHM

__;‘k_ j L LU Random Forest
PERFORMANCE OPTIMIZATION Multi-class classifier




Classification process

Samples INTEGRATION INTO LEARNING STEP Contextual sample 1

FlowCam collages
Contextual sample 2

[unyZ IMAGE
_>/ —_— PROCESSING

Contextual sample i

Measurements

Optical profiles from CytoSense/Sub table
s ?‘ = - morphological features
if": AR u} SIGNAL _ greyscale levels MACHINE LEARNING
L7 k4 . | PROCESSING - optical features ALGORITHM
AN L Random Forest
PERFORMANCE OPTIMIZATION Multi-class classifier

User-interaction

INTEGRATION INTO

Pairwise constraint 1

CLASSIFICATION STEP

Pairwise constraint 2

Automated

New sample .
. . classification
Pairwise constraint i

ERROR CORRECTION

Measurements User-interaction

table Cell counting : :
LDA User-interaction
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FlowCam S0 & i
Device: FlowCAM (B2 series) ‘\‘ ' ” .

Magnification: 4X ““
Chamber depth: 300um Thalassiosira spp. Ditylum spp.
Chaetoceros spp.

Gyrodinium spp.

Prorocentrum spp.

Actual // Predicted
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FlowCam - CAMANOC cruise

Multidisciplinary campaign: an ecosystem approach to fisheries.
Period: 16th September-12th October, 2014 - English Channel

Ship: R/V « Thalassa Il » - IFREMER

Adaptive training set: 1 sample selected every 2 days

&0000 A

40000 A

20000

Abundances per group (particles/L)

Group
Asterionellopsis glacialis
Centrales_spp
.Ceratium_spp
.Chaetoceros_spp
Dactyliosolen fragilissimus
Dinophysis_spp
Dytilum brightwelli
Guinardia_spp
Gyrodinium_spp
M Lauderia Schroederella
M Leptocylindrus danicus

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)

Bay Of
Seine (BOS)

Wacquet et al. « Combination of
machine learning methodologies and
imaging-in-flow  systems for the
automated detection of Harmful
Algae ». 2020. Proceedings of the 18th
International Conference on Harmful
Algae, 21-26 October 2018, Nantes,
France.
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Discrete samples...
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FlowCam - CAMANOC cruise

Multidisciplinary campaign: an ecosystem approach to fisheries
Period: 16th September-12th October, 2014 in Channel
Ship: R/V « Thalassa Il » - IFREMER
Adaptive training set: 1 sample selected every 2 days

Western English
Channel (WEC)

Central English

imaging-in-flow  systems for the
Channel (CEC)

automated detection of Harmful
Algae ». 2020. Proceedings of the 18th
International Conference on Harmful
Algae, 21-26 October 2018, Nantes, o

20000

Group
800001 Asterionellopsis glacialis Nitzschia longissima
-5 Centrales_spp [ | Odontella_spp
5 .Ceratium_spp [ | Paralia_spp
% .Chaetoceros_spp Phaeocystis globosa
= Dactyliosolen fragilissimus  Pleurosigma_Gyrosigma_spp
s Dinophysis_spp Prorocentrum micans
~— 40000 - [ | Dytilum brightwelli Protoperidinium_spp
= .Gumardla_spp [ | Pseudo-Nitzschia_spp
: . = Gyrodinium_spp Rhizosolenia imbricata
Wacquet et al. « Combination of = M Lauderia Schroederella [l Thalassionema nitzschoides Bay Of
machine lea rning methodologies and 4 Leptocylindrus danicus M Thalassiosira rotula Seine (BOS)
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J Discrete samples...

France. Bt. 22 sept. 29 oct. 06 oct. 13
Method ; i
Al Overall dynamics of abundance obtained

* Microscope by microscopy and FlowCAM for Pseudo-
Nitzschia genus are similar:

20000

10000

Abundance estimation for FlowCAM
lower than for Microscope.

Pseudo-nitzschia abundances (particles/L)

sep{ 19 sepf. 21 sept‘ 23 sepi 25 sepf. 27 sep':. 29



FlowCam - Counting cells in colony”

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

\—w— Multivariate
NbCells ~ measures

Predictive model

* Wacquet et al. « Combination of machine Linear Discriminant Analysis

learning methodologies and imaging-in-flow
systems for the automated detection of
Harmful Algae ». 2020. Proceedings of the
18th International Conference on Harmful
Algae, 21-26 October 2018, Nantes, France.

