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1. Executive Summary

Novel methods for automatadsituobservations of phytoplankton diversity productivity

This is a summarnythedactivities and reswfsIERICOIEXT Work Package 3 Innovations in Technology and
Methodolog¥ask 3. Automated platform for the observation of phytoplankton diversity in relation to ecosystel
servicesThe aim is to provégieadvanced repontthe lastevelopments dedichto the observation of the
phytoplankton diversity by applying novel techniques on automated platfomascarhedmauk in close
connection with task 4.1 Biodiversity of plankton, harmful algal blooms andTéhérppahivatioimvolved

inthese developmeate CNRS, SYKE, SMHI, HZG, RWS, VLIZa6&FASneBubcontractors in WP4,

task 4.1 are WHOI, Scanfjord AB, Tomas Rutten b.v., CytoBuoy baRPARd UGent

The worwascarried out mainly in the field with activities in SBeaBtlddattegsitagerrak, ti@eltic seas

English Chanfébrth Sea Area, the Western Mediterranean, as well as in shared studies with other WP3.4 a
WP4.4 in the Bay of Biscay and, out of Europe, in the Benguela Current. Instrumentiglatfiimosuisiclude
recordingFerryboxor assimilatedjystems omesearch vessels, on ships of oppertogitymented
oceanographic buoys/fixed platforms apaskedidystems.

Common implementations were carried out in some obsdioxgilogi@seomparison of sensamd some
techniquedn addition, work on developing and testing new algorithms have been carried out in offices &
laboratorieshfieanternational workshops have been successfully arranged, one in Wimereux, France (June 2C
T organised by CNR®G)one in Gothenburg, Sweden (September 2016, organisedty &MHN

Marseille (March 2018rganised by CNRS Mi@nnected to a EuroMarine workshop. Paesemted,
discussedvere able to inter compare the sensors aiggi¢giciive implemented in the {@ktborg) and

were trained to different automated analytical pranuedowéor automated flow cytometry, Marseille).

The work was divided into three sections but there is substaatial cvepeation. One example is that
reference samples analysed in the microscope were used for completing and/or evaluating the quality of so
the automated methods.

Imaging in flow and situimaging of plankton (led by SMHI)

The work inclubevaliating instruments and developing algorithms for automated identification of phytoplankic
automated image acquisition (in flowsity. Three different commercial instruments and one instrument
prototype were used. On the Swedish west coast (Skagérrakstudy of harmful algae and other
phytoplankton was carried out near a mussel farm. The Imaging Flow Cytoban widsdeplolected

samples at six different depths for approximately two months. In the English Channel tref old generatic
FlowCAM aral prototype system, HastCamyere used to analyse samples on research vessels or in the
laboratoA colour version of FlowCAM was used both during a cruise in tHeaBalj@E8atiegat (July

2017) as well as in coastal mogitoithe Baltic and the Chafmaltjdition, the CytoSense and Cyte8ub

used to collect imagefiow

Thein situvideo system UVP5 was implemented during a cruise in theSBadfior&i€attegatrea,

together with a new generation ofANbwiGaster acquisition and providing colour images and CytoSense.

A major task was to develop and evaluate plankton identification algorithrdgh&hiseneisdéset of

images of organisms for trainisgftdare toolExisting softwareaviemproved (as the PhytoZoolmage) and

an image data system/platform named EcoTaxa was described aadadahleéotlgtoring and cooperative
analysis/discrimination of plankton images.

Singlecell optical characterization (led by CEFAS)

Automated flow cytometers (FCM, CytoSense/CytoSub, Cytobuoy b.v.) were implementednon a Ferry lin
research vessednd a fixed platfotm investigate functional groups of phytoplankton. In the Western
Mediterranean the main targets were the paroplachkhe nanoplankton while in the other atemmpico

and microplankton were in focus. Several cruises were carried out in the Channel and North Sea to follow con
diatoms andhaeocystldloom development. A cruise covering the BaltiS8agesraKattegat area had

a main focus on cyanobacteria and dinoflagellates. Moreover, inter comparisons of machines and on clus
analysis methods were performed. Finally, a combination of FCipemtchl nflubrometer continuous
recording wasupled with physical and hydrological continuous measurements in the southern Bay of Biscay
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Bio-optical Instrumentation (led by SYKE)

Novel multvavelength fluorometers for detecting phycoerythrin indicative e.g. of certain cyanobacteria anc
cryptopytes were evaluated in the Baltic Sea. Multi wavelength fluorometers were also used in the Bengt
current, during the Gothenburg workshop, as welbastgf field cruises from the southern Bay of Biscay

to the E. Channel and North Sea, incodisgriminate amongst main phytoplankton pigmentary groups. The
manufacturersod6 algorithms were found to be part!/l
pigment composition. New dedicated fingerprints were used in fiefitowerklisorimination amongst
phytoplankton groups. A principle component analyses approach was also evaluated.

Single wavelength fluorometers were evaluated in several sea areas. Sun induced photoquenching had a ¢
effect on fluorescence yield. Maitte Sea and the Norwegian Sea multi spectral absorption was used to detect
chlorophyll and phytoplankton groups based on pigment content.

Variable fluorometers were implemented on both samples, continuous recording and profiles in the E. Chann
Noth Sea, as well as in the Baltic and Sk&gdteght, for studying photosynthetic parameters and potential
primary productivity. Recommendmtanade on the strategy and type of measurements to carry out.
Recenwork(since mid 201#) task 3.1

Sone field work was continued, espatitily Utd observatory in the Baltic Sea. The nelledetd/as
processetbgether with old dated used for improving the discrimination of phytoplankton taxa or functional
groups by inteomparison of tecluaisiand continued algorithm develegmunare described in the present
deliverable 3.Zcientific publication of results is in prédgsessial issue in the open access journal Diversity
(MPI) is being discussed. Some results and srapFggented during a symposium in Hannover, in October
2017 and during the FerryBox workshop on board the ship Colour Fantasy later dmdDict ¢l ryZEix7

meetings in 2018 and 2&E3ults evealso presented during the third JBEREKD workshop aitomated
planktobservatian Marseille in March 28i@ some analytical tools for flow cytometry were presented and
further directions as well as connections with modelling and remote sensing were discussed during the Eurol
meeting that followed. A special session wasiinglithe Internationaf€kence on Harmful Alg@eiA)n

Nantes in October 2018 namek presentations wengied out 2019 meetings (IMBER, OceanObs, etc.).

Main conclusions

1. The methods used are reliable for automated observation of phytoplartigtéiurGtidivarsi
groups, size classes, taxa when possible) anddmorpbsaenting manual methods for sampling
and microscope analyses.

2. Operating the equipment and interpreting the results still need a lot of knowledge and time. Ev
though some operatigorocedures can be established, the standardization of analytical and data
processing as well as data management need more development. The degree of automation val
depending on the method considered.

3. Imaging in flow andsitimaging provide me#orsidentifying and counting phytoplankton at the
genus or species level. ,Agonass based on cell volume of individual cells can be estimated.
Development of classifiers for automated identification of organisms is time consuming and requi
specifiskills on signal analysis anexamom

4, Flow cytometry has proven to be a useful tool for counting phytoplankton and for describing t
phytoplankton community adbasmd classes and functional groups. There was an agreement to
report the phytoplamktount in four groups for inter comparison pbypestscocc(sico
cyanobacteria), padkaryotic organisms, nanoplankton and microplankton.

5. Single and muitavelength fluorometry makes it possible to estimate phytoplankton biomass (at a
chloropylta basis) and to differentiate phytoplankton based on photosynthetic pigments. Sunligh
induced phetpenching is a problem for estimlalingphydlfrom fluorescence. For instruments
mounted buoys or vessels, night time data can be useé thernohizm.

6. Multwavelength absorption is a useful tool for estimatpipykh and is also useful for
discriminating between phytoplankton groups based on pigment content.
7. Variabldactivefluorescence is available for addressing phytoplankton physiology, photosynthetic

parameters ame couldestimate primary productivity on both contingausseloecording and
water column profiles, mediating careful coupling with otherleptiiat@odizemical analysis.

JERICENEXTWP3D3.2120819/5
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2. Introduction |

Phytoplankton forms the base of the marine food web. The number of falgioglaaisea have been

estimated to be ove000. All of them are primary producers but the ecological function bfake differen
variesMany species can not only utilize light as an energy source but also feed on ddoen@@ahsms.

species are harmful, e.g. producing phycotoxins that may accumulate in sea food and pose a threat to h
healthPhytoplankton vansize anshapethe size range is approximately 0.8 um to 0.5 mm. Colonies of cells
may be a few mm in size. Traditionally phytoplankton is monitored by collecting water samplesand analysing
manually using microscopy. This is a dabduauntensivanethod. The last few decades novel methodologies
have been developed to be able to process a much larger number of samples compared to microscopy and
it automated and autonoipolise novehethodologi@sclude optical methods and also aplkeiological

methods described in JERNERTdeliverable 3.7 Progress report after development of microbial and molecular
sensorsAn overview of curreathodss presented in tabl®émote sensing is outside the scope of-JERICO
NEXT.

The aim of ithreport is to describe results from JERMIOoithe developmemnd evaluatiaf novel
methodology for observing phytoplankton in situ. fhiheesaire approachesed

1. ImagingnFlowsystems (Imaging Fytometjy Describing the phytoplankton composition based on
morphology by imaging individual Redlsribing the plankton community imaging organisms and
colonies of cyanobacteria in the free water sitass

2. Singlecell optical analysis (Pulse siesjoedig Flow cytomelry Describing the phytoplankton
composition based on the fluorescence properties (pigment content) and scattering properties of indiv
cells

3. Bulk optical approaches (spdttraFluorescence or absorpt@niablactivefluoresence)i
describing the phytoplankton community based on bulk properties: fluorescence or absorption of a |:
number of cells. Multi wavelength approaches makes it possible to differentiate pigment groups
microalgaavhereas variable fluorimetryssgdrphotosynthetic parameters and potential productivity

Imaging flow

cytometry — _
Single cells — R
morphology of ~

Qrganisms

Flow cytometry
Single cells — f
fluorescence and ful
scattering

Fluorescence
and absorption
Flgment based
methods — bulk
properties

Figure 2.1. Overview of three methods for observing phytoplankton.
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Table2.1. Overview of methods for observing phytoplankton biomass, abundance and biodiversity. Not all met
are beingsed in JERIGMEXT

Biodiversity Biomass Functional Sample Level of Horizontal
estimates groups throughput | automation coverage
ght microscopy Good Good Good Low Low (automated Low
water sampling
Is available)
Fluorescence Medium Medium Medium-Good Low Low Low
microscopy
Electron microscopy RG0! Medium Low Very low Low Low

Flow cytometry Low-Medium Medium Good High Semi-automated  Medium
on research (Ferrybox)
vessels and/or
in fixed stations

Imaging flow Medium-Good  Medium- Good Medium Semi-automated  Medium
cytometry Good on research (FerryBox)

vessels and/or
in fixed stations
Gene probes Medium (only  Low-Medium  Medium Medium Semi-automated  Low-medium
a limited (ESP)
number of
species)
Barcoding Good Low Medium Medium Automated Low-medium
sampling an
preservation in
development
Chlorophyll a - Medium - Low- Low (automated  Low-Medium
analyses (water Medium water sampling
sampling) Is available)
HPLC-analysis of Low-medium Medium Medium Low Low (automated Low
photosytnhtetic (pigment water sampling
pigments groups) Is available)
In vivo fluorescence Low-Medium Medium Low-Medium High High High
methods based on
the fluorescence of
photosynthetic
pigments
Methods based on the RNV L) Medium Low-Medium High High Medium-high
absorbance of
photosynthetic
pigments
Satellite remote Very low Medium Low High High High (during
sensing (ocean cloud free
colour-reflectance of conditons)

photosynthetic
pigments

III IlIllIllH'lll
ReferenceJERICANEXTWP3D3.2120819/5
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3. Main report

3.1Imaging in flow and situimaging of plankton

Guillaume WacquetFelipe Artigg€NRS.OG) Bengt Karlsqi$MHI) Florent Cola& Alain Lefebvre
(IFREMERYachtel®ijkebodRWS)Lars Stemann(CNRS.OV)

3.1.10verview of methodology and instruments commercially available

3.1.1.1.Imaging FlowCytoBot (McLane Research Laborat@s)l

InstrumentThe Imaging FlowCytobot (IFCB) isiain antomated submers
imaging flow cytometer that generates high resolution (1380x1034 pix:
suspended particle$ ih o w, in the size range
dinoflagellates).

The mstrument continuously samples at a ratel aff B@a water per hour,

depending on the target population, it can generate on the order of
resolution images per hour.

IFCB uses a combination of flow cytometric and video technalogyget
fluorescence and light scattering from individual particles are measure
trigger targeted image acquisition; the optical and image data are then
the computer in real time, through an Ethernet communication.

Figure 3.1.The imaging FlowCytobot with the pressure proof housing removed.

Software.Collected images during continuous monitoring can be processed externally thanks to a spec

automated image classification soffwareach imaged particle, ~200 diffaramtefers are extracted.

Images can then be automatically classified to the genus or even species level with demonstrated acct

comparable to that of human experts (Olson and Sosik, 2007).

This software @pen source and developed in Matlab (lieedsd)nHowever, a Python version is in
development.

3.1.1.2.FlowCAM (Fluid Imaging Technologies)

Instrument.As for Imaging FlowCytobot and instn
developed by CytoBuoy, the FlowCAM combines
capabilities of different technologies: flow cytometr
microscopy and fluorescence detection. It can gene
resolution (1280x960 pixels) syagearticles-low, in the
size rangep@n to 20Q0m (depending on the combin
«maghnification/flow selised for the optical systenr
2X/60Qm, 4X/3Qm, 10X/1Q0n or 20X/106).

Figure 3.1.2. A benchtop version of the FlowCam. Tihereensarts available.

The sample introduced in the device is attracted by a peristaltic or a syringe pump into a flow cell (or flow che
with known dimensions, located in front of a microscope objective which is connected to a camera video.
Two modef detection can be useéldiggep or <Autolmage. For the first one, when a particle passes through

the laser, the scattering of laser light is measured and a value of fluorescence is calculated and compared

"1
JERICENEXTWP3D3.2120819/5
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fluorescence threshold valuge Wblitained value is higher, the camera is triggered to take an image. For the
«Autolmage mode, the particles in the field of view are imaged and captured at-dafagrdainteseal.
Principle of FlowCAM is illustrateduoeBFig3

Software« Visual SpreadSheés the software provided with Flow@Adsskntial for all the major aspects
of sample analysis: setup for data acquisition through the context settings, for controlling the device, managir
and setting preferences; dedaisition and ppsbcessing of collected data. For each particle, the software

provides a set of 26 image parameters.
2. Optics system
1. Fluid
Collimator (10X) M

Fresh or
fixed Syringe pump e nd
= _ o0

Flow Cell 300 ym or 100 um

a 4X or IOX

‘ I 3. Electronics

— Collage

Camera B&W
1280x960

rames/sec max = 22

v
——
\ ﬂ SpreadSheet
Data control € =
and acquisition —)( PC ﬁ @

Figure 3.1.3. Overview of the FlowCAM principle.

3.1.1.3.FastCAM prototype (IFREMERCM)

InstrumentThe FastCAM system is basedigh aesolution
Megapixels) and high speed camera allowing the acquis
frames per second. It digitizes 10 mL of sample wit
magnification within only 15 min (which is not possible w
generation of FlowCAM devices). Compadseyscale imag
with those obtained with the first generation of FlowCA
that this new system analyses samples much faster with

quality.Rigire3.14).
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Figure 3.1.4Thumbnails generated by the FastCAM during theNEXRRI®toplankton workshop in
Gothenborg, -3D September 2016.

An LED driven by a control box emits light pudses ofdsu r at i on. Light is inject
mm) optical fibre to homogenize the beam. Light out of the opticatdib#relflow cell. A 10X magnification
microscope objective associated with a tube lens images the organisms that circulate in the flow cell on a ca
The frame grabbing is synchronized with the LED emission. A pixel of the image cquraspbeds to 0.5
images are saved on the PC in real time thanks to a fast hard drive. Principle of FastCAMusellustrated on F
315

SoftwareFor the image acquisition, a specific software is developed in Visual Basic 12. A second softwi
developed in C ised for image processing. Thanks tavidteox MIL 2Olibrary, ~50 parameters are
computed on each image. These parameters then are used to classify images by applying existing classifit
tools, like Rlankton Identifie(Delphi and Tanagrarenmients) orZoolmage (R environment).

N
\f

(;7‘5
Cbjective lens

k8
Camera 340i/s Tube lens Microscope ) I : izagm
160mm  objective (x10) | Diaphragm £.0 (1mm)

[‘."* ___________ } _____ ,u..[:r_@_lq:

Condenser

1!
1

MO cuve
v

Matrox Peristaltic élﬁ :9.

) 3
acquisition card pump ="\ -

PCILE
:l LED controller J
Ethotret
-_

Figure 3.1.5. Overview of the FastCAM principle.

Camén
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InstrumentThe UVP5 images large plankton (equivalent spherical diamete
e m,; P i al.h 2008n Usually tmetazoans but also large unicellular or
colonies of those (diatom mats, rhizarians and prokaryotes such as ¢
colonies) (Biard et al., 2016; Guidi et al., 2012). The UVP5 sampling volul
0.5to 1 L anthages are recorded every 5 to 20 cm along vertical profiles, |
observed volume of3fana 100 m depth profile. Mounted on a CTD rosette
UVPS5 starts recording below méterseventually leading to an underestim
the quatification of objects just beneath the sea surface.

Figure 3.1.6. Thimderwater Vision Profiler UVP5

Softwarelmages produced by the UVP5 are extracted using the ZooProcess software. Image identificatiol
possible for object s 0008@ugng the BalticaSea chlifed. A ecagsiftad o t a | n
method is used to classify all organisrasRaitdom Forest classification. All images are checked using the
Ecotaxa web application (http://ecotafr.bisby experts to discriminate plankton (including cyanobacterial
colonies) from other plankton and detritus. Differences in shapeshntgressed to distinguish between
categories.

3.1.1.5.CytoSense and CytoSub instruments (CytoBuoy BNRS LOG, MIO, RWS

InstrumentEach particle intercepts a laser beam and the generated pul
optical properties (two scatters, up tdiubrescences) induced by the partic
recorded. Pulse shapes recording allow chains forming cells to be record
laser power and optimisation of sheath cleaning enable the re
Prochlorococcus

An imag# flow device recordtupas of preselected groups of cells, resolvin
its best above 20 em but able to
Particles are recorded above a defined threshold (scatter or fluore
phytoplankton cells are sgedrfrom nephotosynthetic particles thanks to th
autefluorescence. The CytoSense sensors are adaptable on ships of op
scientific vessels, whereas the submersible version (CytoSub) fits in fixe
buoys, running samplesifa subsampling dedicated system isolating sea v
a continuous flow of pumped sea water.

