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1.1. aA ONZ a O;OIR SN NSRS I NDK
1.1.1. Avaluable tool, aiversity of techniques

l'a GKS ARA2Y aaSS ikrpsgopyofiersan herediblypdwgralfool téBhedRighEon Y
complex microscopistructures angphenomera. With resolutionsn therange offew nanometresfor
electron microscopgandaroundhalfamicrometrefor light microscopeghese technologies areell
adaptedto the obsenation of biological objectsuch asndividual cellsLightmicroscopysparticulaty
popularin life-scienceresearch thanks b its flexibilityand accessibty. It allowsthe obsenation of
living or fixal cells, tissues or microscopic organisms at various sacailfslowing dynamic processes
over time, in a single image plane or in E3pecially using fluorescenkadbelling specificmolecular
targets can be highlightedeven within living organismdNhile the resolution with suclimagirg
systensis stilllimited by thediffraction of the light(Abbe 1873)recenttechniquesrelying on image
reconstructionor stimulated emissiorare able togenerate superresolvedimages beyond the

diffraction limit

Oneimplication tokeepin mind with lightmicroscopy is theérade-off between the different aspects
of the acquisition the spatial resolution, the temporal resolution (or spedt® signakensitivity and
the phototoxicity (i.e. sample healtloften repreented asa pyramid(Figurel) (Scherf and Huisken
2015). For a giverimaging systemthis trade-off is fixed such thatemphasizing one aspect will
systematically impact the other$Videfield and confocal microscgpre widely usedin life-science
researchfor the imaging of cells or small organisnihese systesiare compatible withhigh
throughput andtime-lapse imaging, while being affordable compared to more sophisticated setups.
However, br fluorescence imagingvidefield microscopy suffeifrom the @ntribution of outof-focus
light, which is partly rejected in confocal microscopy thanks to the pinhdinsky 1988)
Alternatively, @convolution of the acquired imagesan improvethe signal to noise ratiafter
acquisition(Shaw 1995Swedlow and Platani 2002)idefield and confocal microscopy have limited
penetration depth due tothe diffusion of light in the tissugand thus are noadaptedfor the imaging
of thick samples(Dudko and Weiss 2005)-photons microscopyffers a higher penetration depth
thanks to thelonger wavelengthused for the excitationpas well as amcrea®d axial resolutionbut
requires powerful lasesin the nearinfraredrange, which might be detrimental for the samg@enk
et al. 1990) Singleplane illumination microscopy (SPIM also called ligheet fluorescence
microscopy LSFNirelieson athin plane of excitation lighbrthogonal to the optical axi&Santi 2011)

It achiewes enhancedoptical sectioning ideal br the three-dimensionalhigh-resolutionimaging of
12



large transparent samples such asfish or drosophila embryogHuisken 2004)This techniqueis
compatible withthe time-lapseimagingof livesamplesandhas low photetoxicity but generateslarge

amount of dataand is limited in sample throigut.

All methods previoudy mentioned have aspatial resolution limited by the diffraction limit to about
half the excitation wavelengthn the lateral directionand about one wavelength along the axial
direction (Abbe 1873; Stelzer 2002yovelmethods relying on imageeconstruction were proposed
to find an alternative to theoptical resolution limitWith gructured illumination microscopy (SIMa
sequenceof imagesilluminated withpatterned excitation lightranslated and rotated is acquired
widefield, which allowsthe reconstructon of superresolved imags of about twice thediffraction-
limited resolution, with low phototoxicitDougherty and Goodwin 2011; Gustafsson 20Q3jng
singlemolecule imagindy photo-activation (PALMBetzig et al. 2008)or stochastic fluorescence
emission (STOR{Rust et al. 200¢roupled totemporal acquisitionevenmore resolvedmagesdown

to few dozen nanometres resolutiotan be reconstrued. Due to the reconstruction procesd)dse
methodsare however limited in their temporal resolution, and thus rgitimal for dynamic time
lapse imaging. Finallystimulated fluorescence emission (STHEEIl and Withmann 1994) also
achieves superresolval images in theange of50 nanometres resolution with biological samples, but

requireshightintensity lases for the stimulationemissiondepletion

BEvery microscopytechniqueoffers a different dispositionof the acquisitiontrade-off (Figurel). Yet,
with suchdiversity ofimaging modalitiescomplemeantary experimens can be caiied out to explore
different problematics.For phenotypic screeningfor instance highthroughput imagingat low to
medium resolution is typicallyarried out first to identify interesting conditions, which canfbgher
explored at higheresolution or in timelapse experimerg to better characterise the phenotypic

responsgNeumann et al. 2010)

13



FIGURE REMOVED EDRINEARCHIVINGO COMPLWITHFIGURE PYRIGHT

Figurel: Tradeoff in light-microscopy representedby the summits of gpyramid

For a givenimaging techniquethis tradeoff is fixed such that emphasizing one aspect will systematically impact
the others.Reproduced by permission from Springer Nature Customer ServiteeGembH: Springer Nature,
NatureBiotechnologyThe smart and gentle microscaggherfNicoet al (2A.5).

1.1.2. Model systems for microscopy

In biomedical research studies, simplified model systems are typically used as they offer a controlled
biological environment, compared to complex orgarssmith multiple tissues, organs, and variable
genetic backgrounsl 2D cellcultures are widely used as a starting point fiowvitro studies, and a
historically weHestablished model syste. They offer miltiple experimental advantages including the
simplicity of handlindHarrison and Rae 1997#he diversity of biomolecular tool®avis 2012)and

the availability of multiple immortalized cedihes for various species, including humans. Patient
derived primary cell lines can also be used for a maximum of fidetitya particular pathology or
tissue(Stacey 2001)However, the drawback of witro cell culture as a model system res&din its
simplicity, which does not reflect the complex migovironment of the original tissue or organism,
with e.g.its extracellular matrix, and variousignallingpathways(Figure2). These limitations can
compromise the extrapolation of results from cell cultures to higher organisms like marandlthus

may impact the outcome of biomedical research studies with passipplications to humans e.g. for

the identification of novel therapeutic compounds. More compiexitro systems are thus being
developed taaccessigher physiological relevancguch as88D cell culture systes{Antoni et al. 2015)
human organoidg¢Kim et al. 2020; Lehmann et al. 20®)micro-fluidic devices(Meyvantsson and
Beebe 2008)While these systems are likely to show higher physiological relevance than flat 2D cell
cultures, they still lack the complexity of a livimganism Therefore, small organisms are also used as
in-vivo models including thenematode Caenorhabditis elegangtrange 2006)and the fruit fly
Drosophila melanogaste(Dahmann 2008) Those organisms allowhé conducion of more
sophisticated and realistic experiments (including behanab studies) than cell cultures while still
being relatively easy to handle and inexpensive. However, these models are not vertebrates and thus
are relatively distant from humangigure2). The mouseMus musculuss the vertebrate model
organism closest to humafBronson et al. 1966; Hedrich and Bullock 200)t it is relatively
expensive, complex to image using microscopy and limited in terms of experimental throughput.
Alternatively, small vertebrate organisms such as the zebrd&ehio reriohave emerged as novel
model systems that are easy to breed, inexpensive and well sfotehicroscopy imagingLieschke

and Curie 2007) A major advantage of smatiodel orgaismsis the possibilityfo observe complex
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phenotypic responseto genetic or chemical perturbatio(Brady et al. 2016; Kaufman et al. 2009)
providing a better overview of therange ofeffects on a living organismExample ofphenotypic
readouts classically reported in phenotypic studies incluslevival rate, overall or orgaspecific
morphological profiling, cellular and tissgeecific phenotypes, reporter gene expression patterns or

behavioual responsdCornet et al. 2017; Gehrig et al. 2018; Kokel et al. 2010)
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Fgure 2: A comparison of model systentmpatible with microscopy imaging

Different model systems are available for biomedical reseawdith various levels ophysiological relevance to humans, aodmplexity of handlingPDX: Patientlerived
Xenografts)Relative scorefor a set ofselected criterium related tthe handling of the specimen artie physiological relevanaae represented as being the best (dark green
tick), good (light green tick), partly suitable (ge&ll tick) and not suitable (red crossih particular,the zebrafish D.rerig offers a good compromise between complexity of
handling and physiological relevan&eproduced by permission from Springer Nature Customer Service Centre GmbH: SpringeNd&aiueeReviews Molecular Cell Biology
Human organoids: model systems for human biology and meditiimeon Kim et al (2020).

16



1.1.3. Microscopybasedscreeninga tool for biomedical research

With the advent of automationmnodern microscopy systems can generate tremendous amounts of
high-quality images i@ relatively shortime. Together withmultiplexedsamplemounting systerse.g.
microtiter plates the imaging ofseveralsamples and experimental conditiocan be streamlined
Moreover, thanks tathe diversity of fluorescent reporters and transgenic construot&groscopy
based screening enables complex phenotypic stuftieshe characterisation of chemical or gereti
perturbationin biological system@ray et al. 2016; Caicedo et al. 2016; Futamura et al. 2012; Wagner
and Schreiber 2016)magebased screeninthus offersa powerful ool for the preliminarytesting of
research hypothesis.g. for drugdiscovery(Esner et al. 2018; MacRae and Peterson 2015; Simm et al.
2018; Zheng et al. 2018} disease modellin(Bradford et al. 2017; Kim et al. 2020; Lieschke and Currie

2007) complemening other screeningechnologiessuch as sequenciray biochemicahssag.

Classical screening slies includechemical screers with libraries of small molecule$or the
identification oftherapeutic compoung, toxic molecules or modulators of signalling pathsgyggert
2013; Rennekamp and Peterson 2015; Richter et al. 201dndnammed et al. 2011; Westhoff et al.
2020) and genetic screesfor the identificationof genes involved in specific biological processes such
as mitosifNeumann et al. 2010; Rinesal. 2008r embryogenesigDriever et al. 1996; S6nnichsen

et al. 2005) For these genetic stdies,the perturbations can be introducedsingRNAinterference
genomeeditingtools or mutaganic agents(Kaufman et al. 2009; Neumann et al. 20Q&wailid et al.
2004; Sonnichsen et al. 2008mong the diversity of microscopy techniques, widefhdl confocal
microscopyare the mostcommonmodalitiesfor highthroughputimagingof biological objectsThey
provide rapid imagingwith sufficient spatial resolution and signal sensitivdy classicaphenotyping

of cells or small model organisrtBoutros et al. 2015; Perlman 2004; Rennekamp and Peterson.2015)
Microscopybased screening has been widely used to imadgeréscentlylabelled ell cultureswith
various cell lines and assajBoutros et al. 2015; Bray et al. 2016; Esner et al. 20%&nfwa et al.
2012; Neumann et al. 2006)ighthroughput imaging also has application fustology anddigital
pathology with whole slide imagin@FJanabi et al. 2012; Pantanowitz et al. 201tL}s for instance
used forthe identification of intracellular parases (e.g. Malaria) ichemically tainedblood samples

(Li et al. 2019; Loddo et al. 201R)ore recently, nulti-cellular organoid¢Lukanin et al. 2020as well

as snall organisms such asbrafish larva¢Pandey et al. 2019; Rennekamp and Peterson 2015; Richter
et al. 2017; Shah et al. 2020; Westhoff et al. 2@##Gpedaka embryo$Gierten et al. 2020have also

beenimaged at higkthroughputwith both widefield and confocal systesm
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1.1.4. Challengesf microscopybasedscreeningvith small organisms

While the imaging o2Dcellculturein petri dish or welplateis historically wekkstablishedalternative
biological system such as organoids and small model organismtsoduce new experimental
challengesin particular for high throughput imagin@ehrig et al. 2018)irst specimenhandling
should followlegal animal husbandry regulatien(Alestrom et al. 2020)Then the experimental
procedure involves a variety of operations including. for zebrafisés,specimen crossing, collection
and dechorionation oembryos, experimental treatment (anaesthesia, microinjectianyl sample
mounting (Kaufman et al. 2009; Nussléifolhard and Dahm 2002)Theseare time-consuming
procedures even for trained experimentesutomated systemsexistfor some of hese operations
(Letamendia et al. 2012; Mandrell et al. 2012; Paltartin et al. 2010)stillin most laboratores most

steps areperformed manually

At the scale of anicroscope, small organisms are large thodmensional objectsand thus more
complicated tamage thanflat cell cultures. In particulawithout adaptedmounting strategiesthese
specimes will adopt random positioa and orientationsin wells of microtiter plates which
complicateghe standardized imaging of tissues or organs of interastsghthroughput(Burns et al.
2005; Gehrig et al. 2009; Peravali et @12; Spomer et al. 2012Pedicatedsample mounting
strategies compatible with highhroughput imagingare thus necessaryo assure the reliable
orientation and positioning of specimeif8lessandri et al. 2017; Chang et al. 2012; Fuad et al. 2018;
PardeMartin et al. 2010; Popova et al. 2018; Wittbrodt et al. 20¥4X,even with optimizedspecimen
mounting the imaging ofleeper structure within the organismight stil be hampered by the natural
pigmentation of tissue or byoptical aberratiorresultingfrom the diffusionof the illumination within
the tissuesand mounting medium(Dudko and Weis 2005) The pigmentation can sometimes be
suppressedn pigmentationmutanttransgenidines,with genetic manipulation ochemical treatment
(Karlsson et al. 2001; Lischik et al. 2019; Wakamatsu et al..Z0@Hgptical aberrationsan also be
limited by reducing the refractive index mismatch between the mounting nvedand the sample
(Boothe et al. 2017; Fadero and Maddox 2047y activelycorrecting theaberrationswith adaptive
optics (Booth 2007; Wang et al. 2014)he latter solution requires sophisticatéastrumentation
though, which is usually not compatible with hidinoughputimaging.

Another challenge for the imaging of specific tissues or orgasniall organisns, is that despite
adapted mounting systemshe uncertainty in thgositioning usuallgtill ranges in theorder of few
hundred micrometresAt the scale of a high magnification objective, this can represent a major
deviation of the position by the equivalent of several fields of vi€lerefore most small organism

screening studies to date are limited to lom@solution images encompassing the full specimen
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(Peterson and Fishman 2011; Rennekamp and Peterson,2¥ib)hus have limited insight into finer
phenotypes at the tissue or cellular scaléhis limitation ould be overcome though, usinigedback
microscopy for thaargeted high-resolution imaging ofegions of interestRO) previously localized

from low-resolution images (see sectidr).

With small model organisms,chieving standardizedimaging conditions compatible with the
automated analysis bynageprocessing workflowgvolvesthe optimization of multiple conditions
sample mountingchoice of thestaining/fluorescat reporter, acquisition parameters, anaesthesia
etc. (Lischik et al. 2019)Moreover, microscopybased screening heavily relies on automated
acquisition (e.g. autofocus)herefore the scalingup of an experiment from a few samples, which
acquisitions were typically optimized on a sampilesample basis, to a fully automated protocol
requires major adaptation effortsin addition tothe challeige of automationthe multi-dimensional
imaging of numerous samples(3D volume, x channels, y tinpwints) resuls in largedatases
comprisngfrom severablozensof gigabytes to few terabytes depending on the scale of the study. This
tremendous quantity aises serious challenges for researchers, first to deal with the storage and
general handling of the data, but also for the visualization and analysis of those datasets. Those
experimentalconsiderationaultimately limit the complexity of imagbased screeing studies. While
these burdens may bevercomeby adapted hardware architecture and software tootmstsoftware
solutions are dedicated to cdllased systems, and often not broadly applicable to alternative biological
models Novel solutions dedicateit alternative microscopy specimssuch as small model organism
and organoids are thus necessary fgat off these limitations and to enable complex screening

workflows empoweringbiomedical research in #sepromisingmodelsystems.
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1.2.1. An advantageoushodel for biomedical research

The zebrafishDanio rericoffersa number of advantages avartebrate model organism. First it shares
high genetic similarities with humanwith about 70%0f its gerome containing orthologs to human
genes,and86% of known drug target§&sunnarsson et al. 2008; Howe et al. 20B&sides,tousands

of transgenic and mutant lines are availabfeludingmodels of humarmlisease (Bradford et al. 2017,
Geisler et al. 2016; Lieschke and Currie 20@/ile classical lmmolecular tools(CRISPR, RNA
interference)can be used to furthestudy gendic profiles(Koster and Sassen 2015; Marques et al.
2019) These characteristiamnablecomplexin-vivo studies for biomedical research with applications
for human diseasenodelling drug discovery, safety apmitons environmentaland toxicological
studies(Brady et al. 2016; MacRaad Peterson 2015Besideshe genetic backgroundzebrafish
embryospresent additionapropertiesthat are ideal for microscopy and higlontent screeningrapid
reproduction andlarge number of offspringsmall size compatible with wellsof microtiter plates
optical transparencyex-utero development and rapid organgenesiqKaufman et al. 2009Thanks

to their external embryonic development arapticaltransparencyin the first stageszebrafistesare

a model of choice for developmental reseaf&ha and Weinstein 2007; Hocking et al. 2013; Kimmel
et al. 1995; NussleiNolhard 2012; Rieger et al. 2011; Zhou et al. 2qQEQure 3.B) With the
availability of model beases and transgenic linezebrafisHarvaehavealsobeenextensivelyused to
study multipletissues, organs and relatg@athologiegFigure3.A)suchascardiovasculadevelopment
anddiseasegBakkers 2011; Nguyen et al. 2008)er cancer andiseasegJang et al. 2012; Lam and
Gong 2006)kidney developmen&nd diseasefGehrig et al. 2018; Hostetter et al. 2003; Paneegl.
2019) infectious disease@asud et al. 2017bncology(Langenau et al. 2003; White et al. 2013; White
2015)but also regeneratiorfMarques et al. 2019; Petrie et al. 2014; Zhou et al. 2(Hi@glly, under
the current legislation, zebrafish embryos comply with the 3R principle (ReplaceReshiction and
Refinement) for the more ethical use of animals in research te¢Bad et al. 2014; Kirk 2018; Russell

1995)
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A Brain and central

Eye and retina bone and cartilage

Heart and Intestine and Skin and
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Figure3: Zebrafish as a model organism feertebrate development and human disease

A) Example of tissues and orgdns which zebrafish is used asvadel B) Exutero developmental stages of
zebrafish embryos during the firg# hours posfertilization. Reproducedrom (Koster and Sassen 2015)der
the terms ofthe Creative Commons AttributionNon Commercial (unported, v3.0) Licenfieencedby Dove
Medical Press Limited he full terms of this license are availablehttps://www.dovepress.com/terms.php
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1.2.2. ZebrafisHor microscopybased screening

