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Abstract

Understanding the function of the nervous system necessitates mapping the spatial distribu-

tions of its constituent cells defined by function, anatomy or gene expression. Recently,

developments in tissue preparation and microscopy allow cellular populations to be imaged

throughout the entire rodent brain. However, mapping these neurons manually is prone to

bias and is often impractically time consuming. Here we present an open-source algorithm

for fully automated 3D detection of neuronal somata in mouse whole-brain microscopy

images using standard desktop computer hardware. We demonstrate the applicability and

power of our approach by mapping the brain-wide locations of large populations of cells

labeled with cytoplasmic fluorescent proteins expressed via retrograde trans-synaptic viral

infection.

Author summary

Mappingcellsin thebrain isakeymethodin neuroscience,andwastraditionallycarried
out on manuallypreparedthin sections.Today,modernmicroscopyapproachesallowthe
entiremousebrain to beimagedin 3D athigh resolution.Dueto their oftencomplex
somaticmorphology,detectingcytoplasmicallylabelledneuronsin theselargeimagedata-
setsishighlychallengingcompared,for example,to detectingsphericalcellnuclei.Addi-
tionally,aneuroncanoftenbemistakenlydetectedmultiple times,or two cellscanbe
interpretedasasinglecell.Herewehavedevelopedafreelyavailablealgorithmfor detect-
ing cytoplasmicallylabelledneuronalsomatain theseimageswhichcanberun fasterthan
thedatacanbeacquired,andwithout thebiasof manualanalysis.Theability to quickly
mapcellulardistributionsthroughoutthemousebrain will leadto agreaterunderstand-
ing of both its structureandfunction.Aswith flies,nematodesandfish,detectingand
mappingcellsin 3D throughouttheentiremammalianbrain will allowfor newexperi-
mentsdesignedto understandthestructuralbasisof its myriadcomplexfunctions.
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Introduction
To understandthecircuitsunderlyingcomputationsin thebrain, it isnecessaryto mapcell
types,connectionsandactivityacrosstheentirestructure.Advancesin labelling[1±3],tissue
clearing[4±6]andimaging[7±12]nowallowfor themeso-andmicroscopicstudyof brain
structureandfunction acrosstherodentbrain.Analysisof thesewhole-brainimageshas
laggedbehindthedevelopmentsin imaging[13]. Althoughtherearemanyrelevantcommer-
cialandopen-sourcebio-imageanalysispackagesavailable[14±17],thesehavetraditionally
beendevelopedfor 2D imagesor for 3D volumesmuchsmallerthanarodentbrain.

In rodentstudies,anincreasinglycommonwhole-brainimageanalysistaskis theidentifi-
cationof individual, labelledcellsacrosstheentirebrain.Traditionally,thiswascarriedout
manually[18±21],but thisapproachdoesnot scaleto all biologicalquestions,particularly
whenmanycellsarelabelled.Consideringthatamousebrain hasaround100million neurons
[22], evenif only 0.01%of cellsin thebrain arelabelled,amanualapproachbecomesimpracti-
calfor anykind of routineanalysis.

Therearemethodsthatwork well for identifying labelledcellsin serial2D sections,[23±
27].However,2D analysiscanbesubjectto biasasdetectedcellnumberscanbeunder,or
overestimateddependingon samplingin thethird dimension.Methodshavebeendeveloped
for 3D celldetectionin whole-brainmicroscopyimages,but manyof thesewereonly devel-
opedfor nuclearlabels[28,29].Althoughnuclearlabelsaremuchsimplerto detectthanmem-
braneor cytoplasmicmarkers(astheyhaveasimpleshapeandcanbeapproximatedas
spheresandarefar lesslikely to beoverlappingin theimage)therearemanyapplicationsin
whichanuclearlabelisnot practicalor evenuseful,asin thecaseof in vivo functionalimaging.
Cytoplasmiccelldetectionmethodshavealsobeendeveloped,but thesehavesomekeydisad-
vantages,suchasrequiringmultiple methodsfor eachbrain area[30], or only showingthe
applicationor validationin verysmallregionsof thebrain [24,31].Any approachmustbe
applicableandvalidatedthroughoutthebrain,asthesignalto noise(SNR)characteristicscan
varybetweenbrain regions(e.g.sourcesof noisecouldbefalselydetectedasacell).

As3D whole-brainmicroscopyisbecomingcommonplace,andmanyneuroscientistsdo
not haveextensivecomputationaltraining, it is important thatanysoftwarecanbeinstalled
easily,andthemethodcanbeappliedquicklyon standarddesktopcomputinghardwarewith-
out anyprogrammingknowledge.Theredoesnot yetexistaquick,easilyappliedmethodfor
3D detectionof cellswith cytosoliclabelsthathasbeenvalidatedthroughoutanentirebrain.
Meetingthisneedisahighlydesiredgoalwithin systemsneuroscience.

To overcomethelimitationsof traditionalcomputervision,machinelearningÐandpartic-
ularlydeeplearning[32]Ðhasrevolutionisedtheanalysisof biomedicalandcellularimaging
[33]. Deepneuralnetworks(DNNs) nowrepresentthestateof theart for themajority of
imageanalysis,andhavebeenappliedto analysewhole-brainimages,to detectcellsin 2D [23,
26]or to segmentaxons[34]. However,theyhavetwo maindisadvantageswhenit comesto
3D wholebrain analysis.Firstly,theyrequirelargeamountsof manually-annotatedtraining
data(e.g.for cellsegmentation,thiswouldpotentiallyrequirethepainstakingannotationof
hundredsor thousandsof cellbordersin 3D).Secondly,thecomplexarchitectureof DNNs
meansthat for bigdata(e.g.whole-brainimagesatcellularresolution),largeamountsof com-
puting infrastructureis requiredto train thesenetworks,andthenprocesstheimagesin area-
sonabletime frame.

PLOS COMPUTATIONAL BIOLOGY 3D cell detection in whole brain images
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To harnessthepowerof deeplearningfor 3D identificationof labelledcellsin whole-brain
images,wedevelopedacomputationalpipelinewhichusesclassicalimageanalysisapproaches
to detectpotentiallylabelledcellswith highsensitivity(cellcandidates),at theexpenseof
detectingfalsepositives(i.e.geometricallysimilarobjects).This is thenfollowedbyapplication
of aDNN to classifycellcandidatesaseithertruecells,or artefactsto berejected.Harnessing
thepowerof deeplearningfor objectclassificationratherthancellsegmentationatavoxel
levelspeedsup analysis(sincetherearebillions of voxels,but manyfewercellcandidates)and
simplifiesthegenerationof training data.Ratherthanannotatingcellbordersin 3D,cellcandi-
datesfrom theinitial stepcanbefurther classifiedby theadditionof asingle(cellor artefact)
label.