Figure 3.1.7. TGgtoSense.

SoftwareRecorded samples are analysed using dedicated software for manual and automatic clustering.
manual clustering, each particle is represented on two dimensional cytograms. The different cytograms ave
makes the manual clustering possible. CytoBuenyy did build its own manual clustering software (CytoClus).
However, today, CytoClus does not process images. It is why automated methods using images are in develo
for size calibration, species recognition in microphytoplankton, andgcétiscolounigis. These new
functionalities will be integrated to the RclusTool package (R environment) developed by the LISIC laborat
collaboration with CNRS LOG (ULCO).

T r
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3.1.1.6.ECOTAXA applicatidngtitut de la Mer de Villefraneimel Biological Station of Roscoff)

ECOTAXA is a web based application for collaborating on large pl:

ALECOTa xa datasets. Once the images collected, they can be uploaded and ¢

ECOTAXA server. Today, it is considered as the most imipovige
dataset of annotated plankton images.

ECOTAXA handles images of individual organisms, proposes identificationmasazgringalgorithms
developed in Python), and keeps all metadata associated with each image, from thikeafinaisition to
identification. However, the founding principles of ECOTAXA are that:

(1) the identification of organisms is collaborative, through the internet,

(i) every change is explicit and recorded in a robust relational database (including the simp
confirmain of a correct identification),

(iii) identifications are based on a universal taxonomy that allows to link the morphology of organis
with genomic information,

(iv) ECOTAXA can easily import image datasets from any instrument (UVP5, ZooSCAN, FlowCA
ZooCAM, HCS$JIS, IFCB, automated microscope, etc.).

The application already hosts30vmillion images of planktam 450 users in 105 instjtaresabout 30%
which have been verified by experts. It also uses classification tools to assist tgxunlamgst dddasdts:
«Random Forestand ©eep LearnimgShort overview of ECOTAXA is shownrerS8Hg

Public exploration of Powerfull filters: | Automatic classification POWERFUL manual annotation
validated images across « Taxonomy * Random Forest = >20000images / day I!!
oceans « Date/time/month/Depth/sample... * Deep Learning (soon) « Al operations recorded

= Annotators (experts) = Explict validation

W S~y
b IR
,w\A L,/-'s,-\ ke 1
S <
P v
£ 4 o g . .
—— R
ol
eyr—; > Srregres
f » @ —

Figure 3.1.&bove: Map showing the data coverage into ecotaxa. More than 1000 images of plankton a
observed at each of these locations. Below: Screenshots of the EcoTaxa application.
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3.1.1.7.Zoolmage software (University of Mons)

a «Zoolmageis asoftware developed by the University of Mons (
in collaboration with IFREMER, for image processing ar
a@ classificatiolitis a computassisted plankton image analysis sc
for predicting taxonomic identification of plankton satnpes & a
open source software bundled withakac ImageJ and R, statis

software.

It can be modified to meet the user requirements and constraints defined for monitoring networks and/or camg
and accommodate many different imaging $F@r@AM, FastCAM, CytoSense, etc.). The parameters
extracted from each image are used by a classification tool to automatically predict the taxonomic group and,
possible, the species the particles beleigg¢3.1.9

1. Images
rocessin

2. Learning

« Machine Leaming » algorithm
Classification method

Performances optimization

New sample

3. Recognition
and validation

|dentification based
On Mmeasures

Error
modeling

Figure 3.1.@verview of the classification process in Zoolmage.
Thanks to an ergonomic Graphical User Interface, it is possible to easily explore data through simple stat

descriptions (number of particles, number of samples, size distribution foretmyhviamafifation of
particles images in the sample and measurements table associated tBigaelBirhae (

Label nem ECD FIT_SaveX FIT SaveY FIT PixelW FIT Pixeld Distribubion de |a taille des particules
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05
= = / 193
- . | {
| AR B 2 ) B
~ [ « 0 E
- # :
AR B: D! 8 ] -
s - [ ’ . ®
BE N E EE

Figure 3.1.10. Examples of sample description tools in Zoolmage.

During the classification process in Zoolmage, it isopassigentextual samples in order to adapt the
training set, and consequently, the associated recognition tool, to the current sample to analyse. According

i 1" "1
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set of contextual samples selected, the active learning can lead to a sigmifioattieguadiction error,

and to a considerable time saving concerning the manual validation process for the error correction.
Intuitively, the contextual samples selection (which contain groups of particles already validated) can be bas
differencriteria: same geographical area, same peried\@g¢k, “ne month, ...), same digitization protocol,

etc. Once the selection done, the active learning process is run, and the groups in the initial training se
completed with the new parfiden these contextual samples. This adapted training set is then used for the
sample analysis. Classification results are then presented in terms of abundances, biovolumes and size spec
each taxonomic grokigufe 3.1.0)1

== AR.B25.2014-05-19.300A4X.01 ===
Echantillon contenant 3329 particules numérisées.

Id Abd Cerataulina Abd Ceratium furca+lineatum

1 AR.B25.2014-05-19.300A4X.01 /600 19¢c0e
Abd Ceratium_fusus Abd Chaetoceros_cf_curvisetus Abd Ciliophora

1 32300 11760 19366
Abd Dinophysis spp Abd Lepididinium mucous_shape Abd Prorccentrum_spp

1 118e9 11600 21500
Abd Scrippsiclla Abd Thalassiosira_spp Abd [other] Abd [total]

1 10208 22100 165200 3329060

Bio Cerataulina Bio Ceratium furca+lineatum Bio Ceratium fusus
1 241632 832570.3 1979526
Bio Chaetoceros_cf_curvisetus Bio Ciliophora Bio Dinophysis_spp
1 287478.1 556030.4 422519.9
Bio Lepididinium mucous_shape Bic Prorocentrum spp Bio Scrippsiella
1 548673.2 587245 242234.3
Bic Thalassiosira_spp Bio [other] Bio [total)
1 578554.5 5907560 12168014

Figure 3.1.1Example of analysis results for a sample in Zoolmage.

el "1
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Table 3.1 summarizes the main technical specifications of each imaging devices, but also the processing ané cisadifma¢iachsoftiliam.

. Size range | Sampling rate | Image size | Resolution | Magnification of Color Processing/Classification . - . Results
Device A - Environment Training set available A
(um) (mL/h) (pix) (um/pixel) lens module software validation
. North Sea (Skagerrak), t .
IFCB <10t0 150 15 1380x1034|  ~0.3 x10 no IFCB Image Analysis and Matlab/Python | Baltic Sea, US East coa " 2rial manu
Classification software validation
US West coast
Visual SpradSheet not defined no no I
108 1.3462 X4 Eastern English Chann| Partial manu
FlowCAM <10 to 2000 9 1280x960 05515 %10 no Zoolmage Ridava (20132014) validation
ZooProcess/Plankton Identifig Delphi/Java no Tot_al _manu
validation
Zoolmage R/Java no Pa_rtlall manu
validation
FastCAM 10 to 1000 54 2048x1088 0.5 x10 no Total
ZooProcess/Plankton Identifig Delphi/Java no ol manu
validation
ugotf :\?;Z’ Total manual
UVP5 >600 y 2048x2048 n/a n/a no Zooprocess/[ECOTAXA ImageJ/Python/postsgl Baltic sea (in 2018) validation (in
meter of water 2018)
column
CytoClus .NET/VisualBasic no no
CytoSense/Sub 520 361072 12801024 0.6 X11 no EasyClus Matlab no no
(old lIF system)
Eastern English Chann
RclusTool R (20162017) no
CytoClus .NET/VisualBasic no no
CytoSense/Sub
E I Matl
(new IIF system) >20 361097 | 1920x1200 03 x16 no asyClus atiab no no
Since 2017 _
Eastern English Chann
RclusTool R (2017) no
"1 R
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3.1.2Result§ developments, evaluations and experiences

3.1.2.1.Development of classifids an automated identification of plankton using the Imaging
Flow Cytobot SMHI

The Imaging FlowCytobot (IFCBeRgl.)2can be described as an underwater microscope. Ti
instrument was originally developed at Woods Hole Oceanographiti@étitution Q&A (Sosik and
Olsen, 2007 and Olsen and Sosilk 200@s been further developed since then and is availa
commercially from Mclane Inc. The main characteristics are TabtiBet im JERICNEXT an
instrument has been prowoglefHOI as part of subcontracting to SMHI. The IFCB is a true flow cytc
in the sense that sheath fluid is used to focus a very narrow flow of water sample water con
plankton organisms. A laser provides excitation light for chlesuemgefammd the emission triggers
a camera. Essentially every organism containing chlorophylipalsiankicmith phytoplankton prey
inside, is imaged. A sample of 5 mL results in several thousands of images, sampling every 25
a few maths results in millions of images.alitmsated image analysis is a requirement to work w
the data efficiently.

Figure 3.1.12. An automated underwater microscope, the Imaging FlowCytobot was used next
farm in Sweden August toligc 2016. An automated winch was used to move the instrument to di
depths. The collage of images to the right shows images collected using the IFCB illustrating <
phytoplankton observed.

A simplified description on the steps neeeegldp dnd use automated phytoplankton analyses using
IFCB are described imfei¢.1.13FCB images may be classified manually and/or automatically by a con
Both approaches are facilitated by a suite of open sourchabtiiTedfBvare (%oand Olson 2007;
https://github.com/hsosildificttysis) and have been applied to images collected during a deployment of
at a mussel aquaculture facility in Tangesund, Sweden. Manual annotation involves review and sorti
into a set oserdefined categories, typically representingpgepasielevel taxonomic groups. Computer
based classification applies a random forest based machine that is trained from sets of training i
image within these training sets is prdmeseetputer to determine cell boundaries and to numerically eva
a set of 237 features (length, width, orientation, etc.). The distribution of these feature attributes is «
class during construction of the random forest based classificegio®moe created, the random forest
classification machine assigns posterior probabilities of class affiliation to features extracted from ne
an IFCB data set. Classification decisions may be made by assigning images to the lulglssshaving
posterior probability or through application of probability thresholds that vary by class. The two appr:
tradeoffs with respected to error sources. The former approach tends to improve the probability that ¢

i "1 L o } R R
The JERIGD9 - ¢ LINE2SOU Aa TdzyRSR 0é UKS eSSy /
H2020 Framework Programnumder grant agreemenio. 654410 *

Project coordinator: Ifremer, France.
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a given class vii# detected but also increases rates of misclassification. Use of optimized thresholds
reduce misclassification rates but lowers the probability of cell detection. In practice, the perform
computer based classifier varies with thesahaheg attributes of a given population. Changes in cell siz
cooccurrence of highly similar species may lead to higher rates of misclassification or lower rates of
most cases, best practice is to combine the manual and congmerdudmsedso that changes in computer
based classifier performance can be evaluated through time.

> 1000000
images of
plankton

Ste_p 1 Acquisition of
In situ planktonimages
instrument

(IFCB ) used

4@

during field work

Training set

of images
Step 2 7 ™ 7 Quality estimate
Phytoplankton Manual Images of Number of
identification identification of identified Re-analyses of correct
specialist organisms in organisms used to training set identifications
needed training set produce classifiers False positives

False negatives

Step3 e N =
Analysisof the Classifiers used to ?esu.lts
whole data set — analyse the whole » pecies
final results set of images corﬁp(;smgn and
produced 9 y cell abundance

Figure 3.1.13. An overview of the steps needed for automated phytoplankton analyses using t
Flow Cytobot.

During the Tangesund study nexhtssel farm on the West coast of Sweden the IFCB was use
observe phytoplankton with a focus on harmful algae. A summary of the results related to the d
of automated classifiers for automated detection of phytoplankton is preséattidrnefehd lsege
data set of images was used for manual identification of the organism in the images. The organi:
(see Figre 3.1.DAwvere either very abundant or harmful algae. The classification works best if at |
images of an orgamiis used to produce the classifiers. This was reached for some of the ¢
organisms but not for all. It should be noted that a specialist in identifying the local phytoplankto
to correctly identify the organisms. The process of asegdsimgirads of images is time consuming
but when complete automated analysis is possible. The optimal score threshold for theevaluate
is shown in kige 3.1.140ne of the most abundant harmful algal bloom (HAB) organisms present \
dinothgellaté.ingulodinium polyed(sym.Gonyaulax polyedsn evaluation of the quality of the data
is presentdad Figure 3.1.idgether with the time series of the depth distribytadyeolrufrom mid
August to mdctober.
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manual vs. classifier; optimal score threshold

unclassified
cryptomonads
Torodinium robustum
Strombindium sp
Scrippciella CPX
RhizoPseudosolenia 350

Prorocentrum triestinum

Prorocentrum micans
Mesodinium rubrum
Lingulodinium polyedrum
Double cells

Dinophysis acuminata
Dinobryon sp

Dictyocha speculum 150
Dictyocha naked
Chaetoceros 100
Ceratium lineatum
Asterionellopsis glacialis

Alexandrium pseudogonyaulax

Figure 3.1.1Z&he graph illustrates the accuracy of automated identification of selected phyto
species using classifiers developed using the Tangesund data set. A higher value of optimal sco
i.e. closer to 500, indicates a more accurate detection.

= 4 Lingulodinium polyedrum
_EI ® Correct
£ 05 O  False pos.
8 *  False neg.
e 0
o
e,
0
O} ssoiiad (fmates o P T -
= - o elie eeelheaEo owe * 1cells mL”
"a [: _ Hal A ® [E T A 1
o 10 o e we s e o @ 10 cells mL
= B N O an e m O 100 cells mL™’
20 : :
01 Sep 01 Oct

Figure 3.1.15. An example of results using automated identification and quantification of a ha
during the Tangesund study in RBtlodinium polyedisna producer of yessotoxins that may
accumulate in shellfish. Upper panel: Biricddnce &f polyedruies estimated using the IFCB.
Lower panel: A time series of the cell abuntapofyefiruat six different depths.

i 1""1 "1
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3.1.2.2.FlowCANZoolmage training sSesENRS.OG, IFREMER

Material and methodsliving training set representataa@ch plankton community met in the Eaglisin
Channelvas built using samples taken throughout 2013 (in the frame of tRed¢idrEMERrieisd
RE"HWonitoring netws)riand 2014 (in the framé®fGNRS LOG DYPHYRAD trarSactplesvere
digitized using ai8 greyscale benchtop FlowWw&SMfor which the pump speed was set at 118ml.min
4X objective (40X over adepth flmeelhwas usad ara samplas verecrun iny
iAut ol mageo0 pabdiserodess, frommmavdneages rdtessing to statistical analysis, was
out using the ZoolmageébFpackage (Grosjean & Denis 2014).

A total of 3585 images were manually classified into 29 plankton groups. Moreover, insteadhgf manui
detritic particles and artefacts as it is commonly doret 62364872, we added twelve groups for floating
dark and light dead particles, bubbles, fibers, etc., tedhertintiynkton groups. Finally, 5154 images wer
sorted into 40 groprure 3.1.16 . From this training set, a cl
algorithm (Breiman 2001, Ferndadgadaet al.2014). Global error measured by using 10 folds cros
validation is thus equal to 25.89% for these groups.

50 um 50 um 50 pm ; 100 pm A '/
pa \ A
‘ fd‘ ~‘q -
S =
- |\
Odont.sinensis Centrales_spp Chaetoceros danicus Chaetoceros socialis Chaetoceros_spp

200 ym 100 ym

500m o0 5:1' um \
’,‘ \ \\'\\\\ * N

. \ -
<
. ‘“ -~
Dytylum Guinardia striata Guinardiasp. Thalassiosira rotula Asterionellopsis
brightwellii glacialis
il \ I
J . Pseudenitzscha - —
Thalassionema  Pleuro_Gyrosigma sp. Ceratium fusus Gyrodinium_spp
nitzschoides
C— — e mag0L
50 ym 20 1 50 ym
AR RR
\{""!-’:-'f'.‘:}?"s;'.‘.- ST
Protoperidinium  Prorocentrum micans  Phaeocystis globosa Ciliophora Copepoda

Figure 3.1.1dcxamplesf images in some taxonomic groups in the FlowCAM training set.
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Results.Abundancand error rates per group are presented i8.Tabiere, the most important errors
concern the phytoplankton gmaraispp, Ceratium fus@hdDinophysis acuminéigper than 70%).
However, these groups are represented in only a few,ifhagds8(B2ages respectively). In order to highligl
the groups for which particles are misclassified, a visual representation of the confusions betwee
proposed.

A confusion matrix is a square contingency table between the manualfigantifiestisorted in the training
set, and the automatic identification of these particles. All particles counted on the diagonal are corre
by the recognition tool, while errors are located off diagonal.

Table8.12. Abundanead error rates per group for the FlowCAM recognition tool built with Random Fol
red font indicates the species or genus for which the percentage of misclassification goes over 50%.

Taxa name Nb | Error % | Taxa name Nb | Error %
images images

PHYTOPLANKTON

Diatomophyceae Dinophyceae

Asterionellopsis glacialis 200 22 ] Ceratium fusus 6 100

Biddulphia sinensis 256 11.6 Ceratiumspp. 30 50

Chaetoceros curvisetum 71 47.9] Dinophysis acuminata 3 100

Chaetoceros danicus 38 7.9 | Gyrodiniumspp. 195 5.1

Chaetocerospp. 200 44 1 Prorocentrum micans 103 6.8

Centrales spp. 67 19.4] Protoperidiniumspp. 44 38.6

Dactyliosolen fragilissim. 158 13.9] Total nb of images 381

Ditylum brightwellii 200 41.5

Guinardia delicatula 54 62.9] ZOOPLANKTON

Guinardia flaccida 200 16.5] Ciliates 119 30.3

Guinardia striata 45 31.1§ Total nb of images 119

Lauderia Schroederella 19 421

Leptocylindrus danicus 200 13.5] DETRITIC

Nitzschia longissima 22 18.2 aggregates 200 62

Paralia spp. 32 81.2] black opaque particles 200 18.5

Pleuro-Gyrosigmaspp. 385 8.3 air bubbles 200 4

Pseudo_Nitzschispp. 200 9.5 ] clear particles 200 125

Rhizosolenia imbricata 200 13 | dark particles 200 55

Thalassionema nitzschoi 200 15§ drop particles 17 76.5

Thalassiosira rotula 135 36.3] fecal pellets 84 52.4

Total nb of images 2882 fibers 132 34.1
granular particles 38 42.1

Prymnesiophyceae long thin particles 200 50

Phaeocystis globosa 200 13.5] membranous particles 31 74.2

Total nb of images 200 short thin particles 70 71.4
Total nb of images 1572

JERICONEXTWP3D3.2, April 2019*.*
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Actual // Predicted

aggregates 01
% gd rk 02

_thin 03
shofi_thin 04
T. nltzschmldes 05
A glacialis 06
C.curvisetumn 07
B sinensis 08
black_opaque 09
drop 10
clear 11
globosa 12
membranous
fiber 14
G.striata
auderia Schroederella
ubble
Centrales_spp
Ceratium_spp
N longissima 20
Ciliophora_big 21
granular 22
D acuminata 23
C.danicus 24
C fusus
fecal_pellets 26
P.micans 27
Gflaccida 28
T.rotula 29
Gyrodinium_spp 30
Protoperidinium_spp 31
2seudo-Nitzschia_spp 32
L.danicus 33
R.imbricata 34
D fragilissimus 35
G.delicatula 36
Chaetoceros splp
D. brl hﬁNe
Paralia_spp 39
Pleuro Gyro spp 40

lon

13
15
16
17
18
19

Figure 3.1.17. Confusion matrix associated to the FlowCAM recognition tool built with Random Fore:

Figure 3.1.13hows that particles of the different detritic groups (aggregates, dark, long_thin, short_thir

JERICO-NEXT
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most important confusions. For phytoplankton groups, the highest confusions coitelagsonsasof

nitzschoidessterionellopgitacialimndChaetoceragurvisetunThese confusions can be explained by the

morphological similarity of the colonies of these species (whereas cells are different in shape).

