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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 the brainis akeymethodin neuroscienceandwastraditionally carried
out on manuallyprepareahin sectionsToday,modernmicroscopyapproachesllowthe
entiremousebrain to beimagedin 3D athigh resolution.Dueto their oftencomplex
somaticmorphology detectingcytoplasmicallyabelledheuronsin thesdargeimagedata-
setds highly challengingcomparedfor exampleto detectingsphericatellnuclei.Addi-
tionally,aneuroncanoften bemistakenlydetectednultiple times,or two cellscanbe
interpretedasasinglecell. Herewe havedeveloped freelyavailablealgorithmfor detect-
ing cytoplasmicallyabelledneuronalsomatan thesemagesvhich canberun fasterthan
thedatacanbeacquired andwithout the biasof manualanalysisTheability to quickly
mapcellulardistributionsthroughoutthe mousebrain will leadto agreaterunderstand-
ing of bothits structureandfunction. Aswith flies,nematodesndfish, detectingand
mappingcellsin 3D throughoutthe entire mammalianbrain will allowfor newexperi-
mentsdesignedo understandhe structuralbasisof its myriad complexfunctions.
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Thisisa Methodspaper.

Introduction

To understandhe circuitsunderlyingcomputationsin the brain, it is necessario mapcell
typesconnectionsaandactivity acrosghe entire structure. Advancesn labelling[1+3], tissue
clearing[4+6] andimaging[7+12]now allowfor the meso-and microscopicstudyof brain
structureandfunction acrosgherodentbrain. Analysisof thesewhole-brainimageshas
laggedbehindthe developmenti imaging[13]. Althoughtherearemanyrelevantcommer-
cialand open-sourcéio-imageanalysigpackageavailabld14+17]thesehavetraditionally
beendevelopedor 2D imager for 3D volumesmuchsmallerthanarodentbrain.

In rodentstudiesanincreasinglycommonwhole-brainimageanalysigaskis theidentifi-
cationof individual, labelledcellsacrosghe entire brain. Traditionally,this wascarriedout
manually[18+21],but this approachdoesnot scaleto all biologicalquestionsparticularly
whenmanycellsarelabelled Consideringthatamousebrain hasaround 100million neurons
[22], evenif only 0.01%of cellsin the brain arelabelled amanualapproachbecomesmpracti-
calfor anykind of routine analysis.

Therearemethodsthatwork well for identifying labelledcellsin serial2D sections[23+
27].However 2D analysicanbesubjectto biasasdetectedcellnumberscanbeunder,or
overestimatedlependingon samplingin thethird dimension.Methodshavebeendeveloped
for 3D celldetectionin whole-brainmicroscopyimagesput manyof thesewvereonly devel-
opedfor nuclearlabelq28,29]. Although nuclearlabelsaremuch simplerto detectthanmem-
braneor cytoplasmianarkers(astheyhavea simpleshapeandcanbeapproximatedas
spheresindarefar lesdikely to beoverlappingn theimage)therearemanyapplicationdn
whichanuclearlabelis not practicalor evenuseful,asin the caseof in vivo functionalimaging.
Cytoplasmicelldetectionmethodshavealsobeendevelopedbut thesehavesomekeydisad-
vantagessuchasrequiring multiple methodsfor eachbrain area[30], or only showingthe
applicationor validationin verysmallregionsof the brain [24, 31]. Any approachmustbe
applicableandvalidatedthroughoutthe brain, asthe signalto noise(SNR)characteristicean
varybetweerbrain regions(e.g.source®f noisecouldbefalselydetectedhsacell).

As 3D whole-brainmicroscopyis becomingcommonplaceand manyneuroscientistslo
not haveextensiveomputationakraining, it isimportant that anysoftwarecanbeinstalled
easilyandthe methodcanbeappliedquickly on standarddesktopcomputinghardwarewith-
out anyprogrammingknowledgeTheredoesnot yetexista quick, easilyappliedmethodfor
3D detectionof cellswith cytosoliclabelghat hasbeenvalidatedthroughoutanentirebrain.
Meetingthis needis a highly desiredgoalwithin systemseuroscience.