Thanks to theiradvantageous genetic and physical propertieshrafishlarvae and embryosave
become a model of choice fahemical and genetic microscopysed screeningBrady et al. 2016;
Kaufman et al. 2009; Rennekamp and Peterson 20Byious chemicascreeningwith libraries of
small moleculesn zebrafishlead to the dentification of regulatois of vertebrate development
(Peterson et al. 2000; Richter et al. 20IMpdulators of heart rat¢Burns et al. 2005heuro-active
molecules(Copmans et al. 2016; Jenkins and Urban 2010; Kokel et al., 20b@)ounds impairing
kidney developmentWesthoff et al. 2020pr affecting cyst formatin in the developing kidney
(Pandey et al. 2019%enetic screesin zebrafishsimilarlyidentified genesinvolved inembryogenesis
(Driever et al. 1996)inthe integrity of theglomerular filtration barrie(Hanke et al. 2013; Hentschel
et al. 2007)or in the formation ofcysts in the kidney(Sun et al. 2004)To tackle the experimental
challenges associatedith the highthroughput imagingof zebrafish larvagsee sectionl.1.4),
previous researches reported the development of dedicated mounsipstemsfor the reliable
positioning and orientatiorof zebrafish larvae ormbryos using micrefabrication(Alessandri et al.
2017; Ppova et al. 2018; Wittbrodt et al. 2014y sophisticated microfluidic systenf€hang et al.
2012; Fuad et al. 2018; Parditartin et al. 2010. A number of tstom software solutioawere also
describal to automate specificphenotygdc readouts(Mikut et al. 2013; Xia et al. 201B)cluding the
quantification ofheartbeat(Fink et al2009; Gierten et al. 2020; Pylatiuk et al. 2014; Sampurna et al.
2018; Spomer et al. 201,2he morphological profiling of bone and cartilaffgtern et al. 201b; Stern
et al. 2011a; Tarasco et al. 202@)e quantification oforgan pigmentation (Schutera et al. 2016;
Tarasco et al. 2020)he segmentatiormand morphologicalprofiling of tissues and organ@&nnila et al.
2013; Gehrig et al. 2009; Teixido et al. 201B8¢ quantification ofspecimermotion (Kato et al. 2004;
Lischik et al. 2019; Marcato et al. 20Hs)d theidentification of fertlization sate (Shang et al. 2019)
By combining such imag@ocessing soluticswith automated microscopg edback microscopyas
alsoappliedfor the automated imaging ahe heart(Spomer et al. 20123nd kidney(Pandey et al.
2019)in zebrafish larvadrinally,standard assahave beerproposedas referenceto study specific
tissuesand associatedignalling pathwag; such as the tafin amputation and related wound asstay
study regeneration anthe immune respons€Marques et al. 2019; Renshaw et al. 2QQ6¢ deye-
assaw ¢o identify disruption of theglomerularfiltration barrier bymonitoring the level of a heavy
molecular weightfluorescent reporterin the blood circulation(Hanke et al. 201)5the photomotor
response (PMRjssayapplicable to identifyneuroactive agentgKokel et al. 201@)r the combination

of organspecific assagto quantify overall compounds toxicitgCornet et al. 2017)
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1.3.1. Digital imagenalysis

Imageanalysisor mageprocessinghare similarities witlsignal processingvith commonoperations
such as the application of filters, signal deconvolutioarithmetic operationsHowever with image
processing, onenustdeal with more than 1 dimension, typicatlye 2 dimensions of an imageame
but potentially more wherworking with timelapse or volumetric datdn digitalimages the original
signal from a sensasstored as a discret@-dimensionahrray of values, the pixelarranged following
a grid, theimagematrix. For many applications including microscoing sensor is a camerllecting
photonsand the pixelsre related toathe individualdetectors composing the camera sendéor other
applications like medical imaging, the image isatattined Ly the collection of photons but knother
physicalprocess (ultrasound,-¥ays). The sensor itherefore not aconventionacameraput theresult
is still adigital imagewith similar characteristic than a microscopy imaBggital mageanalysis has
thus applicatiosin multiple fields from so-called computer vision fataily-life scenariosuch aface
recognitionor autonomoudriving medicalsolutions with imagéyased diagnostito variousresearch
fields such amicroscopyandastronomy. While evenfield has itsown specific practiceghere is often

some overlamnd thus commontools between disciplins.

In practice, imaganalysigs typicallybuilt as workflove or pipelines(Michael R. Berthold et al. 2009;
Carpenter et al. 2006)hich are a succession simple operdions such agmagepre-processingvith
special filters, binarization, morphological operations,. étcageanalysisworkflows are ultimately
designed toderive ®me information about the content of an imag# can besome qualitative
information such ageportingthe presence of an object or structuren indicator of imagejuality or
assiging an image to a categoryor guantitative such as the positioor count of objects, thie
morphological profilingor the measurement of signalintensity. Designingrobust imageanalysis
workflowsrequires soméechnical skills butas the potential talrastically reducéhe need for manual

inspection of the imageshus saving time and improving reproducibiligspecially for large datasets.

1.3.2. Bioimage analysiehen imagenalysisneets microscopy

Modern biomedicalmicroscopy studies typically involve imagealysis toderive information about
the biological systemPublished wdkflows span from fully automated pipeling to interactive
solutions requesting inpufrom the userat multiple steps of theprocess Classial applications for
biological studiesre the segmentation of objects artite measurement of an intensity (fluorescence,
pigmentation) a countor morphological profilingf objectsor structures(Aung et al. 2019; Carpenter

et al. 2006; Legland et al. 2016;-Blun Kang et al. 2016; Wagner and Lipinski 2ah8)trackingof
23
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objectpositiors over time(Aaron et al. 2019; Amat et al. 2014; Gallois 2018; Tinevez et al. @017)
the quantificationof colocalization betweedifferent objeds (Cordelieres and Bolte 2014; Costes et
al. 2004; Lagache et al. 2016¥ten biological samples atabelled using chemical dyes or fluorescent
reporters, thereforeintensity-based segmentation (i.e. thresholdingh®iallyemployedto isolate the
objects andrOls€n the imagesThis approachis routinelyappliedfor the segmentation ofiuorescent
cells and nuclei imicroscopy imagegBray et al. 2015; Caicedo et al. 2017; Carpenter et al. 2006; Ljosa
and Carpenter 2009; Neumann et al. 2Q08pweverthose segmentationvorkflowstypically involve
several intermediate stepfor the preprocessing of themages (background subtracti¢@aicedo et
al. 2017; Model and Burkhardt 2001; Singh et al. 20dehoising(Meiniel et al. 201§) and thepost
processing of the segmentation mask (e.g. morphological operaffvar®n et al. 2019; Legland &.
2016). This results in a multiplicity of parametengich render those workflows very application
specific ultimately preventing their broad applicability teew sets ofimages. Besides, for other types
of samples like smathodel organisms omrganoids, these approaches mighbdt be applicablgin
particular for the identification of specific tisssi®r orgars due to a lack of contrast with the

backgroundor with the rest of the organisrfFigure5.B)

Computervision,meanwhile benefited from years of research dahese problematicsof pattern and
objectrecognition.Recentlyeven somedeep learningsolutionshave beensuccessfullye-purposed
from the detection of objedin reatlife scenes tanicroscopimbjectssuch as macromolecular crystals
(Bruno et al. 20183nd cell culturegWaithe et al. 2020Beyond deegearning, computer vision could
benefit bioimage analysis in many more wagswever, those methods were originallydrdssedto
computer vision expertand targetedto completely different imaging modalities. Thereforaajor
efforts are requiredfor their benchmarkingwith concrete biomedical imaging applications, and for

their adaptationto a broader audiencef non-expert userssuch as life science researchers.

1.3.3. Imagebased profiling

Images are large multidimensional grid of pixels, which represent a huge amount of numjacsl
imageframe may range from 200 x 20to 2000 x 2000 pixels respectively correspondingi@
thousandand 4 million pixelalues.Therefore,most imageanalysis workflowirst condensehe raw
pixelinformation from imageso a fewe number of descriptive figures, the featurgsoviding a nore
succinct and informativenageprofile, compatible with automate@dnalysigCaicedo et al. 20173uch
features may include morphological descriptaescribing theshapeof individualobjects e.g. after
segmentation(Futamura et al. 2012; Legland et al. 2016; Wagner and Lipinski, 2&8)ity features
related to the intensity distribution odn image ormageregion(Papageorgiou et al. 1998; Viola and

Jones 20049r more complex intensity features such as imagaments(Khotanzad and Hong 1990;
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Ming-Kuei Hu 1962; Teague 198f)texture (Haralick and Shanmugam 1973; Heilbronner 1989)
combining different feature types, a very descriptivieature set can be generated-or their
CellPainting assafBray et al. 201&hus reported 1000 katuresrelated tothe morphology, intensity,
texture andadjacencyof the cell body, nuclei and cytoplasmeasch segmented celln comparison,
(Caie et al. 201@sed only 150 features to descritie phenotypeof cancer cellafter drug treatment.
While it still seemslike a large number, it is much smallethan the original numbepf pixels Pre
trained deeplearning models can also be used to extriachgefeatures, by using only thébase 2 F
the network containing the convolutional laygiisumar et al. 2015; Pawlowski et al. 2016; Spanhol et
al. 2017)Often only a fraction of the computed featigesrelevantfor a given classification pblem,
therefore reducing the number of features to the most discriminative ones edm the subsequent
classification stepsThis can be achieved Witering redundant features showingigh correlation
using an iterative search to identify the most diminative featuresor eliminaing uninformative
features(Caicedo et al. 2017; Loo et al. 2007; Neumann et al. 20@@ensionality reduction using
e.g. PCA can also be used to reelithe number of features buhas the drawback to lose the

interpretability of the features antb introduce some approximations.

In rare cases, typically with small imagesy pixel intensities can be directly used faatures by
flattening the 2D imagsto 1D vectos. This was demonstrated for the classificatior28k28 pixels
grayscalémages ohandwritten digits(Y. Lecun et al. 1998hdof 20x20 pixels imagpatches of cell

nuclei(Han et al2012)by directly passing th&Dvector ofpixel values to alassifier.

1.3.4. Supervised and unsupervised classification

Given a large dataset of images or samples, a clasgiphtationis the identification ofsamples with
similar profilesor phenotypiaesponse. This is used for instance in pharmacological studies to identify
compounds with similar molecular targets or maaé action based on the phenotypic proféef the
treated celsor specimes (Caicedo et al. 2016; Caie et al. 2010; Futamura 04P; Ljosa et al. 2013;
Loo et al. 2007; Perlman 2004; Young et al. 2008gre are 2 solutions tolassifysamples: the
supervised and unsupervised approaches, bothimglgn descriptive features for each sample. With
the supervised approach, treamples are classified into predefined categories, whose characteristics
are known (e.g. wikdype phenotype va knownmutant phenotype)A smple approacho classify an
unknown sample is to look for the most similar sanfpj@f known categoryk-neares neighbour
search(Dhanabal and Chandramathi 20L1Another popular approach is to rely @nclassifier
previously trained on a set of example samples for which the target cae=gareknown (Kotsiantis

et al. 2007; Lakhmi Prasanna et 2017) Widespreadclassifieralgorithms are decision trees and

random foress (Breiman et al. 1984; Ho 1995; Liaw and Wiener 2002; Safavian and Landgrehe 1991)
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support vector machines (SVNGortes and Vapnik 1995; Noble 20@éy artificial neural network
(Lppmann 1989; Ou and Murphey 2003VM were previously used to identify mitotiellsand other
cell states(Conrad et al. 2011; Neumann et al. 2006jor the localization otell nuclei byclassifyng
imagepatches(Han et al. 2012)The supervised approach is a rather-gwvn approach starting from
known categories down to the samplethe unsupervised wayalso called clusteringy inversely
bottom-up, starting from the samples andrfaing groupgor clusters)f similar samplesle-novoby
aggregating similar samples one after the other, according to a measure of distance between the
growing clustes and the remaining samplggain et al. 299; Olaode et al. 2014; Saxena et al. 2017)
This distance metric is agdiased orthe sample featureswith clustering, neither the categories nor
the typical characteristics of the final clusters are known beforehand. The clusters amdtdrusimply
denoted by integer indess (cluster 1 to N). Classical clustering algorithms includes thedn
algorithm(Telkhomo 2006; VanderPlas 201 &e hierarchical clusteringnd densitybased clustering
(DBSCANKESter et al. 1996)

In both the supervised and unsupervised algorithms, all sasnpt@ dataset end up in one of the
predefined categories, or in ord# the clusters. While the unsupervised way can be applied right away

to a dataset without previously labelling example samples and training a classifier, in practice it
requiresadditional effortsto characterize the clusteand to verify that the partibning of the samples

is coherentwith the scientific problematic.

1.3.5. Comprehensive visualization with dimensionality reduction

When exploring datasets composed of multiple samples eashkribed by several numerical features,
it is always informative to visualize the distribution of the ddtafore experimenting with supervised
or unsupervised classificatiolVhile it is relatively straightforward to observe the distribution of the
values for one specific feature across the data@eg. with a histogranof value$, this solutiononly
providesa limited view of the available information. Therefore, one classical way to have a quick
overview of alarge quantitative dataset is to use dimsionality reduction tdfurther condense the
information from multiplesamplefeatures(morphological descriptorexpression levels for a set of
genes)to fewer pseudecoordinates that can be used for 2 3D visualization.Dimensionality
reduction hasthus been extensivelyused in life sciencéo representgene expressiomrofiles of
different cellpopulations(Butler et al. 2018; Shah et al. 2020; Stuart et al. 2018) visualizemage
basedphenotypicfeatures (Caicedo et al. 2017; Caie et al. 2010; Lukonin et al. 20P@ye are
multiple dimensionality reduction methods, among the most popularthest-distributed Stochastic
Neighbour Embedding-@NEMaaten and Hinton 2008; Wattenberg et al. 2018)incipal Component
Analysis (PCAAbdi and Williams 2010; Wold et al. 198nd Uniform Manifold Approximation and
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Projection (UMAP{McInnes et al. 2020PCA is historically widely usedhng dher applicationghan
dimensionality reduction, for instance to derive psetfdaes (eigenfaces) from databass human
faces(Turk and Pentland 1991Fompareé to the other methodsPCA has the advantage be
parameterfree. Besides, tiis available for many software platforms and programming libraries
including KNIMEMichael R. Berthold et al. 20Q@he python package scikigarn (Pedregosa et al.
2011) OpenC\(OpenCV contributors 2000pranged 5 S Y O NJ Sa8 well &s @ebrapplications
such as the embedding projector of TensorfiMMartin Abadi et al. 2015)r Sle@Walk(Ovchinnikova
and Anders 2019More technical information about PCA and dimensionality reduction is reported in

section2.9.3(see also the chapter about R@ the python datsscience handbook/anderPlas 2015)

A simple example of dimensionality reduction is showRigure4 using UMAP for the visualization of
colour encoding from an array of 4 values (R, G, B, Transparesdiyged to2 X¥.coordinatessuitable

for visualization as a scatter pldEach dot in this scatter plot corresponds to a different combination
of these 4 components,d. to a different colour (usedb render the individual d&). As can be seen
from the colour coding, similar colours tend to localize in similar aféiae plot(i.e. similar X,Y values)
meaning that the dimensionality reduction efficiently condensed the information while preserving

most of the dataset characteristics.

UMAP embedding of random colours
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Figure4: Example oRDvisualization after dimensionality reduction usingMAP

Each point in this 2D point cloud corresponds to a different colour originally encoded as a vector of 4 values (R,
G, B, Alphaforresponding to the 3 RGB colour components &tgha the transparency. Using UMAP for
dimensionality reduction, theolourenmding was reduced from 4 values to 2 components, which are used as
X,Y coordinates for the data points. As it can be seen from the plot, similar colours fecdlipein similar areas

of the plot, meaning that most of the colour information was consehadter the transformation. Reproduced
based on the UMAP online documentati(vicinnes 2018)
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1.4.1. Principle of feedback microscopy

The principle of feedback microscopy, also called smart imaging, corpgidiEat microscopy or
adaptive imagingScherf and Huisken 2015; Tischer et al. 20%49 couple thexcquisitionwith image
FyFrfeaira a2y GKS Ffeé sied. fordSeNaFgatetMmagdirg) vilafit@dnaticallyO |j dzA & .
localized regions of interest, the tracking of moving objects, or the detection of rare events triggering
a specific acquisition sequence. Typically, a feedback microscopy protocol involves (Estajpsl et

al. 2011;Stuurman 2012)The first step is the acquisition of an overview image following a relatively
simple prescanning protocol (low resolution overview image, coarsgagk, short time lapse). The
overview image is then quantified by a dedicated imagealsis routine that will look for somROlIs

(e.g. cells, tissues) or evaluate the quality of the image. Finally depending on the outcome of the
analysis (the feedback), a new sequence of eveah be executed (displacement of the objective,
high-resolutionacquisition, adjustment of the illumination). This procedure can then be repeated for
multiple samples e.g. for the automated imaging of a full well p{Rendey et al. 2019; Peravali et al.
2011; Spomer et al. 201,20r iteratively for the same specimen to adapt the acquisition over time
(Wang et al. 2014)A widespreadexample of feedback microscopy is thautofocus, traditionally

available on most commercial microscape

Feedback microscopy Bbeen previously used in life science for the targeted imaging of ROIs at high
resolution, previously localized from lemgsolution images. This approaclas applied for the
targeted imaging of HelLa cells, individually localized by intetigiggholding of the overview images,
and subsequently imaged at highersolution(Gunkel et al. 2019r by supe#resolution imaging using
singlemolecule localization microscopiEberle et al. 2017)(Conrad et al. 2011ysed a similar
approach completed bimageclassification for the identification and exclusive imaging of HeLa cells
in a specific mitotic stage, which repressatsmall fracton of the cell population. Besides callitures,
organoidgLukonin et al. 202@nd small organisms such as zebrafish larvae have also been imaged at
high-resolution with highthroughpu, thanks to feedback microscopy with such a prescan/rescan
strategy.(Peravali et al. 2011hus demonstrated the imaging tiie zebrafishhead region detected

by template matching,(Pandey et al. 2019§lescribal the highresolution acquisition of the
fluorescentlylabelled kidney in th&g(wtlb:EGFR)ansgenic line, localized by centre of mass, while

(Spomer et al. 2012)sed intensitybased thresholding to identify and image the heaagion.

The targeted imaging of previously localized regions of interest is one application of feedback

microscopy. Another promising application is adaptive microscopy, for which the feedback provides
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information about the sample in order to optimize the acquisit parameters (e.g. exposure time,
illumination intensity) or to perform a specific acquisition sequence. This approach was used to correct
optical aberrations in real time using adaptive op{i¢gang et al. 2014)while (Rabut and Ellenberg
2004)kept migrating cells in focus and in the field of viefwthe objectivefor time-lapse acquisition

by tracking cells and cacting the microscope stage position accordingly. Finally, in addition to
imaging, feedback microscopy has also beemonstratedfor active photomanipulation such as
optogenetics, laser ablatiophotobleachingr photoactivation (Lefer et al. 2011; Stirman et al. 2011)

thus reported the targeted activation of neurons by optogenetic in freely mo@agnorhabditis
elegans while (Conrad et al. 2011performed FRARFIuorescence RecoveAjter Photobleachig)
experimensin the nuclei of CBXEGFP cells previously identified as being in interphase or prophase

by the feedback routine.

While feedback microscopy has the potential to automate complex acquisition protocols, which would
otherwise require timeconsuming manual interventions, the analysis routine used to evaluate the
imagesand to return the feedbacls a critical component for the success of the procedure. It must be
robust to the variability of the sample, while still being spetdfithe expected phenotypeBesides, in

addition to a robust imaganalysis pipeline, feedback microscopy requires a controllable microscope
setup, which typically involves hardware interfacing and custom script development to allow the
communication between themageanalysis and the microscepcontrol. Implementing feedback
microscopy on a setup thus requires technical skills which are not at the core-sfiéfece research.
Although ommercial and open source solutions exist to enable smart microscopy ajptisat
(ACQUIFER 2017a; Conrad et al. 2011; Edelstein et al. 2010; PYME contributors 2020; Rhode 2015;

Schorb and Sieckmann 201rp standard protocols currently exist.