3.1.2.3.CytoSense training SeENRS LOG
Material and methodBo build a training set based on images, we focusegbloytoplarkton particles.

Indeed, with the CytoSense device, and in order to have high resolution and high recognizable parti

only large particlgsreimaged.

A living traimg set representative of each-phigtoplankton community met in the Eagjish Channel
was built using samples taken throughout 2016 and 2017 in the frame ofRbgitilRENIERe@isd
REPHWIonitoring netweiSRNREPHY the CNRBOG DFHYRAD transect and the SGBNRBE INSU

observatorysamples were digitized using a CytoSense device, for which the trigger channel was set ¢
Fluorescence with a threshold equal to 15mV. The training set building was carridRclogTasing the

package.

A total of 482 images were manually classified into 15 planiaprgrdupdg From this training set, a

classifier

wa s

train

ed usi

ng

error masured by using 10 folds aeradation is thus equal to 26.76% for these groups.
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Dytilum brightwellii
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Asterionel. glacialis

Thal. nitzschoides
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Chaetoceros danicus Chaetoceros socialis Chaetoceros_spp

Thalassiosira rotula

é

Figure 3.1.18. Examples of images in some taxonomic groups in the CytoSense training set.

Results.Abundancand error rates per group are presented ir8.Tabl€he phytoplankton groups
Asterionellopsis glaciBlitylum brightwellii, Guinardia atr@&ophysis acumirtzdae the most important
errors (equal to 100%). However, these groups armgeceomesely a few images (3, 4, 9 and 2 image:
respectively). In order to highlight the groups for which particles are misclassified, a visual represer
confusions between groups is proposed.

Table3.13. Abundances and error rates perfgraog CytoSense recognition tool built with Random Fort
The red font indicates the species or genus for which the percentage of misclassification goes over -

Taxa name Nb | Error % | Taxa name Nb | Error %
images imac_;es

PHYTOPLANKTON

Diatomophyceae Dinophyceae

Asterionellopsis glacialis 11 72.2} Dinophysis acuminata 2 100

Biddulphia sinensis 3 100§ Total nb of images 2 5.1

Chaetoceros danicus 22 18.2

Chaetoceros socialis 82 32.9] ZOOPLANKTON

Chaetocerospp. 114 15.8] Ciliates 7 85.7

Centrales spp. 5 60 j Total nb of images 7

Ditylum brightwellii 4 100

Guinardia striata 9 100

Guinardia_spp 29 93.1

Nitzschia longissima 72 1.4

Skeletonema costatum 21 0

Thalassionema nitzschoig 80 16.2

Thalassiosirarotula 21 19

Total nb of images 473

Figure 3.1.18hows that the highest confusions concern paBidlesrdit._spp, Chaetoceros sacidlis
Chaetoceros_sprkhese confusions can be explained by the proximity of optical properties for these t:
groups (whereas amplitudes and lengths can differ, aBigirev@lirg0

ReferenceJERICANEXTWP3D3.2, April 2019*.*
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Actual // Predicted 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15

Guinardia_spp 01 2 .. 01
C.socialis 02 .. 02
Chaetoceros_spp 03 .. 1 1 1 03
M.longissima 04 . 1 04

T.nitzschioides 05 4 3 4 . 1 1 05
C.danicus 06 3 1 18 06
Centrales_spp 07 1 1 2 1 o7
Ciliophora 08 1 2 1 1 1 1 08
Dinophysis_spp 09 2 09
A.glacialis 10 1 1 2 1 3 2 1 10
D.brightwellii 11 2 2 11
S.costatum 12 . 12

G striata 13 5 2 2 13
B.sinensis 14 1 2 14
T.rotula 15 1 2 1 17 15

01 02 03 04 05 06 07 08 09 10 11 12 13 14 15

Figure 3.1.19. Confusion matrix associated to the CytoSense recognitionitowitbu
Random Forest.
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Guinardia spp Chaetoceros spp Chaetoceros socialis
Figure 3.1.20. Cytometric profiles of taxonomic groups presenting high confusions.

Perspectives for FlowCAM and CytoSense training sets

The recognition performances BIolw€ AM and CytoSense classifiers are often associated to the num
images in each taxonomic groups of their respective training sets. So, in order to improve the recogr
several aspects must be considered:

1 Evenif some groups have argoognition score with a low number of images, in all cases, a signi
improvement of recognition performances can be observed when the number of images pe
important (upper than 100). However, this threshold can be higher when dievar@ipifitagfic
particles is important (particularly for colonial diatoms).

1 Ideally, the number of images between groups must be equivalent. Indeed, the groups with
number of images are also the groups with the better recognitieenratésatitree number of
images give proportionally more weight to a group, according to the classification by the machi
algorithm.

1 The detritic particles are often a source of important confusion wittethplamdtin particles. It
is hus essential to carefully define these groups.
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3.1.2.4.FastCAM deploymenFREMER

The FastCAM was deployed during a technological campaign in Brest bay and Iroise sea (IPARO
participatéalso to theERICENEXT Phytoplankton worksheptirenborg 2016. Asutomatdsampling

unit wsplanned tdesignedne ainbeingf maingfully automedanalysis from a seawater inlet. The module
was supposed to the process from the sample injection to the taxonomic classificatjmerateithout
However, as FlowCAM has in parallel developed new machines allowing a much faster image acq
accurate focus of particles), then the continuity of the development of the FastCAM is being reconsic

3.1.2.5.UVP5 deploymen€NRS LOV

The WP5 was used during the Swedish monitoring cruise (SMHI) on the R/V Aranda from Helsinki
Fjord (and return) in July 2Bitgir¢ 3.1.21 28 profiles from surface to 335 m depth were performed (
failed), we extracted 70000 vignettes &Ptk lowered. First results show that bacterial filaments cal
detected in the upper 20m depth at stations only in the Baltic sea. The vignettes were uploaded on E(
are now available for further sorting to build a training set for exietpreengagion (based on a Random
Forest algorithm).

a
E

€& (@ ecotxaobs-vifr.fripoct, 0 ex ¢ ecotaxa » |15

(@) Les pius visites ¥ CcogieMaps & My Drive - Google - ([ informations (3 Divers [ Recherche-travail [ Maison () TARA (5] UPMC et LOV (] AdminMasterUPMC

EcoTaxa PARTICLE module @

iamgle flsees

e —
= e AT b 15
Fla5Em

Figure 3.1.2(A) Aranda ship during the JERE2Q cruise in the Baltic Sea (July 2017) and UVP*
on the CTD rosette. (B) Three vignettes ftovPEef three type of cyanobacterial colonies (
Aphanizomenon, Dolichosperieaio)aria). All validated images are on ECOpAXAotaxa.cds . fr
(direct link to JERHREXT, http://ecotaxa-c
vit.fr/lexplore/?taxo=&taxochild=1&ipp=1000&zoom=80&magenabled=0&MapN=60.9025&M
pPE=27.9292&MapS=53.0727&samples=&instrum=&projid=).

i Rl | i "1
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3.1.3Conclusions anetommendatiofts the use afitomatemnage acquisitianalysis

The ifflow oin situmagingnstruments applied ERICQEXThave different optical and fluidic characteristics
which lead to various results in terms of image remamifaation/size of particles analysed) and
measurements (featurédh. a t Gsgecifie tiayningts are built for each instrument. However, some int
comparison and irtalibration exercistarted to be operated in the field and laboratory and will need t
continueth order tbetter defindne acquisition capacity of each device arerdperatiility of available
training sets.

3.1.4 Analytical improvements
3.1.4.1. Adaptive learning (FlowCAM da@)NRS LOG

During the classification process with Zoolmage, it is possibladagtusk samples in order to adapt the
training set, and consequtrgbssociatetecognition toabthe currergtudied samplBepending on the

set of contextual samples seledapti\aearning can lead to a significant redfiptiedictiorrrors, and
considerable time savings during the manual validation process for error correction.

Intuitively, the selection of contextual samples (which contain groups of particles already validated) c
on different criteria: same geograpi@aalsame period- @rie week, -+6ne month, ...), same protocol
digitization, etc. Once the selectiongghe active learning process is started, and the groups in the il
traininget are completed with the new particles from tlualcantpbes, in ordergioe a more important
weight to the target grolipss adapted trairsagis then uséalbuild an adapted recognitidiotaaimpie
classification

In the frame of the analysis of the CAMANOGutidseiplinary campdigm16th Septembier 12th
OctobeR014 in the Channel, aboardRhé «Thalassa # - IFREMERone sampleas selected every 2
days, then manually and fully validated, and finally added to the training set for the analysis of the sg
twonext days.

-4 2 o

Figure 3.1.22. Sampling stations during CA8ANOE 2014)ruise.

The temporal distribution of the different groups during the campaign was computed and is presented
3.1.23The Western English Channel is mainly ochaddoyehigh abundamigeseudanitzschi@with a peak

at 7400 particlesdn September 21thaetocerdsvith a peak at 5900 particles September 22nd) and
Guinardiéwith a peak at 4800 particlesy September 22nd) genera. For the Central English Channel
dominant observed groupsPaoeocentrurfwith a peak at 6700 particleen September 27th) and
Phaeocyst(svith a peak at 5900 particles September 28th) genera. Hotheviaghest abundance were
recorded in tiBay of Seinkeptocylindriwith a peak at 24300 parti¢les October 09tRkeudamitzschia

(with a peak at 17000 partiéles October 09tlhaetocerdsvith a peak at 13100 partiéles October
09th) an@rorocentru(with a peak at 10500 parti¢les October 12th) genera mainly make up the observ:
phytoplankton community.
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Group
600001 Asterionellopsis glacialis Nitzschia longissima
Centrales_spp Odontella_spp
M Ceratium_spp M Paralia_spp
M Chaetoceros_spp Phaeocystis globosa
Dactyliosolen fragilissimus  Pleurosigma_Gyrosigma_spp
Dinophysis_spp Prorocentrum micans
= B Dytilum brightwell Protoperidinium_spp
40000 Guinardia_spp Pseudo-Nitzschia_spp

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

2 5a0GSN I Sy G N
20000+ oy At A« 9)/3f_7\

sept. 22 sept. 29 oct. 06 oct. 13

Figure 3.1.23. Temporal distribuptnytofplankt@roups during the CAMANOC cruise.

Abundances per group (particles/L)

3.1.4.2. Automated estimation thle number of cells in colonieSNRS LOG

Imagingnflow systems do not distinguishfeooe a colony. However, although colonies largely contribut
total biomass amthnual productivity, all abundance and biomass estimators are mainly calibratec
abundance in terms of cells per unit volume.

The proposed method consists inchaitdircalibrating predictive models for the automated estimation ¢
number of cells per colony, based on the manual counts made by an expert on the particles of the tre
help the expert in its counting task, a visual and interasthvestiodlidvaeloped. The method involves markin
each identified cell with a simple mouse click.

The main objective of this work is to define and calibrate (from features extracted from images for tt
or from optical profiles for the CytoSensestuisjieal model for the estimation of the number of cells
colony, specific to each taxonomic group with ecological interest. For this, different statistical tools w
tested: linear and nonlinear regressions, estimation of theyalégiosorgaregalidation, etc.

Interactive tool for manual counting
This tool was developed with R. It consists in:
w Displaying image of the particle (and optical profile for flow cytometry), taxonomic group in t
set, and some parametemssomed (for instance, length, width, etc.
w Counting manually (with simple mouse click) the numivethef celdg Thisenumeraticzan be
made by marking ALL cells in the colony, or etetingsirgionof the colony followed by an
extrapolation of the result.

Once these two steps done, a new input is automatically created in the training set for each particle.
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Calibration of predictive models

JERICO-NEXT

Methodolo
Totalenumeration

1 Count all cells in the imhgesimple
mouse cligkereabouB6 cells).

OR

1. Partialenumeration
1 Define a sutegion in the image.
1 Count all cells in thistsdion by simp
mouse click (here, 2 cells).

2. Binarzethe image arapplymorphological
transformations

3. Compute theumber of pixels of interest
thesubregion(here, equal to 270 pixels),
in the wholmageghere, equal to 5157 pix

4. Extrapoé

2 cellules
———  « 5157 pixels = 38.2 cellules
270 pixels

Four colonial species were selected in the training set of the CytoSense, and one specie in the traini
FlowCam (Tal8€l.4. For each species, the cells on each image were counted thanks to the tool pres

the previous section.

Table3.1.4 Number of images and number of cells manually countstiifbeedpebies

Instrument | Species Nb images Total number of cells count
CytoSense | Chaetoceros socialis 82 9980
CytoSense | Chaetoceros spp 114 851
CytoSense | Thalassionenmitzschoides 71 428
CytoSense | Thalassiosira rotula 37 199
Flow@m Phaeocystis globosa 39 4895

The performances of the predictive methods are comparedliofatinosgfolds)on linear and Hinear

regression models:
i LM: Linear idd,
9 LDA Linear Discriminant Analysis

i """ "1
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1 MDA Mixture Discriminant Anallisesainof this technigigeto model each class by a mixture of
two or more Gaussian components with different centroids, but with each Gaussian-compol
and inteclasses) shagithe same covariance matrig.allows to define more complex frontiers

Thanks to the crasdidation process, it is possible to evaluate the recognition rates of the different p
methods, and in particular the percentage of the totaf nahsbpredicted over the total number of cell
counted manually.

Table3.1.5Percentagesf the total number of cells predicted over the total numinenobtgbsintedfor
each studied species and for each predictive method

Instrument Species R2 LM LDA MDA
CytoSense Chaetoceros socialis 0.72 90.49 104.72 101.24
CytoSense Chaetoceros_spp 0.64 96.94 98.24 99.29
CytoSense Thalassionema nitzschoides 0.88 98.13 99.77 99.77
CytoSense Thalassiosira rotula 1.00 100.00 100.00 100.00
FlowCAM Phaeocystis globosa 0.93 93.81 X X

The results presented in Tabléshow that the MDA method provides the best recognition rates for all s|
acquired with the CytoSense instriimetite FlowCam, télding of theredictive model Ritaeocystis
globosavas posble only with the LM method, because for the two othe(LDAttzods MDAhe
enumeration of additional images is required

Examples Application on new images

1 Aﬁa
L 4
| [¥458 Manubk 8
T
Proposed methodVIDA : 8
= m
OI 5‘0 1!;0 VS‘O 2‘;0
Thalassionema nitzschoides
Manal: 7
Proposed methodVIDA : 6
OI 5‘0 100 150 2(;0
Thalassionema nitzschoides

I II L I | I L L I
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Manubk 13
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Proposed method M : 218

. !-.-:

Phaeocystis globosa
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3.2. Singlecell optical characterization

Véronigue Créa@EFAS)Guillaume Wacquet, Arrlaauthar& Felipe Artigd€NRS.OG) Melilotus
Thysser& Gérald Grégori (CNRS) Machteld Rijkeboer & Arnold Veen (RWS), De Bldh¢wdg),
RuttefTRP)

3.2.1Short overview of methodology and instruments commercially available

Flow cytometry was &pgilied to oceanographic data collection in the 1980s (Yentsch & Yentsch 197¢
et al. 1983) and was quickly adopted as a valid technique for the analysis of marine microbes (Olson
It is now considered amongst the methods of cepioddiciie measurements of phytoplankton abundan
and community structure (Collier 2000). As research activity at this time centred on explorat
picophytoplankton, this new technology soon yielded advances in this field (Li & Woad 1988) Olson
In 1994, flow cytometry was then responsible for discovering the smallest eukaryote identifie
Ostreococcus tab@i(Courties et al. 1994). Since thensehef flow cytometry to study the phytoplanktol
diversity and biomass inesasot only focusing on small cells but all the PhytoplanktorGFaunusional
(PR5). By providing large volumes of comparative data on the abundance and dis@jtibhdaaatfrat iR~

has enhanced understanding of the seasonafrgetesnd microphytoplankton. It has also provided a to
with which to begin assembling the same depth of knowledge about the picophytoplankton. Ho
technique is not without limitations. Problems arise when multiple species poss¢shaiatlaeriopts,

or when a single species displays a wide range, e.g. cells which are liable to clump or form chains
(Jonker et al. 2000). The vast diversity within and between phytoplankton groups can create issues
taxonomic raging to flow cytometric output alone (Veldhuis and Kraay 2004). It should also be notec
cytometry only provides a snapshot of community diversity. The information gained by analysis of a s
is enough to give an indication of phstamplaommunity composition, but cannot be extrapolated t
population census (Li 2009). The results provided by flow cytometry will also be weighted significantl
the piceand nanophytoplankton. This bias is unavoidable, as thesesmalbiehsimerically dominant
within the phytoplankton. To attain a more statistically equivalent balanGegrebterevoRfmes of water
samples need to be analysed in order to counteract lower numbers of large cells in natural &semblac
Problems are also encountered when natural populations occasionally produce parameters whict
accurately measured by flow cytometry. Some cells cause light scatter beyond the range measur
instrument, e.g. extremely large orlbigtegdent cells cause saturation of the light sensors. Others suffe
converse; electronic detectors may not be sensitive enough to capture very small quantities of light
fluorescence (Li, 2009). In efforts to counteract these isgt@magtigvhas undergone many improvement:
and refinements since its inception for marine use. Instruments have become increasingly sophisi
broader detection ranges and greater sensitivity to morphological features (Dubelaar av@@leuigzen 2(
and Kraay 2000; Dubelaar et al., 2004). With certain types of flow cytometer, it is now possible to acqt
of each particle analysed (Campbell et al. 2010), or sort them into groups based on size or optice
(Zubkov et al. 2008ome models are automated, and capable of continuous analysis whilst submerg
water for weeks at a time (Thyssen et al. 2009); whereas others are equipped with multiple lasers
investigation of multiple pigment fluorescence (Kakano 006). Machines are now available with a ran
of specifications, dependent on the target population: some focus on a narrow size range (e.g. the /
Micro, the Accuri C6 or the BD FACSCalibur), whilst more generalist machinesspaooess paatige
size range (Cytobuoy CytoSense).