To overcomehe limitations of traditional computervision,machinelearningbandpartic-
ularly deeplearning[32]Dhas revolutionisedhe analysiof biomedicaland cellularimaging
[33]. Deepneuralnetworks(DNNs) now representhe stateof the art for the majority of
imageanalysisand havebeenappliedto analysevhole-brainimagesto detectcellsin 2D [23,
26] or to segmentxong34]. However theyhavetwo main disadvantageshenit comeso
3D wholebrain analysisFirstly,theyrequirelargeamountsof manually-annotatedraining
data(e.g.for cellsegmentationthis would potentiallyrequirethe painstakingannotationof
hundredsor thousandof cellbordersin 3D). Secondlythe complexarchitectureof DNNs
meanghat for big data(e.g.whole-brainimagesat cellularresolution),largeamountsof com-
puting infrastructureis requiredto train thesenetworks,andthenprocessheimagesn area-
sonabldime frame.
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To harnesghe powerof deeplearningfor 3D identification of labelledcellsin whole-brain
imageswedevelopedicomputationalpipelinewhich usesclassicaimageanalysisapproaches
to detectpotentiallylabelledcellswith high sensitivity(cellcandidates)at the expensef
detectingfalsepositiveqi.e.geometricallysimilar objects) Thisis thenfollowedby application
of aDNN to classifycellcandidatesseithertrue cells,or artefactso berejectedHarnessing
the powerof deeplearningfor objectclassificatiomratherthan cellsegmentatiorat avoxel
levelspeedsip analysigsincetherearebillions of voxelsput manyfewercellcandidatesand
simplifiesthe generatiorof training data.Ratherthan annotatingcellbordersin 3D, cellcandi-
datedrom theinitial stepcanbefurther classifiedy the addition of asingle(cellor artefact)
label.

Results

Toillustratethe problemandto demonstratghe softwarewholemousebrainimagesvere
acquiredfollowing retrograderabiesvirus labelling.Viral injectionswereperformedinto
visualor retrospleniakortex,causinghousandf cellsto becytoplasmicallyabellecthrough-
out the brain. Datawasacquiredusingserialtwo-photonmicroscopyaspreviouslydescribed
[19] (Fig 1). Briefly,coronalsectionsareimagedat high-resolution(2 m x2 m x5 m voxel
size)andstitchedto provideacompletecoronalsection.Thisis carriedout for tenimaging
planesafterwhich amicrotomeremoveghe mostsuperficiab0 m of tissueandthe processs
repeatedintil the entirebrain datasetis collectedLight emittedfrom the specimerisfiltered

Fig 1. Simplified schemaic diagram of the serialtwo-photon microsmpeand dataacquisition processA: The
tissueis excitedusingafemtosecod Ti-sapphirelaser(emissionwavelength= 800nm). For datacollection 50 m of
tissue(atapproximaely40 m to 90 m belowthetissuesurface)jsimagedin ten,5 m thick planesAn in-built
microtomethenphysicallyremovesa50 m thick sectionfrom the opticalface This processs repeatedo generata
complee 3D datasebdf the specimenB: For signalcollection the emittedlightpathis splitinto two channelsvhereby
the primary channeldetectghe fluorescencsignalof interestfrom labelledcells(e.g.mCherryat610nm) andthe
seconcchannel(e.g.at450nm) detectghetissueautofluoresencesignalthat revealgrossanatomealstructure.

https://cbi.org/10.1371d¢urnal.pbi.1009074001
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Fig 2. lllustration of the cell detectionprocessA: Singlecoronalplaneof raw data(primary signalchannelCh1).B: Enlargednsertof
corticd regionfrom A showingexample®f structurd featureqartefactspftenerroneouslydetectedC: Corticalregionshownin B, in the
secondanautofluaescencehannelCh2).Cellscanonly beseenn Ch1l,but artefactsarevisiblein both channelsD: Detectectell
candidats overlaidon raw data.Labelleccellsaswellasnumerows artefactsaaredetectedE: lllustration of training data.A subsebf detected
cellcandidatesreclassifiedascells(yellow)or artefact{purple). Cuboidsof datacenteredn theseselecteaellcandidatearethenusedto
train the network.F: Classifieccellcandidats. Thetrainedcell classificatin networkis appliedto all the cellcandidate$rom (E) and
correctlyrejectgheinitial falsepositives.

https:/Hoi.org/10.137ournal.pchi.109074.g002

anddetectedvia atleastwo channelsaprimary signalchannelcontainingthefluorescence
signalfrom labelledtargetneuronsand asecondaryautofluorescencehannelthat doesnot
containtargetsignalsbut providesanatomicabutlines.An examplesingle-planemageis
shownin Fig 2A.