Results
To illustratetheproblemandto demonstratethesoftware,wholemousebrain imageswere
acquiredfollowingretrograderabiesvirus labelling.Viral injectionswereperformedinto
visualor retrosplenialcortex,causingthousandsof cellsto becytoplasmicallylabelledthrough-
out thebrain.Datawasacquiredusingserialtwo-photonmicroscopyaspreviouslydescribed
[19] (Fig1).Briefly,coronalsectionsareimagedathigh-resolution(2 �m x 2 �m x 5 �m voxel
size)andstitchedto provideacompletecoronalsection.This iscarriedout for tenimaging
planesafterwhichamicrotomeremovesthemostsuperficial50�m of tissueandtheprocessis
repeateduntil theentirebrain datasetiscollected.Light emittedfrom thespecimenis filtered

Fig 1. Simplified schematic diagramof the serialtwo-photon microscopeanddataacquisition process.A: The
tissueisexcitedusingafemtosecond Ti-sapphirelaser(emissionwavelength= 800nm). Fordatacollection, 50�m of
tissue(atapproximately40�m to 90�m belowthetissuesurface)is imagedin ten,5 �m thick planes.An in-built
microtomethenphysicallyremovesa50�m thick sectionfrom theopticalface.Thisprocessis repeatedto generatea
complete3D datasetof thespecimen.B:Forsignalcollection, theemittedlightpathissplit into two channelswhereby
theprimarychanneldetectsthefluorescencesignalof interestfrom labelledcells(e.g.mCherryat610nm) andthe
secondchannel(e.g.at450nm) detectsthetissueautofluorescencesignalthat revealsgrossanatomicalstructure.

https://doi.org/10.1371/journal.pcbi.1009074.g001
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anddetectedviaat leasttwo channels,aprimary signalchannelcontainingthefluorescence
signalfrom labelledtargetneuronsandasecondarỳautofluorescence'channelthatdoesnot
containtargetsignalsbut providesanatomicaloutlines.An examplesingle-planeimageis
shownin Fig2A.

Cell candidatedetection
Whendevelopinganyobjectdetectionalgorithm,abalancemustbestruckbetweenfalseposi-
tivesandfalsenegatives.In traditional (two-dimensional)histology,simplethresholding(e.g.
[35]) canoftenwork well for celldetection.Thisdoesnot necessarilyapplyto wholebrain
images.In sampleswith bright,non-cellularstructures(artefacts,Fig2B)or lowersignalto
noiseratio,simplethresholdingcandetectmanynon-cellularelements.Imagepreprocessing
andsubsequentcurationof detectedobjectscanovercomesomeof theseissues,but no single
methodworksreliablyacrossthebrain in multiple samples.Eithersomecellsaremissed(false
negatives),or manyartefactsarealsodetected(falsepositives).To overcomethis,atraditional
imageanalysisapproachwasusedto detectcellcandidates,i.e.objectsof approximatelythe
correctbrightnessandsizeto beacell.This list of candidatesis thenlaterrefinedby thedeep
learningstep.Crucially,this refinementallowsthetraditionalanalysisto producemanyfalse
positiveswhileminimising thenumberof falsenegatives.Imagesaremedianfilteredanda

Fig 2. Illustration of the cell detectionprocess.A: Singlecoronalplaneof rawdata(primary signalchannel,Ch1).B:Enlargedinsertof
cortical regionfrom A showingexamplesof structural features(artefacts)oftenerroneouslydetected.C:Corticalregionshownin B,in the
secondaryautofluorescencechannel(Ch2).Cellscanonly beseenin Ch1,but artefactsarevisiblein bothchannels.D: Detectedcell
candidatesoverlaidon rawdata.Labelledcellsaswellasnumerousartefactsaredetected.E:Illustrationof training data.A subsetof detected
cellcandidatesareclassifiedascells(yellow)or artefacts(purple).Cuboidsof datacenteredon theseselectedcellcandidatesarethenusedto
train thenetwork.F:Classifiedcellcandidates.Thetrainedcellclassification networkisappliedto all thecellcandidatesfrom (E)and
correctlyrejectstheinitial falsepositives.

https://doi.org/10.1371/journal.pcbi.1009074.g002
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Laplacianof Gaussianfilter isusedto enhancecell-likeobjects.Theresultingimageis thre-
sholded,andobjectsof approximatelythecorrectsizearesavedascandidatecellpositions(Fig
2D).An overviewof thecellcandidatedetectionstepsareshownin S1andS2Figs.Thethresh-
olding is tunedto pick up everydetectablecellbut thisalsoresultsin thedetectionof many
falsepositivesthatoftenappearasdebrison thesurfaceof thebrain andin somecasesuniden-
tified objectswithin bloodvessels.This initial detectionstepisbasedon anumberof tunable
parameters(Table1) whichwerechosenbasedon trial anderror to bebiasedto overdetection,
andsoberelativelyrobustto changesin theinput data.Theymayof courseneedto betuned
for verydifferentdata,in particularthein-planecellsomatadiameterwhichmayneedto be
tunedwhendifferenttypesof cellsarelabelled.

Cell candidateclassificationusingdeeplearning
A classificationstep,whichusesa3D adaptationof theResNet[36] convolutionalneuralnet-
work (S3andS4Figs)is thenusedto separatetrue from falsepositives.To classifycellcandi-
dates,asubsetof cellcandidatepositionsweremanuallyannotated(e.g.Fig2E).In total,
*100,000 cellcandidates(50,653cellsand56,902non-cells)werelabelledfrom fivebrains.
Smallcuboidsof 50x 50x 100�m aroundeachcandidatewereextractedfrom theprimary sig-
nalchannelalongwith thecorrespondingcuboidin thesecondaryautofluorescencechannel
(Fig3A).Thisallowsthenetworkto ªlearnºthedifferencebetweenneuron-basedsignals(only
presentin theprimary signalchannel),andothernon-neuronalsourcesof fluorescence
(potentiallypresentin bothchannels).

Thetrainedclassificationnetworkis thenappliedto classifythecellcandidatesfrom theini-
tial detectionstep(Fig2F).Theartefacts(suchasthoseat thesurfaceof thebrain andin ves-
sels)havebeencorrectlyrejected,whilecorrectlyclassifyingthelabelledcells.To quantifythe
performanceof theclassificationnetwork,andto assesshowmuchtraining datais required
for goodperformance,themanuallyannotatedtraining datawassplit up into anewtraining
datasetfrom four brains,andatestdatasetfrom thefifth brain.A newnetworkwastrainedon
subsetsof thetraining data,andperformancetestedon thefifth brain (15,872cellsand18,168
non-cells).Fig3Bshowsthat relativelylittle training datawasrequiredfor goodperformance
on unseentestdata,with 95%of cellcandidatesclassifiedcorrectlywith *7,000 annotatedcell
candidates.Although*7,000 datapointsarerequiredto train thenetworkfrom scratch,we
providethenetworktrainedon thefull datasetwith thesoftware.Userscanthenre-train this
networkwith amuchsmalleramountof experiment-specifictraining data.

Application
To illustratethemethod,thecelldetectionsoftwarewasappliedto datawhichwasnot usedto
developor train theclassificationnetwork.Datafrom apreviousexperiment[37] wasacquired
on adifferentmicroscopeandwasusedto simulatereal-worldusagein whichtheSNR

Table1.Default cell detectionparameters.

Parameter Value

In-planecellsomatadiameter (�Å) 16�m

Gaussiansmoothingsigma 0.2�Å

Intensitythreshold Mean+ 10x SD

In-plane(lateral)ellipsoidal filter width 6 �m

Axial (z) ellipsoidalfilter width 15�m

Ellipsoidalfilter overlapthresholdfraction 0.6

https://doi.org/10.1371/journal.pcbi.1009074.t001
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characteristicsof thedatamayvaryfrom thatusedto pre-trainthesuppliednetwork.Neurons
presynapticto layer2/3primary visualcorticalcellswerelabeledusingrabiesvirustracing
(expressingmCherry)in two Penk-Cremice.

Thealgorithmwasrun on thesetwo brains,usingthedefaultcandidatedetectionparame-
ters(Table1).A smallnumber(619)of thedetectedcellcandidatesweremanuallyannotated
on asinglebrain (brain 1) includingconfirmationsof correctclassifications,andcorrections
of incorrectclassifications.Thepre-trainednetworkwasthenretrainedusingthesedatapoints
and10%of thedatawasheldbackfor validationduring training.Thenetworkwastrained
until thevalidationlossfunction beganto plateau,taking73minutes.Thefull celldetection
algorithmwasthenrepeatedfor bothbrainsusingthere-trainednetworkon alaptopcom-
puter.Total time for celldetectionwas83minutesfor brain 1 and91minutesfor brain 2 (for
full timingsseeTable2).