1.4.2. Applications to smatbrganisns microscopy screening

One practical application of feedback microscopy is the targetedthiggnification imaging dROIs
identified from lower magnification image®hile the resolution increases with the magnification of

the objective, the size of the field of view is inversely reduced. For samples like dense cell cultures
which are usually homogeneously spread over the field of view, this is not an issue, except that a fewer
number of cells can be imaged within the smalield of view of a highmagnification objective. In this

case, the highmagnification imaging is usually performed by selecting random image patches within

the low-magnification image. Thus, feedback microscopusgally notnecessarywith dense cell
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cultures unless a specific cellular phenotype or event is researchgf,a specific mitotic stage
(Conrad et al. 2011)

C2NJ Y2NB daf 20l t Al-demdify call lcufturdts, SodgandidS, dviictbscd@igdslarger
organisms), with only occupy a small fraction of the field of view at low magnification, automated
high-magnification imaging without feedback microscopy is more challenging. To some extent, it might
still be possible when the positions of the samples are known aipfibis can be achieved thanks to
adapted sample mounting, that helps positioning the sample in a specific position, like the centre of a
well in a 96well plate (Alessandri et al. 2017; Popova et al. 2018; Wittbrodt et al. 2(Ad) a large
majority of these mounting systems though, the precision of thetfwoshg will still be in the order of

a few hundred micrometres. At the scale of a highgnification objective, this can represent a major
deviation of the position by the equivalent of several fields of view. Therefore, withnregular
samplepositioning highresolutionimagingfollowing the expected sample coordinates provided by
the mounting system will likely result in missing the ROI in most c&sgsré5). Using feedback
microscopy instead, the positisiof the ROlIsare extracted from lowmagnification images thanks to

a dedicated pattern recognition algorithm. The algorithm vyields the positions of the ROI with a
precision of few lowresolution pixelswhich allows more accurate positioning for higtagnification
imaging. It can also improve the reproducibility of the imaging as the detected regions are likely to
occupy a similar position in the field of view for the successive samples, which efiespagés the

need for additional alignment of the imaged regions in posicessing.
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Figure5: Slight positioral shiftsprevent the automated imaging of regions of interest

A) View of zebrafish larvae mounted in wells of a@éll plate, using prdormed agarose cavities for the reliable
dorsal orientation of the specimgiWittbrodt et al. 2014)Despite the consistent positioning of the specimen in
the wells, a slight positionaifferenceof less than a millimetre prevents tteitomatedhigh-resolution imaging

of the region of interestvhen identical coordinates are usethe images outlined inllse are cropped from the
original full well imagesaccording toa rectangular region positioned in the centre of the well. The green
rectangle corresponds to the expected size of the field of view for a 20Xntaginification objectiveand is
positionedat fixed coordinates relative to theentreof the wells B) Using intensitythresholding allowisolating

the full specimers but remains challenging to localize a specific orgagion(e.g. the head region).

143. ahtfeFf 8¢ LINRPOS&aaAY3
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acquisition is still running. This saves time especially for computationally expensive workflows like
deconvolution,or if some imageeconstruction is needed (structuddllumination, superresolution

etc.). It can also be used to reduce the size of the datasedubymatically identifyinghe interesting

fractions of the datasete.g. bycropping RObr isolating interesting time pointPandey et al. 2019;

Scherf and Huisken 2015)
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1.5.1. Applicatiosof objectdetecbors

Obect-detectorsoriginate mostly fom the field of computer visionfor usecases such as fa@nd
pedestrian recognitiorfDalal and Triggs 2005; Rowley et al. 198Baracter recognitiorfY. Lecun et
al. 1998)or autonomous drivingGrigorescu et al. 2020yVith the availability oflarge annotated
datasetsrepresenting variousobjectclassesand associatedchallenges for objeetletection and
classification(Deng et al. 2009; Everingham et al. 2010; Yann Lecun et al. 1998; Russakovsky et al.
2015) the field gained major interesand keeps drawing attention todevelop better and faster
algorithms Someof thosealgorithmshave beerre-purposed forife scienceapplicatiors, such aghe
classificatiorof macromolecular crystal(Bruno et al. 2018celsand nucletetectionor segmentation
(Han et al. 2012; Ronneberger et al. 2015; Waithe et al. 2@28)kton detection and classification
(Luo et al. 2018pr identification of breast cancesr microcalcificationin mammography images
(Dembrower et al. 2020; Blaga et al. 2002)Object detectors can be applied forjebt-tracking too,
by running the detection on the successive franta videoMany of these algorithms were optimised
for this purpose to runthe detectionin realime, which B a critical requirement for dynamic
applications e.g. autonomous drivinfhe latest innovations in théeld nowaim at analysing not only
a single image but short video sequenctsrecognize specific behaviour or actigihvdobahi et al.

2009; Wu et al. 2015)

1.5.2. Distinction between localization and recognition

By objectdetection, one usually implies both the localizatioh objectswithin an imageand the
recognition ofthe objec @ategoies Therefore objectdetectors typically combine 2relatively
independent mechanismsone for the proposal of possible objectegions, a second for their
consecutive recognitionClassical strategies for the generation of candidate ir@geons include
intensity-basel thresholding(Neumann et al. 2006; Spomer et al. 2Q1Bjute-force search with
rectangular sliding window@allego et al. 2018; Han et al. 2012; Vaillant 1994; Viola and Jones 2004)
dedicated region proposal algorithni&irshick et al. 2016; Uijlings et al. 2013; Zitnick and Dollar 2014)
or bounding boxes (anchors) randomly distributed within the im@ge et al. 2016; Redmon et al.
2016) To identify genuine imageegions from the pool of candidates, thecognition procesgypically

relies on a set afiescriptiveimagefeaturesfor each regionThe featuregor a given imageegionare

then evauated by a decision mechanism, responsible for the distinction between actual vs erroneous

objectregionsor the assignmento aspecificobject-category. Classifier algorithms are routinely used
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for the decision task, as they can handle multiple inputdess andoutput objectclassesObject

locations areultimately given by the position of the imagegions classified as containing the object.

1.5.3. Classifiers in computer vision

Classifiers are mathematical models used for the prediction of sample categoresded a set of
descriptive sample features (see the classificationrigfflowers species based on morphological
measurementgFisher 198)). A welltrained classifier should assign samples with similar features to
the same category. Classifiers have multiple applications in computer vision such as image
classificatior{Conrad et al. 2011; Kumar et al. 2015; Neumann et al. 2006; Shang et ak20 el
classification. Pixadlassifiers are mainly used for segmentat{gngandaCarreras et al. 2017; Berg et

al. 2019and keypoints detection(Stern et al. 2011a}-or imageclassification, a sample is an individual
image, or for objectietection a subregion of an image (patch), while for polassification a sample

is a single pixel of an image. In both cases, there are at least 2 classification outputs, e.g. object vs
background for objecetietection, foreground veackground for binary pixel classification. With more
than 2 categories, multiple image classes can be predicted, while forghisslifiers segmentation of

an image in various domains is possible.

A classical workflow for imaggassification with 2 categories (binary) is illustratedrigure6. First,
imageinstances are turned into a more suaci set of descriptive featureghe features arghen
evaluated by a prérained classifier that will return a probability for the imagpstance to belong to

the expected category (positive). Finally, depending on a-dsfined threshold on the probality,

the imageinstances are separated between positive and negative. The probability threshold allows
tuning the detection selectivity for a given classifier: a high threshold yields a selective classification,
with almost no false positive detection butith a higher risk to miss actual positive instances (false
negative). Inversely decreasing the threshold allows a more permissive detection préicess{A,

(Chou 2019) In the context of objectetection, a false positive detection is any imaggion
erroneously reported as containing the object of interest. Similarly, a false negative is an actual object
not detected. A true positive is an object correctly detected and a tragative is any background
region correctly undetected Figure 8). With more than 2 classification outputs i.e. not only
positive/negative, the principle is identicakcept that the classifier will return for each image
instance, the probability associated with each category. The probabilities over the different categories
sum up to 1, such that a given imaigstance is normally assigned to a single category, whitdirgdd

the highest probabilityFor microscopy applicationsinary classification was previousligedfor the
localization of cells and nuclei by classifying impgiehes as belonging to the objediass or to the

background based on edge featurésian et al. 2012)r similarly for the identification of glomerulus
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in kidney tissue segmentssing features extracted by @nvolutionalneural network(Gallego et al.
2018) Multi-class classifiers have been useddentify the mitotic state of cells, based on intensity

and shape features after segmentati¢@onrad et al. 2011; Neumann et al. 2006)

Image
or Probability > Threshold
Image-region Posﬂweﬂdetectlon

X Features @ 1 Probability @

Probability < Threshold
Negative detection

MxN
Pixels

Features
Extraction

Figure6: General scheme for binary imagassification

First the image to classify is described with a few figyres, the imagdeatures. The number of features (X)
describing the image is typically much smaller than the initial image size (N x M) in order to condense the
information and facilitate the classification. The features are then passed to-agined classifier, calculating

the probability for the image to belong to the expected category (positive), based on the extracted features. In
the last step, the dataset is split between positive and negative images according togefised threshold on

the probability. For a muliclass classifier (more than 2 outputs), the scheme is identical except that the classifier
will return a set of probabilities distributed over the different output categories, such that they sum up to 1.
(Own contribution, reprodution allowed under a G8Y license).
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Figure7: Tuning the classification threshold for a binary classifier

A) Each dot represents a sample belonging to the positive group (blue) or negative group (red). The samples are

ordered by probability to be positive, as returned by a birelassifier discriminating between positive/negative
(blue/red) samples. Because s#ifiers are not perfect, the predicted probability for some positive samples is
lower than for some negative and vigersa. Given this classifier, the selectivity of the classification can be tuned
by adjusting the threshold on the probability (dashede)i Samples on the right side of the threshold are
classified as positive, and as negative on the left side. Reproduced with permissiofChom 2019)B)

Expression of the True Positive Rate (TPR), which is the fraction of positive samples (P) correctly classified (the
True Podive - TP), and False Positive Rate (FPR) which is the fraction of negative samples (N) erroneously

classified as Positive (False Positi#®). FN: False Negative, TN: True Negative.

Figure8: False positive and false negativéth object-detectors

Above are some hypothetical localizations from a detector supposed to identify the eyes of the cat. The eye on
the left is correctly detected, it is a true positive detection (bounding box 1 in yellow). The eye on the right is not
detected, it is a false negative detection. Finally, the bounding box 2 in red is incorrectly reported by the detector,
it is a false positive detection. All other image regions are-tregative, they belong to the background class and
were indeed not repaed by the detector9 EI YLIX S A Yl 3S &/ KSt aS| -itmag8library ( ¢
(skimage.data.chelsea), public domain (CCO license)
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1.5.4. NonMaxima SuppressighMS)

Aqgiven object is likely to be predicted multiple times by overlapping boupdixes or similar shapes
used to outline the detected objectsTo keep a single optimal detection per objembn-maxima
suppression (NMS)tgpically performedafter detection The degree of overlap between neighbouring
detections is often used as a critem for this procedureand iscalculated as the ratio of the
intersection and union area (intersection over unioloU) between the rectangular boundifipxes
(Alexe et al. 2012; Felzezwalb et al. 2010; NG 2018; Rosebrock 2014b; Rothe et al. @0tBgles
(Yang et al. 202@redicting the objecltocations.Highly overlapping detections most likely depict the
location of the same object, while bounding boxes with no or small overlap correspspelctésely to
distant objects or to neighbouring objecfEhis ratio is equal to 1 if the bounding boxes fully overlap
and 0 if they do not overlap at all. Overthpsed NMS works by setting a threshold on the loU, which

is equivalent to choosing a maximutagree of overlap allowed between pairs of boundbuxes.
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1.6.1. Principle

Template matching is a relatively intuitive algorithnelying onthe previously mentioned sliding
window search(seesection1.5.2. In this case, a small template image representing the object of
interest is used as a sliding window, translated over the image in which the objects should be localized.
Forsuccessiv@ositions ofthe slidingwindow (X,Y corresponding to the positionitd top left corner

in the coordinates of themage) the algorithm compares the pixel values between corresponding
pixels of the current image patch and template imagkeresultingcorrelation(or difference)score

for this X, ¥position of the sliding window is storad the pixel at position X,¥i a new image matrix
called score maprhe computation of the score map is illustratedrigure9, for the localization athe
headregion in zebrafish larva@nce the sliding window search completed, the most probable object
positions are given by the coordinates of the extrema in the score (leeal minima if a difference
score is used, local maxima if a correlation score is usedasHogiateabjectlocationsare predicted

for each extremum as a bounditgx of dimensions identical to the template image, witditop left
corner positioned at the coordinates of the extrema. Tetection scords provided by the value of
the extrema.ln a way, émplate matchings thus a binary objealetector (object vshackground
relyingon a slidingwindowwith a single featus: the similarityof pixel valuesvith the template image

A threshold on tis similarity score can be used to tune the detection selectivity.

1.6.2. Previous applications

Template matching has been previously used for the automated inspection of manufactutedepgr
printed circuit boardg¢Crispin and Rankov 200,7jor the detection of fruits and vegetabléBao et al.
2016; Oke et al. 19). It has also been used in l$eiences for cell detection (including the use of
artificial template image¢Young et al. 1998)for the localization of specific geometric shapes in gels
(Tseng et al. 201 1jor head detection in zebrafish larvéeravali et al. 201 r more recently for the
localization ofunhatchedzebrafishembryosin well plates(Shang et al. 2019(Cole et al. 20043lso
proposed a complex objececognition pipeline using multiple templatmages, illustrated with the

recognition of various LEGO blocks.
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Figure9: Computation of the score map using template matching

A small template image (T) is used as a sliding search window translated over the target image (l). For every
position (x, y) of the template image (position of the top left pixel), the intensity correlation between the
overlapping pixels of the templatgieen) and the image (blue) is computed. This yields a score between 0 and

1, stored in the corresponding pixel at position (x,y) ofshere mapgR).¢ KS & dzy 2 @SNJ g e Q O2 NI
sum over the pixels of the templaté. 6, & @ § R ELOOE PHRINANER pixeValueof respectively the template

and imagepatch at position yQOwn contributiong Redistribution allowed under a €Y license.
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1.6.3. Advantages andhiitationsof singletemplate matching

Template matching is a relatively simple etijdetection solution, easy to understand and to
experimentwith. It hasalmost no parameters (the score threshol)d does not require any image
pre-processingBesides, using a normalised sctwethe computation of the score map, the search is
robust tovariatiors of illumination between the template and the imad@espitethis simple principle
anda history of successful applications, template matchisigotwidely usedin the bioimage anakis
community. One reason might be the lack dfexible implementation in popular imaganalysis
software The implementatiosinimageanalysigibraries such as Open@VpenCV contributors 2000)

or Scikitimage(van der Waltet al. 2014)are limited to the computation of the score map, while the
rest of the detection pipeline is left to the us@therlimiting factorsmight be theintrinsiclimitations

of atemplate matchingsearchwith a single template. The first limitation, which is common to other
sliding window approaches, is that a given object might be detected multiple times at slightly shifted
locations. This can be explained by the probability to have multiple éo¢sdmain a neighbourhood

of the scoremap. Non-maximasuppression (NMSgould be appliedo yield a single detection per
object butis typicallynot available with existing implementations of template matchifige second
limitation, specific to template matéhg, is that the sliding window search uses only the fixed intensity
pattern of the provided template image. Therefore, if the objects of interest show some variability in
the images (change of perspective, rotation, morphological deformat&ingyjletemplate matching

will likely fail to localize all objects. A solution is to repeat the search with multiple temipiaiges
representing the expected object statéBao et al. 2016; Cole et al. 2004; Young et al. 1998in, a
given object might be detected multiptenes, but this time also by different templatesnd thus NMS
should also be applied het® assure a single optimal detection per obje€he resulting objeet
detectionsare thus not a simple sum of the individual template seasci\lthough such a muki

template search is promising, no widely available implementation was prdyiauailable.
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1.7.1. Introduction

Cascade detectors (also called cascade classifiers)finstneported by(Viola and Jones 20043 fast
objectdetectors for reatime face detection in grayscale images. Cascade deteb&lmng to the
machinelearning detectorausing a sliding window sear@nd recogniing a single objectategory
(e.g. human facesYhere are thus binary detecto(sbject vs backgroundWhile mostly applied to
face and pedestrian detdon, cascade detectorsvere also previouslyusedfor the localization of
biological objects in tissues, including cell nu@téan et al. 2008)Chagas parasigUcCetina et al.
2015)or white blood cellfMaulana Budiman et al. 2018Jowadays, cascade detectdend to be

overcome by deegearning detectors, howevehey are still avidely availdle alternativefor object

detection.

1.7.2. Principle for the detection

There are several components in cascade detectors, which were explained individually in more details
in sectionl.5.2 First those detectors rely on a sliding window search for the localization of objects.
Then to describe image patebat every location of the sliding window, specific imdgatures are

used the socalled Haatike featuresrepresentng patterns of intensity as occurring within an image

patch as irFigurel0.A Finally, the discrimination betwedémagepatchescontaining theobjectand

other non-objectpatchesis performed by a succession of binary decigiee classifiers. The decision

trees are arranged successively (hence the name cascade) such that the next tree in the cascade
evaluates the positivadetections from the previous tree but with more features, to refine the

classification by eliminatini@lse positivedetectionsfrom the previousascade stagggigurell).

Cascade detectorshowedimproved detection speed compared to previous slieivigdow object
detectors thanks totwo novel subtleties The firstone is the use of Haarlike patternsfor the
recognitionof objectsand the use of integral images for thegfficient computation The second
innovation is the cascading schemevhich limits the computation of features, and thus the
computation time for obvious noobject regions, which are typically a majority of all the imxag
regions the slidingvindow search will evaluate. Those regions get quickly discarded by the first stages
of the cascade, while only imagegions with a high probability to contain an object manage to pass

the cascade of classifiers, and to eventualliyajessified as an objecegion.

In a cascadeevery stage is supposed tartually return all objectregions (highTrue Positive rate),

while still discarding a good amount of robject regions True Negatives), using only few features to
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assure a rapi classification Therefore a low probability thresholds typically used for the binary
classificatiorat every stagewhichoften translates toa highFalsePositive rate (see sectioh.5.3. Yet,
the cascading schengenuinelycompensatsfor thisapparent weaknessndeed,the overall cascade
false positive rate is equivalent to tipeoduct of theA Y RA @A Rdzl f poditivetate ViBldaddNE Q T I f
Jones 2001)herefore, the morestagesin the cascade, the lower the overtdlse positiveaate of the
detector. On the other hand, the rule is also valid for the ovéra# positiverate®: it decreases with
the number ofstages, aswith every classificatiomound a few objectregions migh get erroneously
discarded (False Negativaherefore, thendividual classifiers shoulthve a higttrue positiverate.
Typical values for the individual classsiare 0.99 for theTrue Positive rate and 0.5 for theFalse
Positiverate. This meanshat for every stagealmost all genuine objeatgionsshould be reporteds
positive (TP), whilabout a half of the nonobject regionspassing that stage will erroneously be

classified asontaining an object (FRPInd the other haltorrectly discaded (TN).