Cell candidatedetection

Whendevelopinganyobjectdetectionalgorithm,abalancenustbestruckbetweerfalseposi-
tivesandfalsenegativesin traditional (two-dimensionalistology simplethresholding(e.g.
[35]) canoftenwork well for celldetection.This doesnot necessarilapplyto wholebrain
imagesin samplesvith bright, non-cellularstructuregartefactsFig 2B) or lower signalto
noiseratio, simplethresholdingcandetectmanynon-cellularelementsimagepreprocessing
andsubsequenturationof detectebjectscanovercomesomeof theseissuesbut no single
methodworksreliablyacrosghebrainin multiple samplesEither somecellsaremissedfalse
negatives)pr manyartefactsaarealsodetectedfalsepositives) To overcomethis, atraditional
imageanalysisapproachwasusedto detectcellcandidatesi.e.objectsof approximatelythe
correctbrightnessandsizeto beacell. Thislist of candidatess thenlaterrefinedby the deep
learningstep.Crucially,this refinementallowsthe traditional analysigo producemanyfalse
positiveswvhile minimising the numberof falsenegativesilmagesaremedianfilteredanda
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Table 1. Default cell detectionparameters.

Parameer Value
In-planecellsomatadiamete ( A) 16 m
Gaussiarsmoothingsigma 0.2A
Intensitythreshold Mean+ 10x SD
In-plane(lateral)ellipsoidal filter width 6 m

Axial (z) ellipsoidalfilter width 15 m
Ellipsoidalfilter overlapthresholdfraction 0.6

https://abi.org/10.1371djurnal.pbi.1009074001

Laplaciarmof Gaussiariilter is usedto enhancecell-likeobjects Theresultingimageis thre-
sholdedand objectsof approximatelythe correctsizearesavedascandidatecell positions(Fig
2D). An overviewof the cellcandidatedetectionstepsareshownin Sland S2Figs.Thethresh-
oldingistunedto pick up everydetectableellbut this alsoresultsin the detectionof many
falsepositiveghat oftenappeamasdebrison the surfaceof the brain andin somecasesiniden-
tified objectswithin bloodvesselsThisinitial detectionstepis basedn anumberof tunable
parametergTablel) whichwerechoserbasedn trial anderror to bebiasedo overdetection,
andsoberelativelyrobustto changesdn the input data.Theymayof courseneedto betuned
for verydifferentdata,in particularthein-planecellsomatadiameterwhich mayneedto be
tunedwhendifferenttypesof cellsarelabelled.

Cell candidateclassificationusing deeplearning

A classificatiorstep,which usesa 3D adaptationof the ResNe{36] convolutionalneuralnet-
work (S3and S4Figs)is thenusedto separatérue from falsepositivesTo classifycellcandi-
datesasubsedf cellcandidatepositionsweremanuallyannotatede.g.Fig 2E).In total,
*100,000 cellcandidate$50,65%ellsand 56,902hon-cells)werelabelledfrom five brains.
Smallcuboidsof 50x 50x 100 m aroundeachcandidatewvereextractedrom the primary sig-
nal channelalongwith the correspondingcuboidin the secondanautofluorescencehannel
(Fig 3A). Thisallowsthe networkto 2learn®the differencebetweemeuron-basedignalgonly
presentin the primary signalchannel) and othernon-neuronalsourcef fluorescence
(potentiallypresenin both channels).

Thetrainedclassificatiometworkis thenappliedto classifythe cellcandidate$rom theini-
tial detectionstep(Fig 2F).The artefact{suchasthoseat the surfaceof the brainandin ves-
sels)havebeencorrectlyrejectedwhile correctlyclassifyinghelabelledcells. To quantifythe
performanceof the classificatiometwork,andto assessow muchtraining datais required
for goodperformancethe manuallyannotatedraining datawassplit up into anewtraining
datasefrom four brains,andatestdatasefrom thefifth brain. A newnetworkwastrainedon
subset®f thetraining data,and performanceestedon thefifth brain (15,87Zellsand 18,168
non-cells).Fig 3Bshowshatrelativelylittle training datawasrequiredfor goodperformance
on unseertestdata,with 95%of cellcandidateglassifieccorrectlywith *7,000 annotatedcell
candidatesAlthough*7,000 datapointsarerequiredto train the networkfrom scratchwe
providethe networktrainedon thefull datasetvith the software Userscanthenre-train this
networkwith amuchsmalleramountof experiment-specifitraining data.