To assigndetectedcellsto abrain region,theAllen MouseBrainReferenceAtlas(ARA
[38]) annotationswereregisteredto thesecondaryautofluorescencechannelusingbrainreg

Table2.Algorithm timings on a laptop computerwith Intel i9±9900KCPU,32GBRAM andanNVIDIA
RTX2080GPU.Datastoredon anexternalsolid-statedrive.

Brain 1 Brain 2

Numberof cellcandidates 63995 80122

Numberof candidatesclassifiedascells 4266 4021

Time for cellcandidatedetection 50minutes 48minutes

Time for classification 33minutes 43minutes

Total time 83minutes 91minutes

https://doi.org/10.1371/journal.pcbi.1009074.t002

Fig 3. Cell classification. A: Theinput datato themodifiedResNet are3D imagecuboids(50�m x 50�m x 100�m)
centeredon eachcellcandidate. Therearetwo cuboids,onefrom theprimarysignalchannel,andonefrom the
secondaryautofluorescencechannel.Thedatais thenfedthroughthenetwork,resultingin abinarylabelof cellor
non-cell.During training thenetworkªlearnsºto distinguish truecells,from otherbright non-cellularobjects.SeeS3
andS4Figsfor moredetailsof the3D ResNetarchitecture.B:Training theinitial cellclassification network:
classification accuracyasafunction of training dataquantity.

https://doi.org/10.1371/journal.pcbi.1009074.g003
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[39], aPythonport of thevalidatedaMAPpipeline[40]. Theseannotationswereoverlaidon
therawdata(Fig4A),andthenumberof cellsin eachbrain regionwerereported,allowingfor
quantitativeanalysis(Table3).

Thenewdatawasnoisierthanthatusedto pre-train thenetwork(possiblydueto theuseof
resonantvsgalvanometerscanning),which leadto false-positivesthroughoutthebrain.A
smallamountof newtraining data,takingapproximatelyfiveminutesto generatewassuffi-
cientto significantlyimproveperformanceof thealgorithm(Fig4B).There-trainednetwork
removedmanyof thefalse-positives,whilestill correctlyclassifyingthelabelledcells.

Validation
To quantifytheaccuracyof thealgorithmbrain-wide,wegeneratedgroundtruth datafor both
thebrain usedto generatedatafor re-training(brain 1) andtheªunseenºbrain (brain 2).Two
expertsmanuallyannotatedall labelledcellsomatathroughoutthebrains.Thesecellswere
assignedto regionsin theARA in thesamewayastheautomatedcellcountsandanaverageof
thetwo expertswastaken.Thecomparisonbetweentheautomatedcountsandthemanual
countsisshownin Fig4C.Usingthepre-trainednetwork,thealgorithmdetectsfalsepositives,
including in manyareaswith no labelledcells.Re-trainingthenetworksignificantlyreduces
thenumberof falsepositives,producingabest-fitline closeto anexactmatchto themanual
cellcounts.Forbothbrains,alinearfit to thealgorithmandmanualcellcountsisabove1
(brain 1Ð1.113,brain 2Ð1.053),suggestingasmallnumberof falsepositives(Table4).

Althoughtheresultsfrom thetwo brainslook similarwhenthedetectedcellsarewarpedto
theARA coordinatespace(Fig4D), thereisstill significantbiologicalvariability.For this rea-
son,mostexperimentsquantifyrelative,ratherthanabsolute,cellcounts[18,20,30,41].It is
thereforeimportant thanthecorrelationbetweentheautomatedcellcountsandgroundtruth
isashighaspossible.Thecorrelationfor both thebrain usedfor training (brain 1),andthe
ªunseenºbrain (brain 2) isveryhigh (Pearsoncorrelationcoefficient,� = 0.999),andhigher
thanthecorrelationbetweentheautomatedcellcountsfor bothbrains(� = 0.982).

Effectof varying axial sampling
All thedatapresentedwasacquiredwith highaxialsampling(5 �m), but this isnot alwayspos-
sibleor desirabledueto imagingtime,datastoragerequirements,or biologicalconsiderations
suchasphotobleaching.To assesstheperformanceof thealgorithmwith varyingopticalslice
thicknesses,wedownsampledthedatafrom brain 2,to generatesyntheticdatasetswith axial
samplingof 5,10,20and40�m, andthealgorithmwasappliedasbefore.

Thecellcountswerecomparedto themeanof expertcounts(Table5).Performancein
termsof absolutecellnumbers(best-fitline slope,andPearsoncorrelationcoefficient)was
comparablefor 5,10and20�m, althoughthe5 �m datasetwasmosthighlycorrelatedto the
groundtruth. Theperformanceon the40�m datasetwasmuchworse.Thebest-fitline slope
of 0.675meansthatmanycellshavebeenmissed,althoughthehighcorrelation(� = 0.942)
suggeststhat thiseffectis relativelyuniform throughoutthebrain.

Theresultsarenot surprising,asevenwith 20�m axialsampling,mostcellscanstill be
visualisedin multiple imageplanes,andso3D celldetectionisstill possible.At 40�m axial
sampling,this isnot possible,andsomanycellsaremissed.Althoughthecorrelationcoeffi-
cientsat10and20�m axialspacingarerelativelyhigh (� = 0.978,0.981),theyarelowerthan
thecorrelationbetweendifferentbrains(� = 0.982).Thismayreducethelikelihoodof detect-
ing smallbiologicaleffectsusingdatawith low axialsampling.Therearealsomanyotherfac-
torsthataffecthowmanyimageplanesacellwill appearin, suchasthecellsomatasize,and
theaxialpoint spreadfunction of themicroscope.
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Fig 4. Application of the algorithm to unseendata.Presynaptic neuronslabelledby rabiesviral injection into layer2/3 primary visualcortexin
Penk-Cremice.A: Detectedcellsoverlaidon rawdataalongwith thebrain regionsegmentation for Brain1 (blue)and2 (orange).Thesizeof the
coloureddiskrepresentstheproximity of thecellcentroidto theimageplanedisplayed.Brainregionswith detectedcellsshown:RSPÐRetrosplenial
area,VISpÐPrimary visualarea,VISlÐlateralvisualarea,VISliÐLaterointermediatearea,TEaÐTemporalassociationareas.B:Comparisonof cell
detectionbeforeandafterre-trainingthepre-trained networkin differentregionsof theimage.Cellswith differentmorphologiesarecorrectlydetected
in bothdenseandsparseregions,andartefactsarerejected.VISliÐLaterointermediatearea,LGdÐDorsalpartof thelateralgeniculatecomplex,DRÐ
Dorsalnucleusraphe,SC/MÐSuperior colliculus& meninges.C:Comparisonof cellcountsperARA brain regionbetweenthealgorithmandthemean
of thetwo expertcounts.Lighterpointsrepresentresultsbeforere-traininganddarkerpointsafterre-training. Bestfit shownafterre-training. Five
regionswith thehighestnumberof detectedcellscoloured,VISp2/3ÐPrimaryvisualarea,layer2/3,VISp5ÐPrimaryvisualarea,layer5,LGd-coÐ
Dorsalpartof thelateralgeniculatecomplex,core,LPÐLateralposteriornucleusof thethalamus,VISp4ÐPrimaryvisualarea,layer4.D: Visualisation
of detectedcellsfrom bothbrainswarpedto theARA coordinatespacein 3D,alongwith therabiesvirusinjectionsitetarget(primary visualcortex,
wireframe).

https://doi.org/10.1371/journal.pcbi.1009074.g004
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Discussion
Mappingthedistribution of labelledneuronsacrossthebrain iscritical for acompleteunder-
standingof theinformation pathwaysthatunderliebrain function.Manyexistingmethodsfor
celldetectionin whole-brainimagesrelyon classicalimageprocessing,whichcanbeaffected
bynoise,andmaynot detectcomplexcellmorphologies.DNNscanbeusedfor highlysensi-
tive imageprocessing,but oftenrequirelaboriousgenerationof training dataandareprohibi-
tivelyslowfor theanalysisof large,3D images.Thepresentedmethodhereovercomesthese
limitationsbycombiningtraditional imageprocessingmethodsfor speed,with aDNN to
improveaccuracy.