1.7.3. Haarlike features

Haarlike features representgreyscale intensitypatterns occurring within an imageatch as irFigure
10.A. Using those featuregYiola and Jones 2001gported the robustdetection of facesfor white
individualswith only 2 features as shown Figurel0.B, reflecting natural intensity patterns for white
faces. The major advantage of such features i tfagid computationusing intgyral images, which
further contributesto the rapidity of the detection procesélthough thepatternsapparently provide
coarse imageepresentations, evaluating several of thefar a given imag@atch allows the
represenation of complex intensity distributiomrepresentingobjects at a still low computational
cost.For a given imaggatch, there arevariousHaarfeaturescorresponding to different patterns, but
also to different locationsr scale of a pattern within the detedbn window. Tle subset of pattera
relevant for the detection of a particular object &lected during the training of the cascade detector.
Haarlike features provide an additional advantafye the detections of objectat multiple scales.
Indeed, thepatternscan be rescaled to cover the detection of obpeat various sizes, which is more
efficient thangenerating an imagpyramid andrunning a fixeesize detecto for each level of the
pyramid.Nowadays, lte defaultsolution to train and use cascadetdetorsis via the OpenCV library
(OpenCV contributors 2000; OpenCV contributors 2d@)yever,contrary to the original publication

thisimplementationstill relies on imageyramidsfor multiscale detection

1 Denoted as Detection rate in the original publication
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Figurel10: Example of Haalike features for a given detection window

A) Haadlike features are depicted as paths of grey and white rectangles, illustrating possible intensity patterns
occurring within a detection window (represented by the outer square). For each pattern, the feature value is
calculated in Zstep. First the sum of the pixel intensities for theaigeregion underlying the grey and white
regions are calculated separately. Then the feature value is given by the difference between the sum for the grey
and white region. B) First 2 features retained during the training of a cascade classifier fdetacton, overlaid

on an example facénage at the resolution used for detection. The features reflect the natural intensity pattern
occurring for white faces: the eyegion is darker than the nosegion both along the horizontal and vertical.
Figuresiiom (Viola and Jones 20Q1)

Image
windows

P=TP+FP Windows classified as
“object”
(majority of TP, few FP)

Classifier 3

Classifier 1

Windows classified as “non-object”
(majority of TN, a few FN)

Figurell: Classificatiorwith a trained cascadelassifier

Here the cascade contains 3 classifiers (or stages). A candidateietage as generated by the slidimgndow
enters the cascade on the left. For every stage, Hilarfeatues are computed and evaluated by the
corresponding classifier. If the imagegion is classified as potentially containing the object of interest, it is
passed to the next classifier for finer evaluation, otherwise it is discarded, and the next-iegige enters the
cascade. Abbreviations: P: classified as Positielassified as Negatiel P: True PositiveFP: False Positive,
TN: True Negative, FN: False Negati@svn contribution).
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1.7.4. Training a cascade detector

Like any machindearning methal, cascade detecto@retrained using a collection of labelled image
examples (training set). With cascade detectors, the localization is assured by awiidiogy and

thus is not part of the model prediction, only the class (objecthuimect) ofthe imagepatchesis
predicted Therefore, the training set is ultimately composed of cropped images representing the
object for the positive instances, and cropped images representative of a range -objext image
regions for the negative instancé3eforethe actual training of the model, the training imagestances

are downscaled to a small size defined as a parameter of the training and corresponding to the
dimensions of theletection window. The size of the detection windoterminesthe total number

of Haar-features available, for instancectassical4 x 24 pixels window as kigurel0.B, offers 162

336 Haadlike features corresponding to different intensipatterns, and multiple shifted positions of

a given pattern within the detection window. Like for the training images, the bourutings
predicting objectregions always have an aspeatio identicalto the detection window used for
training, however the boundinrgoxesdimensionsan cover a range of scales. For example, a cascade
trained with a detection window of 30 x 10 pixels (width x height) will always predict abjeation

with boundingboxes of 3:1 aspeaftio. The windowsize can be adapted for any aspeatio or to
account for objects which would not be distinguishable if downscaled to a few dozen pixels. It is
however advised to keep a small detection window to limit tiuenber of featuresavailableand thus

facilitate the training process.

For cascade classifiers, the training always generates a new model archidetnweg such that the
number of decision trees forming the cascade, their structure and the featured fmethe
classification depend on the training set, and on the parameters used for the trairtiegraining of

a cascade is an iterative processvhichthe stageclassifies aretrained consecutively until each of
them reaches the minmum requiremens defined as parameterof the training (minimum True
Positive rate and maximurkalse Positive ratef). To improve hese ratesvith minimalcomputationa
cost for the detection, optimalfeaturesselected using a variant of the AdaBoost learning strategy
(Viola and Jones 200&ye progressivehaddedfor each stageOncea stageclassifer reaches the
minimal requirementijts training stops, and a newlassification stagies added on top of theurrent
one, hence extending the cascadée only difference for classifiers fuethin the cascade is that the

available training set is exclusively composed of irriaggnces classified as positive by the classifier

of the previous staggb ¢ KA & AGNBRdAzOSR¢ (O NI A yirutly Bositi&eS imag®2 y G I Ay

2 Respectively denoted as minHitRate and maxFalseAlarmRate in OpenCV
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instances tfue positive detections from the previous classif@grand grouneruth negative image
instances (thdalse positivedetections from the previous classif@r Meanwhile, all imag@stances
previouslypredictedasnegativeare never evaluated by thllowing classifiers. Therefore, as more
classifiers are appended to the cascade, the training set reduces in size, in particularly for the negative
groundtruth instances as every new classifier tends to eliminate a large fraction of them. The number
of positive grounetruth instances in the training set also decreases along the training as some positive
instances get misclassified as negative, but more slowly than the negative fraction. Thetle¢ore,
number of negative grounttuth images in the trainig set is usually higher than the number of

positive imagesd.g.2 to 5folds).

The training and thusthegrav2 ¥ G KS OF 80F RS &ai21LJA SAGKSNI gKSy
of groundtruth images (most likely negative ones), when the ovefalse positiverate for the cascade
reaches the minimum rate defined in the training parameters, or when the oweuallpositiverate

for the cascade drops below the minimum rate, meaning that adding more stages will be detrimental

to the detection of actal objects.

Finally, provided the individufdlse positiveandtrue positiveratesfor the individual classifiers as well

as the number of stages, the overall cascadte, and the number of groundruth positive and
negative images available at everygtacan be estimated. This can be used to evaluate if the size of
the training set is sufficient. An excel sheet performing those estimations is provided as supplementary

data to this thesigThomas 2020a)
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1.8.1. Deepleamingmodels

Deeplearningbelongs tomachine-learning methodsand haverecently gained a new interest fats
powerful capacitiesvhen applied tospeechrecognition, imag classification and other datscience
tasks. Deeplearningdesignates mostlg types ofmodels:fully connectecheuralnetworks (also called

denseneural networls or multi-layer perceptros) and convolutional neural netwos{CNN).

Fully connected neural networkhave been used as other machilearning methodsto perform
classification or regression taskprovided 1-dimensionalfeature vectors (Lippmann 1989; Ou and
Murphey 2007) A fully-connected networkis made ofstackedlayers(hence the name deemach
containing multipleunits called neuronsreceiving as inputs, the outpsibf some or all neurons of the
previous layel(Figurel2). Eachneuronperformsa simple linear combination dtfs input values, with
different weights(Wh in Figurel3) anda globaloffset. The result of tis linear combinatiorthen goes
through a nonlinearity function(also called activation functiomyhichfinally yield the output of the
neuron (Figurel3). The weights and offset for each neuron are adapasdpart ofthe overallmodel
training. With multiple layers and multiple neuroms each layers, such fully coroied networks have
multiple parameters and connectionsthat give them the capacity to account for complex
mathematicarelations betweerthe input of the networktypically dist of feature numbers describing
a sample)and the output of the network (a category index or quantitatiwealue). Artificial neural
networks are thus particularly powerful fortasks such as classification or mathematical regression

(Lakhmi Prasanna et al. 2017)

With images the pixel valuesare first turned into descriptive features tbe classified by fully
connected neural network@inless the images are sufficiently snadlee(Y. Lecun et al. 1998)hs
is not the case anymoreoff the second type ofleeplearning moded, the Convolutional Neural
Network (CNN) whichdirectly take2D images as inputThe noveltyand strength of tkse modern
models is theintroduction of convolutional layersreplacing ndividual neurons, whicthave the
capacity to deriveoptimal recognition features directly from the imagesThese layergperform
convolution operationsbetweenan inputarray ofpixels, and dayerspecifickkernelwhose coefficients
are adjustedduring the training(Bouvrie 2006; Moen et al. 20X®)gure14). The variouskernek
composing the modealrethe actualfeaturesderived from the training dataand correspond to visual
patterns,used to describ@magecontent. The input array that is convely withthose kernedis either
the input image for the first layer, or theo-called feature map resulting from the convolution

operation of the previous laye(Gu et al. 2017)Again by stacking multiple layers, the model can
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distinguish multiple patterns ancbmbinations of thosgwhich in turnsallow therecogntion of various
object classesFinally, while the convolutional layers are used to extract features, the last layers of
suchCNNmodek are almost always fullyonnected layertike the fully connected models introduced
before. Those layers take as inpatong tdimengonalfeature vector resulting from tle consecutive
convolution operations and an ultimate flattening operatiohthe final feature voluméFigurel4).

The fully connectedayersprocesghis long feature vector to yield the output of the netwotlpically

a class index osome qantitative valus (probabilities etc.). In those models, tb succession of
convolutionoperationsis used to condensate the origin@hageinformation into a feature vectqr
suitable for classification or regression tasksese modedwere initially demonstrated forcharacter
recognition(Y. Lecun et al. 1998nd later were expanded talassificatiorof imagesfrom reatlife

scenesn 1000 different classeSimonyan and Zisserman 2015)

Other CNNarchitectures exist for instanceo regenerate an image from éfeature vector,such that
the output of the network is not a class oset of \alues but another imaggMoen et al. 2019)Those
models have applications for segmetitan (Caicedo et al. 2019; Falk et al. 2018; Ronneberger et al.
2015) imagerestoration (Weigert et al. 2018)denoising(Krull et al. 2019pr artistic style transfer
(Gatys et al. 208). Themodel architecture isften depicted bya characteristidJ-shapeor hour-glass
shape(Newell et al. 2016; Ronneberger et al. 2QxBpresentng the encodingof the original image
into a more succinct arrapf features, then decoded ta new imagealso calledencoderdecoder

architectures)

A major advantage of CNN modelsmpared to previous classifieis that they can learn optima
featuresfor a giverpredictiontask directly from thdrainingdataset. They thus have a high degrde o
adaptability, contrary to manually selected featwgetswhich might notperform equally well on new
datasesor different prediction taskg-or anymachinelearningtask related to images or sougdCNN
models havethus often become thedefault solution. However, training such models from scratch
require a large amount of grouAmluth annotated data, powerful hardware like graphic carsiame
programmingknowledgeand time. Using transfer learning, it is possible to limit this burden by
retraining a pre-trained network to performatasksimilar to the one it wasriginallytrained for (e.g.
classification) but for different dataset(Moen et al. 2019)By doing so, the featas learned on the
original dataset are reused ar@/entuallyadapted to the new training sefhis effectivelyreduces

both the training time and thenumber ofground-truth datarequiredto train a model
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hidden layer output layer

Figurel2: Scheme of a simple fullyonnectedneural network

On the left are 3 inputs features. Thédten layer contains 3 neurons and the output layer 2 neurons. The
network hashus?2 outputs, which caiorrespondfor aclassificatiortaskto the probabilities for 2 classe¥/ith

a fully connected network, all neurons of a layeceive inputs from all units of the previous layer. Figure under
CGBY:SAlicensefrom (Burgmer 2018)

Activation Output
Function

o=
u

Figurel3: Scheme of single neuron, also callpdrceptron

¢CKS ySdzaNPYy LISNF2N¥Ya | fAYSFENI O2Y0AYylFGA2Yy o06SWMEKGSR &
and a bias (not represented here). The result of the sum then goes througitalled activation function for
normalisation, which yiellthe output of the neuron y. The weightsind biasare adapted during the training

to find the optimal combination, that would best predict the output provided the input features x. Figure from
(Pirvu 2019} public domain.
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C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5
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S2: f. maps
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| ‘ Full connection Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Figurel4: Architectureof LeNet5, one of the first CNN model published for hanaritten character
recognition

Reproducedrom (Y. Lecun et al. 1998Jhenetwork takesasinput a 32x32 pixel image, which goes through
multiple convolutions to extract featuresn the first convolutional layefC1) 6 convolutios are performed,
using 6 different kernelsEach convolutionf the imagewith a kernelresults in an output image called feature
map.By the process of convolution, one pixel of the feature map depicts the resgoresspecificpattern for a
neighbourhoodf the original imaggecorresponding to the size of the kernel (typige8k3 or 5x5 pixe]siepicted
byblack squarson thefigure). In this model subsampling layers are usedftother condensate the information.
Deeper in the network, theonvolutionsare done between a 3D volume made ohultiple feature mapsand 3D
kernds (ex: 3 feature maps of dimensions NxN with a 5x&gBel) Towardthe end of the network (right side),
the fully connected layergrocesdarge 1D feature vectaresulting from the successive convolutigffiim 120
features to a final 10 features output).

1.8.2. Objectdetecionwith Convolutional Neural Networks

The previous sectiodescribes classicaarchitecturesfor deeplearningmodels, with garticular focus
on convolutional neural network(CNN) foimage-classificationCNN have also been used for object
detection originally coupled to a slidingwindow approachlike previousclassifierbased object
detectors. This method was demonstratddr application such aicedetection(Rowley et al. 1998)
more recently formitosis detecion in histology images dfreast canceb / A NS o I y offor | £ & .
glomerulus detection in kidney tisstgection (Gallego et al. 2018 Modern CNNobject-detectors
abandoned the slidingvindow search fomore efficientiocalizationstrategies Those methodmclude
regionproposalas popularized bthe Regionbased CNNRCNN (Girshick et al. 2016pr regression
of boundingboxes positions and dimensio(Szegedy et al. 20135 in YOLCRedmon et al. 2016)
SSHLiu et al. 2016and RetinaNe(Lin et al. 2018)The principleemains identicalthe imagepatches
generated fromthe regionproposalare passed to th€€NN for feature extractioand classification
For the malels performing boundingoox regression, th@ositions and dimenens of the bounding

boxes are also part of the model predictjom addition to the objectlasses.
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Zebrafishis increasingly used in microscopased screeningdue to its various experimental
advantagesAs avertebrate organism,it offers a physiologicatomplexitythat is highly relevant for
translational studies ihuman This is complementduly the availability ok wide repertoire of genetic

and biochemical tools. Zebrafish are ideal huicroscofpc imagingapplicatons, including largescale
studies using automate@maging systerg for e.g.toxicology or drug discovemesearch However,

their complexthree-dimensionalnature requires novel methodologies tackling the handling, imaging
and analysis of thousands oftrafish embryos. Furthermore, as most imaging aoffware solutions
target celtbasedassays, there is a lack of dedicated tools to fully exploit the potential of the zebrafish

embryo in biomedical screening scenarios.

Therefore, the aim of this PhD prajewas to establish a flexibl®olbox addressing the specific
requirements of wholeorganism screening assays. Using techniques fromputer vision and data
science novel scientific software and protocols for automatsthjuisition and analysis of largeage
datasets were developed. This also involvedxploration, benchmarking, adaptation, and

documentation of these methods for application on microscopy dataset

Thedevelopedtools cover various steps of the imagased screening workflavemart microxopy,
(semi)automatedimageacquisition, manual and automated annotations of regions of interest, image
classification, and datexploration. Objectetection methods with various complexity and
performance were implemented for the detection of specif&sties and organs in small organisms.
For the scoringof specific phenotypesupervised classification methods wemneplementedbased on

state of the art deegearning moded. Manual annotations tools were also developed to facilitate the
systematic manual annotations of regions of interest in large image datasets, or to generate-ground
truth annotations required for the training of supervisedachinelearning algorithms. Findy,
dimensionality reduction and adapted datésualization platforms were illustrated for the exploration

of large quantitativescreeningdatasets.

In addition to the tools, extensive documentatitnas been establishedn the form of online wiki
guidesand video tutorials. The tools were designed to be of general applicability and are particularly
adapted to phenotypic screening studies in small model organisms. They were illustrated for the
acquisition and analysis of microscopy images of zebrafish addka embryos, both using brightfield

and fluorescent channels. They have the potential to streamline the experimental workflow by
drastically reducing the burden associated with manual annotation, exploration, and analysis of large
datasets. Finallythe tools are opersource and can be adapted for the development of custom

solutions.
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2.1.1. General remarks

All software solutions presented in this thesis rely on free epeunrce projects runingidenticallyon
major operating systesi(Windows, Mac, Linux)No special hardware requiremengse necessary
except forthe training ofdeeplearningmodelkfor which aNVIDIACUDAcapable GPU is advisdttom
our experience, aimple consumer graphic ca(d.g.2 GBRAM)is sufficient for theask oftraininga
model forimageclassification however for objectetectiona more paverful GPU was necessary (5

GBor more).

2.1.2. Hardware configuration

Although no specific hardware requirement is necessargun the presenéd software, a list of the

hardware configuratioaused for this projecis included below
f Laptop

- Operating System: Windows 6@-bit

- Model: Lenovo ThinkPad T570

- Motherboard: LENOVO 20H90017GE
- CPU: Intel Core {7500U 2.7 GHz
-RAM: 16 B

1 Workstationl

- Operating System: Windows Bdofessionab4-bit
- Motherboard: SyperMicro X8DT3

- CPU: Intel Xeon X5660 Z81z(2x)

- RAM: 64GB

- GPU: Nvidia RTX 2080 Ti

1 Workstation2 ACQUIFERIVE)

- Operating Systemindows Serve?01664-bit
- Motherboard: SuperMicroX9SRA/X9SRA

- CPU: Intel Xeon E5 1650 3.2 GHz

-RAM: 28 GB

- GPU: NVIDIA GTX760
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2.1.3. Fiji

Thisresearchproject resulted in pvel pluginsaand functionalitiefor ImageJ/Fij(Rueden et al. 2017:
2; Schindelin et al. 2012; Schneider et al. 20&a2)seroriented crossplatform software for scientific
image analysis written in Javkiji isbuilt on top of ImageJ and pralas additional functionalities
(script editor, updateX @ndlibraries. Mostpluginsreported here requiresome of these libraries and
thus are not compatible with ImageJ unless specifically indicated in the dedicated method sEo&on.

plugins make extesive use of functions from the ImageJ fRasband and ImageJ contributors n.d.)

The pluginsvere tested on multiple versionsf Fijiwith ImageJ at its corél he latesttested version
being Fiji 2.1.0 with ImageJ 1.53fThe latest version of Fiji can l@ownloaded as a ziprdm
https://fiji.sc/ . The ImageJ core can be updaterolled backed to older versismwithin Fijivia the

menuHelp > Update ImageJ

The plugins presented here can be installed by activating the aiedicupdate site (Menu Help >
! LJR | iné® Manageupdate sitesand ticking the corresponding sites). Fiji should be restarted after

activating the update sites.