The CytoSense and CytoSub (CytoBuoy) is a flow cytometer dedicated to the detection of phytoplank
colonies (from 1um to 800um width). Its development has bedgirfalhded 1992 byuropean grant
(MAS20001:199995). Twenty years later, the Cytosense/€yfitsSllithe characteristics described in the
aims of the project. It is afusedly flow cytometer for phytoplankton analysis with a large dynamic rang
an increas discrimination level by incorporating pulse shape analysis, light diffraction measuremel
video imagiagflow of a selected group of individual particles, and with the posisibildgraffmation of
PFGwith the aid of sophistitateteanalysis tools of cells for routine shipboard analysis and a-opodular ¢
of the instrument with a high degree of ease of deployment and operation. The CytoSense (benchtoj
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records the entire pulse shape of the particles flowing &nléser beam (blue, green and red lasers ar
available, single and two lasers configurations). The sample is collected and sent to the optical unit
calibrated peristaltic pump, with a speed controlled by the operator. The sategl®ysassieath fluid
generating a hydtgnamical focusing in order to separate each particle at a flow rate decided by the u:
particle intercepts a laser beam and the generated pulse shape of optical properties (two scatters,
fluoresences) induced by the particle are recorded. Pulse shapes recording allow chains forming
recorded. An image in flow device records pictures of preselected groups of cells, resolving cells at it
20 em but is @bl & tean dcelaldesc t( api cltouw erses ol ut i ¢
threshold (scatter or fluorescence) and phytoplankton cells are separptentdsynthetit particles by
their red auftuorescence. The CytoSense sensors can be usedfoopglaganity and scientific vessels
and connected to other instruments such as a FerryBox, whereas the submersible version (CytoSuk
stations and buoys, running samples from a subsampling dedicated system isolating sea veater from
flow of pumped sea water. The Cytosense/CytoSub runs automatically and can be remotely controlle
as frequently as the operator wants according to the protocol reaching kilometer scales resolution of p
distribution by its higlyfiency. Principle of automated flow cytometry is illustrated on Figure 3.2.1.

Cytometer Optical system
Image for each
l cell>20um

diffusion and

fluorescence for

each particle

— I N

: ~
AN
’é@

Figure 3.2.1. Overview of the flow cytometry principle.

Cytogram

Several studies revealed flow cytometer as a powerful tool to count and discriminate the species. So
optical profile which is composed by scattering and fluorescence signals are integrated to clustering
increase the capabilitysairgnination. Two optical properties concern the scattering: the forward scatter
sideward scatter. Moreover, three fluorescence signals can be used: red, orange and yellow fluore:
arrangement of these five signals and their feateresag@edh on tdonensional plots (i.e. cytograms).

In the North Sea and the English Channel, many publications focused on the spring season espe
Phaeocystis glob@sal diatoms blooms. In different studies (Bonato et al., 2015;i20261 Guikriliez

et al.,, 2012; Ruttenal, 2005), the CytoSense was able to disciinasaieystis globasacording to
different single cell states as well as colonies (Figure 3.2.2).
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Figure 3.2.2. Discriminati®maéocystis globagaupdrom a culture. G1, G2 and G3 groups were single
cells and colonies clusters were composed by G1 cells bulk (Guiselin, 2010).

Cells forming colonies were an association of single cells and thus showed high red fluorescence si
biggest size. Moreover, three single cells were discriminated. The G1 group corresponded to the bi
cells (i.e. between 3.5 and 9wit)the highest fluorescence content per cell. Finally, the G2 and G3 ¢
showed approximately the same size (G2: 3 to 6 um and G3: 1.5 to 4.5 um) but G2 was characterizec
fluorescence content than G3.

3.2.2Results and discussidavelopmestevaluations and experiences

In recent years, improvements in data acquisition procedures have been carried out to reflect the hi
of data composition. However, these acquisition and digitization techniques, including tipogse concer
shape recordinglow cytometry, still generate an important quantity of data which cannot be easily p
manually. If within these data, we are sure to have the most complete and useful information, this infc
be lost due to the largaoant of data. In this way, automated classification is usually carried out ft
exploration and structuring in order to extract useful information.

For this purpose, analytical tools were and are being built to allow greater automagisnHiowaisegnaly
classification context is directly associated to the available prior knowledge. Indeed, depending on the
information, it is possible to distinguish three contexts:

Unsupervised classificatiomhich can be defined as an egpyoaatlysis of the data structure. No additione
information other than the data themselves, are provided to the classification algorithms. The aim is
the data into clusters, such as particles in a cluster are similar and partidedifierienigoigsters are
different.

Supervised classificatipfor which prior knowledge are available as sets of labelled particles, allowing t
the relationship between particles and classes. This training set is used to create dezigiteswids. The
be then used to determinate the class of a new patrticle.

Semisupervised classificatiorwhich is an intermediary solution between unsupervised and supet
context, and for which the data are partially labelled.
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3.2.2.1. Description of clusterirtgols
Manual clustering with CytoClu&ltoBuoy, The Netherlands)

Each particle passing through the laser is analysed by the photomultiplier of the flow cytometer. Five
are obtained (forward scatter, sideward scatter, red fluorescehmeescange ind yellow fluorescence).
They define the optical profile of the particle and they are recorded and stored by the flow cytometer.
software designed by the Cytobuoy company is required to perform the manual clusteringacytoClus
parameter, CytoClus®© calculate nine traits (+ Time of flight):

LengthThe raw length is determined from the time of flight between the crossings of the 50% of
threshold. This raw length is subsequently corrected by applying aveombitiomas been determined
from physical considerations combined with measurements

Total The total is simply the detector value at each data point summed over the length of the particle

Maximumirhis is the maximum detector value occurring lelogidy thiethe particle as it passes through the
detector unit.

AverageThe average is equal to the total divided by the number of data points, thus removing ti
dependence of the total fluorescence.

InertiaThe inertia is defined as the setamédnt of the pulse form.

Centre of gravifjhe centre of gravity is found by dividing the first moment of the pulse shape by the tc
Fill factoiGives an indication of the solidity of the pulse shape.

Asymmetryives an indication ofitbibution of the signal over the particle length.

Number of cellSives an indication of the number of cells in particle. The algorithm works by moving ¢
pulse and counting the sign changes. If the difference in value between ch&agottiamjdw is greater
than 75% of the signal extreme value, this is seen as one signal peak.

Time OFlight Signal length based on where the signal is above the set trigger level

General case for clustering:

A twedimensional plot (i.e. cytogalilowys the operator discriminating particles with the same charactel
(traits and parameters). Each axis is characterized by one parameter and one trait or two of each ir
ratio calculation. The maximum combination is [(5 paranetsys+* ] *2 = 92 combinations (i.e.
cytograms). A particle viewer window helps recognizing similar particles. Particles with similar charact
form bulks weléfined from others. When a bulk is identified, the operator has tordtend amghteeates

a set. Several choices are proposed for this:

Rectangl®raw a rectangle by clicking one corner and then clicking at the opposite corner
PolygorDraw a polygon by clicking consecutive points and close by clicking near to the first one

Ellipsean ellipse is defined by its two axes; first click the centre of the ellipse and then click to define
and finally click to define the second axis and complete the ellipse.

This step ends the manual clustering for one fithe UpaEmator can export the results in CSV format
Matlabd@ile.

B ar
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Figure 3.2.3. The use of multiple combinations is very useful and sometimes the operator can discrim
groups in one plot that could not be seen in one other. In the above figure, the first combination (T
scatter vs. Total FLR) tgjgtd only one blue group. A second combination (Total forward scatter vs. Tof
highlights two groups in the blue one. The two optical profiles, below the cytograms, reveal the differ
Left: with high yellow and orange contentSigretdm®cocsgp. group; right: with a small size but higher re
fluorescence content, it is a picoeukaryote group.

Batchprocess mode:

For large raglata sets (particularly data from the same area or with very similar pafiides$ s inatib
canbe used. It processes the files by using the same gates. If there are changes between files, the ¢
resume the analysis and redefine the gates.

Several outputs can be getting from @ytoclus

Quantities and concentrations

Sums of total fluoresme per set

Average properties of the active set

Listmode particle data

Raw particle data

Additional features:

Some machines have an l+mffmyv system which has the capability of taking targeted pictures. The
area is defined according to angdetselection on a cytogram. The association of pictures and optical prc
the targeted selection can revegteups in one cluster.

RclusTodi package (LISIBLC@AL.OGCNRSFrance)

The RClusTéa a toolbox to classify data in unsupervised, supervissdpmrgsed way, through a
complete Graphical User Interface (GUI). This package is written in R (fully open source), and wa:
within the DYMAPHY project (Hetbadrt2014). Isicurrently improved in the fradieRICENEXTby
Guillaume Wacquet (CMNR&/ULCO) in collaborationtvdtha b or at oi re dél nf or i
| 61l mage de | a Cot e ,ddfgirgldge FrencMigstnCior dh ExQloganal r a r
Solidarity Transition (MTi&6Xhe implementation of the MSFD monitoring ptotyaaboratory of
Oceanology and Geosciences Getitee National de la Recherche Scientifiqgue (CNRS)

1 "1
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This tool is designed both to automatically ciisygoprenkton functigmalipsand to proof and eventually
correct the results. This interaction is first covered by many visualization tools, then by queries allo
some prior knowledge such aswisetoastrantsetc. Amiondoetdnts
effort was brought to make easier the data exploration, as well as the insertion of data knowledge
through convenient graphics outputs and user interaction. The combination of operator analysis ar
clustering method improves the performance scores for classification. Most of the analysis and ¢
methods used in this interface are components of existing packages on GRAN/arebsitgdct.ory/

GUI was designed and added to reduce computing time of large datasets)raoe Ssingt prebjective

of the interface is to bring together and simplify the use of these various methods into an ergonomic al
classificatiosystem.

The main features of the toolbox are available throfiggnalydaterface:

Importationloading of input data files. The (required) main file must contain the numeric featur
observations, and some optional files may add wigtedatand/or images of some observations. Featur
are used in the automatic processing, whereas optional information is intended to help the ope
supervision task.

Preprocessingfeatures selection, transformation, creation or filteredgprSgction spaces and visual
statistical tools are proposed to help in the feature selection.

Unsupervisedlustering process settings (estimation of the number of clusters) and application of the
unsupervised classification algorithm.

Semisupervisedlustering constraints by manual selection of pairwise relationships in a reduced sp
application of the selected-sepeirvised algorithm.

Supervised prototypes | oading and sel echof the selected d ¢
supervised classification algorithm.

Batch procesmultiples datasets processing (only supervised and unsupervised classification).

Data viewingl'he package proposes the following representations:

scatter-plot clustered by K-means

% Obsarsaticn 130
W .

RERERENRRARRRRARRA N
[

Figure 3.2.4. Scatter plodéfgult): a global 2D representation of all observations contained in the datas
one being plotted as a point, whose coordinates match its measurements according to the 2 select
The colour used for each point matches its corregsirding cl
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Figure 3.2.5. Density plot: a density estimation of the dataset in the selected features space, allow
visualisation of the concentrations than the 2D scatter plots. The colours correspond to the densitie:
with the warmeslour for the highest concentration of particles.
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Figure 3.2.6. Cluster s u mmadalugter symthretic grhpaics preposed
histograms of abundance, features min, max, sum, average or std) or observatios.features boxplot

Data preprocessing (B).
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Figure 3.2.7. Processing page in RGlusTool
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In the proposed GUI, several functiongfcessing are available, such as: selection of relevant featu
feature thresholds to remove outliers/errors, feature normalisation, integration of new features (|
subtraction, division or mcéifn), and reduction of the number of features while preserving the an;
results. In the gseocessing, the feature reduction by Principal Components Analysis aims at finding a |
subspace of uncorrelated features, while maximiziad drspglsion of the observation points. This reducti
of variables not only simplifies the clustering computation, but also provides the GUI with a mor
subspace and some interpretation and visualisation tools (such as correletiure axpived). For

example, the operator may use PCA to identify the most informative features and remove the redunc

While PCA provides linear conmations of initial features, Spectral Embedding technique has the adve
to transfordatanoh i near |l y. 1t can t hen deadlobwiltalneacymampdl
separable. RclusTool GUI proposes views of these data subspaces, which can be used to verify hov
the boundaries revealed by the clustdtingsvae.

Data classification (C,D,Ehe classification methods implemented in the GUI can be separated intc
categories, according to the quantity of prior knowledge used in their process:

1 unsupervised classificai@vieans, PAM, EM, HCA, &deCtusteringdbservations are clustered without
any previous knowledge on their identity. Observations sharing the same feature values are separatec
by different algorithms. The groups defined

1 supervised classificaffoNN, MLP, SVM, Random Fpeesél of labelled observations is used as a trainir
set to deduce the class of new observations. It becomes possible tnarhesrocksetiogedups, but
the process generally requibidation, because of the high complexity of delas§etrdneterogeneity
and/or intedlasses similarity).

Anybody can build its own training set thanks to the simple design: signals and/or images are sorte
groups (represented byctlires), and associated measurements tables (containing all features fol
observation, in CSV format) are added to the root directory of the training set.

1 semisupervised classificati@onstrained -Means, Constrained Spectral Clustettieg) metlus
i mpl emented compute a fAconstrainedo clusteri
observations (or several pairs of observations). On the contrary to the supervised mode, the only adde
i s a set oifsof dbsavaters:rnadbsewalian ngeds to be a priori identified.

But this information is for indication only: if some proposed constraints violate the dataset spatial st
will not succeed in modifying the initial clustering. Thiproptisadiithrough an iterative process: after eac
semisupervised clustering, the operator is invited to link or to separate some new pairs of observati
pairs should be selected by studying the clusters processed, and particularly/thensagyees sofitiok
observations located near the boundaries.

For those three kinds of clustering processes, the operator has the opportunity (i) to set the outpu
(Minimum, Maximum, Sum, Average, Standard deviation) to be computed dii) dacdodilsstester
images and corresponding signals (stored in distinct folders on disk); (iii) to automatically identify an
observations, as particularly Arepresensadi v
used to compose some training sets, that may later be used in supervised classification.

EasyClu8software (Thomas Rutten Projects, Middelburg, The Netherlands)

The EasyClasoftware proposes many tools to organize, cluster and handle itadatzy{ofmaany types

of instruments) and uses the Matlab® environment.

EasyClus LIVE especially made for CytoSet&ghdnstruments (CytoBuoy bv, Woerden, The Netherlan
for the online monitoring, data processing and upload to thenntgmaet{lanktonlive)afreeveral types

of analysis results and the analysis performance.

Processing of flow cytometric data by EasyClus has many options, as:
1. Total concentration of particles phgitoplankton as a function of time
2. Size distribution of particles and/or phytoplankton as a function of time

1 "1
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Unsupervised clustering combined with database matching

C1. G@nethod

C2. DESIGN 1 method

C2. DESIGN 2 method

Supervised clustering combinedatatiase matching

D1. LASSO method

D2. FIXED cell method

D3. RULES method

Several bimdicators calculations based on clustering results

Trend analyses methods

Specific species (LIVE) monitoring

Other features: database handling options, beads amabysscleeck analysis and instrument performanc
normalization towards beads, automatic peak shaping of flattened (saturated) péaies sgddriatére
data tools, plot results in Google maps plots.

Short explanation

Total concentration artiples and/or phytoplankton as a function of time

The total number of counts of particles or phytoplankton per volume, the biovolume expressed
Sideward or Forward Light Scatter per volume, the biomass expressed as the total oteRed Flu
(chlorophydi-a of phytoplankton) per volume, the Orange Fluorescence (physoesdhiit) per volume

can be calculated and plotted as a function of time of space.

Size distribution of particles and/or phytoplankton as a function of time
As albve, but the contribution is represented as cumulated bars accondisgtpaxitlie length fractions.

Unsupervised clustering combined with database matching.

Unsupervised means that data is clustered witfzonegata. Database mathidlune as a second step
after clustering using a predefined database, which matches clusters with species within this databa:
C1. G@nethod: Data is clustered on basis of principal component analysis. The two main principal ¢
are used to prosexcatterplots in the background. Data clusters are identified in this scatter plot. Each
cluster is clustered again by new calculated principal components until this cluster is not separated |
clusters.

C2. DESIGN 1 method: Datastered on basis of a combination of given scatter plots, the density distr
of data within the scatterplots and the similarity of data events in all dimensions (ie. using all paramet
from the analysis) with each other. Particlgghwiththal similarity are merged together as a cluster. T
degree of O6cluster resolutiond and O6high si mi
C2. DESIGN 2 method: Almost similar to DESIGN 1, but different what happens with siradiie jesents, w
outside clusters. In DESIGN 1 these single events form single event clusters. In DESIGN 2 single
assigned to the best matching cluster afterwards, resulting in a lower number of total clusters.

Supervised clustering combined wiihs#ataatching

Supervised means that data is clustered-nainguiedata.

D1. LASSO method: Clustering of data takes place on basis of the cluster data borders of many auto
chosen scatterplot combinacti iomss wadischi arEas
interest are defined and stored by the user.

D2. FIXED cell method: This rather confusing name (fixed cell) has nothing to do with fixing phytopl
The name FIXED cells stands for the distributaoim thelanultidimensional space. Each particle (cell) in 1
multidimensional space can be predefined by the user, so each data event will be assigned to
multidimensional cells. All data is clustered according these cells and eaahiqed &dustera

D3. RULES method: Clustering is based on rules, which are produced on basis of stored events of
database. These rules are defined to obtain the best discrimination of the species in the database.

1 "1
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. Several bimdicators calatibns based on clustering results

The Shannéwiener, the Simpson, as well as a clusters dominance index (Rutten index) are calculate
of clusters found by above described cluster methods. An amoeba indicator (polygon of several \
catulated as an overall status description variable.

. Trend analiggnethods

Trend analysis is useful for LIVE monitoring as an indicator to what degree a water system chang
subsequent samples. Several methods are available based on dnity (bes\simih scatterplots or
recognition of outliers foickelien variables.

. Specific species (LIVE) monitoring

The monitoring of specific (e.g. harmful) species groups can be monitored in the LIVE modus, throug
of several graphs, sucthagontribution of several size algae fractions in water (count/ml, chlorophyll/ml’
plots for automatic unsupervised classification of species groups, etc.