Recentdevelopmentsin microscopytechnology(e.g.[12]) nowallowfor quicker,more
routineacquisitionof whole-braindatasets.It is important that theimageanalysiscanbecar-
ried out in atimely fashion,andwithout relyingon large-scalecomputinginfrastructure.Pro-
cessingtime for the*180GB imagesin Fig4 on alaptopwasaround90minutes,sosixteen
datasetscouldbeanalysedin asingleday,muchquickerthanthesamplepreparationand

Table3.Total number of cellsin eachregion,per brain, projecting to layer2/3 neuronsin primary visualcortex.
Tenregionswith thegreatestnumberof cellsacrossbothbrainsshown.

Brain structurename Brain 1 Brain 2

Primaryvisualarea,layer2/3 965 1222

Primaryvisualarea,layer5 650 558

Dorsalpartof thelateralgeniculatecomplex,core 371 340

Lateralposteriornucleusof thethalamus 240 215

Primaryvisualarea,layer4 207 205

Retrosplenial area,ventralpart, layer5 162 135

Dorsalpartof thelateralgeniculatecomplex,shell 122 124

Lateraldorsalnucleusof thalamus 122 107

Retrosplenial area,dorsalpart, layer5 110 103

Posteromedial visualarea,layer5 46 74

https://doi.org/10.1371/journal.pcbi.1009074.t003

Table4.Comparison betweenalgorithm andexpertcell counting.

Brain 1 Brain 2

Pearsoncorrelation coefficient Linear best-fit slope Pearsoncorrelation coefficient Linear best-fit slope

Algorithm vsexpert1 0.999 1.054 0.998 0.964

Algorithm vsexpert2 0.999 1.178 0.997 1.151

Expert1 vsexpert2 0.999 1.116 0.994 1.188

Algorithm vsexpertmean 0.999 1.113 0.999 1.053

https://doi.org/10.1371/journal.pcbi.1009074.t004

Table5.Algorithm performancecomparedto meanof expertmanual countswith varyingaxial sampling.

Axial sampling[�m] Pearsoncorrelation coefficient Linear best-fit slope

5 0.999 1.053

10 0.978 0.906

20 0.981 1.011

40 0.942 0.675

https://doi.org/10.1371/journal.pcbi.1009074.t005
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imagingsteps.Onceparametersareoptimised,andtheclassificationnetworkis trained,the
softwarecanrun entirelywithout userintervention.

In traditionalDNN approachesfor imageanalysis,generationof training dataisoftena
majorbottleneck.While large-scaleªcitizenscienceºapproachescanbeusedto generatelarge
amountsof training data[42], this isnot practicalfor themajority of applications,e.g.when
anatomicalexpertiseis required.Our methodovercomesthisby requiringonly abinarylabel
(cellor non-cell)for eachcellcandidatein thetraining dataset,ratherthanapainstaking3D
outlineof eachcell.Thesoftwareis releasedwith apre-trainednetwork,andsothenetwork
canbere-trainedfor specificdatasetsveryquickly.Thetotal time to generatethenewnetwork
usedto classifyimagesin Fig4 waslessthantwo hours,includinggeneratingtraining dataand
retrainingthenetwork.

Weshowthat theresultsof theproposedmethodcomparewell to expertmanualcounts,
particularlythecorrelationbetweencountsin differentbrain areas.Howeverour resultsalso
showtheimportanceof re-trainingthepre-trainednetworkfor newdatasets(evenif they
aresuperficiallysimilar). It is important to alsobearin mind thatalthoughwequantified
performanceof thealgorithmacrossthebrain,wedid not labeleverytypeof cell,andsome
areasof thebrain with denselypackedneurons(e.g.hippocampus)wereonly sparsely
labelled.Whenapplyingthis methodto verydifferentdata,usersshouldensurethat theyre-
train themodelwith representativetraining data(including differentbrain areas,celltypes
andimageartefactsif applicable),andchecktheresultsin detail.Thedatain Table5 shows
thatalthoughthemethodis relativelyrobustto theaxialsampling,true3D imaging(i.e.
labelledcellsappearin at leasttwo axialplanes)is requiredfor accuratecelldetectionusing
our method.

Theability to quicklydetect,visualiseandanalysecytoplasmicallylabelledcellsacrossthe
mousebrain bringsanumberof advantagesoverexistingmethods.Analysinganentirebrain
ratherthan2D sectionshasthepotentialto detectmanymorecells,increasingthestatistical
powerandthelikelihoodof finding novelresults,particularlywhenstudyingrarecelltypes.
Whole-brainanalysismayalsobelessbiasedthananalysingaseriesof 2D planes,especiallyin
regionswith low celldensities,or differing cellsizes.

In futureweaim to adaptthenetworkto beflexibleasto thenumberof input channels,and
output labels.Theclassificationnetworkcurrentlyrelieson usingboth theprimary signaland
thesecondaryautofluroescencechannel.In thefuture it wouldbevaluableto train anetwork
thatcouldachieveasimilar levelof performanceusingasingleinput channel.Analysingasin-
glechannelwouldallowhalfasmuchdatato becollected(althoughautofluorescencechannels
areoptimal for atlasregistration).Training anetworkto producemultiple labels(ratherthan
justcellor non-cell)wouldallowfor cell-typeclassificationbasedon morphology,or basedon
geneor proteinexpressionlevelsif additionalsignalchannelsweresupplied.Althoughthe
ResNetarchitecturewaschosenbasedon performance[36] andflexibility in newcontexts(e.g.
[43]), therearemanynewernetworkarchitecturesthatcouldbeimplementedto improveper-
formance(e.g.[44,45]).Different typesof network(suchasa3D U-Net [46]) couldalsobe
usedto segmentthecellboundariesfor additionalanalysessuchasmeasuringcellsizeand
shape,or quantifyingfluorescenceexpression.Lastly,althoughthisapproachwasdesignedfor
fastanalysisof largewhole-braindatasets,theproposedtwo-stepapproachcouldbeusedfor
anykind of large-scale3D objectdetection.

Thissoftwareis fully open-source,andhasbeenwritten with further developmentandcol-
laborationin mind. Althoughthealgorithmwasdesignedfor neurondetection,thesoftware
couldbeappliedto any3D imagedata,andweprovideagraphicaluserinterface(asanapari
[47] plugin) to alloweasyadoptionbyasmanyusersaspossible.
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Materials and methods

Ethicsstatement
All experimentswerecarriedout in accordancewith theUK HomeOfficeregulations(Animal
WelfareAct 2006)andapprovedby theestablishmentsAnimal WelfareandEthicalReview
Board.

Samplepreparation
All miceusedweretransgenicCre-reporter(Ntsr1-Cre,GAD2-IRES-Cre,Rbp4-Cre& Penk-
Cre)micebredon aC57BL/6background.ThemicewereanesthetizedandanAAV Cre-
dependenthelpervirusencodingboth theenvelopeprotein receptorandtherabiesvirusgly-
coproteinwasstereotacticallyinjectedinto visualcortexor retrosplenialcortex.Fourdays
later,aglycoproteindeficientform of therabiesvirusexpressingmCherrywasdeliveredinto
thesamesite.After tenfurther days,theanimalwasdeeplyanaesthetizedandtranscardially
perfusedwith coldphosphatebuffer(0.1M) followedby4%paraformaldehyde(PFA)in PB
(0.1M) andthebrain left overnightin 4%PFAat4ÊC.