Prediction

Method

30000/ “® FlowCAM
“® Microscope

20000

10000

Pseudo-nitzschia abundances (cells/L)

sept. 19 sept. 21 sept. 23 sept. 25 sept. 27 sept. 29
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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. Delecroix, M.Sc. 2019
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New classifier developed on CNN basis — Confusion matrix on FlowCAM images
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
Leptocylindrus_danicus 02 102 Phaeacystis_globosa 02 1 1 1 »
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
CIIB’;'::E gg : i .ZI- S L] 1 gg 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_cassees_t 17 17 N
Rhaphoneis_amphiceros 18 1 18 Guinardia_sp 13 - 13
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 DANICUS, B. PSEUDO-NITZSCHIA, (A. PHAEOCYSTIS GLOBOSA COX, B. PHAEOCYSTIS
C.RHIZOSOLENIA IMBRICATA) GLOBOSA, C. CHAETOCEROS SOCIALIS , D. CHAETOCEROS

SPP, E. RHIZOSOLENIA IMBRICATA, F. LEPTOCYLINDRUS

F. Verhaeghe, Eng. 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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Thalassionema_nitzschiocides
Thalassiosirales
Guinardia_delicatula

Guinardia_striata
H Meuniera_membranacea
T | B Paralia_sulcata
Prorocentrum_sp
I . Pseudo_nitzschia_sp
0 I | B Rhizosoleniaceae

B Triceratiaceae
Zooplankton
0 Non_vivant

6000

4000

X4

Abondance absolue

Majority of non-living particles 2000

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

4000

@
b
Q
=
©
@
®

Bacillariaceae
Cerataulina_pelagica
Chaetoceros_sp

Ciliates

Coscinodiscales
Ditylum_brightwellii
Dynophyta
Guinardia_flaccida
Guinardia_sp
Gymnodiniaceae
Leptocylindrus_danicus
Maviculales
Phaeocystis_globosa
Phaeocystis_globosa_Col
Phaeocystis_globosa_Ind
Protoperidiniaceas
Rhaphoneis_amphiceros
Rhizosolenia_imbricata
Rhizosolenia_pungens
Thalassionema_nitzschicides
Thalassicsirales
Mon_vivant

3000

X10

2000 *

-
*

Abondance absolue

* 100um filtration
* 150um filtration 1000

¥
g x
i *
’ x
] I i
0 ' i

01/03 2903 26/04 24/05 21/06 19/07 16/08 13/09 1110 0811 0812 03/01 31/01 2B/02 28/03 25/04 23/05 20/06 18/07

/92N27) Date
(20227

-4

F. Verhaeahe, Enqg. Int. 2022 — Wacauet & Lefebvr



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

Lad =
I Asterionellopsis_glacialis 100% [l Asterionellopsis_glacialis
X 4 B cerataulina_sp I I B Cerataulina_sp
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F. Verhaeahe Ena. Int. 2022 — Wacquet & Lefebvre (2022)




Flow Cytometry

Device: Pulse-Shape recording Flow Cytometer
Models: CytoSense/CytoSub
Trigger level: Red fluorescence set to 10mV

T

CytoSense

Training set

Training set: DYPHYRAD transect

Number of groups: 4 functional groups
(synechoccocus, pico- & nano-eukaryotes,
micro-phytoplankton) + 4 noise

Number of vignettes: 372 (~50/group)

Classifier: Random Forest (ntree = 500)

Cross-validation: 10 folds

0 500 1000 1500 2000 2500 3000




Flow cytometry — Intercomparison exercise’

Partners involved: CEFAS, CNRS-LOG, CNRS-MIO
Manual classification (CytoClus software): CEFAS, CNRS-LOG, CNRS-MIO
Automated classification (RclusTool package): CNRS-LOG

Scatterplot and density distribution
% common (black polygon)

Synechoqpccus Picoeukaryotes
/ o =~ S CEFAS CNRS-LOG CNRS-MIO  Automated
4. & |\
= =48 ‘\ Synechococcus | 98.73 91.71 95.14 96.65
3 B AN
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
22.0 =
g 850 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 A N T CEFAS CNRS-LOG CNRS-MIO  Automated
o ‘ =5 AN N CEFAS 1 0.95 0.94 0.89
5 g A
3 35 ( CNRS-LOG 1 0.97 0.91
el 2 B -
T €, CNRS-MOI 1 0.90
g? 3 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)

* Wacquet et al. « Comparison between automated analysis of flow cytometry data using RclusTool package and manual clustering for in vivo phytoplankton recognition ». In prep.