. Other featureBeads are used to check the stability of the instrument and sy@lysibaga tool to
automatically detect beads in the data and put the beads results in calibration charts. Database han
is used to add species to, rename species in or remove species in an existing database. Diverse
carried out toontrol and check the analysis and instrumental performance (e.g. particle rate in re
coincidence). The analysis and instrumental variation can be used to normalize data against beac
normalization towards beads tool. An automatiapiegkof flattened (saturated) peaks tool can be used
recalculate the flattened peak shape as well as the shape variables. A tool is provided to synchroni;
time) and merge EasyClus data results with other data (e.g. Ferrybox)jnisimpgléireadr the closest
timecriterionA Google maps plot tool is available, which enables the plotting of results (colour cha
function of value) as locations projected in a map.

AFLOW Co ARRSISi.ny App

FLOW C.A.R®Is an R based (R Core Team, 2019) clustering and classification software applicati
developed specifically for Cytosense Data with the use of R Sttiay ZaH@nigto a fully Graphical User
Interface (GUI). The app is developed in sydhat e interface builds itself dynamically around the d
the user loads into it. It is currently still undergoing development and is as of yet not yet available as
open source code, but will become so when the development hatereddiddritigonality required to do
so. Work on the first versions of the GUI was carried out under various fundings within Italy at Stazio
Anton Dohrn (SZN, Napoli, Italy) and Istituto Nazionale di Oceanografia e di Geofis@& SpEriematale (
Italy), antb currently being improved in the frame of -DERITQroject via a fundirthdoyrrenchlinistry

for an Ecological and Solidarity Transitionf@WieSnplementation of the MSFD monitoring qirtigram
laboratory of @nology and Geoscierft€5pf theCentre National de la Recherche Scientifigue (CNRS]

The application is designed to automatically cluster the data into phytoplankpmudsinctonal
unsupervised to sempervised approach in combination with extensive visualization tools to aid the u
start to finish. In its core it uses the automatic flowpeaks clustering algorithm (Ge and Sealfon, 2012)
an overall densipétion generated by&ans to find peaks in multidimensional data. This approach was
tested by Mridatlal(2018) to cluster their Cytosense data, and FLOWparRaBy based on the results
found in this study.

The FLOW C.A.R.§op applies this algorithm on training samples, created by random subsampling o
data files in a batch analysis, and combines it with machine learning (Breiman, 2001) to build a class
with the use of a random forest algorithm\{lieave& 2002). In summary, the interface allows to go thro
the entire process of file selection, quality control, data preparation, training sample creation, parame
clustering, cleaning the data,, machine learning and classifiwédiael €ifes. This first round of clustering
is intended to remove clusters that are not of interest such as artefacts, instrumelivingigadicteaon

in order to better cluster the living phytoplankton into functional groups.arfteatéssssiibitidividual files

1 "1
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are then rsampled into a new trainings sample followed by a second round of, clustering, machine
classifying and quantifying of the clusters of interest and ends at various tools to visualize the results

Data preparation

W pata sewp

Sel direclory

Bt
[ X%
@)1

oy Tr——

Keyword filters:

3 L T @& & 9™ (a][=]0] = [o]

Figure3.2.80verview of the data preparation page of FLOWdbawi&the pipeline approach going from
6page 16 top left to bottom right. Here the
instrument settings before credtiaigiag sample, and inspect the data.

Stage 1: Clustering raw data

Flowpeaks model setup Graph of clustering results Sidebar panel

orrelation Multiplot Options save plot

P ters sample overview
-
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Figure3.2.9Screenshot of the first clustering stage where a central 3D scatter plot is surrounded by va
to setup the model on the left, and further visual tools on the right.

Most of the analyaisd classification functionality applied within FLOW aeAcBrfponents of existing
opensource R packages and main objective of the app was to tie all the needed functionality togethe
friendly graphical interface that is as dumngy gmeafaan make it without sacrificing analytical performan
It follows a pipeline structure to go from raw data to final results and guides the user along with si
schematic as well as optimized information messages during the varidhigsrpeatdssesopment involves
further improving and increasing the interactive functionality of the visualization tools, further auton
optimal parameter selection to be used in the clustering algorithm, using normality and oolsnimdality t
validate the clustering results, and additional quality control functionality to detect problems with
Cyt&ense instrument.
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3.2.2.2.  Standardisation of flow cytometry measuresraard data

Besidethe heterogeneity of the data collectionsimtecquisition mode and equipment and the differen
in subsequent techniques of processing the data (manual or autometediol qualdgsses and
standardised labels need to be applied before transferring any flow cytometry irttopoatibsuotaada
Sead&eCloud or EMODi20logy. With the new marine observing technologies, the flow of measureme
increased by orders of magnitude and in a same way has increased the challenge of delivering of da
which can be usedbetternderstand marine ecosystems for healthy oceans under global / climate che
integrating new information on phytoplankton dynamics and diversity into biogeochemical mode
scenarios for marine seciogical systems under chaong&®ns by adding in situ data for improving
forecasting harmful algal bloom and better understandidgpedsree in the food. i&bat progress

has been made in physical oceanography to make available the data to users in a standardised for
portals such as EMOBdYSICS. In terms of biological variables, it is very different. In the case of wate
assessmenthe phytoplankton diversity in the different marine areas has mainly been studied frormr
samples collected manually, with the species determined later by microscopy. The developme
technologies and patrticularly flow cytometry (since )theasl 98@saled new functigralpssuch as
picophytoplanki@nd has greatly increased the sampling Bleasittegration of high frequency data from
flow cytometry into already established data infrastructure is a challenge.

During theNTEREGIVAR 2 S e a20D4) pfoed@ dall=dNDAPHYWww.dymaphy.eu), standardisation
and data format have been discussed, and inter calibration exercis€gtoSengs#ere organised
between the partners to define the best procedurasrandedtie confidence for using the data. The ma
conclusions were:

1. some parameters related to instrument and the analysis are crucial to report such
specifications and configuration of the instaseentigeddjustment of optical pdetector
settingsamplifier settings) and #igrgys of the instrument during arfaiysising time lasers,
minimal and maximal sample are throughput, triggering parameter and levels, number o
and or minimum volume that should be analysed).

2. Each CytoSense needs to be calibrated each analysis day. Beads results should be
calibration charts to validate thtumalbning and good alignment of a CytoSense during a
and during long periods (e.g. years) to enable the comparig@atifeyed data (drift check).
Another reason to use calibration beads is to intercalibrate between CytoSense instru
standard bead should meet several requirements: visible in most of the detectors by each ¢
although different instrued@onfigurations are ugedd (=small) short andderrg variability,
size not too small, not too large and acceptable concentration, natodxgtahsivevell
discriminating and therefore not overlapping with species fingerprints.

3. Performandedicatorshould be listed in an instrument dependent specification table by eac
and they are related to the repeatability, the reproducibility, the calibration with respect t
and the concentration of particles, the accuracy, thesgothecsensitivity, the selectivity,
specificity and the robustness of the instrument.

An operational Common protocol fostRapgerecording flow cytometry (Rutten et al. 2013) has been
established as well as a reporting format for dataimjlementéd date.

3.2.2.3. Towards a standardised labelling and inter calibration for high frequency flow cytomet
measurement: activity within JERIMEXT during the last 24 months

The aim of the consortives to implement and improve in JBEKTGome of the procedures already
established in other projects to make visible and available the flow cytometry data collected at hig
through a data portal. Taking advantage of workshops and cruises organised by-MEX4TirRIERICO
as discssion with WP5 and collaborators also involved in SeaDataCloud, intercalibration procec
standardised labelling for the high frequency data from flow cytometry have been established. |

1 "1
JERICONEXTWP3D3.2, April 2019*.*

Page41/88



T JERICO-NEXT

phytoplankton community is very diverse in a $as pken decided to combine and report the phytoplank
into 4 main categori8ynechococcuRicoeukaryoteblanophytoplankteend Microphytoplanktaiith
mandatory and optional information for each sample (see below).

Mandatory information:
- Total aomber of phytoplankton particles per ml
- Contribution of the phytoplankton particles to the total particles (%)
- Total number of particles by functjomgls picoeukaryotes and Synechococcus, anano
microphytoplankton per ml per sample
- recognizeshicroalgae (pictures)
- Contribution relative of the main category to total red fluorescence (%)

Optional information
- Total red fluorescence standardised¢blostgdhydifor each sample
- Median size of the phytoplanktonic community
- Number of sigmoups in each main 4 categories and number of phytoplankton particles in tt
groups)

Comparison between the different modes of clusterisatiorlG®r PF

16 Files from different JERNERT cruises (2€@17) have been provided by the partners (Q&fas, V
CNRE.OG/ULCO, CNIREO) to a FTP site established by VLIZ. They covered the NortlRBé&3, (Cefas
VLIZ, CNRBOG/ULCO), the Channel (@XIRBULCO, VLIZ), and the Mediterranean Selsl (CNRSe

task of each partmeasto use CytoClus softwarduster theFG& and the resultdll becompared with the
RclusToobutputs to estimate the discrepancy between theclliffemégtmodesSome results were
processed already (see segtibh) and other atidl being processAdscientific publication is being written.

Inter calibration between Cytosenses/Cytosub

Analyses of natural community during crinsesdonparison
The ame natural samples have been analysed at high fresérefldiy cytometry during:

1 Second workshop on Phytoplankton Automated Ob&mifsityrgSeptember 2016: the
workshop was held at the Oceanographic unit of SMHI (Swedish Meteorological and Hy
Instituteat SMHI Tangesund observatdtgliasund, and on the Swedish Skagerrak coast. Partn
from RWS, MIO CNEEBG/ULCO and VLIZ participated and were able to compare two flow cyto
(Cytosenses from RWS and €RRBULCO) on bench mode in the laboratory in Gothenburg.

1 CytobuoWorkshop, March 2Q&rticipants from Cefas, RWS, VLIZ;.@CNKHBLCO, CNREBO
attended a CytoBuoy workshop in Woerden (NL) in order to present their current and past w
discuss about technical and analytical improvements together with the manufactunéistsand wit
and engineers from different European countries and abroad using automated flow cytometry
A common cruise inEmglisiChannel/ sowmNorth Sea in May 20t&:\LIZ spring cruise (May
2017,8-12 onboar d t RWnveiti§ad mainly th® Nath $en and Strait of Dover
Four institutes were involved on this cruise&:@B/RECO, VLIZ, RWS and NIOZ. 44 stations we
investigated with several measurements (see D4.1jjrti@aytometenmade analysistbé
phytoplankton community in continuou€oragarisons of the results are still being processed a
a scientific publication is lveiitigen.

JERICONEXTWP3D3.2, April 2019*.*

Page4288



" JERICO-NEXT

3.2.2.4.  Next steps

3.2.3Conclusions and fiestammendationstioe use of automated flow cytometry

Results obtained frantomatefiowcytometrglependo some exteon the specificatiposnfiguraticand
setting®of the instrumentaelength and intensity of theuasdmultiple or sindéeser,optical past
detector settings, amplifier settings, triggering parameteappliddstel), as Weas the clustering method
applied (manual or automée@ach operat@urinYMAPHYroject (INTERREGAIR 2 S e as i,
2013, intercalibratierercises were performidd ane type of flow cytom{@gtoSenseCytobuoy b.vn)

order to study thgecificitieand the complemarity of each device/settingsm#non operational procedure
was alsdefindfor flow cytometmgasuremenis theéechnology changes very qaicihew coastal areas
have been added during JERIEXT analytical procedures need to beessasl Quidelines oquality
control during the measurememesanitianalysigire still in procegecause the flow cytometer analysis is
user and machine dependant, a single analytical procedure is not recommended todajtindpavever,
qualitcontroprocedurtorsample and result analgsidintercalibration exergiggegular base, Wwgpect

to finallyeach the degree of confidence needed for the data to be reported in European data portal.

3.2.4Technicaimprovements

3.2.4.1. Coupling of a flow cytometeitha FerryBox system

Mélilotus Thysséperald Grégpklichel Deni€herif Sammary, Pierre M&rNagib Bhai(ZNRS MIQ)
Véronique Créd€@EFASMachteld Rijkeb{RWS)Felipe ArtigefSNRE.0OG)

Sampling of phytoplankton functional community structure at the basin scale, hourly to monthly scals
meso to meso scale resolution and from single cell automated acquisition is a scientific challenge t
accomplished its first sucakssdls. Phytoplankton functional community structure resolution is a step f
in the understanding of marine ecosystems, especially of the main biogeochemical fluxes trigge
phytoplankton, and strongly tuned by the presence of théomeligromes observed and their spatial and
temporal dynamics. Dedicated flow cytometers such as Pulse Shape flow cytometers (PSFCM) (C
Woerden, The Netherlands) are capable of sampling at the single cell level to ensure abssizge count
and functional group identifications and running on a remotely controlled automated way. They can
with a FerryBox (FB) with measures in a same time different biogeochemleafivstriailesing between

a flow cytometer and autairtataperature and salinity sensors from a continuous flow through system v
in 2007 onboard a sailing vessel (Thyssen et al., 2008) from the Azores to Brittany for 10 days. A sec
was validatedrihg the DYMAPIRROTOOL cruisith a pock&B (Thyssen et al., 2015), on the RV CEFAS
Endeavour for 5 days. The first known test between a flow cytometer and a Ferry line was run in 2(
ALOArmoriqueodo (Brittany Ferries) beiCYBERDjecPI y
During JERIGKEXT project (202619, several couplingtween the PSFCM and Fer(gBBocket Ferry
Box)have been operated with success by the partners (CEFAS, R\WI&, CNRSIQ VLIZ)in
separated or join cruisestesearch vesselEFASEndeavogrCNRSTotes de la MangH&DiANntég
VLIZBmon StevinRWSXirfaeq fremeffhalassgy as wel |l as onboard fAlLe
de Navigation) between Marseille (F), Tunis (T) and Genova)®y CNRS

Installation on platforms (research vessel and Ferries)

FB are systems that can operate with foreigrt
constructor and provider collaborate to share their competencies for optimigimgtives adwphter flow,
location and time. The PSFCM CytoSense (Cytobuoy bv, Woerden, The Netherlands) has been cou
(4HJENA engineering GmbH, Gerroabgard in two ferry lifes6( A r ngoBrittamy u-erries, LEFE
CEL2B T pr oj e deCarthdgg Gmpagnie dunisienne de Navigation, A*MIDEX CHROME prc
2015, PI M. Thyss@NRSMIQ and RV CEFAS Endeavour (Monitoring programme for Eut@pBication
International Bottom T&wreyand integrated suryeys. Véronique Créadrhe flow cytometer runs on
the FB flow through, from existing sparebefietsthe acid wash connection. Flow rate from the FB

JERICONEXTWP3D3.2, April 2019*.*

Page4388



#ﬁ‘}'

i)+ JERICO-NEXT

approximately max 1 bar,7aoadBdn®min. The connections and additional fittings on thkdB@EE on

the platform and time of the survey whiclbheaweee daynd several months.

Each equipment is connected to its own computer and the analysis processing is setting independer
installed on a bench (FigL2£0A) or on a dedited frame (Fig@r21B). The flow cytometer can be directly
connected to the FerryBox system @F&ilife B). A chamber can also be placed in between the two syst
to avoid any overpressure in the main flow through during acquisitmheofFigerg211C)in fully
automated system in ferries (Thyssen et al., 2008).

2

Figure 3.20 2 CytoSenses side by side connected onboard the RV CEFA&AL atelavmoard the "Le
CarthageThey are connectedhe 4HJENA ErryBox.

(©).
For a fully automated system, an additional device fixed on the frame of the flowityBoe&tetadhlled
Toxinsd systems ensures an increase in depl

additional 1 um filters (Figld€2p The BST system programmes bead injection3.2ERB)réor quality
control and biocide for keeping the sheath non affected by biofouling.

Connection to the FB for GPS, data retrieval, internet and remote access to the PSFCM

The GPS information can be retrieved by the CytoClus software (Cytolamylbe, Nédeedands). GPS
reading from the PSFCM enables scheduling the sampling with the FB, out of the harbor zones
information is recovered separately from the FB and merged after PSFCM analysis. The schedule of
depends on the stdirthe FB, and should be controlled by the geographical position.

i 1""1 "1
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Figure 2.2. BeadsSheatfToxins (BST) system with coal filter and classical 0.1 um filter ensure long lif
sheath fluid.

Without accessing GPS data from the FB, any schedule must be manweasedrammoute and
timeline of the ferries or research vessel. The success of managing the start to the end of the PSF
depends on the reliability and the regularity of the timeline for ferries and but also on people for rese:
TheCytoSensembedded computer is directly connected to a SIM card for internet connection and rema
Quiality checks (internal pressure and temperature sensors, number of samples collected, size of the
the instrument and analysis calofee by using remotely CytoClus or EasyClus software (Thomas R
projects, Middelburg, The Netherkigdee 3.23). Data may be réale analyzed and made accessible via
websites like www. fytoplankton.nl (EasyClus live module). Fortthiolbpsrdtemperformance of the flow
cytometer or other devices and for the water manager to keep track on the behavior of the ph
community and other relevant data.

PhytoplanktonLIVE
QOnline automatic phytoplankton monitoring at several locations performed by flowcytometry (CytoSense-CytoSub)
HOME TO OVERVIEW 1
Io overview 1 Live Results Cruise Control dashboard to image gallery i aveiabie)

EasyClus|
s

Check info

Figure8.2.B. Example of output from near real time data by pgbhptbpéa(kasyClus software) to be used
by operator and water managers.
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3.2.5.Analytical improvements
3.2.5.1. Comparison between automated and manual classifichi@ample

An intecomparison exercise between manual (by several experts) and automeaies pdukiamethe
aims of this exercise mainly concern the harmonization and standardisation of raw data, metadata al
their integration in a database. Some points must be considered:

w Provide possibilities to partners for checking tiof tipeainalysis methods,

w Compare the different approaches for the data classificateordgutmmated),

w Highlight the criteria and needs of each institute for the result files for further statistical analys

Data were alyzed by each partnepaehding on the classification approach used:
w manually, with CytoClus (CEFASH@NRYLIZ, CNRSG),
w automadly with the RclusTool package (COBS)

Here, a sample taken in the Eastern English Channel was digitized with the CytoSenstisistieanent a
by all partners. In order to easily compare the different kinds of classification, only 4 functional g
discriminate8ynechococcuRio-, Naneand Micrphytoplaton.The obtained results were presented in the
Figure3.2. 4.

Sample nam&1_flr10_5min_5pls_high 2816 12u30
Digitized volumet.02 ml

Trigger channekLR10

Total niber of particles45846

Density estimation Projection
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Figure8.2.8. Overlay of groups obtained by the different classification methods (manual and automated) for eac
group The first colurpresents the graphs of density estimation, and the second column presents the projection o
in the space defined by Total SWS and Total FLR).