Imaging
All datawasacquiredusingserialsectiontwo-photontomography[8]. To generatethedatato
pre-train thedeep-learningmodel,fixedbrainswereembeddedin 4%agarandplacedundera
two-photonmicroscopecontaininganintegratedvibratingmicrotomeandamotorizedx-y-z
stageaspreviouslydescribed[19]. Coronalimageswereacquiredviatwo opticalpathways(red
andblue)asasetof 6by9 tileswith avoxelsizeof 1 �m x 1 �m obtainedevery5 �m usingan
Olympus10xobjective(NA = 0.6)mountedon apiezoelectricelement(PhysikInstrumente,
Germany).Followingacquisition,imagetileswerecorrectedfor unevenillumination bysub-
tractionof anaverageimagefrom eachphysicalsection.Tileswerethenstitchedusingacus-
tom FIJI [14] plugin (modifiedfrom [48]) anddownsampledto 2 �m x 2 �m x 5 �m voxelsize.

To generatethedatato testthealgorithm,datawasacquiredusingadifferent,custom-built
resonant-scanningsystemcontrolledbyScanImage(v5.6,Vidrio Technologies,USA)using
BakingTray[49], acustomsoftwarewrapperfor settingup theimagingparameters.Images
wereassembledusingStitchIt [50]. Bothbrainswereimagedin asingleacquisitionusinga
Nikon 16xobjective(NA = 0.8),with avoxelsizeof 2.31�m x 2.31�m x 5 �m.

Cell candidatedetection
To detectcellcandidates(broadlydefinedasanythingof sufficientbrightnessandof approxi-
matelythecorrectsizeto beacell),initially datafrom theprimary signalchannelwaspro-
cessedin 2D (S1Fig).Imagesweremedianfiltered,andthenaLaplacianof Gaussianfilter was
performedto enhancesmall,bright structures(e.g.cells).This filteredimagewasbinarised
usingathresholdcalculatedfor eachimageplane(meanof imageplane+ 10x imageplane
standarddeviation).Thethresholdedimagewasthenpassedto anellipsoidalfilter to remove
noise.Everypositionof thisspatialfilter in whichthemajority (givenbyaninput parameter,
ellipsoidalfilter overlapthresholdfraction)of thefilter overlapswith thresholdedvoxelswas
savedasapotentialcellcandidate.This isusedto removenoise(from e.g.neurites).

All cellcandidatesthat form continuousspatialstructuresweremergedtogether,and
classedasasinglecellcandidate.If theresultingclusterwastoo largeto beasinglecell(based
on theinput cellsomatasizeparameter),thenthisclusterwassplit into individual cellcandi-
datesusinganiterativeellipsoidalfilter. Briefly,theellipsoidalfilter wasappliedto all voxels
within thecellcandidatecluster,andanyresultingcellcandidatecoordinatepositionswere
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recorded.Thethresholdedimagewaseroded,andthefilter wasreappliedon theerodedsetof
candidatevoxels.Thisprocesswasrepeatedfor ten iterations,or until therewereno cellcandi-
datesremaining.Thisprocessensuresthatdenselylabelledcellsaresplit into individual cell
candidates.

Oncethefinal list of candidatecellsisdetermined,thecentroidof eachcellcandidate
(basedon the3D meancoordinateof thresholdedvoxels)wascalculated,andthecoordinates
weresaved.All of thesestepswereall carriedout usingthedefaultsoftwareparameters
(Table1),with theexceptionof the40�m axialspacingdatasetfor whichtheaxialextentof
theellipsoidfilter wasincreasedto 30�m.

Cell candidateclassificationusingdeeplearning
CellcandidateswereclassifiedusingaResNet[36], implementedin Keras[51] for TensorFlow
[52]. 3D adaptationsof all networksfrom theoriginalpaperareimplementedin thesoftware
(i.e.18,34,50,101and152-layer)andcanbechosenby theuser,but the50-layernetworkwas
usedthroughoutthisstudy.Thegeneralarchitectureof thesenetworksisshownin S3andS4
Figs.

To generatedatato train theclassificationnetwork,output from thecandidatedetection
step(cellcandidatecoordinates)weremanuallyclassifiedusingacustomFIJI [14] plugin,or a
napari[47] plugin that issuppliedwith thesoftware.Expertannotatorswerepresentedwith
therawdata,with cellcandidatesrepresentedbyhollowspheres,centeredon thecellcandi-
date.Byscrollingthroughthe2D planesof the3D dataset,theexpertscouldviewthecellcan-
didatein 3D beforemarkingit asacellor artefact.Candidatesweredeterminedto becellsor
artefactsbasedon size,shape(including thepresenceof neurites)andthefluorescencelevel
comparedto thesecondaryautofluorescencechannel(whichwasvisualisedat thesametime).
Candidateswerelabelledby threeexperts,labellingdifferentbrains,andasubsetof labelled
candidateswerecross-checkedbetweenexperts.

Imagecuboidsof 50�m x 50�m x 100�m (resampledto 50x 50x 20voxels)wereextracted
from both theprimary signal,andsecondaryautofluorescencechannels,centeredon thecoor-
dinatesof themanuallyclassifiedcellcandidatepositions.To increasethesizeof thetraining
set,datawererandomlyaugmented.Eachof thefollowing transformationswereappliedwith a
10%likelihood:(i) flipping in anyof thethreeaxes,(ii) rotation aroundanyof thethreeaxes
(between�45Êto 45Ê)and(iii) circulartranslationalonganyof thethreeaxes(up to 5%of the
axislength).ThenetworksweretrainedusinganNVIDIA TITAN RTXGPUwith abatchsize
of 32andtheAdam[53] methodwasusedto minimisetheloss(categoricalcrossentropy),
with alearningrateof 0.0001.Cellcandidateswereclassifiedusingthetrainednetwork,and
savedasanXML file with acellor artefactlabel.

Imageregistration andsegmentation
To allowdetectedcellsto beassignedananatomicallabel,andfor themto beanalysedin a
commoncoordinateframework,areferenceatlas(Allen MouseBrainAtlas,ARA,[38], pro-
videdby theBrainGlobeAtlasAPI [54]) wasregisteredto theautofluorescencechannel.This
wascarriedout usingbrainreg[39], aPythonport of theautomaticmouseatlaspropagation
(aMAP)software[40], whichitselfrelieson themedicalimageregistrationlibrary,NiftyReg
[55]. Firstly thesamplebrain wasdownsampledto thesamevoxelspacingastheatlas(10�m
isotropic)andwasreorientedto matchtheatlastemplatebrain.Thesetwo imageswerethen
filteredto remove-highfrequencynoise(greyscaleopeningandflat-fieldcorrection).The
imageswerefirstly registeredusinganaffinetransform(���������
 [56]), followedby freeform
non-linearregistration(������� [55]). Theresultingtransformationwasappliedto theatlas
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brain regionannotations(andacustomhemispheresatlas)to bring it into thesamecoordinate
spaceasthesamplebrain.

Validation
To compareresultsof thealgorithmto groundtruth, two expertsmanuallyannotatedeachcell
in two whole-brainimagesusingthesamenapariplugin usedto generatethetraining data.
Theexpertswereshownthefull-resolutionimages,with bothchannelsdisplayedin different
colors.Theexpertscouldscrollthroughthe3D imagesplanebyplane,zoomin andout,and
adjustcontrastsettingsto bestvisualisecellsin differentbrain areas.Expertsannotatedcells
basedon thesamecriteriaasfor generatingthetraining data(shape,sizeandfluorescence
intensity).Annotatingacellpositiondisplayedahollowsphereon top of theimage,around
thecellcoordinate.Thiswasvisiblein multiple imageplanesto ensurethat individual cells
werenot labelledmorethanonce.