2.1.4. KNIME

The Konstanz Information Miner (KNIM&alytics platform (Michael R. Berthold et al. 2009; Michael
R Berthold et aR009)is an opensourcegraphical dateanalysis environmenwritten in Java andbuilt
on top ofEclipsgeclipse.ord. It allows buildingcomplexdata-processing workflows by linking single
processing units calenodes.KNIME is particularly well adapted to process large tabdéda or
collections ofimages. Workflows can be saved to.&nwf fileor shared publicly via thenline KNIME

Hub (hub.knime.con). The latest versio of KNIME can be downloaed for the most common

operating system at knime.com/downloadsThe workflow reported in this dissertation were last
tested with KNIME.2.2.

2.15. Python

The solution presented here were tested on Python!316 should work with any Python 3.x version
unless mentioned differently in the concerned chapteython was instadid with thefree Anaconda

individual python distribution available abttps://www.anaconda.com/products/individualFor the

installation of packages, either pip or anaconda was (sed dedicatd sectiors).
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2.1.6. OpenCV

This projectrelies heavily on thegrogramming libraryOpenC\{OpenCV contributors 2000yhich
providesfunctions for classicanageprocessingperations(reading image files, applying filteetc.).
OpenCVhas the advantage to be available for multiple programming languagegh facilitates
porting code from onesoftwareto the other (eg. from python to Fiji)In this projectthe python and
java bindings wee used While some ofthe presentedsoftware were also testeflinctional with later
versions of OpenCV, the reader can takesion 3.4.2 as reference version for this projéctpython,

the OpenCVMlibrary can be installediapip, using the following command in a terminal:
pip installopencvpythonto install the latest version
pip install opencypython==3.4.20 install this specific version

The opencypython package walsriefly tested onUnix systens viaBinder(Forde et al. 201&unning
adocker imaggForde et al. 2018)OnUnix systers, the opencwvpython package mightigger some
errors du to incompatible GUI framewqgriwhich prevens the execution of the code.RE headless

versionof the package&an beinstalledinstead.
pip install opencypython-headless

In Fiji,functions from theOpenCMibrary can beaccessed by any scripting language aftetivating
the 1IJOpenC\Wpdate site(Dominguez et al. 2017Fhis update site also provideonverter classes
between the ImageJ and OpenCV objects, inclutirage and RGdonverters.The plugins neorted
herewere tested withl}OpenCV 1.2.1Source codes for the-QpenCV project is available on GitHub:

https://qgithub.com/joheras/I3J0penCV

Finally, for the training of cascade detectors, the gmam executables can be downloaded with
OpenCV releasg®©penCV team 202@)p to version 3.4. The command line executables are then
locatedin the subfoldeh opencybuild\x64vcl4binand can be called by opening a command line in

this directoryand typing the name of the executable file.

2.1.7. GluonCV/IMXNET

For the training of a deefearning objectdetector (see section2.6 and 3.5), the python libraries
GluonC\MGuo et al. 200) and MXNETChen et al. 2015)ere installedwith GPU supportising pip.
Additionally, asystem wideCUDAInstallation is necessary for GPU supp@ee sectior2.1.9. It is
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important to use the correct version of CUDA according to the MXNET package, see the MXNET

documentation athttps://mxnet.apache.org/versions/1.7.0/get started

In the present case, we used the following configuration and hardware:

- Graphic card NVIDIA GeForce RTX 2080 Ti
-CUDA 9.2

-cuDNN 7.6.2

- mxnetcu92mkl 1.5.0 (via pip)

- gluoncv 0.4.0 (via pip)

2.1.8. TensorFlow and Keras

The TensorFloyMartin Abadi et al. 20153nd Keras(Chollet and others 2015ython libraieswere
usedfor imageclassificatiorvia the integration in KNIM{See section2.8.2 2.8.3. GPU support for
these libraries relies on CUDA which is autom#ticastalled with the GPWersion of thepython

packages. The following package versions were used:

- python 3.6.9 or 3.6.10

- tensorflow (or tensorfowgpu) 1.12.0 (not abovg
- keras (or keragpu) 2.2.4

- pandas 0.24.5

2.1.9. CUDA

CUDAIs a proprietary softwardibrary for hardware acceleration o€UDAcapableNVIDIAgraphic
cards(GPU)ndis necessarjor somedeeplearning worlows presented in this thesigefer to the
dedicated method sections for the CUDA versioRpr the section 3.6.2 involving theKeras and
TensorFlowpython packags CUDAcan be easily installed like regular python packagevia the
Anacondgpython distribution Installingtensorflow-gpu will automatically install theequiredversions

of the CUDA toolkit and theuDNN libraries, using this command in an anaconda prompt
conda instaltensoflow-gpu

For the project involving objeatetection with MXNET, systemwide installation of CUD&nd cuDNN
is necessary in addition to the MXNET python packbrgtalless for CUDAand the complementary
files for cuDNNMan be downloaded from the NVIDIA websltethis caseit is important to download

the right version of CUDA and cuDNN depending on the version dfl¥ETpackage that will be
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used(seesection abouMXNET)Once installedor the full system using an installghe version of the

CUDA compiler can berified by calling the following command in a terminal.

nvcegversion

22. LyH#E&Iaasi

Benchmarkwere carried out on previously acquired datasémaged using a widefieldigh-content

screening microscope (IM04) from ACQUIES&Rg brightfield or fluorescent channels.

2.2.1. Medaka embryos

Randomly positioned and oriented unhatched medaka embryos in wells-akfbplate, imaged at
2X maghnification in brightfield. The dataset angies from(Gierten et al.2020)and is hosted on
Zenodo(Gierten and Gehrig 2019)

2.2.2. Zebrafish larvae

Zebrafi® larvae dorsally orienteavithin agarose cavities in wells of 9&ll plate, imaged at 2X

magnification in brightfield. Dataset available on Zen@@ehrig 2019)

2.2.3. Zebrafish pronephroi

Transgenid g(wtlb:EGFREbrafishlarvaeexpressing GFP in the pronephraorsally oriented in
agarose cavities of wells of a-9&ll plate Images of the GFP chanral4Xand 10Xmagnification
from previous screening stieswere usedPandey et al. 2019; Westhoff et al. 2028)set 0f10X

magnificationimagesis available on Zeodo (Pandey et al. 2020)
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2.3.1. Roi Xclick tools

The source code for the-dlick toolsetis contained in a singlemageJ macrtanguage ife (.ijm)
compatible with both ImageJ and Fiji. Fiji, he toolset can be installed by activating tRei kclick

tools update site In ImageJ, the toolset can be installed by copying the ijm file to the directory
ImageJmacrostoolsets The toolbar can then bectivated byclicking the>>on the right side of the
ImageJ/Fiji window and selecting the Railitk tool entry. Doublelickingthe tool icons displays the

configuation window.

Source code and documentatisare hosted orGitHub(Thomas 2020k)ideotutorials areavailable
on YouTbe (Thomas 2020I)

2.3.2. Qualitative annotation plugins

The plugins areontained in a set of jython codes for Fiji, they are campatible with a sole ImageJ
installation In particularthe addButtonmethod from theGenericDialogPludass of Fiji is neede@he
plugins are installed in Fiji by activating tQialitative amotations update site. Source code and
documentations are hosted on GitHhomas 2020j)Video tutorials are available on YouTube
(Thomas 2020d)
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2.4.1. Installation in Fiji

The multitemplate matching plugins can be installed in Fiji by activatingl3#@penC\and Multi-
TemplateMatching update sites. The plugins are listed in the ent®ulti-TemplateMatchingat the
bottom of the Plugin menlist. Preconfigured Fiji bundles for windows with dependencies and pre

installed plugins are archived on Zenodd#p://doi.org/10.5281/zenodo0.399424.7 Source code and

documentation are available at https://github.com/multi-template-

matching/MultiTemplateMatchingriji. Video tutorials are available on YouTu@éomas 2019b)

2.4.2. Installation in python

The Multi-TemplateMatching python package can be installedusing pip. See

https://pypi.org/project/Multi -TemplateMatching/for a list of available versions.

pip install MultiTemplateMatchingwill install the latest versiofthe name is cassensitive)
pip install Muti-TemplateMatching==1.5.3will install a specific version, here 1.5.3
pip install MultiTemplateMatching--no-depswill install the package without its dependencies

The pip installer verifiesthe dependencies versions to make sure the configuration is compatible if
some dependencies are alreadhstalled. Currently MuliiTemplateMatching does not require any
specificversionof its dependenciesAs a reference, dre is a list of dependen@eandassociated

versiorsfor a working configuration

- Multi-TemplateMatching=1.5.1

- numpy==1.16.4(Harris et al. 2020)

- opencvpython-headless==4.1.0.25

- scikitimage==0.15.0(van der Walt et al. 2014)

- scipy==1.3.0(SciPy 1.0 Contributors et al. 2020)
- pandas==0.25.0(McKinney 2010)
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The packagevas tested on Windows and Unix system via Bingfarde et al. 2018)Source codg
documentation and example jupyter notebamkre available on the following GitHub repository:

https://qgithub.com/multi-template-matching/MultiTemplateMatchindPython

Sincethe publication ofthis dissertation, & alternative python implementation of multtemplate
matching reying on the packagesscikitimage and shagly (but not OpenCY was publishd, see

https://pypi.org/project/mtm/ . It is more objecioriented than the original iplementation.

2.4.3. Installation in KNIME

To install MultiTemplateMatching in KNIME, a KNIME and python installation with iMidmplate
Matching 1.5.1 is necessary. The python installation should be set up in KNIME as explained in the
KNIME documentatiofKNIME n.d.)The workflow file can be downloaded from the KNIME Hub
(Thomas 2020iOpening the workflow will automatically download the nesary KNIME extensions
(KNIME Image Processieig.). The workflow was last tested with KNIME 4.2.0.

2.4.4. Generating a template image

A template image can be generated by cropping a rectangular image regttining an object of
interest. In ImageJ/Fiji, thisan be achieved by drawingbmunding boxwith the rectangleROI tool
and using one of the commantinage > Cromr Image > Duplicateor respectively the keyboard

shortcuts shift + x or shift + d The resulting image can be saved to a file.

For python and other programming languagas2D image array representing the templaien be
GONR LIISRE FNRY [ ynade ¥rragléngodl@mnsiand raws. yinseldivde, withw
andh the width and height of the template aridj the row andcolumnindex of thetop left pixel of
the bounding box outlining the template regipothe corresponding template slickom an original

imageistemplate= imagel[i th-1;j + w 1].
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https://github.com/multi-template-matching/MultiTemplateMatching-Python
https://pypi.org/project/mtm/

2.4.5. Template preprocessing

In Fiji, the plugins propogbe generation of additional template images by rotation or flipping of the
provided templat€s) This is achievedhanks to the rotation and flippingfunctions of the

ImageProcessarlass of thdmageJ1 API

In python, the template prerocessing is not part of the package and is left at the choice of the user,

using anyimageprocessingython library

2.4.6. Computation of the score mamd local extrema detection

Provided a template and an image to seartie function matchTemplatefrom OpenCV is used to
compute the score map, using one of the normalised score meth@dTM_SQDIFF_NORMED
normalisedsquare difference, IM_CCORR_NORMED normalised crosgorrelation,
5/TM_CCOEFF_NORMBEBNean normalisedcrosscorrelation). Once the score map computed,
candidate objeciocatiorsare localized amaximaof the score mapvhen a correlatiorscore is used,

andscore minima when a differenescoreis used.

If a single object is expecteénd the image the globd score maxima or minima is localised in the score
map using theninMaxLodunction from OpenCMf multiple objects are expected in the image, local
score extrema are localised as folldvar the Fiji plugin, the locatore maximan the resulting score
map are localised using thdaximumFinderclass othe ImageJIAPI (ij.plugin.filter) with a tolerance
of 0and a usewdefined threshold between 0 and 1.

For the python implementationthe local score maximaare localisedusing the peak local_max
function from the scikimage packagévan der Walt et al. 2014). The local extrema detdohn can

be adjusted by a useatefined score threshold to tune the detection sensitivity (as explained in section
1.5.3, here with a score thresholidstead of the probability scordocal score minima are localised
similarly, as thelocalmaxima of the invertedcore map (invert =-&core_map) anthe score threshold

is also invertedaccordingly (max_threshold = @ min_threshold).For every locakxtremum, a
boundingbox of dimensions identical to the template used for tbemputation of the score majs
associatedwith its top left corner localised at the position of the extremum. The score for this

candidate detection is the value of the extrema.

2.4.7. NonMaxima SuppressigNMS)

To yield a sef @ N nonredundant detections from the initial set of candidate objémtationsS a

custom NMS procedure was implemented. The procedure is initialized by sorting the extr&ima in
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descending score (from most to least confident detections), and by adding the most confident
detection (first one in the sorted set) {o.(Thenan iterative process loops over the remaining extrema

in S For a given iteration, with the selected extrem, the intersection over unionl¢U) between its
associated boundingox and the boundirdpoxes of the previously collected extrema {in@Qre
compued. If the list of loU are all below the overlap threshold, which means that the current maxim

is not substantially overlapping with any extrema of higher scofe,®hen the tested extremm is

added to{ @herwise it is discarded and the iterationrinues with the next extremmin S, until we

have collectedNSEGNB Yl Ay {Q 2N dzyiAf GKSNB Sonethg2 Y2 NE
iteration terminated, the final object locations are provided by the extrent& {(Rigure29). In practice

Nis the expected number of objects in the image, defined by theluser Yy R G KS FAy Lt &aSi
N or less final detectiongnitially, a custom implementation dMS was written in python, but in the

latest versions of the Miti-TemplateMatching python package, it was replagevith the OpenCV
equivalent ¢v2dnn.NMSBoxgs

2.4.8. Eye and lens detection in zebrafish

A 2step templatematching approach was used for the detection and segmentation of eye and lens in
laterally oriented zebrafish larvaésee section3.3.8. The images were acquired dhe 4X
magnification with the brightfield channel on an ACQUIFER IM0b#. detection pipeline is
implemented as a KNIME workflowhe wokflow starts with a first template matching search with a
single template, for the localization of theead regionTheresult wasvisualized as a mask image in
KNIME which is used to crop the head region using f#egment croppenode. Within the cropped
headregion,a second template matchingith a single eye template wasarried outto localizeand
cropthe eyeregion For boththese template searches, a normaliserosscorrelation score was used

for the detection of a single object per image.

For thesegmentatiorof the eyelens,aCanny edge detectidfilter (low threshold: 3G; high threshold
50¢ sigma 3 pixek)was first appliesn the image of the eye regiana the scikit image python library
A circle enclosing théens wasfinally localized from this edge mabpy applying the Hough circle
transform of the scikit image library (minimum radius: 30 gxelaximum radius: 40 pixels expected

circle, step size: 1 pixel).

For the segmentation of the eybackground subtractiowas first performedn the image of the eye

region, by subtracting blurred version of the imagey@ussian convolutionode ¢ sigma: 30 pixels)

The backgroundubtractedimagewas then thresholdefglobal thresholdenodeusing Otsu methogd

The resultingbinary image was then eroded 3 times and dilatbdck 3 times to remove smaller

element morphological image operatiomode) The binary image was converted tiKaIIME labeling
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using theconnected componernalysisnode. Segment smaller than 2000 pixels were removed using
the labeling filternode. Finally in a custom script embedded in a python node, tuntour of the
labeling was extracted using tifi@penC\Munction findCountourand an ellipse was fit on the resulting

contours using the OpencCV functifitllipse Sikit-imageversion0.15.0and OpenCV version 3.4.2

were used.
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The OpenCV command line executables to train cascades and visualize the featuredmanlbacded
with OpenCV releasaip to version 3.4from the official websitdOpenCV team 2020yhe command
line executables are then located in the subfoldgpenc¥buildx64vclAbin. The executables can be

calledby opening a command line in this directory.

2.5.1. Fiji plugins for training setgerafon

Theplugins(unreleasedare a collection ofpy scripts which can be dragged and dropped on the main

Fiji window to open them in the script editor, then climdfthe run button will execute the pluginTo

use the plugin, the objeategions should be first outlined as rectangular regions of interest in Fiji,

stored in the ROI manager. This can be done for a collection of images opened as a stack. While
outliningobjectreIA 2y & Yl ydzZ tfe& gAGK G§KS Y2dzaS Ay LY 3SWk(
the current ROI in the ROI managttris important that the outlined objeetegions have an aspect

ratio close to the dimensions chosen for the cascade training, toepteany deformation of the object

Fd GKS GNIAYAYy3 AYF3ASEA INB R2oyalOlfSR® C2NJ GKAA
will maintain the aspeetatio. For ROIs already stored in the ROl Manager, the dimensions (and
position) can be marally set via the menore>Speciff 2 KSy |yy2GFGAy3 20280
using a fixeebized reference ROI allows to facilitate the annotation process. This can be achieved by

RN} 33Ay3 I NBFTFSNByOS whL I yR LindBAtéardayway, thelROF14 dzOOS &

click tools can be used to quickly generate ROIs of predefined dimensions (see 3&:#on

2.5.2. Cascade training

Cascade detectors can tmined using the graphical user interface 3hmadi 2017)which can be
downloaded from his paonal website (see URL in referencE)e parameters are identicab tthe
ones available via theOpenCVcommand line utility.For the training images, one can simply put
cropped images of the objects, and fsite background images in separate direie®respectively

namedp andn (for positive and negative).

As an alternative to the GUI progranhgtexecutablepencv_traincascade.exan beused to train a
cascadevia the command lineThs command takesas arguments thelocation of thetraining set

(info.dat or train.vecfor the positiveinstances,bg.txt for the negative instanc@sand a number of
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arguments for the cascade training, including the maximal number of stages in the casta8ee

the online documentatiorfOpenCV contributors 2018)r details abouthe parameters and training.

For the positive training instances (the objects) the image file paths and elgjeation should be
reported in a text filenfo.dat, which sthen converted to avecfile, containingboth the training images

and the objectlocations. The structure of the info.dat is described in the OpenCV documentation
(OpenCV contributors 2018)

The.vecfile is then generated from the fil@fo.datwith the following command
opencv_createsamples.exe  -infoinfo.d at -vec output.vec -h24 -w24

w and h are the target dimensions in pixels for the downscaling of the training imelgegshould
correspond to the dimensions used for the training of tascadeand thus impact the total number
of Haarfeatures availald for training (the larger the window, the higher the possible number of

features, but the longer the training).

For the negative training instances, a simple text file (bg.txt) containindjléapaths to the full-size

backgroundmages is sufficient.