The graphs Fig. 3.2.8how a high similarity in the definition and the discriminatiaeof gneugifeand
more particularly 8ynechococcasdNangphytoplddion. For the Piphytoplankton, the manual definition
of the group for CNR3G is wider than for other parmengier tquantify the global similarities between
manual and autated clustering, the Rand Index (RI) is compuesallts arpresented in TaBl@.1
This index represents the proportion of pairs of particles (x,y) which are similarly clggsBeaf in the
clusteringgither in the same group different groups
a+b
 N(N-1)/2

with:  a= number of times the 2 clusterings assign the particles x and y to the same group.

b= number of times the 2 clusterings assign the partictediffeneiny groups

N = total number of particles.
The Rand Index has a value between 0 and 1, with Ghatdita@ngusterings are completely different anc
1 indiating that tlrdusteringare exactigentical

Table8.2.1Randndices between manual and autachetiesding®r each partn@EFAS, CNR®G_ManyaNRS
MOI, CNRBOG_Auto).

CEFAS CNRE.OG_Maral CNR&MIO CNRE.OG_Auto
CEFAS 1 0.95 0.94 0.89
CNRE.OG_Maral 1 0.97 0.91
CNR&MIO 1 0.90
CNRSE.OG_Autqg 1

The resultgresened in Tabld.2.1show high similarity scores bewlesteringg€ven if the lowest Rand
indices concern the automated mithadtained values are important with an av@@®etoth offers
intersting perspectives for automated classification
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Thismethodology fortercomparisowas applied d2samplesrom3 different gegrapluial areagEastern
English Channel, North Sea and Mediterraneand 8ga)cruises in North Sea (next section). The obtair
results showed high similarities betweeh anagnautomated clustering

3.2.5.2. Comparison between automated and manual classification during cruises

LifeWatchIERICE@NEXTcruise Scientific campaign for analysis of plankton diversity (LifeWatch/JEF
NEXT cruiséron8h Mayto12hMay 201ih NorthiSeaq aboard/V «Simon StevinVLIX

VLIZ cruise 2017 VLIZ cruise 2017
Algorithm: Random Forest - Training set: Channel (fir10) Manual clustering - Software: CytoClus

100~ 100

75- [Eh

taxon
. Micro
. Mano
. Pico

. Synechococcus

50-

25- 25-

Relative abundances per group (%)
Relative abundances per group (%)
o
3

mai 09 mai 10 mai 14 mai mai 09 mai 10 mai 11 mai 12

100- 100-

75- 75-

Taxon

. Micro

Nano

. Pico

. Synechococcus

50- 50-

25- 25-

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

i ' ' ' ' i ' i
mai 09 mai 10 mai 11 mal mai 09 mai 10 mai 11 mai12

Fig. 3.25: Relative abundance (apawd total red fluorescence (below) of phytoplankton groups define
automated classificatR@l(sTddeft) vs. manual clustering (right) during the VLIZ cruist @a49)3

The relative contributighefour main phytoplankton functional groups addressed by fltovthgttotedtry
phytoplankton abundaaceé red fluorescen@&l(Ras aproxy of total chloroghydssessed byanual
(CytoClus) araitomatedR(ClusToognalysisluring the VLIZ cruséewed a similar spatial and temporal
pattern (Figur8.2.15)with a possible over estimatiompioteukaryotesand underestimation of
Microphytoplank&iundance arid-LRoy May 1Even thoughesimilarity of both analysis is confirmed by
thehighp valusof Spearméns r ho (tabl e 3. 2. 2).

Table3.2.2 S p e &o etveatels abundaneamdcontributions to the total red fluorescence obtained |
manual and automated technilywiggghelLifeWatcliNcruise.

| Groups | _pabd | pvalue | Groups | ptfir| pvalue |

Synecho 0.99 <2e-16 095 <2e-16
Pico 0.84 <2e-16 0.59 <2e-16

0.89 <2e-16 0.95 <2e-16
Micro 0.73 <2e-16 [WVillege; 0.81 <2e-16
Global 0.88 <2e-16 [Ell6IE] 0.95 <2e-16

Iil l!llllll”'lll
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RW<Scruise Scientific campaign for analysis of plankton RW&IBRICENEXT cruiséromlB3h Mayto
18"May 201ih North SeaaboardR/V Zirfaeca» RWS.

RWS cruise 2017 RWS cruise 2017

Algorithm: Random Forest - Training set: Channel (fir10) Manual clustering - Software: CytoClus

100~ 100-

75- 75-

Taxon

. Micro
. Mano
. Pico

. Synechococcus

50~ 50-

25- 25-

Relative abundances per group (%)

Relative abundances per group (%)

mai 16 mai 17 mai 18 mai 16 mai 17 mai 18

100 - 100 -

75- 75-

Taxon

. Micro
. Mano
. Pico

. Synechococcus

50- 50-

25- 25-

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

mai 16 mai 17 mai 18 mai 16 mai 17 mai 18

Fig. 3.2.16Relative abundancp) (and total rdtliorescence (botjoofi phytoplankton groups defined by
automated classification (left) vs. manual clustering (right) during the RWSI3u@l®lay 15

The relative contribution of the four main phytoplankton functional groups adgtessethbioftoe otal
phytoplankton abundance and red fluorescence (as aproxy of total asdesgat/lby manual (CytoClus)
and automated (R ClusTool) analysis during the RWS cruise showed a similar spatial and temporal pz
3.2.16) witha possible over estimationpiobeukaryotesand Synechococclike abundanceand
underestimation of Microphytoplankton by May 15 and 17, even though the similarity of both analysis
byhighpvalusof Spear manés rho (table 3.2.3).

Table8.2.3 S p e &o betvestelsabundances amahtributions to the total red fluorescence obtained |
manual and automated technilywizgy RWS cruise.

| Groups | ptfir| pvalue [ Groups | pabd | pvalue|
0.94 <2e-16 ENEE 0.96 <2e-16
098 <2e-16 0.96 <2e-16
m 0.95 <2e-16 087 <2e-16
0.92 <2e-16 BVITE 0.80 <2e-16
0.96 <2e-16 Nl 0.96 <2e-16

Ill lllllllll"lll
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3.3. Bio-optical Instrumentation

Jukka Seppal8uvi RytovudiPasi Ylosta(8YKE)Felipe ArtigeEmilie Houliez, Fabrice L&aémaud
LouchafCNRS.OG)Alain LefebwiiEREMERPascal Clagy@NRSBOREABengt Karls(BMHI)Jacco
KromkamiNIOZ)Klas Molle&& Jochem Wsihlager (HZG)

3.3.1Short overview of methodologynstindments commercially available

The major technologies developed and tested in this subtask include LED fluorometers, spectral fl
spectral absorption meters and variable fluorescence instruments, as available for continuc
measurementor different coastal observation platforms. The current status of the systems is reported i
NEXT deliverable D2.2 and the overview of sensors given here is very brief.

Single waveband LED fluorometers are widely available in various seeeis riranufacturers. Key
fluorescing components relevant for this sulafalskagleydl, phycocyanin and phycoery®iiorophyd

is used as a prahiorophydiconcentration, while phycocyanin is used as a proxy for filamentous cyanok
and phycoeryhtrin as a prosgifioe limentous cyanobacteria as vpétlaxyanobactregayptophytesd

some other phytoplankton groups. Technically instrumentation is well developed, relatively simple
concerns are in the instrumentatadn and validation.

Spectral fluorometers measure fluorescence emtibsioplofi after excitation through accessory pigments
using LEDs with different wavebands. The major use of the instrumentation is to get information on th
of diferent pigment groups. There are two major manufacturers (JFE Advantech Co, Ltd, Japan
Moeldanke, Germany), who provide instrumentation with slightly different optical configurations.
objective of JERIBIEXT subtask 3.1.3 is to corapdreevelop algorithms and calculation tools to analy
spectral data and to retrieve as much biological information from spectra as possible.

Spectral absorption meters studied in JERXCGsubtask 3.1ByAbS (HZG, custom made) and the
OSCARG2 (T@S, commercially available) are instruments for measuring the absorption coefficients of
constituents, taking advantage of an integrating cavity for this purpose. In comparison to cc
spectrophotometric measurements, this enhannesitfity s¢the measurements due to an increased opti
path length and avoids biases occurring from scattering of light on particles present in the sample (R
2005). Both sensors are designed to be usdthioutgwnode and providerptisn coefficient spectra in
high resolution (less than 2 nm) in the visible range of the light. Since this is done in high frequency (di
every 80 s), they deliver optical information in high resolution.

For variablactivefluorescen@nd FRRF technigihere are three main types of instrumentd EsG @
NEXTcommunity, 1) the FastOcean (Chelsea Technologies Group Ltd, UK) sensor, which can be use
modes: as a profiler (ADP), as a bench top model, using tlaedessidigtdo measure light curves on
discrete samples, as an automatetridongh system on board, using tkec8etzory. The last two systems
are very similar (optically identical), and both can be used as bench top instruments, but 2he Fast
combination allows to measure fluorescent light curves continuously using a water supply (normal
water that is also provided to a feri3pthe FFL0 (Photon System Instrument, Czech Republic) which
PSI does seem able to deliveroa@yRFastOcean sensor has three excitation bands at 450, 530 and 6:
and PMT detector, while4tHhas two bands at 458 and 593 nm and photodiode detector.(@0d)ez et al
Both instruments allow measurement of rapid light curves, udexeldiftérantinic light illuminating the
sample. The profiling ADP system uses the solar light in the water column. The 530 and 624 nm LED
FastOceaRRHAFare used to add extra excitation light in the case the output is not suftiuéemibdimazoh
during the fluorescence induction curve, a problem known to occur with cyanobacteria and Cryptopt
based on the fact that the chloraghylhese organisms is associated with pholpsysteimdoes not
fluoresce at normal terafures. The green and orange LED specifically target the phycobilison
cyanobacteria and Cryptophytes. 3) Pulse Amplitude Modulated (PAM) fluorometers. A PhytoPAM
GmbH, Germany) is also usHeRICENEXT It has several wavebands 4800540, 590, and 625 nm) and
using the technique similar to spectral fluorometry aims in resolving fluorescence parameters
phytoplankton pigment groups. The new version of PhyteRlaMdetewnination of functional absorption
cross section of PSII. Other PAM instruments are also available (e.g. from Photon System Instrun
Republic; Turner Designs, U.S.) and additional techniques measuring phytoplankton predceticiy with
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include FIRd-luorescence Induction and Relaxation System (Satlantic, U.S.) and Profiling Natural Flu
radiometer (Biospherical Instruments Inckob)\iable fluorescence studeegkethresearch item in
JERICONEXT subtask 3.li3todetermine constrains of the conversion factors from electron transport |
CHixation at various sptdinporal scales.

3.3.2Results and discussidevelopments, evaluations and experiences

Exploring the effects of ptaémching on chlorophybrescence

In high irradiance conditions, phytoplankton protect their photosystems from bleaching through nonpl
guenching processes (Milligan et al. 2012, Muller et al. 2001). The consequence of this is supj
fluorescence emissidaytime fluorescence quenching (i.e. the reduction in the fluorescence quantum
often observed in depth profiles of in situ chlorophyll fluorescence obtained using a CTD with a
fluorometer on a research vessel. A decreased signaphiyliciiuorescence in the upper five meters i
commonly observed in daytime compared to night time.

The effect of phafieenching was investigated using a data set from the SMHI oceanographic buoy H
E. located in the NW Baltic Sea at 1&#19833 and longitude: 19.1667 (Figure 3.3.1). A chlorophyll fluoro
(Wetlabs Inc. ECO FLNTU) was mounted at approximately 1 m depth. Excitation wavelength was .
emission wavelength 695 nm. The instrument was fitted with a copparistizétbidfouling of the optical
window. Figure 3.3.2. illustrates the preliminary results for the period 8 March to 12 September 20
show the whole data set. A large variability is obvious. PasmehB slatavaround midnight locaR201@; (
2300 and 0000 UTC) and panel C data from around noon (1000, 1100 and 1200 UTC). The night tim
fluorescence is much higher. Unfortuhatelyis an offset in the preliminary data. Chlorophyll fluoresce
levels are too high.

A simir effect was observed in data from a chlorophyll fluorometer mounted on an oceanographic |
Kattegat (Karlson et al. 2009). A quenching effect resulted in approximately three times higher
fluorescence at night compared to daytioghghlfiuorescence for the same phytoplankton population.
The main implication for using chlorophyll fluorescence as a proxy for phytoplankton biomass is th:
has to be taken into account when interpreting the data. Without comepienctonghdhe daytime data
need to be treated with care. It is recommended that reference water samples are collected regularly
of chlorophyll in the laboratory.

Figure 3.3.1. The SMHI Huvudskar E. oceanographic buoy.
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A Huvudskir E., chlorophyll fluorescence at 1 m

Mar Apr May i Jul Alg Sep
Month
B Huvudskiér E., night time chlorophyll fluorescence at 1 m

chiorophyll fluorescence
5

Mar Apr May Jun Jul Aug Sep
Month
Cc Huvudskar E., day time chlorophyll fluorescence at 1 m

chiorophyll fluorescence

MI

Mar Apr May Jun Jul Aug Sep
Month

Figure 3.3.2. Chlorophyll fluorescence measured at 1 m depth in the NW part of the Baltic proper ii
The yaxis shows arbitrary units. The graphs illustrate preliminary data. A: data collected every ho
collected at 2200, 2300 and 0000 UTC, i.e. around midnight local time, C data collected at 1000, 11
UTC, i.e. around noon local time. There is an offset in the data, which means that fluorescence
exaggerated.

[]

Testing phycoerythrinrfbmeters.

Two phycoerythrin (PE) fluorometers were evaluated for Baltic Sea research, microFlu Red (Trios
Unilux@helsea Technologies Group Ltd, UK). Instruments measure PE fluorescence using green exc
peaked at 507 nm (micrBEl) or 523 nm (Unilux) and they detect fluorescence emission >590 nm. W«
their specificity using algae cultures with known pigment content, and signal was noted only for sam
containing species, thus there seem to be no influehicecipbsdh or phycocyanin fluorescence to PE
signal. We also tested that flowthrough cap, ustelbddugagurementioes not affect the signal intensity.
We determined the limits of detection (LoD) and limits of quantification (LoQ efutshegtiminstapure
water and alg&ee marine samples. As an example, LoD for microFlu Red changed from 0.0052 V
water to 0.022V in Baltic Sea water with salinity of 6 PSU, while LoQ varied from 0.0073 to 0.025 V
In Baltic Sea tgasample, LoD for Unilux was 0.35 fluorescence units, while LoQ was 0.50. For Unilux
in MilliQ water were practically zero. For microFlu Red we also noted an increase in the background

"1 "1
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salinity of the water decreases, i.e. wiean there humic matter causing the background sigaspleor
in the salinity of 6 the background is approximately 0.02 V while in the salinity of 2 the background is

Instruments were installdzbandhe FerryfFinnmaiglas part of adine ferrybox system (Figure 3.3.3.). The
natural variability observed for the PE fluorescence varied from 0 to 0.1 V for microFlu Red and
instrument units for Unilux (Figure 3.3.4.). Linear range for instruments, as tested esingeadgae cultt
least @.2 V for microFlu red addd® fluorescence units for Unilux. Thus, the natural variability of
fluorescence in the Baltic Sea is quite close to the LoQ of the instruments and in lower part of the lint

/

e gg w’

'. microFlu Red .

Figure 3.3.3. Phycoerythrin fluorometers installed onboard Finnmaid.

Phycoerythrin fluorescence 2016

Phycoerythrin fluorescence 2016

0.1 60°N
I oos S9N
58°N
57°N
56°N

0.02
55°N

Figure 3.3.4. Variability of phycoerythrin fluorescence measured with microFlu Red (left) and u
fluorometers). Limits of quantification (LoQ) for instrumentsAeare 0.D2borescence units, respectively.
The values below these LoQ threshold are to be considered as background noise. Higher valu
abundance of PE containing species.

During the deployment of PE fluorometers, we collected weeklesvatarsahipe stations, using
automated water sampler onboard and made series of laboratdthlanayseis spectral absorption,
spectral fluorescence in different size fractions, counts of PE containing picoplankton with epifl
microscgpand counts of PE containing aadanicrophytoplankton using flowCAM. Our aim was to res
the origins of PE fluorescence and to estimate if the PE fluorescence could be used e.g. in tracking th
of picocyanobacteria (Seppala290&)We did not find a direct correlation between PE fluorescence
abundance biomass of PE containing species or with surface area of picocyanobacteria. The high PE
spring are in case indicative for occurrenceMésiidieium rubrand smmer fluctutations are most likely
related to variation in picocyanobactreia abundance. Some high PE readings are observed to maitt

I I | B} I L L I | I
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events. In such events cells from the deeper layers atesl taussptaice, and as the phycoerythrin is wel
suited to harvest green light fouhd areeper layers high PE readings most likely indicate the uplift of
organism#nMSc thesiwaswritten based on the results (Rytévuori 2017).

Deployments of msiectral fluorometers and data analysis

Several submersible spectrofluorometerdeployed during JERNERTcruisesanda plankton workshop

in Gothenburg (2730 Sept2016) the FluoroProbe (beldaenke, Kiel, Germany) by CARS
AlgaeOnlineAnalyzer {lloédaenke, Kiel, Germany) by IFREMER aixtNul(JFE Advantech Co., Ltd.,
Japan) by SYKEhese instruments were tested in different ecotystBaic Sea, North Sea, eastern
English ChannBhy of Biscay and Benguela c(ofdBRICONEXTWP3D3.1 report)

The FluoroProbe (FP) differentiates 4 algal groups (blue group, green group, brown group and mix
was designed to provide chloraftiyi) concentrations for these 4 groups and concentration of chromop
dissolved organic matter (CD@&low substandehytoplankton groups are differentiated thanks to a fact
statistical algorithm based on the linear unmixing approach which requires to calibrate the instrument
reference fluorescence spectra on CDOM standards lgadl Ipbogadory cultures representative of the ¢
phytoplankton groups to be identificBe(siber et al. 20fi# more details). However, assessments of FF
performance under field conditgmghied some inaccuracy ia délerminatio®G¢ e gor and
2002 and rnsclassifications of phytoplankton groups under specific condiibesirfe.gt al. 2012, Kring

et al. 20D4A great part of these discrepancies hatifimérd to the linear unmixing approach and calibrati
procedure. This is because the linear unmixing approach relies on the assumptispebiicthef grenpe
fluorescence spectra measured on pure cultures are constant (i.e. itkdegdnydaiogical status of the
cells and independent of the species within a group) and representative of phytoplankton groups en
the fieldBeutler et al. 2Q0Zhis assumption Haswever, been shown to be often violated and this may I
to inaccurate estimations @fasid identification phytoplankton groups because the linear unmixing rest
strongly dependent on the similarity between the shape of the fluorescenoslsgemh samples to be
identified and the reference spidlacntyre et al. 2D10o reduce bias due to inaccurate reference spectr
it has been advised to calibrate FP with species representative of the redrichafdismmestt£l. 2010

This methodology has been shown to be efficient and to greatly improve FP results when reference
been properly selectescoffier et al. 2015, Houliez et al. 2012, Leboulanger)efThe R8@Droblem is
that aly one set of reference spectra can be stored in the FP to run the linear unmixing. As a conseqt
device has been calibrated for a specific area, using this calibration in other places with differen
composition may lead to misidasisii of phytoplankton groups. Ideally, a new calibration with site sy
reference spectra should be made before to use FP in a new area. However, this makes the use |
device for measurements in different systems (as it was the tesdERNM@ext project) extremely
complicated and time consuming. This also raises the question about the right calibration for me
crossing areas with very different phytoplankton compositions. Moreover, it is not possible to shai
spectra with other FP users because reference spectra are instrument specific.