Application

To illustratethe method,the celldetectionsoftwarewasappliedto datawhichwasnot usedto
developor train the classificatiometwork.Datafrom apreviousexperimen{37] wasacquired
on adifferentmicroscopeandwasusedto simulatereal-worldusagén whichthe SNR

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1009074 May 28, 2021 5/17



PLOS COMPUTATIONAL BIOLOGY 3D cell detection in whole brain images

Fig 3. Cell classification A: Theinput datato the modified ResNeare3D imagecuboids(50 m x50 m x 100 m)
centeredn eachcellcandidate Therearetwo cuboids,onefrom the primary signalchanneland onefrom the
secondanautofluoresencechannel The datais thenfedthroughthe network,resultingin abinarylabelof cellor
non-cell.During training the networkearns®o distinguis true cells from otherbright non-cellubr objects SeesS3
and S4Figsfor moredetailsof the 3D ResNetrchitectue.B: Training theinitial cellclassificatin network:
classificatin accuracyasafunction of training dataquantity.

https://cbi.org/10.1371durnal.pbi.1009074003

characteristicef the datamayvaryfrom that usedto pre-trainthe suppliednetwork.Neurons
presynaptido layer2/3 primary visualcorticalcellswerelabeledusingrabiesvirus tracing
(expressingnCherry)in two Penk-Cremice.

Thealgorithmwasrun on thesetwo brains,usingthe defaultcandidatedetectionparame-
ters(Tablel). A smallnumber(619)of the detectectell candidatesveremanuallyannotated
on asinglebrain (brain 1) including confirmationsof correctclassificationsand corrections
of incorrectclassificationsThe pre-trainednetworkwasthenretrainedusingthesedatapoints
and 10%of the datawasheld backfor validationduring training. The networkwastrained
until thevalidationlossfunction begarto plateautaking 73minutes.Thefull celldetection
algorithmwasthenrepeatedor both brainsusingthe re-trainednetworkon alaptopcom-
puter. Totaltime for celldetectionwas83 minutesfor brain 1 and 91 minutesfor brain 2 (for
full timings seeTable?).

To assigrdetectectellsto abrain region,the Allen MouseBrain Referencétlas(ARA
[38]) annotationswereregisteredo the secondanautofluorescencehannelusingbrainreg

Table2. Algorithm timings on alaptop computerwith Intel i9+9900KCPU,32GBRAM andanNVIDIA
RTX2080GPU. Datastoredon anexternalsolid-statedrive.

Brain 1 Brain 2
Numberof cellcandidates 63995 80122
Numberof candicatesclassifiecascells 4266 4021
Time for cellcandicatedetection 50minutes 48minutes
Time for classifiation 33minutes 43minutes
Totaltime 83minutes 91minutes

https://abi.org/10.1371djurnal.pbi.1009074002
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[39], aPythonport of the validatedaMAP pipeline[40]. Theseannotationswereoverlaidon
therawdata(Fig 4A), andthe numberof cellsin eachbrain regionwerereported,allowingfor
quantitativeanalysigTable3).

Thenewdatawasnoisierthanthat usedto pre-trainthe network (possiblydueto the useof
resonantvsgalvanometescanning)which leadto false-positivethroughoutthe brain. A
smallamountof newtraining data,taking approximatelyfive minutesto generatevassuffi-
cientto significantlyimprove performanceof the algorithm (Fig 4B). There-trainednetwork
removedmanyof the false-positivesyhile still correctlyclassifyinghe labelledcells.

Validation

To quantifythe accuracyof the algorithm brain-wide ,wegeneratedjroundtruth datafor both
thebrain usedto generatalatafor re-training (brain 1) andthe2unseenrain (brain 2). Two
expertananuallyannotatedall labelledcellsomatahroughoutthe brains. Thesecellswere
assignedo regionsin the ARA in the samewayasthe automatedcellcountsandanaverag®f
thetwo expertsvastaken.The comparisorbetweerthe automatedcountsandthe manual
countsis shownin Fig 4C.Usingthe pre-trainednetwork,the algorithmdetectdalsepositives,
including in manyareaswith no labelledcells Re-trainingthe network significantlyreduces
the numberof falsepositivesproducingabest-fitline closeto anexactmatchto the manual
cellcounts.Forboth brains,alinearfit to thealgorithmandmanualcellcountsis abovel
(brain 191.113,brain 2D1.053),suggestingsmallnumberof falsepositiveg Table4).