Thecellclassificationnetworkwasretrainedfor thenewdatasets,andthealgorithmwas
run with thedefaultcellcandidatedetectionparameters.Theimageswerealsoregisteredto
theARA,andcellcoordinateswereassignedto brain regionsfor both theautomatedandman-
ualcellcounts.Thedifferentcellcountingapproacheswerefirstly comparedbycalculatingthe
PearsoncorrelationcoefficientusingPandas[57,58].To assessthebiasof thedifferent
approaches,theywerecomparedbycalculatingtheslopeof thebestfit line by fitting alinear
modelusingscikit-learn[59].

Effectof varying axial sampling
To generatesyntheticdatasetswith varyingaxialsampling,asinglebrain wasdownsampledin
3D byselectingeveryNth imageplane.Forexample,to generateadatasetwith 20�m sampling
from theoriginaldatasetsampledat5 �m, everyfourth planewasused.

Visualisation
Forvisualisationof datain standardspace,detectedcellsmustbetransformedto theatlas
coordinatespace.Firstly,theaffinetransformfrom theinitial registrationwasinverted(using
����
��
�����). Thesamplebrain wasthenregisterednon-linearlyto theatlas(againusing
�������) andadeformationfield (mappingpointsin thesamplebrain to theatlas)wasgener-
ated(using����
��
�����). Thisdeformationfield wasappliedto thecoordinatesof the
detectedcellsfor eachsample,transformingtheminto atlascoordinatespace.

PlotsweregeneratedusingMatplotlib [60], andimagevisualisationwasperformedusing
napari[47] andbrainrender[61].

Softwareimplementation
Themethodsoutlinedin thismanuscriptareavailablewithin thecellfindersoftware,partof
theBrainGlobesuiteof computationalneuroanatomytools.Thesoftwareisopen-source,writ-
ten in Python3 andrunson standarddesktopcomputinghardware(althoughaCUDA com-
patibleGPUallowsfor aconsiderablereductionin processingtime).Sourcecodeisavailable
atgithub.com/brainglobe/cellfinder-coreandpre-built wheelsatpypi.org/project/cellfinder-
core.To aidadoptionof themethod,aplugin for napari[47] isavailableatgithub.com/
brainglobe/cellfinder-napari,andanintegratedpipelinefor theanalysisof whole-brain
microscopydata(includinge.g.atlasregistration)isavailableatgithub.com/brainglobe/cellfin-
der.Documentation,tutorials,andthedataunderlyingFig4areavailableatdocs.brainglobe.
info.

PLOS COMPUTATIONAL BIOLOGY 3D cell detection in whole brain images

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009074 May 28, 2021 13 / 17



Supporting information
S1Fig.Overviewof the initial cell candidatedetectionsteps,from raw datato acuboid of
datafed into the classificationnetwork. Upperrow: from left to right, therawimageis
medianfilteredto removenoise.A Laplacianof Gaussianis thenperformedto enhancesmall,
bright structuressuchasthecellsoma.Lowerrow: from right to left, theimageis thresholded
anda3D ellipsoidalfilter isusedto removesmall,non-cellularobjects(not shownin this
imageplane).Thecentroidof theresultingobjectis thenusedto centerthecuboidof datathat
it passedto thedeeplearningclassificationnetwork.Imagesshownare100�m x 100�m, and
thecuboidis50�m x 50�m (and100�m in thethird dimension).
(TIF)

S2Fig.Assignmentof signalto individual cell candidatesin the third dimension.Saggital
sections(i.e.orthogonal to acquisition) shown.Upperrow: from left to right, medianand
Laplacianof Gaussianfiltering, asin S1Fig.Lowerrow: from right to left, thresholding,filter-
ing andcentroidcalculation,asin S1Fig.Unlike 2D analysis,individual objects(cells)arecor-
rectlydistinguished,andnot merged,or erroneouslysplit. Imagesshownare205�m x
143�m, andthecuboidis50�m x 100�m (and50�m in thethird dimension).
(TIF)

S3Fig.Architecture of the 3D ResNet.3D adaptationof the2D networksfrom [38] which
areavailablefor usein thesoftware.
(TIF)

S4Fig.Architecture of the bottleneck3D ResNet.3D adaptationof thebottleneck2D net-
worksfrom [38] whichareavailablefor usein thesoftware.The50-layerbottlenecknetworkis
usedthroughoutthisstudy,andisusedfor thepre-trainedmodelsuppliedwith thesoftware.
(TIF)

Author Contributions
Conceptualization:AdamL. Tyson,CharlyV. Rousseau,ChristianJ.Niedworok,Troy W.

Margrie.

Data curation: AdamL. Tyson,CharlyV. Rousseau,ChristianJ.Niedworok.

Formal analysis:AdamL. Tyson,LeeCossell,Troy W. Margrie.

Investigation:SepiedehKeshavarzi,ChryssanthiTsitoura,Molly Strom.

Methodology:AdamL. Tyson,CharlyV. Rousseau,ChristianJ.Niedworok,SepiedehKesha-
varzi,ChryssanthiTsitoura.

Projectadministration: Troy W. Margrie.

Software:AdamL. Tyson,CharlyV. Rousseau,ChristianJ.Niedworok.

Validation: AdamL. Tyson,LeeCossell.

Visualization: AdamL. Tyson.

Writing ± original draft: AdamL. Tyson,Troy W. Margrie.

Writing ± review& editing: AdamL. Tyson,CharlyV. Rousseau,ChristianJ.Niedworok,
SepiedehKeshavarzi,ChryssanthiTsitoura,LeeCossell,Molly Strom,Troy W. Margrie.

PLOS COMPUTATIONAL BIOLOGY 3D cell detection in whole brain images

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009074 May 28, 2021 14 / 17



References
1. Wickersham IR, Finke S, Conzelmann KK, Callaway EM. Retrograde neuronal tracing with a deletion-

mutant rabies virus. Nature Methods. 2007; 4(1):47±49. https://doi.org/10.1038/NMETH999 PMID:
17179932

2. Reijmers LG, Perkins BL, Matsuo N, Mayford M. Localization of a stable neural correlate of associative
memory. Science. 2007; 317(5842):1230±1233. https://doi.org/10.1126/science.1143839 PMID:
17761885

3. Kim S, Cho JH, Murray E, Bakh N, Choi H, Ohn K, et al. Stochastic electrotransport selectively
enhances the transport of highly electromobile molecules. Proceedings of the National Academy of Sci-
ences. 2015; p. E6274±E6283. https://doi.org/10.1073/pnas.1510133112 PMID: 26578787

4. ErtuÈrk A, Becker K, JaÈhrling N, Mauch CP, Hojer CD, Egen JG, et al. Three-dimensional imaging of sol-
vent-cleared organs using 3DISCO. Nature Protocols. 2012; 7(11):1983±1995. https://doi.org/10.1038/
nprot.2012.119 PMID: 23060243

5. Chung K, Wallace J, Kim S, Kalyanasundaram S, Andalman AS, Davidson TJ, et al. Structural and
molecular interrogation of intact biological systems. Nature. 2013; 497(7449):332±337. https://doi.org/
10.1038/nature12107 PMID: 23575631

6. Susaki EA, Tainaka K, Perrin D, Kishino F, Tawara T, Watanabe TM, et al. Whole-Brain Imaging with
Single-Cell Resolution Using Chemical Cocktails and Computational Analysis. Cell. 2014; 157(3):726±
739. https://doi.org/10.1016/j.cell.2014.03.042 PMID: 24746791