2.5.3. Visualisation of the cascade features

After the training, the Haarfeatures can be visualizedverlaid on a training image,using the
executableopencv_visualisation.exésee Figure 37). Theoverlay images can be saved to disk by

precising the argumend (output directory).

opencyv_visualisation.exe - m="yourPath \ trainedCascade .xml" -i="yourPath \image.png"

- d="SomeOutPath\ filename 2

2.5.4. Cascade detection plugin for Fiji

The detection plugin is contained in a single jython script gppublishedl The I3OpenC\pdate site
should be activatedn Fijito provide the OpenCV dependencies and converter functiéios the
detection with the cascade, the images should be @ulin Fiji as a single image window or as a stack.
Upon execution of the plugin, the images are first internally converted 4oit,8using the
imageRocessorconvertToByte(Truahethod of the ImageJAPIland then converted to OpenCV Mat
images using 41@penCV A CascadeClassifienstance is initialized from the xml file of the trained
OFa0FRS LINPYGARSR Ay GKS L} dAAYyQa D! L®d ¢KS
detectMultiScale3nethod sign&ure with the parametersninNeighbors1, outputRejectLevetsirue

pul;

(V)

(et

and thescaleFactgmin/maxSizd- & OK2aSy Ay GKS LX dzZ3AyQa D! L ¢KS
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passed to the functionv2.dnn.NMSBoxesth the choserscore thresholdndmaxloUspecified in the

GUI If a specific number of object (Nobject) is expected, then only up to Nobject are returned.
Otherwise, all the detections passing the NMS are returned and rendered as rectangular ROIs in Fiji.
For the benchmarkshe time reported coresponds for each image to the fraction of the code from

the detection withdetectMultiScale3intil the NMS withcv2.dnn.NMSBoxes

2.5.5. Training of aebrafisHarvae detector

A custom cascade detector was trained for the detection of zebrafish larvae, dasatiyed within

wells of a 96well plate, as imaged with the Acquifer imaging machine at the lowest magnification (2X)

(see sectior?.2.2). Using the plugin described section3.4.1, zebrafish larvafrom 60 training images

were outlined as positive training instances and downscaled to the chosen detector dime(sidth

X height: 113 x 23 pixels). The corresponding 60 artificiekgroundmages were generated, and 29
FRRAGAZ2YLFE yS3IFriA@S NBIA2ya 6SNB faz2 Yiyddite 2
(Figure36). The training was done via the GUI softwaréAtimadi 2017)vith the laptop configuration

(see sectior.1.2. From the pool of negative images, the training utility was configured to generate

300 negative images:or thepositive instances, the training was set to use 90% of the initial training
instances the 10% remainig being used to replace misclassifigasitive instances, which NS & f 2 a4l ¢
over the training.The training was set to reach a maximum aft&ges, witha maximalfalse positive

rate per stage of 0.3%maxFalseAlarmRategnd a minimum true positive rate per stage of 0.99
(minHitRate) The detection window was set teampleWdth x sampleh¢ight: 113 x 23 pixels
corresponding to a pool &275676possible Haafeatures.The memory buffer for the precalculated

feature values and indexes were both set 40GB All other parameters were left to default
(acceptanceRatioBreakValue:1l, stageType: BOOST, featureType: HAAR, boostType: GAB,
weightTrimRate0.95, maxDepth: 1, maxWeakCount: 100, mode: BABiI€)raining terminated after
completing 2 stages in 5 mon the laptop configurationas the number of negative training images

was exhausted
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2.5.6. Detection with the Zebrafish larvae detector

For the detetion of zebrafish larvae with the trained cascadeseparatetest set of33 full resolution
images were used2048 x 2048 pixelssee sectior?.2.2). The detectionwas done in Fiji with the

custom Fiji detection script (see secti@rb.4) with the following parameters

Detection

scale factor: 1.1
min/maxwidth: 1000¢ 1500
min/max height: 200¢ 350

NMS
minScorel
maxloU: 0.3

2.5.7. Training of medaka embiydetector

For the training of a medaka embryo detectembryos wereutlinedwith square RGlusing the ROI
1-click toolsandthe plugin described in sectid®4.1was used to cropped the image regioBgsides,
rotation and flipping wre selected in the plugin GUI, which yielded 2&8que positive training
images.The corresponding artificial background images were generhieithe plugin.The training
was done via the GUI software(@hmadi 201 7)vith the workstation 1 (see secti¢hl.2. The training
configuration vassetto use90% of the positive training images and to generate 1000 negative images
by random croppingThe training was sdb reach a maximum number of 3 stages, usingndividual
false positive rate per stage of 0.02 (maxFalseAlarmRatd)a mininum true positive rate of 0.99
(minHitRate). The detection windodimensions weresampleWidth x sampleHeigt4x24 pixels
corresponding ta pool of162 336 possible featureswithin a stage, the @mximal depth of alecision
tree (maxDepth)was set to 3 (instead of the default of. he memory buffer for therecalculated
feature valuesand indexes were both set to 3 GBIl other parameters were left to default
(acceptanceRatioBreakValuk: stageType: BOOST featureType:HAAR boostType:GE,
weightTrimRate: 0.95maxWeakCount: 1QGnode: BASICThe training lagtd 1 min 42 secs on the

workstation 1 and resulted in agtage cascade.
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2.5.8. Detection with the medaka embryo detector

For the detection of medaka embryfrem section2.2.1, 10 full resolution images (2048 x 2048 pixels)
each containing 4 embryos randomly positioned and oriented in well @¥élbplates were usedrhe
detection was done with a custonaetection script in Fijifor Figure40.A-B and with the plugin
described in sectior2.5.4 for Figure40.GD. The parametersfor Figure39 and Figure40 were as

following:

Detection

scale factor: 1.1
min/max width: 300c 500
min/max height: 30@ 500

TheNMSspecific parameterare indicated in the figuraninNeighborsorresponds to the
parameter for thecascadealetectMultiScaléOpenCV function. ThainScoreand maxloU(or
maxOverlap value were passed to the functien2.dnn.NMSBoxes
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The methodsdescribal in this section require the GluonCVARIXNET libraries in python (see section
2.1.7.

2.6.1. Generating training set

For the training of an objealetector, one needs to provide bothe location ofobjects in the training
imageas boundingboxesand theassociatedbject-categol for each boundindpox. ForGluonCVthis
information isstoredeither in a text file (.Ist) or a as a binary record fés, indicated in th&luonCV
documentation(GluonCV Contributors 2020a)he Ist file has one row per image, with all bounding
boxes of this image reported in this line. For each boundimg the corresponding objecategory is
reported as an integefFigurel6). The binary record file ithen generated from the Ist file and the
image filesusing a command line utility im2rec.py available with GluanQ\s record fileontairs

both the annotationsand downscaled versiaof the trainingimages.

At the time of this project, no usesriented software was available to generate this kind of file, so a
customworkflow usingijifor the object annotationsand KNIME for the conversiari the annotations
was developedThe Fiji script should be executed after outlining objegfionswith rectangular ROls

AG2NBR Ay CA@adghvén class exclasivelypod &etlition, the scripteratesover the

ROI and for each of them, reports the normatigROl coordinates (xmin, ymin, xmax, ymax) to an
output csv file(Figure15). This was repeated for every objadtaisses Thenthe KNIME workflow

concatenatsthe set of csfiles to a single Istile, and further conversit to a record file.

ymin

Xxmin Xxmax

ymax

Figurel5: Encoding objectocation as boundingboxes

Here the object of interesis the head region of the zebrafish larvaetlined bythe red boundingboxes. For
MXNET, the bounding boxes are encoded usingntage row and column indescorresponding tdhe position
of the 4 boundingboxedges (xmin, xmax, ymin, ymax).
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Index ConstantConstant Image Width Image Height ClassXmin Ymin Xmax Ymax ClassXmin Ymin Xmax Ymax  Image name
0 4 5 2048 2048 0 0.31 043 041 053 1 04 0.43 048 0.52 Imagel.tif
1 4 5 2048 2048 0 06 012 0.72 0.73 1 0.25 0.35 0.36 0.42 Image2.tif

Figurel6: Example of Isfile

This examplefile contains the groundruth annotationsfor 2 images includinthe object categories (class) and
the objectlocations(Xmin, Ymin, Xmax, Ymax: boundbuxescoordinate§. Theboundingboxescoordinates
are expressed relative to the image diménss, which are expressed in pixdiereboth images contain each 2
objects of class 0 and, but there can be a different number of objeéh each image. Inractice the file does
not include the column headeyrsvhich are shown here for clarity.

2.6.2. Finetuning of @ objectdetector on custom dataset

Once a dataset has been annotatadd the correspondintst-file or rec filehas been generated, the
training of the convolutional neural network (CNEan be startedHerewe adapteda tutorial from

the GluonCV documentatiofor the training of a custom objeatetector by finetuning(GluonCV
Contributors n.d.)A singleshot detector,using aMobileNet base for featurgextraction and class
prediction was finetuned. The model was initialisained on theVOCdatasetfor reallife object
detection. The original python script for th@odel finetuning vasintegratedin a KNIME workflowia

a python scripting nodeto facilitate operations like file inputs, the visualization of #reor metrics
over timg etc Thepython node was embedded incamponent nodevhich contains additional nodes
(input configuration nodesformer Quickform nodedor the generation of a custom graphical user
interface for the setting of thdraining parametersi¢cation of the training se number of epochs
batch sizename for the output modgl The model is trained for a number of epochs decided by the
user. Theprogress of the training is reported to the command line, includingdheation for each
epoch. After the training hte weights for the trained modeare exportedto a file (.params extension),
to use for objecidetection on new imageg\ text file containing thenames of the objectategories is
alsosavedand isnecesaryto recover thecategory names from the predicted catagandex The
python script isconfigured to return thevalue of the error metric$or the training(class predictions
and boundingoox position$. These values can then be visualized with a line plot node connected to

the central component node.

2.6.3. Detection

Once &CNN modektrained, it can be used to localitee objects in new image# custom python script
for model prediction was embedded in a KNIME viloik. The python script is configured to filstad
the model architectureused for the training (here the SSD with Meblet base)using the function
modelgcv.model_zoo.get_modgivith the argumenipretrained=Falsand the custom objeetlasses

read fram the text file generated by the traininghen theconfiguration ér the trainedmodelisloaded
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from the .params fileusingthe functionmodel.load_parameterstnyConfig.paramg. The images on
which the detection should be ruwere loaded using a KNIMBage reader node ancecovered as
numpy arrag within the python node.The images are thepre-processed usinghe load_test()
function fromthe pre-processingnodule corresponding tthe model architecture(herefor the SSD
model, from gluoncv.data.transforms.presets.9sdhis preprocessing downscatethe images to
dimensions compatible with the modahd normalizethe intensity valuesTo visualize the detecti@n

as boundingboxes overla on the original scale imageake functiongcv.utils.viz.plot_bbois used.
To generate a mask image compatible fattier processing in KNIMEhe python script createan 8-

bit numpy array of dimensions identidalthe original imag&nd containing only 0 (blackaskimage)
Then te boundingboxesarere-scaledo the original image dimensioraster detection by the model
using the function gluoncv.data.transforms.bbox.resize(BBoxesmdllWidth smallHeight),
(originalWidth, originalHeighj) with smallWidth/Heightthe dimensions of the downscaled images
used by the modehnd originalWidth/Heightthe original image dimension3he resulting bounding
boxesare then drawn as plain rectangd®n the mask image, using the category index as pixel value.
After the python nodethe image to lab#ling node converts this mask image to a mask object in

KNIMEcompatible with the overlay view of thateractive segmentation viewode.

27. 1 dziz2YFGSR YAON2aAO2 LR

2.7.1. Feedback microscopy with the Acquifer Imaging Machine

Feedback microscopy was demonstrated on the Acquifer Imaging Mag@iMid) for the targeted
highresolution imaging oROIs in multiple samples mounted i®6-well plates The IMO4suppors
feedback miooscopyin parallel of a runningcquisition by regularlychecking for the presence of
custommachinecommands contained innewly createdext files (.job extensionavedin aspecific
directory on disk(e.g. "DNIMAGINGDATAJOBS' These text files can be written by any external
process (python script, KNIME workflow ¢twhichshouldinteract with the acquisitionExample of
machine commands are shownhigurel?. If such text fils are presentin the designated directory
the machine wilpause the initial acquisitiorexecute the machine commandsntained in those text
files, delete thetext files after executiorand finally continuewith the initial acquisitionThe interval

at which the machinehecks for newly created files can be setup in the acquisition software. For
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instance when imaging well plateshe verification can happen aftémaging a specéd number of

wells, or after imaging the full plate with the current acquisition protocol.

For the targeted imaging oROls the running acquisition is typicallyan overview experiment
generating low magnification images. The low magnification imagesaael on tk and analysed on
the fly by an externaROldetection routine (e.g. a Fiji mactdjor each imageht custom detection
routine shouldidentify the position of theROJ convertthe pixel coordinate®f the ROIlcentre to
machine axis coordinateer the positioning of the objectiveand write the text file containing the
custommachinecommandto be executed byhe microscopdor these coordinatesThe pixel size for
the low magnification images, and the original Xition of the objective are both extracted by
parsing the image filename, which contains the acquisition metadiia. text filewith the custom
microscope commandsinitialised asa.tmp file, and once all commands have been written to the file
it is finally renamed to a .job file, which is automaticafigognized by the acquisition software of the

Imaging Machinat the next verification

In addition to aROldetection algorithm afolder-watching routine ismiecessaryo monitor imagefiles,
newly created bythe overview experimentThis routineis responsible forcaling the ROldetection
algorithm for erery new overviewimage It should be starteabither before the overview experiment
or shortly afterthe start of the acquisitionHowever, he image directoryto watch is notactually
existng before the start of the acquisition. A new directorgystematicall\created by the acquisition
software of the microscope for every new acquisition, to prevent overwriting existing @iedaname

of this directonjincludes a unigue timestamp whig@not knownin advanceTherefore the acquisition
software of the microscopés writing at the beginning of the acquisition a small text file at a known
location("D\NIMAGINGDATAJOBS8mage_Locaon.pth"), which contains a single line of text with the
image directory for thisicquisition. The folder watchimgutine should thus benitialisedto first read
this Image_Location.ptfile to know which directory to actively watch for the rest of thequisition.
The folder watchings typically implemented as a while loop, running forever until stopped by the user.

It could also be configured to stamcea certain number of images have been found.

The full workflow is thus as followhe acquisitioris started and theimage_location.ptHile is written

to diskshortly after the first image acquisitioffhefolder watching is started, cheskor the presence

of the image_location.ptffile. If it isnot found, the procedure is pauskfor a few second®efore
checking for the filgpresenceagain. Once it is found, the image directory is read from the content of
the image_location.pthand the directory watching is startedny image present in the directory is
processed folROldetection As the overview acquisition progresses, new images are saved to this
directory and will be similarly processed f&Oidetection For every image,he detection routine

verifiesthat the image corresporgto the expected channar Zslice. If the images as expected, the
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detection routine is run and a text file with the custom machine comnsdadthe targetedimaging
of the detectedROS$ is written to diskas described aboveThis text fileswill be picked up by the

Imaging Machia and executed at the next verification.

SetWellNo (00003)

SetMeta ('Well Coordinate', 'A003"')
SetMeta ('Well Pos in Well', 'PO01")
GotoXY (32.545,11.371, 'Abs")
SetObjective (3)

SetLight (3,10,10,0.000)

AcquireAutofocus(7,100.000,2, "True', 'True"')

SetLight (3,10,10,0.000, 'Flash"')
AcquireAutofocus(6,20.000,2, 'True', '"True')

SetLight (3,100,20,0.000)

Acquire(30,4.000,1, 'D: \IMAGING-DATA\IMAGES\SCRIPTS"', 'True', 'SIdata’)
SetLight (6,60,10,0.000)

Acquire (30,4.000,1, 'D:\IMAGING-DATA\IMAGES\SCRIPTS"', 'True', 'SIdata’)

SetLight (0,0,0,0)
SetObjective (2)

Figurel7: Example of a custom script with machine commands for the control of &’E&QUIFER
Imaging Machine

Example of job file containingustomcommands for lhe acquisition at a partidar location, here the well A2
consecutive autofocus are carried out (coarse and fine) followedhbyimaging with 2 different channels
(SetLight + AcquirelReproduced fronfPandey et al. 2019)

2.7.2. PlateViewer plugins for seantomatedacquisition

The visualization software of ACQUIHER PlateViewer(ACQUIFER 2017b$ compatible with
custom imageanalysis by external prograsrmn headless modege.g. Fiji, python)via a plugin
mechanisnrelyingon commanedline calls and a convention for the input/outputin the form of text
files. With the current version of the PlateViewét.7.3) ROldetection pluginsshouldreturn the
coordinates of a singleectangularROlper image following the followingrotocol. A first csv file
containing thefile pathsof the images selectelly the uselin the PlateViewer interfacés saved to disk
(input-table). This filemayalso contain the coordinates in pisalf an optional search region defined
by the user in the PlateViewerThe csv file is a small table withemow perselected imageThe
external program(e.g. python or Imaged then called by the PlateViewer with thigut csv file as
argument, and the predefined detection script. The detection script shoultbb&gured to open the
input csv file,and to run the detection for every imadisted. This can be achieved using a-foop to
process each linef the csv filesuccessively. For each loop iteration, the image file should be loaded
in memory,if a search region is defined the imacgnbe croppedor only the delimited region can be
loaded in memonand finally the detection should be run for this image. The regilthe successive

detectiors should bewritten to a new outputcsvfile with a similartabular structure saved to a
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predefined directory on diskt should contain one row per processed image wittolumn for the
image path,4 columrs with the coordinatesin pixelsof the boundingbox for the detectedimage
region(X, Y, Width, Height, with X,Y the coordinates of theléfpixel of the bounding boxdndone

column for an optional string argument (e.g. a detection score).

Once the detection script terminates, the PlateViewer automaticabyls the newly generated output
csv file and the deteains are renderedas rectangulaROlIson the imags, in the PlateViewer

interface The ROIscan beultimately refined if necessarybefore updating the acquisitn protocol.

2.7.3. Singlelemplate matching PlateViewer plugin

For thetemplate matching PlateViewer plingthe ROIdetection isassured by custom jython script

in Fiji. he script reads the input table generated by the PlateViewer, which contains the file paths of
the selected images, the coordinates for the search region as well the path of the imagaicanthe
template and the coordinates of the boundigpx outlining the template. The first step of the
detection script is thus to crop the image containing the template. Once the template cropped, the
script loops over the list of image files, loalle images one by one in memory and runs the template
search on the successive imagEmally for each imagethe coordinates of the detected bounding

box are stored to a new line of an output csv file (x, y, width, height) together with the template

matching score.
28. LYMASF aaAFAOF GA2Y

2.8.1. dassification using templataatching

A KNIME workflow was designémt imageclassificatiorusing template matching, based anset of
template images representindistinct classes. The workflowelies on themulti-template-matching
python packagéversion 1.6.1put differsfrom the muli-template-matching KNIME workflow. Indeed,
with this workflow, separate single template matching searchvih a single object expected per
imageare carried outo derive thescore for each templateEspecialiyjhere there is nonon-maxima
suppression since the goal is not to localize but to clasEifg.resulting detectiosare collectedand

the score for each template are represented as a histogrengether with the usedefined score
threshold(Figure45). The image is assigned the category of the template which returned the highest

score, provided it is above the useefined thresholdlf no score is above the thresholithe image is
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classified as an outlielhe KNIME workflow is available on GitHllhomas 2019a)r via the KNIME
Hub(Thomas 2020b)

For the binary classification kidney maphologies, the template and images were first cropped from
full-resolution imags, by defining a bounding box centred on the centre of mass of the organ as
explained in(Pandey et al. 2019 he wild type template wagenerated by an average projectiof

15 images from different specimens, to compensate for the variable fluorescence intensity within the
organ For the multiclass classification, the same wild type template was used than for binary
classification, while for the long and cystic phenotypan average projection of 5 images was dane

yield the templates.

2.8.2. dassification with deejlearning- Requirements

KNIME workflows for the training of a CNN model for imelgssification and for the prediction of
image classes provided a trained mbodeere developedThose are availableith documentation
README.md filés the subdirectorfkK NIMEworkflowsf the GitHub repositoryThomas 2020j)

The workflove were last tesed with KNIME 4.2. All required KNIME extensions are automatically
installed wheropening theKNIME workflowsfor the first time(including the KNIME python extension)
exceptfor the KNIME Image ProcessinBeep Learning extension. Cliokre to install it. In addtion
to KNIMEand its python extensiara python environmenivith the required dependencies should be
set up(e.g. in Anacondasee sectior2.1.8. Finally, KNIMEshould be set up to use the correct python
environment (File > Preferences KNIME >Pythor), but if Anaconda is usedNIME caralso

automatically create a new preconfigured environment.