Althoughtheresultsfrom thetwo brainslook similar whenthe detectedtellsarewarpedto
the ARA coordinatespacgFig 4D), thereis still significantbiologicalvariability. For this rea-
son,mostexperimentgjuantifyrelative ratherthanabsolutecellcounts[18,20,30,41].1t is
thereforeimportant thanthe correlationbetweerthe automateccellcountsand groundtruth
is ashigh aspossibleThe correlationfor both the brain usedfor training (brain 1), andthe
aunseenbrain (brain 2) is veryhigh (Pearsorcorrelationcoefficient, =0.999)andhigher
thanthe correlationbetweerthe automatedcell countsfor both brains( = 0.982).

Effectof varying axial sampling

All the datapresentedvasacquiredwith high axialsampling(5 m), butthisis not alwaygos-
sibleor desirabledueto imagingtime, datastorageequirementsor biologicalconsiderations
suchasphotobleachingTo assesthe performanceof the algorithmwith varyingopticalslice
thicknessesyedownsampledhe datafrom brain 2,to generatesyntheticdatasetsvith axial
samplingof 5,10,20and40 m, andthealgorithmwasappliedasbefore.

The cellcountswerecomparedo the meanof expertcounts(Table5). Performancen
termsof absolutecellnumbers(best-fitline slopeand Pearsorcorrelationcoefficient)was
comparabldor 5,10and20 m, althoughthe5 m datasetvasmosthighly correlatedto the
groundtruth. Theperformanceonthe40 m datasetvasmuchworse.Thebest-fitline slope
of 0.675meanghat manycellshavebeenmissedalthoughthe high correlation( =0.942)
suggestthatthis effectis relativelyuniform throughoutthe brain.

Theresultsarenot surprising,asevenwith 20 m axialsamplingmostcellscanstill be
visualisedn multiple imageplanesandso3D celldetectionis still possibleAt 40 m axial
samplingthisis not possibleand somanycellsaremissed Althoughthe correlationcoeffi-
cientsat10and20 m axialspacingarerelativelyhigh ( =0.9780.981)theyarelowerthan
thecorrelationbetweerdifferentbrains( = 0.982)This mayreducethelikelihood of detect-
ing smallbiologicaleffectausingdatawith low axialsampling. Therearealsomanyotherfac-
torsthataffecthow manyimageplanesacellwill appeaiin, suchasthe cellsomatasize,and
the axialpoint spreadunction of the microscope.
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Fig 4. Application of the algorithm to unseendata. Presynaptc neuronslabelledby rabiesviral injection into layer2/3 primary visual cortexin
Penk-Cremice. A: Detectectellsoverlaidon raw dataalongwith the brain regionsegmentatin for Brain 1 (blue)and2 (orange) Thesizeof the
coloureddisk repreentsthe proximity of the cellcentroidto theimageplanedisplayedBrainregionswith detectectellsshown:RSPDRetroplenial
areaVISpPbPrimary visualareaVISIPlateral visualarea VISlibLaterointermedatearea,TEab Temporal associatiorareasB: Compaisonof cell
detectionbeforeandafterre-training the pre-trained networkin differentregionsof theimage Cellswith differentmorpholagiesarecorrectlydetected
in both denseandsparseegionsandartefactsarerejectedVISlibLaterointermedide areal GdbDor salpart of the lateralgeniculaé complex DRD
Dorsalnucleusraphe SC/MBSuperior colliculus& meningesC: Compaisonof cellcountsper ARA brain regionbetweerthe algorithmandthemean
of thetwo expertcounts Lighterpointsrepregntresultsbeforere-traininganddarkerpointsafterre-training. Besffit shownafterre-training. Five
regionswith the highestnumberof detectectellscoloured VISp2/3DPrimary visualarealayer2/3,VISp5PPrimary visualareajayer5, LGd-cob
Dorsalpartof the lateralgenicubtecomplexcore,LPPLateralposteriornucleusof the thalamusyVISp4bPrimaryvisualareajayer4. D: Visualisation
of detectectellsfrom both brainswarpedto the ARA coordinatespacen 3D, alongwith the rabiesvirusinjection sitetarget(primary visualcortex,
wireframe)

https://doi.0g/10.1371§urnal.pcbL009074.g004
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Table3. Total number of cellsin eachregion, per brain, projecting to layer 2/3 neuronsin primary visual cortex.
Tenregionswith the greateshumberof cellsacrossoth brainsshown.