7. Dodt H, Leischner U, Schierloh A. Ultramicroscopy: three-dimensional visualization of neuronal net-
works in the whole mouse brain. Nature Methods. 2007; 4(4):331±336. https://doi.org/10.1038/
nmeth1036 PMID: 17384643

8. Ragan T, Kadiri LR, Venkataraju KU, Bahlmann K, Sutin J, Taranda J, et al. Serial two-photon tomogra-
phy for automated ex vivo mouse brain imaging. Nature Methods. 2012; 9(3):255±258. https://doi.org/
10.1038/nmeth.1854 PMID: 22245809

9. Osten P, Margrie TW. Mapping brain circuitry with a light microscope. Nature Methods. 2013; 10
(6):515±523. https://doi.org/10.1038/nmeth.2477 PMID: 23722211

10. Fu Q, Martin BL, Matus DQ, Gao L. Imaging multicellular specimens with real-time optimized tiling light-
sheet selective plane illumination microscopy. Nature Communications. 2016; 7:11088. https://doi.org/
10.1038/ncomms11088 PMID: 27004937

11. Seiriki K, Kasai A, Hashimoto T, Schulze W, Niu M, Yamaguchi S, et al. High-Speed and Scalable
Whole-Brain Imaging in Rodents and Primates. Neuron. 2017; 94(6):1085±1100.e6. https://doi.org/10.
1016/j.neuron.2017.05.017 PMID: 28641108

12. Voigt FF, Kirschenbaum D, Platonova E, Pag�qsS, Campbell RAA, Kastli R, et al. The mesoSPIM initia-
tive: open-source light-sheet microscopes for imaging cleared tissue. Nature Methods. 2019; 16:1105±
1106. https://doi.org/10.1038/s41592-019-0554-0 PMID: 31527839

13. Tyson AL, Margrie TW. Mesoscale microscopy for micromammals: image analysis tools for understand-
ing the rodent brain. arXiv. 2021;(2102.11812).

14. Schindelin J, Arganda-Carreras I, Frise E, Kaynig V, Longair M, Pietzsch T, et al. Fiji: an open-source
platform for biological-image analysis. Nature Methods. 2012; 9(7):676±682. https://doi.org/10.1038/
nmeth.2019 PMID: 22743772

15. De Chaumont F, Dallongeville S, Chenouard N, HerveÂN, Pop S, Provoost T, et al. Icy: An open bio-
image informatics platform for extended reproducible research. Nature Methods. 2012; 9(7):690±696.
https://doi.org/10.1038/nmeth.2075 PMID: 22743774

16. McQuin C, Goodman A, Chernyshev V, Kamentsky L, Cimini BA, Karhohs KW, et al. CellProfiler 3.0:
Next-generation image processing for biology. PLoS Biology. 2018; 16(7):1±17. https://doi.org/10.
1371/journal.pbio.2005970 PMID: 29969450

17. Berg S, Kutra D, Kroeger T, Straehle CN, Kausler BX, Haubold C, et al. Ilastik: Interactive Machine
Learning for (Bio)Image Analysis. Nature Methods. 2019; 16:1226±1232. https://doi.org/10.1038/
s41592-019-0582-9 PMID: 31570887

18. Watabe-Uchida M, Zhu L, Ogawa SK, Vamanrao A, Uchida N. Whole-Brain Mapping of Direct Inputs to
Midbrain Dopamine Neurons. Neuron. 2012; 74(5):858±873. https://doi.org/10.1016/j.neuron.2012.03.
017 PMID: 22681690

19. VeÂlez-Fort M, Rousseau CV, Niedworok CJ, Wickersham IR, Rancz EA, Brown APY, et al. The stimulus
selectivity and connectivity of layer six principal cells reveals cortical microcircuits underlying visual pro-
cessing. Neuron. 2014; 83(6):1431±1443. https://doi.org/10.1016/j.neuron.2014.08.001 PMID:
25175879

PLOS COMPUTATIONAL BIOLOGY 3D cell detection in whole brain images

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009074 May 28, 2021 15 / 17



20. Ogawa SK, Cohen JY, Hwang D, Uchida N, Watabe-Uchida M. Organization of monosynaptic inputs to
the serotonin and dopamine neuromodulatory systems. Cell Reports. 2014; 8(4):1105±1118. https://
doi.org/10.1016/j.celrep.2014.06.042 PMID: 25108805

21. Schwarz MK, Scherbarth A, Sprengel R, Engelhardt J, Theer P, Giese G. Fluorescent-Protein Stabiliza-
tion and High-Resolution Imaging of Cleared, Intact Mouse Brains. PloS one. 2015; 10(5):e0124650.
https://doi.org/10.1371/journal.pone.0124650 PMID: 25993380

22. Herculano-Houzel S, Mota B, Lent R. Cellular scaling rules for rodent brains. Proceedings of the
National Academy of Sciences of the United States of America. 2006; 103(32):12138±12143. https://
doi.org/10.1073/pnas.0604911103 PMID: 16880386

23. Kim Y, Venkataraju KU, Pradhan K, Mende C, Taranda J, Turaga SC, et al. Mapping social behavior-
induced brain activation at cellular resolution in the mouse. Cell Reports. 2015; 10(2):292±305. https://
doi.org/10.1016/j.celrep.2014.12.014 PMID: 25558063

24. Furth D, Vaissiere T, Tzortzi O, Xuan Y, Martin A, Lazaridis I, et al. An interactive framework for whole-
brain maps at cellular resolution. Nature Neuroscience. 2018; 21:139±149. https://doi.org/10.1038/
s41593-017-0027-7 PMID: 29203898

25. Salinas CBG, Lu TTH, Gabery S, Marstal K, Alanentalo T, Mercer AJ, et al. Integrated Brain Atlas for
Unbiased Mapping of Nervous System Effects Following Liraglutide Treatment. Scientific Reports.
2018; 8(1):1±12. https://doi.org/10.1038/s41598-018-28496-6 PMID: 29985439

26. Iqbal A, Sheikh A, Karayannis T. DeNeRD: high-throughput detection of neurons for brain-wide analysis
with deep learning. Scientific Reports. 2019; 9(1):1±13. https://doi.org/10.1038/s41598-019-50137-9
PMID: 31554830

27. Song JH, Choi W, Song YH, Kim JH, Jeong D, Lee SH, et al. Precise Mapping of Single Neurons by Cal-
ibrated 3D Reconstruction of Brain Slices Reveals Topographic Projection in Mouse Visual Cortex. Cell
Reports. 2020; 31(8):107682. https://doi.org/10.1016/j.celrep.2020.107682 PMID: 32460016

28. Renier N, Adams EL, Kirst C, Wu Z, Azevedo R, Kohl J, et al. Mapping of Brain Activity by Automated
Volume Analysis of Immediate Early Genes. Cell. 2016; 165(7):1789±1802. https://doi.org/10.1016/j.
cell.2016.05.007 PMID: 27238021

29. Young DM, Duhn C, Gilson M, Nojima M, Yuruk D, Kumar A, et al. Whole-Brain Image Analysis and
Anatomical Atlas 3D Generation Using MagellanMapper. Current protocols in neuroscience. 2020; 94
(1):e104. https://doi.org/10.1002/cpns.104 PMID: 32981139

30. Menegas W, Bergan JF, Ogawa SK, Isogai Y, Umadevi Venkataraju K, Osten P, et al. Dopamine neu-
rons projecting to the posterior striatum form an anatomically distinct subclass. eLife. 2015; 4:1±30.
https://doi.org/10.7554/eLife.10032 PMID: 26322384

31. Goubran M, Leuze C, Hsueh B, Aswendt M, Ye L, Tian Q, et al. Multimodal image registration and con-
nectivity analysis for integration of connectomic data from microscopy to MRI. Nature Communications.
2019; 10(1):1±17. https://doi.org/10.1038/s41467-019-13374-0