Flow cytometry - LifeWatch cruise

Scientific campaign for analysis of plankton diversity
(LifeWatch/JERICO-NEXT cruise, R/V “Simon Stevin”-VLIZ).
Period: 8th May-12th May, 2017
Area: North Sea
Ship: R/V « Simon Stevin » - VLIZ

25-

Total 0.88 <2e-16

VLIZ cruise 2017 VLIZ cruise 2017

Manual clustering - Software: CytoClus Algorithm: Random Forest - Training set: Channel (fir10)
___100- 100~
= =
5 s | Groups | _pabd | pvalue
(=] [=]
o 757 o 75 taxon Synecho 0.99 <2e-16
[} o]
O O . .
2 o | LE pico 0.84 <2e-16
2 50- 2 50- . Mano
3 x| B rico Nano 0.89 <2e-16
| j
2 2 L Micro 0.73 <2e-16
2 g
: - Total
[14] [13]
id i |

Spearman's rank
correlation coefficient

100 -
| ptfir| pvalue
75- Taxon Synecho 0.95 <2e-16
B wicro Pico 0.59 <2e-16
%07 =:Iaczo Nano 0.95 <2e-16
. | B Micro 0.81 <2e-16
Total 0.95 <2e-16

0

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

100-

75-

50-

25-

Relative TFLR per group (%)
Relative TFLR per group (%)

0-
mai 09 mai 10 mai 11 mai mai 09 mai 10 mai 11 mai 12

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



./\

€J5R|cos3 Specific training set combining optical shapes and image  ~ JERICG=
- Training set: DYPHYRAD transect (CNRS-LOG) QLR
Number of groups: 11 phyto + 2 noise (to be completed with more groups)
Number of vignettes: 319 (to be completed with more images, CytoSense limitation = 150 img/sample)
Classifier: Random Forest (ntree = 500)
Cross-validation: 10 folds

[ Functional traits ]

8000 10000

0.9 90

4000 6000

c. E z
i i EO.B sog
- s 0.3 30
g g mai 09 mai 10 mai 11 mai 12
alpha diversity
= i 0.08
- ——— & e 0.06
Guinardia spp. Thalassiosira spp. Ditylum spp. o l
0.04
Used for: - counting cells in colony 002
- computation of functional traits, -
diversity indices (MSFD), ...

beta diversity (LCBD)
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éJERICOsg Automated estimation of cells in colonies ~JERICG*

sssss - SERVICES - SUSTAINABILITY
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(flow cytometry signal shapes and images)

Today, for imaging-in-flow systems, 1 image = 1 particle = 1 cell
Some examples and results...

Proposed method

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

5000

4000

Manual: 4
Proposed: 6 Proposed: 4

Thalassiosira rotula

2000 3000

1000

i

0

0 o

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

1. Click 4 polygon vertices (subregion).

2. Click items and rightclick when done.

Close windows to end.

I o oam N W

Manual: 4
Proposed: 4

oo Manual: 13

Calibration of predictive models (one Proposed: 12

per taxonomic group) for the estimation
of the number of cells in colonies,
based on manual counts made on the
images classified in training sets.

Phaeocystis globosa

Algorithm: Linear Discriminant Analysis
24
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Combination of images and optical profiles

.....

Thalassionema nitzschioides

e e S T S P N s 8 1)

Ditylum brightwellii

M. Rvckman M.Sc. 2022 — G. Wacaguet unpubl.

Applying new CNN classification on CytoSense images

Pseudo-nitzschia sp.

Gyrodinium spirale

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 CytoSense images oymumbrfgmwem

Detonula pumila Guinardia striata

Pseudo-nltzschla Sp.

M. Rvckman M.Sc. 2022 — G. Wacaguet unpubl. Illzolsolema - Rhizolsoleniasp.  Thalassiosirasp.  Thalassionema nitzschioides



Applying new CNN classification on CytoSense images :
premilinary results

VGG16: Loss
VGG16: Accuracy = Traming Loss
1.00 4 e — icati
100 = SR validation Loss
gl 1%
0.9952 10 g ()
0.95 :
2.5 | 8
0.90 4 w
b
" g 201 g
3 0.8% L] 1.4402 = 9
B e
- 154 - - E ¥
4 0.8378 5 o
080 Z g2
1.0 4
0.75 as 4 -
—— oous
70+ 0o+ N 0.1% 02%
- -~ v s - o -
—r ~ - - — — —r o Q 2 D 10.0 1 0 17
a.0 2.5 50 .5 10.0 12.5 15.0 17.5 Epoct
Epoch

M. Ryckman M.Sc. 2022 — G. Wacquet unpubl.




Conclusions and perspectives

Conclusions

O Use of expert knowledge to “orientate” the automated methods
QO Integration of this knowledge at different levels
> Learning, constraints, validation, single-cell counts
Q Application on different datasets
> Imaging-in-flow system, automated flow cytometry
O Development of two R packages
> RClusTool, Zoolmage