It is advised to have a CURédmpatible NVIDIA GPU to speed up the training (2Gb GPU memory should
be enough, but more is better). The GPU is automatically recogbizéide Keras nodes iIKNIMEf

the & 3 Lversiors of the TensorFlovand Keraspython package$iave been installed.

Images of fluorescently labelled pronephroi in transgdig¢wt1b:EGFRebrafish larvae used for the
training and validation of the deep learning model for classification are available on Zenodo, with
groundtruth category annotations and a pretrained model at:

http:// doi.org/10.5281/zen0do.3997728 These files are available under Greative Commons

Attribution 4.0 International Liceng€GBY) Finally, video tutorials aboube workflows are available

on YouTube
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https://hub.knime.com/BioML-Konstanz/extensions/org.knime.knip.dl.feature/latest
http://doi.org/10.5281/zenodo.3997728
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.youtube.com/playlist?list=PLbBgXlYof3_YVqR80jhFPCkc0M3GQMAq4

2.8.3. dassification with deejeaming- Workflowand CNN model

The KNIME workflog/for the training of a deefearning model for image classificatiperform the
data pre-processing, the@reparation of a custom model architecture and the training of this model.
For the model architecturgg VGG16 bag&imonyan and Zisserman 20psgtrained on the ImageNet
dataset(Deng et al. 20093 fetched from the internetising the Keras libragndits weighsarefrozen.
The output of thebasenetworkis flattened b a 1D vecto(Keras Flatten layer fully connected layer
(also called dense layenjith 64 neurongalso called unitsyvith a ReLlactivation functionis added

on top. Dropout with a probability of 0.5 iappliedon the output from this 64heuron layer(Keras

Dropout Layer)

For the binary classification workflova lastkeras densdayer containinga single neurorwith a
sigmoid activatiornis added on top of thé4-neuronsdense layerThe outputof the networkis thus a
single numerical value corresponding to the probability for the first class (pl). The probability for the
second class is simply p2 #1. For the training, a binary crosantropy is used for the computation

of the loss.

For the workflow wih 2or morecategoriesthe last layermadded on top of the 64init dense layersa
fully connected layer with as mampits as ategories Softmaxs used as activation function for this
layer. The output of the network is thus an arrafjthe probabilitiedor each possibleategory Finally

for the training, a categorical crossitropy is used for the calculation of the loss.

For both training workflows hie defaultparameters for the trainin@re 5 epochs with batch sizes of 8
images.For the rest of the parameters, théefault values from theexample workfloware used:
RMSprop optimizerlearning rate: 18, Rho: 0.9Epsilon: 16, learning rate decay: ®s part of the
pre-processinghe images are automatically downscdldéo 224 x 224 pixeland their intensity is
normalized to the range [Q]. Tre dimensionsor downscalingcan be adapted within a range of

dimensions supported by the VGG16 architectiménimum 32 x 32 pixels)
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2.9.1. Interactive visualization in KNIME

The interactive visualisation of a muftimensional feature set is contained in a single KNIME workflow
and does not require any other software except a ldnatallation of the KNIME analytics platform.
The workflow can be downloaded from the KNHAEDb (Thomas 2020h)A video tutorialdescribing
how to operate the workflows available on YouTul§€homas 2020gpownloading the workflow and
double clicking the knwf file will automatically open the workflow in KNIME and download the required
KNIME extension3he KNIME workflow takes as input an excel file, that should contain alemgwis

a list of samples, each of them described by multiple feature coluRigargl8¢ top table). Originally,

the workflow was designed for the visualization of ploological kidney features in zebrafish embryos
(Westhoff et al. 202Q)but it can be adapted to other quantitative datasets. The original data table
from the paper (FeatureTable.xIsx) can be downloaded froenatbsociated OSF repositgiyhomas,
Laurent et al. 2020)

The feature used for colour coding of the data points (respectively lines) cegldxted in thecolour
managemode. The features displayed in the PCA and parallel coordinates plot should also be specified

in the configuration of these nodes.

For the parallel coordinates plotaeh feature selected for the plot is represented by a vertical, axis
and the axisrange is automatically adapted for each feature separatiélis thus not centred on 0
contrary to some other plotting solutiGoffering this type of plot. The different features axis can also

be interactively reordered by dragging them with tmuse.

2.9.2. Interactive visualization in the TensorFlow embedding projector

The platform is accessible http://projector.tensorflow.org/ . A custom dataset can be loaded by

uploading 2 text filegcsv) with samplesorderedalong the rove. One file should contairthe feature
values andhe secondi KS O2 NNBaLRYyRAY3 YSil RICustom datdrom &t a =
previous zebrafish screenirggudy (Westhoff et al 2020)to generateFigure55 is hosted on GitHub

(Thomas 2020c)rhe repository also contains the link to directly opendagaset in the platform.
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2.9.3. Dimensionality reduction usiigincipal Component Analy$*é\

To visualize a datasdescribal by multiple quantitative features @dimensionsis a 3D point cloud,
PCAwas usedor dimensionality reductionto convertthe nfeaturesfor each sampld¢o 3 pseude
features.Those 3 features are then used as xgoordinates for the 3D point cloud, in which each
point correspongd to a sampleSamples with similar feature valukscalizein dmilar regiors of the
point cloud. It is thus m intuitive to visually identify clustsiof similar samples?CAs a statistical
method whichderivesfrom the original featurespace (n dimensionsa related ndimensional space
(PCAspace)The 2 spaceare related, similar to a change of origiherefore the axis of the PCA space
can be expressed relative to tlogiginal feature space axi$hese axeare also called dimensions or
eigenvectors.Similarly, it is possible to derive coordinates for the plas in this PCA spacbky
projecting the original feature valuesf each samplalong those eigenvectorseeFigurel8). The
advantage of the PCA spade that theaxes are orderedaccording to the dispersion of the data,
meaning that the dataset is mostly spread along tfiéCAaxisand the least dispersed along the last

PCAaxis The dispersion along an axis is given by the eigenwdlaach eigenvector (or axis).

Once the data projectethto the PCA space, one can approximate the data by using only a fraction of
the PCA axis for each sample. This is thealed dimensionalityeduction step. Using 3 dimensions,
one can thus represent the originaif@atures in a 3D space usifay each samplehe values for the

first 3 PCA axinly. This is similar to setting the other coordinates to 0 for each sample, instead of the
originalvalues (seeFigurel9). Dimensionality reductioryieldsan approximation of the original data

as the information from the PGaxis of higher order is lodtlsing more PCA dimensions alldavfave

a more precise description of the original data, ultimately using all PCA dimensi@pproximation

of the data is doneThe degree of approximatiocan be calculated by deriving tHeaction of the
original datavariance actually representeafter dimensionality reductionThe higher theepresented
variance, thanore representative of the true distribution itie dimensionality reducedataset and

the more faithful the 3D scatter ppot. For the original paper, dimensionality reduction fror® 1
morphological features down to BCAdimensions corresponded to representing 76% of the original
data variancePCA and dimensionality reducti@me further detailedthe dedicatedchapterof the

python data science hatok by(VanderPlas 2016)reely available online (see link in reference).
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Figurel8: Principal Component Analys{®CAppplied to data

1 sample = n coordinates in the PCA-space (p1, p2, ...pn)

At the top is the original table of the dataset, with os@&mple per row, and a set of 10 feature colunjmsginal

feature space) here corresponding to morphological feature measuremetitsing PCA, one can derive the

correspondindL0 eigenvectors composing the PCA spadth their coordinates in the origin&ature spacend
eigenvalues, corresponding to the spread of the dataset alongphiticular PCAaxis. Finally, the original

samples can be projected in the PCA spaceh that each sample is represented by 10 coordinates in this PCA
space Owncontribution, reproduction and redistribution allowed under a-B¥ licese.
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Figurel9: PCA for dimensionality reduction and 3D visualization

After projection in the PGApace, one can visualize the distribution of the sampls@g only a fraction of the
PCA componentsJsing the 3 first principal componesfor each sample, one can visualize the data distribution
as a 3D cloud of point&wn contribution, reproduction and redistribution allowed under aBXClicense.
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31. hJSNBASS

The table below provides an overview of the publicasiand other outcomes of this research.

Name

Reference

Roi Xclick tools

- Journal publication

(Laurent S.V. Thomas and Gehrig 202

- Source codes and documentation

(Thomas 2020k)

- Video tutorials

(Thomas 2020I)

Qualitative annotation plugins

- Journal publicabn

(Thomas et al. 2020)

- Source codeslocumentationand workflows

(Thomas 2020j)

- Video tutorials

(Thomas 2020d)

Multi-Template Matching

- Journal publication

(Laurent S. V. Thomas and Gehrig 20

- Source codeslocumentationand workflows

(Thomas 2019a)

- Video tutorials

(Thomas 2019b)

Interactive exploration of phenotypic dasets

- Journal publication

(Westhoff et al. 2020)

- KNIME exploration dashboard

(Thomas 2020h)

- Preconfigured tensorflow embedding project: (Thomas 2020c)

- Video tutorial

(Thomas 2020q)
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This section describéhe development andpplicatian of novelfunctionalities andannotation tools
for the popular scientific imaganalysisoftwarelmageJSchneider et al. 2012ndFiji(Rueden et al.
2017: 2; Schindelin et al. 2012)he toolsfacilitate the annotations of image or imageegions with
applications forroutine image evaluatiowr the training of supevised classification algorithm$he
tools aredescribed in more details in the associated publicatipfisomas et al. 2020; Laurent S.V.
Thomas and Gehrig 2028)d availablein Fijiby ectivating thecorresponding update site®6i click

toolsand Qualitative image annotations

3.2.1. ImplementingROkategoryannotationin ImagelFiji

ImageJ/Fijis a popular scientific imaggnalysis softwaravith powerful visualizationprocessingand
analysis functinality. Regiors of interest (ROIje.g. cellstan beoutlined in images usingne of the
mouseselection toos (see ImageJ documentatigRasband and Ferreira 201.2fhe ROI can then be
used for further processing for instanceto limit the application of a filteror a quantitative
measuremento this specific imageegion or to cropthe imageregion However, at the time of this
project, no builtin functionality existedo help usersaannotate ROI for different categories.g.dead

vs alive cellsor different bodyparts of small organismdmageJbeing an opensource project
contributions to the source code can be publicly made ite GitHub code repositorg§lmageJ
contributors 2005) Therefore, | contributed to the source code, by implementing a category index
associated to ROI object§homas 2020e}the sacalleddgrourE attribute. RO$ with the sameindex
belong to the sameategory The category index can range from 0 (default, no category) to 255 and
each index values associated to predefinedcolour, suchthat RO$ of different categories are shown
with different colours(Figure20.A). The index can be edited ahy timevia the ROManager(Figure
20.B) and is savedvith the ROI objecwhen exported to diskFinally the indees and associated
categorynamesare reported in the result table witthe quantitative measurements-{gure20.C).The
functionality is available from ImageJ version 1.52t igistmilarly available for FijMore details about

the functionality is available in the following presentati@momas 2020m)
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Figure20: Amotating different tissues using theROtgroup in ImageJ/Fiji

A) The ROIgroup attribute was used to annotatifferent body parsin this zebrafish larvagorightfield channel,

2X magnification)Each ROI has a specific category index associatedctdoar. Thecolour indexes are as
following: yellow: O, bluel, green3, pink:5index 2 and 4 were naised, as the colour were not ideal for display

B) The group attibute can be edited individualfipr each ROI via the Properties menu of the Rl@hager.C)
Thegroupindexand associated names are reported in the result table with other quantitative measurements.
The headregion was outlinel with the group O(defaulf) for which no nameis allowed. Own contribution,
reproduction allowed under a CEY licence.

3.2.2. Roil-<click tools

Manually outlining imageregionswith a mouseselection toolis still a timeconsuming taskvhen
repeated fornumerousimages To streamline thseannotationsfor large datasets or large number of
objects we developedh newset of selection tools, extemadg the built-in ImageJ ROI too[Rasband
and Ferreira 201)y offeringmore automated optiongLaurent S.VV. Thomas and Gehrig 2(2Qure
21.A). With the sacalledRoi click tools a single click generatesROI of predefined dimensions,
centred on the clickd pixel, while optional commandscan be simultaneouslgxecuted These
commandsinclude the adlition of the newly drawn ROI to the ROl Managémre reporting of
guantitativemeasuremens for the outlinedmageregion,the execution of &ustommacrocommand
(e.g. croppingand the display of the next image slioe imagestacls. The optional commands as well
asthe group associated to theewly drawn RGCare specified via the configuration dialog of the tools
(Figure 21.B). The tools were illustrated for the annotation and quantification of bands in
electrophoresis gel@éigure21.C) and dot blos (not shown).Theywere alsoused to outlineand crop
objects of interest, which can be directly saved as a stack or collection of images with siaediard

dimensions Figure21.D).
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Figure21: Rapid anotation of standard shapes witlthe Roi Eclick toolsfor ImageJ/Fiji

A) The Zclick ROI toolset in the Fiji toolbar. Doualicking thetool icon displaysR) the associated option window to set the ROI shapes and custom actions to execute upon
clicking(here for the rectangle tool)C)Using the rectangle-tlick tool for e quantification ofbands intensity irelectrophoresis gels. D) Using the rectangleidk tool to
annotate specimen position. Using a custom commaasir( B), the annotated regions are automatically croppReproduced fron{Laurent S.V. Thomas and Gehrig 2020)
underthe term of a C@BY licence
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3.2.3. Qualitative image annotatioptugins

To tacklethe lack of widespread solution for the qualitative annotations of imageh déscriptive
keywords, we developed a set bifteractive annotations plugins fofFiji (Thomas et al. 2020)he
pluginsprovidea tailored graphical user interfa¢&Ulwith buttons, checkboxespr dropdown menus

for the assignment of the keywords, previously defined by the.(@&egories or descriptive keywords

can be assigned timmagesor imagesregions outlinedy ROIs. The selected keywords are reported in

a result table, together with themage or ROI identifier. The table is automatically updated as the user
progresses with the annotation of new image instances. Besides qualitative annotations, any
guantitative measurement as selectedtime ImageJ mennalyze > Set Measuremeran alsdbe
reported if therun Measureoption is selectedThis optiorallows both a quantitative and qualitative
description of the imagénstance.Threepluginsare providedwhich differin their GUIto account for

different annotation scenari@(Figure22-Figure24).

Thesingleclass (buttonsplugin allows the assignment of a single keyword per image by clicking the
corresponding buttonas illustrated ifrigure22for the annotation othe mitotic state of dividing cells
With this plugin, the user decidéf the result table should contain a single category coluwsith the
clicked category keyword for each imag® one column per category with a binary code (0/1)
depicting the assignment. The latter option is particulaatjapted to the training of supervised
classification algorithms, which typically expect for their training an array of probabilities with kfor th
actual imagecategory and 0 for all other categories (also calldtbfiencoding, se@Miller and Guido
2016).

The multi-class (checkboxeglugin allows multiple keywords per image, which are selected via
associated checkboxeX is illustratedn Figure23 for the annotation of orgasspecific phenotypsgin
transgenic zebrafish larva&hispluginyields a result table with one column per keyword, and a 0/1
code if the keywords apply or ndhetable structure ighussimilarthan withthe singleclass (buttons)
pluginexcept that multiple keywords might be selected for a given image (i.e. multiple 1 for a given

table row, as in row df Figure23).

The multi-class (dropdownplugin allows chodeg keywords from several lists of choices using
dropdown menusThis plugiris convenient if multiple image features should be reported with several
options for each fature. It is illustrated inFigure24 for the phenotypic description of muigellular

embryosoutline by ROlswith the annotation of the pigmentation, shape and teseu
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The plugins are opesource and available by activating tQealitative Annotationsipdate site within
Fiji. The source codes, example of analysis pipetmel example image data were also released
together with the plugingPandey et al. 2020; Thomas 2028 ditionally, ¥deo tutorials areavailable

on YouTub&Thomas 2020d)

3.2.4. Generic workflows for the exploitation of qualitative annotations

To illustrate potential applations of the qualitative annotations generated using the plugins described
above, generic KNIMEexampleworkflows were developedand are available via the KNIME Hub
(Thomas 2020f)Example data and associated annotations to test the workflows wadladle on
Zenodo(Pandey et al. 202@nd on the GitHub repositorgfThomas 2020j0One of these workfiws

was developed for the visualization of the feature distribution as a sunburst chart, illustraféglire

25 for the phenotyping of mdti-cellular embryosas inFigure24. The workflow first enumerates the
occurrence of given combinations of feature valuéig(re25.A) in the original annotation table and
represents this information as a sunburst chadfiglre25.B). This type of visualization is particularly
adapted for qualitative features, to identify trends between features. A second workflow was adapted
for the training of a deep learning model for imagassification, described in details in sect®f.2
Theexampleworkflowstake as input one of the tables generated by the annotation plugins and can

be readily executed without major adaptation.
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Figure22: Thesingleclass (buttonsyjualitative annotation plugin

At the top is the graphical inter® of theplugin As thelLJt dzZhAnyeQuggestst allows the assignment of a
single category per image or imagegion by clicking the associated button. Here phegin is illustrated for the
annotation of the mitotic stage of dividing ce{lsnageJ exd Lt S A Y | 3 &credits NIH)Balow the user
interfaceis the resulting result tablewith eithera sinde category column (middle) enultiple category column

with binary encodingbottom), depending on the initial plugin configuratioBwn contributiong licenced under
CGBY.
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& Qualitative Annotations - multi-classes (checkboxes)

Tick the categories corresponding to the currentimage, then click ‘Add’ or press the "+' key.
To annotate ROI, draw a new ROl or select some ROI(s) in the RoiManager before clicking ‘Addpressing +"

¥ normal ™ malformed W non-cystic I cystic
[~ out-of-focus [~ empty-well

Comments |Co-MO

Add

™ run ‘Measure’

[+ Auto next slice

If you use this plugin, please cite : ™
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oK Help |
[ Annotations - O X
File Edit Font
|Folder |mage |normal |malformed |non-cystic |cystic |out-of-focus |empty-well |Comment | <
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Figure23: Annotation of multiple categories using theulti-class (checkboxegjugin

(A)Example images of transgenic zebrafish larvae oTti(@vt1b:egfp)iransgenic line after injeatn with control
morpholino (upper panel) owith ift172 morpholino (lower paneinducingpronephric cysts. In this illustration,
the plugin is used to score overall morphology and cyst formation. It could also be used to mark erroneous images

(such as oubf-focus or empty wells). Images are frdfPandey et al. 2019)

(B) Graphical interface of the checkbox annotation plugin configured with 2 checkboxes for overall morphology,
2 checkboxes for presence of pronephric cysts, and checkboxes to repat-tndus and empty wells. Contrary
to the single class (buttorplugin, multiple categories can be assigned to a given image.