Another difficulty is related to the calibration which is usually made with laboratory cultures (i.e. phytof
grown under specific conditions) while environnuitbalscexperienced by phytoplankton in nature ar
dynamic and affect the pigmentation and fluorescence properties of the cells (including the chl a:f
ratio). Reference spectra recorded on cultures are thus likely to differ from thedhestiescehtaxa
encountered in situ and this may result in misclassification of phytoplankton groups.

In order to face these difficulties, alternative methods to analyse spectral fluorescence data |
experimented using FP data collectediiudB&ICAext campaigns.
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Total chlorophyll estimation

To explore alternative ways of analysing the data, we started with total chlorophyll estimation. By sof
Chiaconcentratio@lfita] is estimated as

SFS = €5+ G¢Se+ G*Si+ G*S + G*S+offset+E
[Chia] = G+ Gg+ G+ G

where SFS = sample spectra at 6 wavelengths
[Chia)= totaChla concentration of sample
C=concentration of algal class &ltfed-1)
S=spectral signal at 6 wavelengths
g=green algae
bg=blue gen algae
d=diatoms
c=cryptomonads
y=yellow substances
offset = offset due to distilled water
E=error spectra at 6 wavelengths to be minimized

With the factory calibration FluoroProbe was overestimating chlorophyll concentrayna/h@mgure 3
compared against extraction method. Of course, such a mismatch may be corrected simply by adjusti
spectra, but there is no rationale how to do this in unbiased way. We analysed some alternative way
chlorophyll concentration frraroProbe data. First, we tested a simple regression between chlor
concentration and FluoroProbe fluorescence using excitation at 470 nm (analog to single waveband fi
This yielded slightly lower coefficient of determination thalneFHiiedani method (Figurg) 3.3.

Secondly, we tested multiple regression, where fluorescence from all wavebands was used as i
variables, without constrains due to setting fixed fingerprints. This analysis yielded carsifarianty high
of determination, but still the power of prediction seemed not quite gdg)d \(FigamnGldple regression,
using all available wavebands, actually takes into account the variability in the group specific dif
chlorophydi specific fluorescence, it still does not take into account the major problem in such predict
photochemical quenching of fluorescence which makes the chlorophyll fluorescence to concentratior
in depth, especially during sunny dayaluesvin surface in the midday, higher values in deeper layers
during night. Unfortunately, we did not have any light measurements during the cruise and the light
be taken as additional parameter in the regression equation. Howwd\aeawespatiotemporal shifts in the
ratio, and including depth, time of day and distance from shore in the analyses yielded actually
prediction ahlorophyéd concentration when using FluoroProbe raw spectral fluorescence d&&j. (Figure
We still need to perform in depth analyses of nonlinearities of the system and residuals, as well &
generality of the solution using other datasets.
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Figure 3.8. Estimation of chloroghglbncentration with FluoroProbe datelefippefault analysis using
FluoroProbe software versus laboratory analysefghtiprgationship between fluorescence at 470 ni
waveband and chlorophyll concentrationleftonetationship between chlorophyll analysis using multi
regressiomwvith all FluoroProbe wavebands and chlorophyll concentratigit: kelatonship between
chlorophyll analysis using multiple regression with all FluoroProbe wavebands and accessory varia
time of day, distance from shore) and chiovopbgtration.

Major pectral componerdpplications in Benguela systemd Baltic Sea

FP measures fluorescence emission at ~ 680 nmexftéation by 5 LEDs centered at different wavelengt
(370, 470, 525, 570, 590 and 610 nm). Ritmargfahe instrument is thus fluorescence intensity meast
at the 5 excitation wavelengths (data called raw data). Instead of using the cafadatestidy algal
groups obtained with the factory statistical algorithm, Alexafde) endl Harrison et al. (2016) proposed
to analyze these raw data. They used ordination analyses, such as principal components analysis (F
metric multidimensional scaling (hMDS), as alternative methods to derive spectral signatats from
and to reveal patterns in CDOM and phytoplankton community composition without reliance on
reference spectra for each phytoplankton group. As this alternative method has been applied only in tv
systems, it was thus desiralbeplore its applicability in marine systems.

This alternative method was tested on FP raw data covllectgsteéms with very different phytoplanktor
compositiotheBenguela system &altic Sea.

In the Benguela system, vertical fluorescence profiles were collected at 34 stations along the Nar
During the cruise, we collected altogether 3848Thpectagor spectral components in the daeset

analyzedising principal componentysisa(PCA)hree first components of PCA (PC1, PC2 and PC
contributed 99.9 % of the total spectral variability (BjgMisu&Binspection of the principal component:
indicated that the first comp®nemdact(rPeC19f htalse
fingerprints. PC2 was obviously similar to CDOM component and the PC3 showed a peak at 530 nm
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spectra in the Benguela system, unlike the fingerprint spectra showing phycocyanin.
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Figure 3.8. Principal component analy$ésabProlspectral datecquired in the Benguela systpper

left: All spectra measured with FluoroProbagbippeincipal Component 1, showing similarity with fingery
spectra of diatoms, LdefPrincipal Component 2, showing similarity with fingerprint spectra of-CDOM,
right: Principal Component 3, showing peak at 530 nm, typical fon phiigded¢hgltyanobacteria fingerprint

spectra shown for comparison shows peak related to phycocyanin.

Using the PCA analyses we could explore how the diffevartegadPC1, PC2, PC3) are distributed in th
study area. As an example, colour ttadiipvs. PC2 shows different locations with biomass variations (
and CDOM variations (PC2) (Figue Bssng such PCA method and endmember detection may be use
a powerful alternative for factory calibrated fingerprints, or deteingegtiamsofvith cultures of local

species (Harrison eR@ll6). PCA identifies the major components of the spectra and these may be use
in analyzing the abundance of components. The dataset will be analysed further with pigmdnt data
microscopy data, to indicate if PCA components show correlation with these more traditional approa

JERICONEXTWP3D3.2, April 2019*.*

Pageb788



e JERICO-NEXT

70 18030, northwestern station

60
g so N h
g :g \ | . De pt
]
220
10
4]
350 450 550 650
wavelength [nm]

5 | deep open sea waters

Fluoresce nl:e\'

(=T S Y] B

350 450 550 650
wavelength [nm]

140 ZZ1, Coastal station
120

% 100

80

60

40 =120

20
0 PC1
350 450 550 650

wavelength [nm]

20
=15

e 50 ZZ7, coastal station

B
(=}

Fluorescen

w
(=}

Fluorescence
L
o

-
(=]

(=]

350 450 550 650

wavelength [nm]

Figure 3.3. Relationship between principal components 1 and 2 of the principal component an
FluoroProbe spectral dathe Benguela syst&ifferent endmembers may be identified regarding the CD
and algae biomass.

In the Baltic seartical fluorescence profiles were measured at 11 stations distributed from the Katte
Gulf of Finland along the mairoemégntal gradients (Figur®)3RBaw data showed that phytoplankton
distribution in water column was not identical at the different sampling stations and depth of maximum
differed (Figure 3)3At stations LL7 (Figur&@®)and LL1Eigure 3.9B), over the whole water column, the
highest fluorescence intensity was recorded at 370 nm (i.e. wavelength used to measure CDOM) and
by fluorescence measured at 470 nm (i.e. wavelengtlaamdrprelslent a maximum). Atladir stations,

the highest fluorescence intensity was measured at 470 nm on the first meters of the water column wit
depths, the highest fluorescence intensiyondedrat 370 nm (Figures 8,38 E, F, G, H, I, J, K).

These raw dateeme analyzed using a PCA (Figudd€)3.Bhe 2 first principal components explainec
respectively 49.9% and 30.1% of total inertia. The first principal component (PC1) was mainly built by
intensity measured at 370 (wUV) and 525 nm (@328 pebdnd principal component (PC2) was mainly b
by fluorescence intensity measured at 570 (w570) and 470 (w&88)okh FL had a shape similar to
the difference between the brown group and CDOM reference spectra providedlibréi®fa(tayyre
3.310C). PC2 had a shape similar to the difference between the referentixspeatrd gfeen groups
(Figure 3.BD). PCA indiuals distribution (Figurel@3.reflected fluorescedis&ibutiowithin thevater
column (as shown in Figur8)3flBiorescence spectra recorded within the first meters of the water colum
dominated by phytoplankton and showed high fluorescence signals at 470 and 525 nm while fluoresc
recorded deeper were damihby CDOM and showed a high fluorescence signal at 370 nm.
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To focus on phytotam communities, fluorescence spectra recorded within the first meters of the wate
were selected to runtheoPCA analysis (FigureB3.3:the 2 first principal components explained respectiv
45.9% and 36.6% of total inertia. PC1 waburiaimhyfluorescence intensity measured at 470 (w470) wi
PC2 was mainly built by fluorescence intensity measured at 370 (wUV). PC1 had drshappasitelar to
of the brown group reference spectra providedtamttealidration (FighiB1B). PQ had a shape similar

to the opposité CDOMeference spectra (FigureIC3.1

PCA individ@bistribution reveale@é main termini (FigureZA\3.The fluorescence spectra at terminus 1
presented a maximum at 470 nm and corresponded to the factory brown group referer@@ fiectra (Fig
The fluorescence spectra at terminus 2 presented a maximum at 370 nm and were simil2©td the fa
reference spectra (FigureZZ3.The fluorescence spectra at terminus 3 presented a maximum at 590 r
looked like a mixture between reference spectdeamichiilie groups (FigureZD3.1
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This method seems to be efficient to separate the different phytoplankton assemblages by analyzing
It would be desirable to test it in additional marine systems with very different phytoplankton structure
validate itstility through comparisons of FP measurements with other techniques to analyse phytopla
as flow cytometnyd HPLC

Automated data analysis for spectral fluorescence

Work was initated during the DYMAPHY project on automatedattslysciraf fluorometry data and a
Fluorometry-tlRolbox was proposed (Poi€sdliault et al., 2015), which needs further improvements that
in progresdMoreover, the implementation dfdggkency measuring systgenerates large multivariate
series with missing values. To take advantage of informatiay atabdaoptimized numeric tools are
required.

IFREMER and LISICCQeamavork on methodological developments, originally plannstidoreheed
station Marel Carnot database then the Pocket FerryBox series. We hope to be able to extend our
other multidimensional high resolution data set. The unsupervised Hidden Markov Model approact
packagehttps://crarprojectig) allows to define environmental states characteristic of a combinati
physica&hemical and biological parameters and their dynamics. To improve state characterization
prediction, sesupervised machine learning techniques are inivastigiai@ with the drawback of missing
values or intervals due to periods of sensor maintenance, failure, we work on two automated imputat
one for monovariate series, the second for multivariate series using Dynamic Time Warping algorithr

3.3.3Technical and analyticgdrovements

3.3.3.1.  Evaluation of hyperspectral absorption sensors

From the spectrally resolved total absorption spectra, information about the optically active water con
be derived (Wollschlager et al. 2014). Thisiéalgp#uf concentration of chloraplsyd proxy value for
phytoplankton biomass and the concentration of suspended matter. Furthermore, as the shape of tl
influenced by the presence of certain, oftapgcifigy phytoplankton pignteetgvaluation of the shape
allovg an estimation of the phytoplankton group dominating the investigated water.

The difference between the HyAbS and the@S@&AReommercialpvailable sensor is the degree of
automation and compactness, respettieclyAbS is designed for running autonomously over a longer
period (days to weeks), given a supply for purified water. The whole measurement cycle including ce
reference measurements can be customized in thédasdy mwtrol sate. A solid standard introduced
by a motor is replacing the nigrosine dye solution that is normally used for calibration of integrati
However, as the instrument is a emstdendesign study and includes besides the components necessa
the actual measurements (light source, spectrometer, integrating cavity, data logger) also the com
automation (valves, pumps, tubing, control unit, PC), its dimensions are that of a box of approx. 60 X
designed as a benchtop instrument

In contrast, OSGA&R includes the integrating cavity, tHeag&dDlight source, the data logger, and the
spectrometer in a compact, pressure resistant single housing. The dimensions of the device are apy
X 16 cm. OSCAR2 can be used bath submersible instrument connected to e.g. a CTD for prc
measurements or as a benchtop instrument. The instrument is configured by a web browser interfaci
starts internal logging when disconnected while powered. However, watercarahlibfatemcsolutions
have to be introduced manually or by an external pump. The data stored by the instrument are li¢
spectra that have to be processed into absorption coefficient spectra subsequently to the measurem

Thesesensors wre employed and testedndwocruises on board the research vessel "Heip0k&'(see
Deliverable 3.Dne year later, another cruise (cruise 3) took place in the seas surrounding the United
and Ireland (18.07.2018 to 14.08.2018RGititime last cruise (cruise 4yavasd ol the German Bight
area (19.03.2019 ta0302019).

1 "1
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Cruise 3: In the course of preparation of this cruise, more detailedvesqepeniemtsed in order to
characterize the performance of thetaallard calibration approach (results published in Wollschlager
2019). Alsduring theruise, a variety of different (coastal) regimes wer€iguresa®d, providing ideal
conditions for further test of the HyADbS.

58'N

2
&
S
ol
°
Q
8
o
o
o
o

48°'N

— sw 0

Figure 3.83. Area of the third HyAbS testing cruise.

The OSCAR was not used on this field cruise, but discrete measuremesbwrita mtegirating cavity
absorption meter (PSICAM) were made for comparison with the HyAbS. -baseabshpttimates
between the two instruments were in very good agrigenectittd), even if there were still some deviations
visible when comparing the whole spapira 3.35. To some degree, they might be attributable to min
errors in reference or clion measurements, but especially the large ddbiatied region are most likely
due to the occasional occurrence of air bubbles in the cavity.
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Figure 3.34. Comparison of the absorptisad chl estimates of the HyAbS (shown in remedras
flowthrough PSICAM) and the dige&@AM measurements (black). The inlay figure in the upper right c
shows the linear regression of the data at the sampling points.
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taken.

In the data evaluation subsequently to the lswisiee @erformance of the phytoplankton identificati
algorithm was tested. For this purpose, the continuously measured spectra were compared with the
spectra from our database. This led to the identification of tzepeed{erashbelging to dinoflagellate

LI I L .
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spectra (Figure 3.3.16, upper panel). Nevertheless, most of the spectra could not be attributed to a ¢
with the desired degree of confidence, probably because there is a certain difference in the sy
phytoplanéi grown under artificial light in the lab and phytoplankton grown under natural conditions.
test the effect of field spectra on the identification performance, one field spectrum was included in t
from a station where a bloom dirtbagellatearenia sppccurred (red circle in the upper panel of Figur
3.3.16). After reprocessing the data, a much higher percentage oivéisédspéfid, mostly as being
similar to th€arenia sffield spectrum (Figure 3.3.16, lowd. fdueedistribution of these identified spectre
was quite similar to the distributiaresfisp.as assessed by the FlowCam data. However, although th
results are promising, it could also be that ndkaveattlyas detectedut in general dfiiagellates, as
Kareniavas frequently abundant when other dinoflagellates were present. Nevertheless, the higher |
of identification alone shows the importance of incorporating validated field spectra in the database tc
results of éhphytoplankton identification algorithm, a task which should be tackled in future work more |

Cruise 4: The aim of this cruise was primarily to explore ways to enHantediyeldgngent capacities of
the HyAbS. Due to the use of idestamidard calibration approach, the need for a supply with nigrosin
(the original liquid calibration standard), which was a severe limitation of the deployment time, could |
However, in order to obtain accurate data, still referemeeentsasith purified water have to be performe
Thus, the need for a purified water supply is currently the major obstacle in operation the HyAbS o
period. For this reason, we tested on this cruise the optical stability of thedizgh yatiee ghopi In case

of high optical stability, the tap water could also be used as a reference, provided that its absorptio
spectrum can be measured at the beginning of the measurements. Subsequently, this spectrum cc
used toarrect the HyAbS measurements. This approach would overcome the last major limitation factc
deployment time and would bring the system closer to a status where it could be used completely uli
at least with minimal human intervention.

Hawvever, the water source aboard the research vessel was relatively unstable in terms of optics or
(Figure 3.87). But it has to be noted that with continued use of the tap water source (and thus flush
tube system abogrthevariability of the absorption coefficient spectra became less. Thus, intensive |
prior to use or the additional use of filter cartridges might overcome this problem of high variability
Nevertheless, further experiments are requisadspebt. A further evaluation of the data is currently wc
inprogress.
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Figure 3.87. Absorption coefficient spectra of the tap water aboard the research vessel during the fou
testing campaign.
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3.3.3.2. Evaluation of variable fluorescence matho

Sensor, measurement, parameters and protocols

For ouJERICENEXTcruisesgontinuous and automated online measurements weaeriediobyith the
FastOcearaBt Repetition R@RRpystem (Chelsea Technology Group). It is designed for profiling sy:s
(APD system, Ambiant Plus Dark sensor) and moorings but when coupled with Act2 system, it car
laboratory or in flow through applications, allowing automated measiuemnssoencd Light Curves
(FLCs)The inlet depth varies with ship, but is in general Betwesa e photosynthetic activitiy of the
phytoplankton in theamefmixed layer is measured.

The FastOcedRRFsensor systemas used in 2016 and 2@i#devenmain cruises involving several
laboratories dERICENEXT(Table 3.3). On the Skagerrak cruise in 2016 a FastAct accessory was Use
combination with a Chelsea technologidsPR&k the FastAct is very similar to the Act2, buetnly disc
samples were measured.

From the eastern English Channel to the Baltic Sea, more than 90 weaipéfmfies! in five of thiese
cruisesto measure photosynthesis in the water column between April and July. (R3g8u¥S.)3.3.18.
PhytoRMwas also deployed on all of our cruises @f3lableorder to compare another classical techniqu
(but a multiplerhover technique) with the eRRiique (single turnover).

Table 3.3.2/ariable and spectral fluorescence measurenemt3ERICREXT research crui2€46

2017 C: for continuous measurement in surface Watks profile in the water cojubindiscrete
measurement in surface and bottom waters (s/b). The number of profiles and discrete measurement
/ bottom waters) are also indicated.