Brain structurename Brain 1 Brain 2
Primaryvisualarealayer2/3 965 1222
Primaryvisualareajayer5 650 558
Dorsalpart of the lateralgenicuatecomplexcore 371 340
Lateralposteriornucleusof thethalamus 240 215
Primaryvisualarealayer4 207 205
Retrospleral areayentralpart,layer5 162 135
Dorsalpart of the lateralgenicuatecomplex shell 122 124
Lateraldorsalnucleusof thalamus 122 107
Retrospleral areadorsalpart, layer5 110 103
Posteromdial visualareaJayer5 46 74

https://abi.org/10.1371djurnal.pbi.1009074003

Table4. Comparisan betweenalgorithm and expertcell counting.

Brain 1 Brain 2

Pearsoncorrelation coefficient Linear best-fit slope Pearsoncorrelation coefficient Linear best-fit slope
Algorithm vsexpertl 0.999 1.054 0.998 0.964
Algorithm vsexpert2 0.999 1.178 0.997 1.151
Expertl vsexpert2 0.999 1.116 0.994 1.188
Algorithm vsexpertmean 0.999 1.113 0.999 1.053

https://da.org/10.1371durnal.pbi.1009074004

Table5. Algorithm performancecomparedto meanof expertmanud countswith varying axial sampling.

Axial sampling[ m] Pearsoncorrelation coefficiert 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://cbi.org/10.1371djurnal.pbi.1009074005

Discussion

Mappingthedistribution of labelledheuronsacrosghe brain is critical for acompleteunder-
standingof theinformation pathwayghat underliebrain function. Many existingmethodsfor
celldetectionin whole-brainimagesely on classicaimageprocessingwhich canbeaffected
by noise,and maynot detectcomplexcellmorphologiesDNNs canbeusedfor highly sensi-
tive imageprocessinghut oftenrequirelaboriousgeneratiorof training dataandareprohibi-
tively slowfor the analysi®of large, 3D imagesThepresentednethodhereovercomeshese
limitations by combiningtraditionalimageprocessingnethodsfor speedyith aDNN to
improveaccuracy.

Recentevelopmentin microscopytechnology(e.g.[12]) now allowfor quicker,more
routine acquisitionof whole-braindatasetdt isimportant thattheimageanalysisanbecar-
ried outin atimely fashion,andwithout relyingon large-scaleomputinginfrastructure.Pro-
cessingime for the*180GB imagedn Fig4 on alaptopwasaround90minutes,sosixteen
datasetsouldbeanalysedn asingleday,muchquickerthanthe samplepreparationand
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imagingstepsOnceparametersareoptimised,andthe classificatiometworkis trained, the
softwarecanrun entirelywithout userintervention.

In traditional DNN approacheor imageanalysisgeneratiorof training datais oftena
major bottleneckWhile large-scalécitizenscience@pproachesanbeusedto generatdarge
amountsof training data[42], this is not practicalfor the majority of applicationse.gwhen
anatomicakxpertisas required.Our methodovercomeshis by requiring only abinarylabel
(cellor non-cell)for eachcellcandidaten thetraining datasetratherthanapainstaking3D
outline of eachcell. The softwareis releasedvith apre-trainednetwork,and sothe network
canbere-trainedfor specificdatasetseryquickly. Thetotal time to generatéhe newnetwork
usedto classifyimagesn Fig4 waslesghantwo hours,including generatingraining dataand
retrainingthe network.

We showthat the resultsof the proposedmethodcomparewell to expertmanualcounts,
particularlythe correlationbetweercountsin differentbrain areasHoweverour resultsalso
showtheimportanceof re-trainingthe pre-trainednetworkfor newdatasetgevenif they
aresuperficiallysimilar). It isimportant to alsobearin mind that althoughwe quantified
performanceof thealgorithmacrosghebrain, wedid not labeleverytypeof cell,andsome
areaf the brain with denselypackedneurons(e.g.hippocampusvereonly sparsely
labelled Whenapplyingthis methodto verydifferentdata,usersshouldensurethattheyre-
train the modelwith representativéraining data(including differentbrain areascelltypes
andimageartefactsf applicable)andchecktheresultsin detail. Thedatain Table5 shows
thatalthoughthe methodis relativelyrobustto the axialsampling true 3D imaging(i.e.
labelledcellsappeatin atleasttwo axialplanes)srequiredfor accuratecelldetectionusing
our method.

Theability to quickly detectyisualiseandanalyseytoplasmicallyabelledcellsacrosghe
mousebrain bringsanumberof advantagesverexistingmethods Analysinganentire brain
ratherthan 2D sectionshasthe potentialto detectmanymorecells,increasinghe statistical
powerandthelikelihood of finding novelresults particularlywhenstudyingrarecelltypes.
Whole-brainanalysisnayalsobelesshiasedhananalysingaserief 2D planesgspeciallyn
regionswith low celldensitiespr differing cellsizes.