Conclusions and perspectives

Conclusions

O Use of expert knowledge to “orientate” the automated methods
O Integration of this knowledge at different levels
> Learning, constraints, validation, single-cell counts
O Application on different datasets
> Imaging-in-flow system, automated flow cytometry
O Development of two R packages
> RclusTool, zooimage

Perspectives and ongoing work

O Application to other sensors and data acquisition systems
» ZooScan (for zooplankton), Fluorometers (for total chlorophyll or pigmentary groups...
O Optimization of training sets (specific to each geographical area)
O Use of deep learning to obtain more information from data
> Convolutional Neural Network, Recurrent Neural Network, ...
QO Combination of signal and image information
> for micro-phytoplankton with flow cytometry



R package « RClusTool »

Collaborative work between CNRS-LO6 and ULCO-LISIC
(DYMAPHY (INTERREG IV A « 2 Seas », JERICO-NEXT (H2020) &
MARCO (CPER HF)

Université \
. 2. I Laboratoire d'Informatique
de Lllle S Université Sw‘gndlElmdrgonuldlr‘Jt@d'ﬂpdlp
.'\,)c Littoral Cote d'Opale

R package « Zoolmage »

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

UMONS AL

Université de Mons

7 & Ifremer

Université
de Lille

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




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

QO B8 https;/fytoplankton.nl/ULCO-CNRS/Marel/phytoplankton_liveloc.shtml 7

Live Results Marel to image gallery (if available)

Marol_Pico_MAREL totalsALL-LY concentrationmi 1y 210" Marel_Pico MAREL totalALL-LT hardw concimt ) Marel_Pico_MAREL totalsALL-LY Total SWS HSim! be 230 Marel_Pico_MAREL totalsALL-LT Total FL Red HS/ent

'J WIM‘MM ' ' L’NM ,.WM& "MN Mm "VM»']&: MM

oy NN A W
2050-500
| e e oy | lagesy | e
50-100
——fted & & @ o ©
-
015 | 000 eemes semes seemes wmemes eeeee
o] o o o ]
@ ¢ W o @
@ o o o =)

Eudid VarClusDistincines s

g

g 8 g g g g ] g :
g g b s 5 g 8 g g
§ 8 8 § g 8 8 S 8

8 2 g Marel_phyiodatabeseDES txt

Easyclus Live web app. Instrument check; Unsupervised wlustering Totals per sample (abundance, chl a); Cluster plots;
Biodiversity indicators - EasyClus tool : Possibility to build a classifier to perform supervised analysis - Thomas Rutten Projects
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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 automated

classification)

ZooPhytolmage(U Mons-Ifremer-CNRS/LOG), RClusToolBox (LISIC/ULCO-CNRS/LOG), EasyClus (TRP),

EMODNET, SeaDataNet, EcoTaxa, other databases...

Exploration @
Filter: Samples=jerico201707a17 Project=UVP5 JERICO 2017

.ﬁ:E; 13
coTaxa
[ Dupdatevieweapplyiites UL ENIREP U BIEUNRAAS
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Automatic classification

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

Public exploration of

validated images across

oceans

Powerfull filters:

* Taxonomy

+ Date/time/month/Depth/sample...
* Annotators (experts)

* Random Forest
* Deep Learning (soon)

-
n .
-z . ]

LR I N |

POWERFUL manual annotation
*  >20000images / day !!!

* All operations recorded

* Explict validation



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

Ouvrir le menu
\ ]
J E I 2 IC O RI Sign up for newsletter... Sign Up finy O ‘ Log In ‘

j SCIENCE - SERVICES - SUSTAINABILITY

A About~ Transnational Access ¥ Virtual Access~ Data~ News Events Projects~ Contact

Home > Explore Virtual Access services

Explore Virtual Access services
EcoTaxa

e ‘:/‘ :"", EcoTaxa is a web application where users can (i) upload and host images of individual objects, (i) name them according to a universal
9 - taxonomy with the help of advanced machine learning algorithms, and (iii) export the resulting ecological data in standard and easy to use
iy S ‘ L€ formats, for scientific exploitation and dissemination. It is currently massively used for images collected by quantitative plankton imaging

instruments.

LISIC clusTools

Mawenzi is a tool center with R-packages and their RShiny graphical user interfaces for data interpretation, from data completion to data

prediction.

RClusTool: Clustering and Classification Tool, with Visualisation and Labelling Features. R-package and its GUI are well adapted to clustering,

insert expert knowledge in this clustering as label or pair constraints (these objects must be linked or not linked). Flow cytometry data with pulse signals and/or
features could be used with an image visualisation to help in the expert classification step. But it is generalised to any dataset with at least feature input. This package
is developed by LISIC-ULCO (Pierre-Alexandre Hébert, Emilie Poisson) in collaboration with CNRS-LOG (Luis Felipe Artigas).
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