Phyto- | bbe-
Cruise Area Date AR PRI | ok | gy || HE2ERR
©1® | o gl ®
CNRS R.V. Cote de la English Channel .
Manche - PHYCO 2017 April 20-30 X 37 46/48 X 47X
: North Sea & E.
VLIZ- R.V. S Stevin Channel 2017 May 8-12 X 19 25/25 27
North Sea 2016 | April 11-14 X X
April 10-14
RWS- R.V. Zirfea ,
North Sea 2017 | May 15-18 | 17 | 18115 | X
June 19-22
August 14-17
NIOZ-R.V. Pelagia North Sea 2017 | June 15-30 X
. E. Channel, Strait

CNRS R.V. Sepia Il - PELRAD of Dover 2017 July 4 X 6 - X 17

) Skagerrak- September

SMHI- R.V. Skagerak Kattegat 2016 5.9 X
Baltic Sea,
SMHI- SYKE R.V. Aranda Skagerrak &

Kattegat 2017 July 10-17 X 16 19 X 16

Coastal areas see large gradients in phytopi@nkéss and physiological conditions. When automat
underway measurements are made this requires continuous adjustment of instrument sensitivity and
of the LED output used to generate the fluorescence induction curves. This gpdmerets#gignal to
noise ratio and thus minimize the effect of noise in the sample i@ Fas#Delgan sensor, in contrast to
its predecessors, have an inbuild routine to so that these settings (autoPMT and autoLED) are optir
the opmtion. Another difficulty with automated measurements is that no automated blank correction
Blank fluorescence is fluorescence generated by any substance (often CDOM) that passes the filtel
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filter) and contributes to the meakiwmexrséence signal. Samples for blanks were measured at interval
manually subtracted from the fluorescence parametersl § F9 so that the measured photochemical
efficiencies (Fn and B0 {0F wer e not u n d elrseis not affectece iy .backgrouand
fluorescenc&he calculation of absolute photosynthetic electron taanspéotrmed as described by
Oxborough et al. (2012, Silsbe et al. 2@E5ailed descriptdprotocol carried out in most cisigesn

belav.

Data collectioof single turnover (ST) fluorescence measurements were obtained with a classical ac
protocol (100 saturation flashes, flash duration of 2 us and series of 24 sequences averaged and re
each fluorescence acquisgibiplank correction, fits and calculations of all physiological parameters wer:
using the FastPro8 software (Oxborough, CTG Ltd, V. 1EA0Qr@8dénce acquisitions were then correcte
for background fluorescence obtained by blank meaduweméitered seawater (on 0.2 um or GF/F
membranes according to the cruises) collected in surface waters excepted for the SMHI cruise. |
sampling in stratified water column, seawater was collected at two or three depths (sififatierwater,
layer and sometimes under the stratification). Fluorescence acquisitions were then fitted to the bioph
of Kolberet.dl 1 998) to obtai nomi Fibmdrmrf It her esaa en caen d
measurements made during the daylight period)
effective absorption cross section dfRBlaNdsdsis) for each wavelength potgagsedindeed, three

or four different measurement protocols were implemented by sensor programming, using one (450 r
of the time two different mix (450 + 530 nm and 450 + 624 nm according to the Chelsea recommend.
wavelengths a@ilable on the last FpRduction model (cf 3.3.1). During théi@kiditruise in the Baltic
Seadominated by cyanobacteria (order Nostocales), a protocol with a mix of the three wavelengths a:
also tested (450 + 530 + 624 nm).

Using thescorrected fluorescence acquiditierssandard set of physiological paramasteesculatedth
FastPro8 incorporating the data of the dark chamber in the ambient light data file.

The light curves are to be analysed with tipadkage versiord developed by Soetaert, Kromkamp and
Silsbe and based on the paper by Silsbe and Kromkamp (2012), resulting in a set of fluorescence
(Table 3.3).

Table 3.2. The analysis of variable fluorescence data will deliver followifigarepoetace parameters
(not all parameters are listed here, only those importaridtysifata

parameter Meaning unit
Fo, F Minimal or steady state fluorescence dimensionless
Fm, F m| Maximum fluorescence in the dark resp. light | dimensionless
Upsi Functional absorption cross section nng
Fv/iFm, Maximum (dark acclimatedgffective quanty dimensionless (interpreted
Fgp F,mdé | efficiency of P8Hder actinic light and electrorphoton)
Fy & mbé | after atransient dark period
Chia Concenttn of chloropkgllbased on calibrat] mg n¥

factor for Fo
E Irradiance used in the light curve pmol photons4s?!
U Rate constant for Qa reoxidation msec
p Connectivity between antenna complexes dimensionless
\bsi PSII flux (electrmansport) per unit volume Mol electrons3u?
aHi Volumetric PSII absorption coefficient mt
[RCII] Concentration of reaction centre Il nmol rd
NPQsv Nonphotochemical quenciignalised Steroimer) | dimensionless

Although the FRRtafiles giveall these parameters, they should not be used as the data has to be cor
for blank values fitst.the D3.1 report a specific section was dedicated to how tdhegilcydatéant
physiologicplrametersuch asu iy [RCII] andb&. Calculations are here reporteddopamdix (2.)
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The current mode of the FastOcean profiler deployment in joint sampling cruisesmwale xedatinely
consuminghe main difficufor sampling to keep the boat facing the sun in the seapesyreerslly with
adverse windaccording tbé water column depth and the turbulence level of waters, a typical profil
between 15 and 25 min to be performed. Taking into consideration the data variability due to wave tu
the strong vertical gradient of light in the upper peasteftbéumn, a depyiepth profiling protocol was
chosen in order to optimize data quality but also data nambadeguitiiesRsifactor of measurement fits
around 0.045050 To obtain such valueR d&ctors, we must use the-gaito funan of the sensor
photomultipliers (PMT of the two sensors) with a stai®®ablts.dh this case, the disadvantage is that the
PMT optimisation time for a satisfactory measurement is long: between two and three minutes. So tt
must staiyn the surfadayer during this time before profiling. According to the turbulence level and the s
variations due to clouds covering, the duration of physiological variable measurements at a given
between 25 and 50 sec; the nundemtb$ or measurement levels depending on the water column deptl

On all cruises, the FastOcean profiler was ni
winch cable on the side of the ship facing the sun. Most of theetméntheallowed to deploy the FRRF

away from the shipbs shadow. The main probl er
profile. With high current and/or wind speed, the ship can easily turn and the instrumentd@m be on
side of the shipr under the shipthe ship used its lateral booster to keep the position facing the sun, tt
generate high turbulence level in dagfecand change the vertical gradient of phytoplankton and light.

is necessarytome to a compromise with all these problems of position and timing to realize a satisfac
profile.

On the VEland RWS/NIOZ North Sea cruises the FastOcean/Act2 recorded approx. 770 fluorescent li
In addition, regular discrete measusawere made on the samples taken from a Niskin bottle just belo
surface and from just above the bottom. @htheskeruiss 3-6 1*C-uptake experiments were performed

daily in order to measure the electron requireriiatifon. @lostthesaesultare stilbeing analysed.

Results displaying the different approaches implemented
Spatial studies.

In theeasterrEnglish Channekigure 3.3.1Belowis an example of horizontalqigtice) measurements

of variable fluorescence across the different water bodies sampled duspgrtg@ @hycoManche cruise
Here we repdhie maximum PSII photochemical efficiency after a transien{Harkpexaudrding to the
pipelengand t he sample pump speed), Fov/ Fém (s
sectiors PSliwas also measuiiathe same time, ie@tinuousay

Ths sampling procedure is not common. Peotlgynthesemergy relationship (PE or FLCs curves) are
directlymeasured continuously by the-BBRRRechnique. However, it is clear that this alternative apprc
allows to have phytoplankton functional traits at high frequency (10 sensisteit wayavith sampled
water masses.
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B L e

AFv/Fm =0,019

AFv/Fm =0,370

Figure 3.3.1%patial variation of effective quantum efficiendyr of B#fter a transient dark period
during the PhycoManche cruise in 2017. Range of variations are calculated for different characteri
masses.

It is then possible to characterize the maxi
3.3.18) without aliasing risk. Maximum range of variations (0.37) are here observed-aifshgran insh
transect in the water body goinghgnorth under the effect of the residual tidal currents, after the bay of
(area under orange ellipse drigies3.3.18

Figure 3.3.1Belowis a typical exemple of a vertical FRRf profile (APD system added with a
spectroradi@ter) obtainenh the strait of Dover (between English Channel and south bight of the Nort
Sea)in spring 2017 durihg VLIZ cruise

Mean valuesf each classidaRRf profileparameterare approximated for surfacewgpiabtic depth (blue
dashedine on the figure) and reported on each panel of the FigueaiGaB&riationf each parameter
are here characterized with the Coefficient of Variation (CV) in percentv@iatimvserosd the vertical
gradient of light in an hyglicddy homogeneous water column are very interesting anefgrfobtoly

photoregulati¢GV=44% for effective quantum efficiency against 13% for the functiotxa)jabsorption

i 1""1 "1
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Figure 3.3.1@hysiological parameters obtained festica wfile of FRRf APD syséeitled with a
spectroradiometer TRIOS (blue, green and red light are integrated on their characteristic spectral 1
at station n°20 of the 29107 cruise. Parameter units are reported in taBlibda@ Zre fittegith a

Loess model (red linBIB : the ambient light sensor data are the white circléssfaarsigifective
guantum efficiermyf P S| | The blug daghé&drtirie )is.the depth of the daydrofieu.L Mean

values for surface and euphotic depth are reported on each panel, and coefficient of variation ((

euphotic zone.

For this measuring stai®fi physiological parametersmaimnly in the first ten meters of the water columr
Thelayetthicknesefphysiological parameter variaitns lower théime euphotione thicknessnce the
euphotic depth calculated here is Tifignis not a general case for our all satapiorg but it is very
interesting because 10m depth is here (with=a0K52 ) t he s @ od altldoe d f i mihde
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(Kirk, 2011). In the present case, the partitioning of the physiological theoeedsesolurwuld be
explairby a strong photoregulation (and perhaps more see below) in the upper water column, and i
part byheverticamixingyeneratedytidal currentecurring from the bottom of the water column (28 m dep
It should be noted that the rangewf/FF 6 m (as f or F q 6dreRarei jhe darheromer g h
of magnitude than horizontal variagehg(re 3.3.18.) of this parametenatkienum quantum efficiency of
PSlimeasured during the daylight @dtevda transient dark period (2 sec with the Chelsea APD sys
equipped of a dark chamber).

On the bottoeright side of tHegure3.3.19 we can see that furotochemical quenching with the NSV
parameter (ng@motochemical quenching Norm@tesetfolmer indebs) well developed for phytoplankton in
the surface water, etlmugHight intensity is not very high in the present case. This is an additional arg
that supports our previous paragraph on the occurrence of a stroaiipphattregipper water column. It
is important to notice that under hiigihvsuisoften difficult to generate a fluorescence rise and a good itere
curve fit (SMeasurements). Measured signals can be very noisy in clear waters emenstgmiigbase
during the day. Data mlagbelost. Suggett et al (2011) report abatdtinighat FRRF are known to be
subject to the Ared |light effectd in the nea
tube (PMT). Between the surface and 5 m deep, sometimesitl@apahelspoh the clarity of the amater
onthe light intensity of the snejsuremerdse very noisy as it appears éigine 3.3.1&ven if the PMT

is optimised real timgothat the ADC is within range, it may still be difficult to get a strong Fv signal to ¢
To improve thisis necessary to incrahsesegenceepetitiorand the tintd measuremesgientn surface
watersthe more data that can be averagatbti likely those gaps in data will biddiNegler, during this
time the incident light can change a lot. The second measurement difficulty is therefore to find the right
in the measurement time for each depth in the most enlightémeavptet column.

In this example, vertical Chla profile from EREX.8F1§) shows small but not clear vertical variations (no
signal in surface) and not significant through the entire water column. In contrast, parametersfrelated
light by phytoplanktanyandles; and also the number of RCII display clearer variations through the
column with two stages of variations in the first part of the water column (between 1 and 10m dept
number, we can obsenautitr the loess fit (red line) two small steps of decline with depth and between
a break around 5m. Rerandlps; we observe more clearly a first step of increase and a second st
decrease after the 5m depth. Vertical profiles abFfRRéE deeen reported for different ecosystems since t
development of this technique (Moore et al 2003, Smyth et al 2004, Aiken et al 2004, Suggett et al 2
al 2012Neale et al 2012, Cheah et al 2017) using the first FRRf generfasornworkesgere mainly
conducted across Open Ocean or frontal area with very deep waters. Here we present FRRf vertice
very coastal and turbid waters, with data from 1.5 m depth, displaying complex vertical shape con:
sampled weat columns are theoretically well mixed by tide.

Before talking about photoacclimation of phytoplankton in the vertical gradient of light, it is importan
that the water column structure may also affect the shape of these physiciogiaetpatiagmed depth.
The rate of vertical mixing can control the light response of physiological processes, as well as
gradients in community structure. As Suggett et al (2011), we can say that an homogeneous commun
will not@cessarily produce a homogeneous vertichepeafse this community is composed of multiple ta:
with potentially different responses to the light gradient. In the present case, measurements of
phytoplankton groups with the bbe Fluodpnobe show vertical variation in phytoplankton commur
structure (dominated by Phaeocystisis atampling station. So vertical variations of our physiolog
parameters could be related to photoregulation and to some transient photoassks aiimuirog
separately in the uppentofodbmtheeesphbace ol
lower part of the water column under the vertical tidal mixing control. These processes and/or p
parameter vai@ns could also be linked, to a lesser extent, to the small variations of phytoplankton
distributions in the upper water column.

Works stilln progress categorize and synthesize the meaR&pobfileshrough the 8 cruisesried out

in 2017 and after that, considering more particularly physiological parameters versus optical depths al
phytoplankton pigments where data are avaidé.tl@@ objectives is to show the added value of

"1 "1
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measurement approach acrosenfie water colurnompared to a surface approactater quality

monitoring programs

Euphotic depth (m)
Q28

0.61

0.4

Fq'/Fm'

0.2

.
L

0.01 Strait of Dover ' Thames influencearea

Sampling time
u 9-12ham
12-3hpm
B8 36hpm
- 6-9h pm

Dutch estuaries

9 10 15 16 17 20 21 22 26 27 28 29 30

Station code

37 38 39 40 41 42

Figure 3.3.2Map of the FRRT profiler sampling stations of the VLIZ 2017 JericoNext cruise (station
in red and euphotic zone depth in black, atadshlaad boxplots of effective quantum efficiency for ¢
data measured in the water column by the FRRf APD system at 19 sampling stations, during the

cruise

TheFigure 3.3.20 shaat thehysiologicdhta obtained frtime profiler APDsssmin the water column
arealsowell suited tgoballgliscriminate against water bodies sampled durisgaldasgatial campaign
(here the VLIZ cruise in spring 2017 in the south bight of the North Sea) even if it is well known that |

parameters display daily cyclesdsdarther in tisisction).

l llll?ﬂ ‘II
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Surprisinglyhegboxplotsof verticalipeasuredataf or t he ef fecti ve quleant ur
differences in medians and in distributions (interquartbetveees waters of the StwéiDoverthe
Thamesnfluene areaand the Dutch estuarean values are also significantly different between the tr
areas.

In additiom¢re isorelationship betwebase data distributifves¢plots) and the sampling time (cf. boxplot
colour code) which is here considered as anaftheatiuration of illumination experienced by Tescells
duration could theoretically control phytoplankton physiology at daily scale amdkthéheestital
distribution of the physiological parameters. This is probably due to thedesttilthaioie gecorpoedte
measurements from the surface to the bottom of the water column, i.e. under the euphotic layer.

During the VLIZ 2Dtruisen the eastern English Channel and southern Nor{flRS£4S. Stevjirgpid
lightcurves (FLCs)erealso measured in a continuous way oyvittatile FRR¥€t2 systemnd some
preliminary results were already presented in D3.1-§Rage$udther atysis on more data should tell us
if their differences are truly significant or not. If so, it is most likely due to the fact that Niskin sa
undergone a longer dark acclimation thanttivedigiivsamples, which causes differences inatianrelax
(Adi s appe phomahemical juencHin@lifdBbeesses.

As can be seen in Fig. 3.3.21, we encountered very different conditions as signified by the varying p
concentrations, using the minimal fluorescence (Fo) as a mrasy.tdntice discrete measurement taken
from samples from Niskin bottles, these data were obtained from the seawater supply of the ship wi
into the FRRF which was running automatically. Because of this the samples were not fuligfdeek acclil
the measurements. Passage times from the inlet of the water to the fluorometer were not known but
the order ofzlmin. Before the measurements started the sampleachienateck for 105 @edso a low
irradiance (12 umol photots?) in order to relax NPQ as much as possible as low light works better anc
than dark acclimati@woss et al. 2006, Goss & Lepetit 2015)

B o03-09
09-15
15-23
23-3.7
3.7-114

B 114-148

Fig. 3.3.21 patiatlistribution of phytoplankton biomass (Fo as proxy, data FRRF) of surface water phytc
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Low phytoplankton biomass observed near the southern Dutch and UK coast and in the middle of
(Fig. 3.3.21). Highest biomass was observed nefachhm&st north of Calais. The pattern obtained from f
FRRF (Fig. 3.3.21) and CytoSense FCM (Fig. 3.3.22) are very similar showing that both instrumen
tools to obtain high resolution maps of phytoplankton biomass.

Fig. 3.3.22Spatial distribution of phytoplankton biomass using the total red fluorescence obtained
CytoSense FlowCytometer.

Primary production results (surface waters) are showr2B Hiigh&sB production rates were observed in &
small aa near the Dutch coast witkvBlues between-B.7 umol electron$hvh The lowest values were
found at several locations, but were mainly observed during the night (see times o Blid@repanigl Fi
exceptions were the afternoon values off the mouth of the Westerschelde estuary.

The lowestKalues were also observed at night or late evening (again with the exception of the some
offshore the mouth of the Westerschelddrageajeral values near the UK coast east of the Thames est
were highest. P h o t-mlsies,rthie migat slope vaued of theilighhcarves) $olloyved
same pattern ag-R with the exception of the values near the @Kst@ddshe Thames estuary.

These resultiemonstrate that diel patterns in photosynthetic activity can mask changes occuring due |
phytoplankton populations. A clear exatatdetisih the middle of #esteriChannel: we sailed aftenno
soutward, and in the late evening and night northward following nearly the same track, and the nighi
were lower for all the LC parameters shown in Fig. 3.3.23. In order to further study this effect, a |
guantify the effect omessties of primary production), Langragian experiments should be performed whi
allow us to model the effect of diurnal cycles on estimates of primary productivity.

Therefore, it is possible to affirncadhihuous measurements of photosynttiesie WiastOcean/Act2
combination are capable of capturing spatial and temporal variability in photosynthetic activity and p!
biomass.
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