In future weaimto adaptthe networkto beflexibleasto the numberofinput channelsand
outputlabelsTheclassificatiometwork currently relieson usingboth the primary signaland
thesecondanautofluroescencehannelln thefuture it would bevaluableo train anetwork
that couldachieveasimilar levelof performanceausingasingleinput channel Analysingasin-
glechannelwould allowhalfasmuchdatato becollectedalthoughautofluorescencehannels
areoptimal for atlasregistration).Training anetworkto producemultiple labelg(ratherthan
justcellor non-cell)would allowfor cell-typeclassificatiorbasedn morphology,or basedn
geneor protein expressioteveldf additionalsignalchannelsveresupplied Althoughthe
ResNe#grchitecturewaschoserbasedn performancg36] andflexibility in newcontextye.g.
[43]), therearemanynewernetworkarchitectureshat could beimplementedo improveper-
formance(e.g.[44,45]). Differenttypesof network (suchasa 3D U-Net [46]) couldalsobe
usedto segmenthe cellboundariedor additionalanalysesuchasmeasuringcellsizeand
shapepr quantifyingfluorescencexpressionlLastly,althoughthis approachwvasdesignedor
fastanalysiof largewhole-braindatasetshe proposedwo-stepapproachcould beusedfor
anykind of large-scal&D objectdetection.

This softwareis fully open-sourceand hasbeenwritten with further developmenandcol-
laborationin mind. Althoughthe algorithmwasdesignedor neurondetection the software
couldbeappliedto any 3D imagedata,andwe provideagraphicaluserinterface(asa napari
[47] plugin) to alloweasyadoptionby asmanyusersaspossible.
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Materials and methods

Ethicsstatement

All experimentsverecarriedout in accordancavith the UK Home OfficeregulationgAnimal
WelfareAct 2006)andapproveddy the establishmenténimal Welfareand EthicalReview
Board.

Samplepreparation

All miceusedweretransgenidCre-reporter(Ntsr1-Cre,GAD2-IRES-CreRbp4-Cre& Penk-
Cre)micebredon aC57BL/6background Themicewereanesthetizedndan AAV Cre-
dependentelpervirus encodingboth the envelopegorotein receptorandthe rabiesvirus gly-
coproteinwasstereotacticalljnjectedinto visualcortexor retrospleniakcortex.Fourdays
later,aglycoproteindeficientform of the rabiesvirus expressingnCherrywasdeliverednto
the samesite.After tenfurther daysthe animalwasdeeplyanaesthetizedndtranscardially
perfusedvith cold phosphatéuffer (0.1M) followedby 4%paraformaldehydéPFA)in PB
(0.1M) andthebrain left overnightin 4%PFAat4EC.

Imaging
All datawasacquiredusingserialsectiontwo-photontomography{8]. To generate¢he datato
pre-trainthe deep-learningnodel,fixed brainswereembeddedn 4%agarandplacedundera
two-photonmicroscopecontaininganintegratedvibrating microtomeandamotorizedx-y-z
stageaspreviouslydescribed19]. Coronalimagesvereacquiredviatwo opticalpathwaygred
andblue)asasetof 6 by 9tileswith avoxelsizeof 1 m x1 m obtainedevery5 m usingan
Olympus10xobjective(NA = 0.6)mountedon apiezoelectrielement(Physikinstrumente,
Germany) Followingacquisition,jmagetileswerecorrectedfor unevenillumination by sub-
traction of anaveragémagefrom eachphysicakection.Tileswerethenstitchedusingacus-
tom FIJI[14] plugin (modified from [48]) anddownsampledo 2 m x2 m x5 m voxelsize.
To generatahe datato testthe algorithm,datawasacquiredusingadifferent,custom-built
resonant-scanningystencontrolledby Scanimagév5.6,Vidrio TechnologieslJSA)using
BakingTray[49], acustomsoftwarewrapperfor settingup theimagingparametersimages
wereassembledsingStitchlt[50]. Both brainswereimagedin asingleacquisitionusinga
Nikon 16xobjective(NA = 0.8),with avoxelsizeof 2.31m x2.31m x5 m.