(C)Resulting multcategory classification table with binary encoding of the annotations (True/False).
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Figure 24: Qualitative and quantitative annotations of image regions using thaulti-class
(dropdown) plugin

(ALYF3ISWQa &kembhisS IAFYIISNG G2y OSNEAZ2Y (2 Inadel> &ypedt3@itS dza A y 3
The embryos outlined with yellow regions of intefies 4 SNB | y y 2 (rhulii-8lads (dadpdoyid [IK 8z3 & y ®
The insets at the top shows the annotation of overlapping ROIs, here corresponding to embryos with phenotype
granular texture, dark pigmentation and elliptic shape. The inset at the bottom shdwes embryos with

different phenotypes (10: smooth/clear/circular, 12: granular/clear/elliptic, 14: smooth/dark/circuki).

Graphical interface of the multilass (dropdown) plugin. Three exemplary features are scored for each embryo:
texture (granularsmooth), shape (circle, ellipse) and pigmentation (dark, clear). Quantitative measurements as
selected in theAnalyze > set Measuremenigenu (here Mean, Min and Max grey level) are also reported for

each embryo, when theun Measureoption is ticked (C)ROI Manager with ROIs corresponding to annotated
regions.(D) Resulting classification table with the selected features, qualitative measuresyamd associated

ROI identifies for the outlined embryos.
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A Show 10 v entries

Search:

- RowlD Texture Shape Pigmentation Sum
. Row0 Granular Circle Clear 8
. Row1 Granular Circle Dark 4
B Row2 Granular Ellipse Clear 2
M Rows Granular Ellipse Dark 8
B Row4 Smooth Circle Clear 2

v . Row5 Smooth Circle Dark 3

Showing 1 to 6 of 6 entries

B Previous Next

Sunburst Chart

(inner) Texture > Shape > Pigmentation (outer)

® Granular
@ Smooth
® circle
® Ellipse
® Clear
® Dark

Figure25: Visualizingqualitative data-distribution using sunburst charts in KNIME

(A) Summary table derived by the workflow from the annotation taliég(re24.D), reportingthe occurrence

for each combination ofjualitativefeatures occurring in the dataset. The number of samples with a particular
O2Yo0AYylFGA2y 2F TSI (dz2NB& ABR)RebiiingsdibusRehakt yith @S qualitativedzY y
feature represented as concentric circle. The concentric order of the feature circles (inner to outer) can be
adapted by the user. The sunburst chart alldtvs compaison ofdata-distribution for qualitative features, and

to identify trends between features. For instanceethighlighted portion shows that all specimens with smooth
appearance also have a circular shape, and most of them a rather dark pigmentation.
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This section descrilsea novelimplementation and benchmarkingf enulti-template-matching for
object-detection, with enhanced detection capacities compared to tleisting singletemplate
matching. Part of the results described here algodetailledin the associated publicatiothaurent S.
V. Thomas and Gehrig 202@Gpd online YouTube tutorials (Thomas 2019b)The method was
benchmarked for thdocalizationof small organisms suasunhatched medaka embryos, as well as
specific organs in zebrafish larva@&eworkflow reportedin section3.3.8 ¢Application to eye and lens
segmentation in zebrafigh agimplemented by Alexandre Jeanneaster student at the time of a-2

month internship at ACQUIFER, under supervision of Laurent Thomas and Jochen Gehrig.

3.3.1. Implementation

To overcome the linations of objectrecognition withsingletemplate matching (see sectidn6.3), a
novelmulti-template matching(MTM)wasimplemented as plugins iRiji (Figure26) and as a python
package Using the python implementation, a KNIME workflow was also devel@pigdre27). The
implementation allows the search withultiple template imagescorrespondngto rotationsor other
transformatiors of the object The core functionalities of MTM are the computatiortleé score map

for each template, the detection of local score extrema from the set of score maps, and finally the
filtering of overlapping detections via a custamen-maxima suppression strategyFigure29 and
method sectior?.4). A flowchart summarizing the implemented MuemplateMatching is depicted

in Figure28. A graphical useinterface (GUI) in Fiji and KNIMHEbws thesetting of thetemplate pre
processingoptional flipping and rotationand detection parameters(Figure26, Figure27). In the
plugin€GU, only flipping and rotations of the templates are proposed as possible transformations,
which are the most commotransformations expected for objects in microscopy images. If flipping
and rotation are selected, both the initial and flipped templates are rotated. Scaling of the templates
would be a possible supplementary transformation, in@vevernot proposed in he interface, as in

the context of microscopyobjects are expected to lie in the same siaage for a given objective
magnification. However, template images representing objects of different scales can still be provided
as a list of filesThe Fiji plugps are macrerecordable to allow theiintegration in custom analysis
workflows. Besidesgxtensive documentation and tutorials are available on the GitHub repositories
(Thomas 2019a)
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3.3.2. Execution of the search

The executiorof the algorithmis relatively straightforward: the template (or templates) and target
images are provided &ithe builtin image loading functionalities of Fifiython orKNIME. For batech
processingn Fijj list of files or a folder containing the images can be used as inputogenerate
additional artificial templates, @pmetric transformations of th@rovided templates can be selected

via checkboxes for flipping, and a list of angles can be entered for rotation by discrete. agles
rectangular region of interestan be providedo limit the search to a portion of the image, which has
the advantage to speed up the seardhigure30.C). Then the user should set up the detection
parameters, namly the type of scordor the computationof the score mapthe expected number of
objects(if known)and the score and overlap thresholds. The parameters are saved in memory for the
next executionAfter execution, the pluginseturn either rectangulaROs$ in Fiji(Figure26.B), a mask
image in KNIMHEFigure27.C)and a list of detectins with boundingbox coordinates and scores in
python. The proposed implementation is fully integrated within the executing software architecture,
such that the R@lor mask imaggcan be exploited for further analysis in Fiji and KNIME respectively.
Besides, the Fiji plugin is macrecordable, to facilitate its reutilization in custom imagecessing
workflows. Finally, the esult table containing the template names and scerean be used for

classification or ranking of the detections.
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Figure26: The MultiTemplate Matching Fiji plugin

A)Graphical useh Y § SNF I OS F2NJ GKS LX dzZ3Ay a¢SYLIX I GS al GOKAyY3
template image of the object of interest. The template must be smallantthe image specified in 2, (2)
dropdown menu to select an image (or stack of images) in which to search for the template, {8)x@skto
optionally generate additional templates by horizontal/vertical flipping of the initial template, (4) inputféield
rotation angles to generate additional templates by rotations of the initial and, if selected, flipped templates.
The angles are specified in degrees with clockwise orientation and must be separated by commas, (5) dropdown
menu to choose the score uséat the computation of the score map (hormalised squditierence, normalised
crosscorrelation or Gmean normalised crossorrelation), (6) input field to specify the number of objects
expected in the image, (7) input field to enter a scthieeshold inthe range 61. If the normalised square
difference is selected, only local minima with values below the threshold are returned. While for cross
correlation scores, maxima above this value are returned, (8) input field to specify the maximum value in range
0-1 for the intersection over union (loU) between a pair of overlapping bounding boxes-Misrima
Suppression), (9) tielox to select if the detected Regions Of Interest (ROI) should be added to Fiji ROl Manager,
(10) tickbox to specify if the resuliable should be displayed at the end of the execution. Parameters 7 and 8 are
only required if several objects are expected in each image.

B) Outputs of the plugin with (1) result table with each row containing the names of the image and template, the
prediction score and coordinates of the top left corner and centre of the predicted bounding box, and (2) the
detected ROI appended to the ROl hdger and highlighted on the image (yellow).
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Figure27: Multi-TemplateMatching in KNIME

A) Screenshot of the KNIME workflow. The template and images are provided in the Image Reader nodes on the
left side, the processing happs in the centratomponent nodeO I £ £ S R SWa dizfl (iAS al G OKAy 3 Q
python node calling the python implementation. The parameters for mattiplate matching can be configured

via a graphical useanterface (see B) by right clicking on the nodlee predicted locations can be visualised in

the Interactive Segmentation View node on the right side (as shown in C). A result table containing the bounding
box position, dimensiosand correlation score is also returned (Table view node, output not sh@®yGraphical
userinterface of the centrafiMulti-Template Matchingcomponent nodédor the configuration of the detection
parameters, similarly to the Fiji implementatidd)Predicted locations as viewed in the Interactive Segmentation

View node. Theredicted locations are composed into a mask and overlaid on the image.
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Figure28: Flowchart of the implemented MultiTemplateMatching

The chart illustrates the executi@equence when aorrelation scorevas selectedFor differencebased score,
the pipeline is identical except that a difference map is computed, minima are detected instead of maxima and
the lowest minima are returned. (loU: Intersection over Union)
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3.3.3. Overlapbased NorMaxima Suppression

Like other slidingwindow search algorithms, template matchiig likely to detect a singlebject
severaltimesat slightly shifted locationdRedundant detections are even more probable when using
multiple templates, which are likely to match similar imagegions(Figure29.C) The predicted objeet
positions are thus not a simple sum of the detections from each templedetemove redundant
detectiors, an overlagbasednon-maxima suppression (NMS) strategy was adojsesgsection1.5.3
for introduction about NMS ansection2.4.7for the implementation) The NMS is executed after the
detections from the individual template searches are collectaod remove detections overlapping
above a usedefined threshold with highescore detectionsThe overlap is computed between pairs
of boundingboxes as the ratio between the intersection aodion area of the boundingboxes
(Intersection over Unioi loU). Figure29.ED illustrates the intersection and union arefor a pairof
overlapping boundindgpox. From the boundingbox coordinates, the corners of the rectangle
corresponding to thantersection can be derived and the corresponding area calculdtked.union
area is then calculated ddnion =Area_BBox1 + Area_BBox2ntersection The overlapthreshold
(max loU)sa parameter of the detectiora default value of 0.5 is proposethe NMS can be executed

until a given number abbjectsare localized offor the full set of candidate boundiHgpxes.

93



+%
|
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Figure29: Multi-template matching and NorMaxima Suppression for the detection of randomly
oriented and positioned medaka embryos

A) Image in which the search is performed (2048x2048 pb@tale bar: 1mm) and template as inset (400x414
pixels).B) One of the dewed correlation maps from A: red crosses indicate possible local maxima before Non
Maxima Suppression (NMSJ) Bounding boxes associated to the maxima shown in B and overlaid on the
searched image. Colours are highlighting overlapping bounding boxesbdtheling box dimensions are
identical to the dimensions of the template used for the seamh.ntersectionarea (in blue) between 2
overlapping bounding boxeBach bounding box is associated to a detection sé&prea of the union between

the overlaping ounding boxesF)Resulting object detections after NMS with a maximtdrsection over union
(loU) of 0.25, to return the N_objects=4 best detections.
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3.3.4. Optional searchegion

By defaultthe slidingwindow searchcovessthe full image When the olject is known to bdocalized
within a fraction of the imaggthe searchcan be limitedo this area.A simple approach would be to
crop the image before running the seardlgweverthe resulting detectios would there have pixel
coordinatesrelative to thecroppedimage, which differ by a fixed offset frothe coordinates irthe
original image This might impact feedback microscopy applications whigve to translatethe
original image coordinates tstage orobjective coordinates Therefore to spare the needor
additional calculationsthe implemented template matchingupportsthe definition of a rectangular
search arealn Fiji, this is achieved by drawing a rectangi@ibefore running the plugin, while in
pythonan optionalargumentcorresponding to the position and dimensionglod rectangularsearch
region in the imagé¢x, y, width heightgan be providedn those cases, the image is internally cropped,
and the detections are automatically recalculated for the originalgendimension€2rovidinga search
region has two benefits: it speeds up the search compared to thesifellimage Figure30.C) and

reduces the risk of falspositivedetections of background regions.

3.3.5. Detection with a single template

For simple casesbjectdetection canreadilybe achieved with a singemplate. Theimplemented
multi-template matching allows thaearch witha singletemplate image when no template pe-
processing is selected (no rotation nor flippinghis approach was successfully applied for the
detectionof the head region imicroscopy images aforsallyoriented zebrafish larvaéseedatasets
section2.2.2 - Figure30). The head region was successfully detected in all cases, @pon slight
morphologicakchangesKigure30.B, e.g. well C7), altered specimen orientatiBig(re30.B, e.g. well
B8)or partial occlusionKigure30.B, e.g. well ELO0The detection with the Fiji implementation takes
about half a second on a full resolution 2048x2048 pixels infléigare30.0). Thanks to thenounting

of the specimenn agarose gethe searchcan be limited to a fraction of the image, whicbticeably

reduces the timdor the searchFigure30.C)
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Figure30: Singletemplate matching for head region detection in zebrafish larvae

(A) Searched image (2048x2048 pixels, scale bar: 1mm) with template as inset (188x194 pixels), optional search
region in orange (1820x452 pixel¢B) Montage of the detected head regions within9&-well plate 100%
detection successvith or without search rgion). (C) Mean computation time per image (error bars show
standard deviationg N=96 imagesusing the Fiji implementation of MTMn the laptop configuration Prior
information about the position of the sample within the field of view (ggovided a standardized sample
mounting) can be used to specify a search region, drastically accelerating the computation and reducing the
chance of incorrect predictions
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3.3.6. Detection with multiple templates

The real advantage of muligmplate matching is the detectiowith multiple template imageswhich
enhances the range of detectable patterns compared targletemplate search. This improde
capacity is demonstrated iRigure31 for the detection of unhatched medaka embry(s®e dataset
section2.2.1), which, due to their spharal shapes, adopt random positions and orientationg/ells
of microtiter plates Using MTM witha single templatethe embryos are localized butith a major
offset in Figure31.A (yellow). While ona dataset ofLl0imageshalf of theembryos are not found at all
(Figure31.B).Using additional templates generated by rotation and flipping of the original template
image, all embryos are correctly localized and enclosed within the predicted boubatkagfor the
imagein Figure31.A(green).For the dataset of 10 imaggthe results arealsoimproved all embryos
were localized and almost all of them are fully enclosed withanhibundingboxes Figure31.B, D).
However the search with multiple templatemcreases thecomputationtime linearly Figure31.C :

0.25 sec x 12 templates = 3 secs).

3.3.7. Robustness to noise and occlusion

It was shownin Figure 30, that template matching performs relatively robustly in presence of
experimental variability which degrades the expected objaténsity signature, such as mild
specimen morphology changes, altered specimen orientatigrartial occlusionThe impact ohoise

on the detection was also investigateo do sothe results of MTM was compared between an image
and a noisecorrupted version of the image, using the same template and parameters for the search
(Figure32 A,B. The resulting detections have almost identical posgiomboth cases, and the same
template image matched givenobject in both imagegFigure32 C,D) Thetemplate matching score

is howeverreduced when the image is corrupted with noise, which is expected asdiseincreases

the divergence with the reference templatatensities
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Figure31: Multi-temp
embryos

late matching for the localization of randomly oriented and positioned medaka

(A) Initial template (410x420 pixels) and one of the images in which the search is performed (2048x2048 pixels,
scale bar of 1 mm). The yellow bounding boxes indicate predicted locations when only the original template in A
is used for the search, the greees indicate predicted locations when using a set2femplates (original,
horizontal and vertical flipping, rotation of the original and flipped templatesOby90°,180° and 270°).
Parameters for the detection: score typenfiean normalized crossorrelation, N=4 expected objects per image,
score threshold:0.35, maximal overlap between bounding boxes:(B)Result of the detections for 10 images

each containing 4 embryos (i.e. 40 embryos in toihe objecs are either predicted afully enclosedvithin the
detected Roi (full), partially enclosed (partial) or not detected (NoB&e detected region in C) Mean
computation time per image (error bars show standard deviation) for the different conditions usirigptop
configuration The computtion time for each image scales with the number of templa{@.Montage of the
detected regions for 10 images inA, each containing 4 embryos (1 column/image). The montage corresponds
G2 GKS 0SYOKYIN] am ¢SYLIX I (S bhodbing&Hokes hdfidatd the2yidtectionsa A y
classified as Partial in B
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C D

Bounding Boxes Score Template Bounding Boxes Score Template
(X,Y,Width,Height) rotation(®) (X,Y,Width,Height) rotation(®)
[946, 784, 414, 400] 1,00 0 [946, 784, 414, 400] 0,76 0

[1525, 968, 414, 400] 0,59 180 [1524, 968, 414, 400] 0,46 180
[1173,1354,414,400] 0,55 180 [1172,1354,414,400] 0,44 180
[1459, 474, 400, 414] 0,54 90 [1459, 474, 400, 414] 0,43 90

Figure32: Benchmarking effect of noise on themplate matchingsearch

(A) Original image (2048x2048 pixel@) Image as in A corrupted with artificial sei (normally distributed
random noise; mean:0, standard deviation:5Q)C, D)Result of multtemplate matching for respectively A and

B. The template used is a crop of the specimen in the middle of image A (hence a correlation score of 1 for the
first row of table C). Parameters for the detection: rotation of the template: 90,186Core type: @mean
normalised crossorrelation- N=4 expected objects per imagacore threshold: 0.8 maximal overlap between
bounding boxes: 0.3lhepython code toreproduce the figure is available as a jupyter notebook on the GitHub
repository https://github.com/multi-template-matching/MultiTemplateMatching
Python/blob/master/tutorials/NoiseBenchmark.ipynb
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3.3.8. Application to eye and lens segmentation in zebrafish

Single and muliemplate matchinghave potential applicationsin imageanalysis workflowsas a
generic preprocessing stepo localize the regions of interesthis was demonstratefdr the detection
of the eye and lens in zebrafish larwaih acustomworkflow performing a 2step template matching
for the robust localization of the ey#llowed by edge detection ansegmentaton (Figure33 ¢ see
method in section2.4.8. This workflow could be used to automate fluorescence intensity
measuremensin the eyeregior> | & R2 Yy S-+ & A NHadk& & al. 2B §s8e sectiorl.2.2).
The results of the lens and eye detection are showRigure34, with a test set of 24 image$he I
template matching successfully localized the head in all except 1 imhgeecond template matching
for the identification of the eye within thdetectedhead regionwas successful fall 23 imagesThe
lens was theroutlined by edge detection with th€€anny edge detector followed ljrcle detection
from the edge map using the Hough circle transfofiinelens was correctly outlined in 22 imagagt
of 23 imagesandlocalized with a slight offset in 1 imadehe eye wasegmentedby thresholding and

ellipsefitting on the resulting masthich was successful for 22 out of 23 images.

3.3.9. Integration in the ACQUIFER PlateViewer

To facilitate the application of template matching and the visualization of the results for large datasets,
objectdetection by templa¢ matching was also implemented as a plugin in the visualization software
of the Acquifer microscope, the PlateViewer (see secliah2 Figure50, Figure51). Together with

the built-in functionality of the Plate Viewer, the plugin allows the locéitiraand semiautomated
imaging of a usedefined ROI automatically for each sample of the plate. This functionality is

particularly adapted for the targeted imaging of specific tissues or organs in model organisms.
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Figure33: Using template matching in imaganalysis workflowseye and lens segmentation inebrafishlarvae

Theeyeregion is first localized in the image using-st@p template matching. A first template searshuised to localize the head regiohsecond templatenatchinglocalizes
the eyeregionwithin the detected headegion.The ge and lensre finally segmented using classical imag®cessing methods, for instansegmentationand ellipse fitting.
ZebrafisHarvaewere laterally oriented inwells of 96 well plate as ifWittbrodt et al. 2014)andimaged at 4X magnification with the ghitfield channel on an ACQUIFER IM04.

This workflow and figurevere contributed by Alexandre Jeanneluring his internship at ACQRER under supervision of Laurent Thomas and Jochen Gehrig.
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