32. Lecun Y, Bengio Y, Hinton G. Deep learning. Nature. 2015; 521:436±444. https://doi.org/10.1038/
nature14539 PMID: 26017442

33. Moen E, Bannon D, Kudo T, Graf W, Covert M, Van Valen D. Deep learning for cellular image analysis.
Nature Methods. 2019. https://doi.org/10.1038/s41592-019-0403-1 PMID: 31133758

34. Friedmann D, Pun A, Adams EL, Lui JH, Kebschull JM, Grutzner SM, et al. Mapping mesoscale axonal
projections in the mouse brain using a 3D convolutional network. Proceedings of the National Academy
of Sciences. 2020; 117(20):11068±11075. https://doi.org/10.1073/pnas.1918465117 PMID: 32358193

35. Otsu N. A threshold selection method from gray-level histograms. IEEE Transactions on Systems,
Man, and Cybernetics. 1979; 9(1):62±66. https://doi.org/10.1109/TSMC.1979.4310076

36. He K, Zhang X, Ren S, Sun J. Deep residual learning for image recognition. In: Proceedings of the IEEE
Computer Society Conference on Computer Vision and Pattern Recognition. vol. 2016-Decem; 2016.
p. 770±778.

37. Brown APY, Cossell L, Strom M, Tyson AL, VeÂlez-Fort M, Margrie TW. Analysis of segmentation ontol-
ogy reveals the similarities and differences in connectivity onto L2/3 neurons in mouse V1. Scientific
Reports. 2021; 11 (4983). https://doi.org/10.1038/s41598-021-82353-7 PMID: 33654118

38. Wang Q, Ding SL, Li Y, Royall J, Feng D, Lesnar P, et al. The Allen Mouse Brain Common Coordinate
Framework: A 3D Reference Atlas. Cell. 2020; 181(4):936±953.e20. https://doi.org/10.1016/j.cell.2020.
04.007 PMID: 32386544

39. Tyson AL, Rousseau CV, Margrie TW. brainreg: automated 3D brain registration with support for multi-
ple species and atlases; 2020. Available from: https://doi.org/10.5281/zenodo.3991718.

40. Niedworok CJ, Brown APY, Jorge Cardoso M, Osten P, Ourselin S, Modat M, et al. AMAP is a validated
pipeline for registration and segmentation of high-resolution mouse brain data. Nature Communica-
tions. 2016; 7:1±9. https://doi.org/10.1038/ncomms11879 PMID: 27384127

PLOS COMPUTATIONAL BIOLOGY 3D cell detection in whole brain images

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009074 May 28, 2021 16 / 17



41. VeÂlez-Fort M, Bracy EF, Keshavarzi S, Rousseau CV, Cossell L, Lenzi SC, et al. A Circuit for Integration
of Head- and Visual-Motion Signals in Layer 6 of Mouse Primary Visual Cortex. Neuron. 2018; 98
(1):179±191. https://doi.org/10.1016/j.neuron.2018.02.023 PMID: 29551490

42. Spiers H, Songhurst H, Nightingale L, de Folter J, Hutchings R, Peddie CJ, et al. Citizen science, cells
and CNNsÐdee p learning for automatic segmentation of the nuclear envelope in electron microscopy
data, trained with volunteer segmentations. bioRxiv. 2020.

43. Mathis A, Mamidanna P, Cury KM, Abe T, Murthy VN, Mathis MW, et al. DeepLabCut: markerless pose
estimation of user-defined body parts with deep learning. Nature Neuroscience. 2018; 21(9):1281±
1289. https://doi.org/10.1038/s41593-018-0209-y PMID: 30127430

44. Huang G, Liu Z, Weinberger KQ. Densely Connected Convolutional Networks. CoRR. 2016;abs/
1608.06993.

45. Howard AG, Zhu M, Chen B, Kalenichenko D, Wang W, Weyand T, et al. MobileNets: Efficient Convolu-
tional Neural Networks for Mobile Vision Applications. CoRR. 2017;abs/1704.04861.

46. CËicËek OÈ, Abdulkadir A, Lienkamp SS, Brox T, Ronneberger O. 3D U-Net: Learning Dense Volumetric
Segmentation from Sparse Annotation. In: Ourselin S, Joskowicz L, Sabuncu MR, Unal G, Wells W, edi-
tors. Medical Image Computing and Computer-Assisted InterventionÐ MICCAI 2016. Cham: Springer
International Publishing; 2016. p. 424±432.

47. Sofroniew N, Lambert T, Evans K, Nunez-Iglesias J, Winston P, Bokota G, et al. napari/napari: 0.4.8;
2021. Available from: https://doi.org/10.5281/zenodo.4741360.

48. Preibisch S, Saalfeld S, Tomancak P. Globally optimal stitching of tiled 3D microscopic image acquisi-
tions. Bioinformatics. 2009; 25(11):1463±1465. https://doi.org/10.1093/bioinformatics/btp184 PMID:
19346324

49. Campbell RAA. BakingTray: Serial-section automated anatomy extension for ScanImage; 2020. Avail-
able from: https://github.com/SainsburyWellcomeCentre/BakingTray.

50. Campbell RAA, Blot A, lguerard. StitchIt: Stitching of large tiled datasets; 2020. Available from: https://
github.com/SainsburyWellcomeCentre/StitchIt.

51. Chollet F, et al. Keras; 2015. https://keras.io.

52. Abadi M, Agarwal A, Barham P, Brevdo E, Chen Z, Citro C, et al. TensorFlow: Large-Scale Machine
Learning on Heterogeneous Systems; 2015. Available from: https://www.tensorflow.org/.

53. Kingma DP, Ba J. Adam: A Method for Stochastic Optimization. arXiv. 2014.

54. Claudi F, Petrucco L, Tyson AL, Branco T, Margrie TW, Portugues R. BrainGlobe Atlas API: a common
interface for neuroanatomical atlases. Journal of Open Source Software. 2020; 5(54):2668. https://doi.
org/10.21105/joss.02668

55. Modat M, Ridgway GR, Taylor ZA, Lehmann M, Barnes J, Hawkes DJ, et al. Fast free-form deformation
using graphics processing units. Computer Methods and Programs in Biomedicine. 2010; 98(3):278±
284. https://doi.org/10.1016/j.cmpb.2009.09.002 PMID: 19818524

56. Ourselin S, Roche A, Subsol G, Pennec X, Ayache N. Reconstructing a 3D structure from serial histo-
logical sections. Image and Vision Computing. 2001; 19(1-2):25±31. https://doi.org/10.1016/S0262-
8856(00)00052-4

57. Wes McKinney. Data Structures for Statistical Computing in Python. In: SteÂfan van der Walt, Jarrod Mill-
man, editors. Proceedings of the 9th Python in Science Conference; 2010. p. 56±61.

58. Reback J, McKinney W, jbrockmendel, den Bossche JV, Augspurger T, Cloud P, et al. pandas-dev/pan-
das: Pandas 1.2.2; 2021. Available from: https://doi.org/10.5281/zenodo.4524629.

59. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: Machine
Learning in Python. Journal of Machine Learning Research. 2011; 12:2825±2830.

60. Hunter JD. Matplotlib: A 2D graphics environment. Computing in Science & Engineering. 2007; 9
(3):90±95. https://doi.org/10.1109/MCSE.2007.55

61. Claudi F, Tyson AL, Petrucco L, Margrie TW, Portugues R, Branco T. Visualizing anatomically regis-
tered data with brainrender. eLife. 2021. https://doi.org/10.7554/eLife.65751 PMID: 33739286

PLOS COMPUTATIONAL BIOLOGY 3D cell detection in whole brain images

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009074 May 28, 2021 17 / 17