Cell candidatedetection

To detectcellcandidategbroadlydefinedasanythingof sufficientbrightnessand of approxi-
matelythe correctsizeto beacell),initially datafrom the primary signalchannelwaspro-
cesseth 2D (S1Fig).Imagesveremedianfiltered,andthenaLaplaciarof Gaussiatilter was
performedto enhancesmall,bright structureqe.g.cells).Thisfilteredimagewasbinarised
usingathresholdcalculatedor eachimageplane(meanofimageplane+ 10x imageplane
standarddeviation).Thethresholdedmagewasthen passedo an ellipsoidalffilter to remove
noise.Everypositionof this spatiaffilter in which the majority (givenby aninput parameter,
ellipsoidalffilter overlapthresholdfraction) of thefilter overlapswith thresholdedsoxelswas
savedsapotentialcellcandidateThisis usedto removenoise(from e.g.neurites).

All cellcandidateshatform continuousspatialstructuresveremergecdtogetherand
classe@sasinglecellcandidatelf theresultingclusterwastoo largeto beasinglecell (based
on theinput cellsomatasizeparameter)thenthis clusterwassplitinto individual cellcandi-
datesusinganiterativeellipsoidalffilter. Briefly, the ellipsoidalfilter wasappliedto all voxels
within the cellcandidatecluster,andanyresultingcellcandidatecoordinatepositionswere
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recorded.Thethresholdedmagewaseroded andthefilter wasreappliedon the erodedsetof
candidatevoxelsThis processvasrepeatedor teniterations,or until therewereno cellcandi-
datesremaining.This proces®nsureshat denselytabelledcellsaresplitinto individual cell
candidates.

Oncethefinal list of candidatecellsis determined the centroidof eachcellcandidate
(basedn the 3D meancoordinateof thresholdedsoxels)wascalculatedandthe coordinates
weresavedAll of thesestepanvereall carriedout usingthe defaultsoftwareparameters
(Tablel),with theexceptionof the40 m axialspacingdatasefor whichthe axialextentof
the ellipsoidfilter wasincreasedo 30 m.

Cell candidateclassificationusing deeplearning

CellcandidatesvereclassifiedisingaResNef36], implementedn Kerag51] for TensorFlow
[52]. 3D adaptationf all networksfrom the original paperareimplementedn the software
(i.e.18,34,50,101and 152-layerand canbechoserby the user,but the 50-layemetworkwas
usedthroughoutthis study.The generabrchitectureof thesenetworksis shownin S3and S4
Figs.

To generatalatato train the classificatiometwork,output from the candidatedetection
step(cellcandidatecoordinatesweremanuallyclassifiedisinga customF1J31[14] plugin, or a
napari[47] plugin thatis suppliedwith the software Expertannotatorswverepresentedvith
theraw data,with cellcandidatesepresentedby hollow spheresgenteredn the cellcandi-
date Byscrollingthroughthe 2D planesof the 3D datasetthe expertscouldviewthe cellcan-
didatein 3D beforemarkingit asacellor artefactCandidatesveredeterminedto becellsor
artefactdasedn size shapgincluding the presencef neurites)andthe fluorescencéevel
comparedo the secondanautofluorescencehannel(which wasvisualisedatthe sametime).
Candidatesverelabelledby threeexperts|abellingdifferentbrains,andasubsebf labelled
candidatesverecross-checkebetweerexperts.

Imagecuboidsof 50 m x50 m x 100 m (resampledo 50x 50x 20voxelswereextracted
from boththe primary signal,and secondanautofluorescencehannelsgcenterecon the coor-
dinatesof the manuallyclassifiectell candidatepositions.To increasehe sizeof thetraining
set,datawererandomlyaugmentedEachof the following transformationswvereappliedwith a
10%likelihood: (i) flipping in anyof thethreeaxes(ii) rotation aroundanyof thethreeaxes
(between45E to 45E)pnd(iii) circulartranslationalonganyof thethreeaxegup to 5%of the
axislength).The networksweretrainedusingan NVIDIA TITAN RTXGPUwith abatchsize
of 32andthe Adam[53] methodwasusedto minimisetheloss(categoricatrossentropy),
with alearningrateof 0.0001Cell candidatesvereclassifiedisingthetrainednetwork,and
savedasan XML file with acellor artefactiabel.

Imageregistration and segmentation

To allowdetectectellsto beassignedn anatomicalabel,andfor themto beanalysedn a
commoncoordinateframework,areferenceatlas(Allen MouseBrain Atlas,ARA, [38], pro-
videdby the BrainGlobeAtlasAPI [54]) wasregisteredo the autofluorescencehannel This
wascarriedout usingbrainreg[39], a Pythonport of the automaticmouseatlaspropagation
(aMAP) softwardg40], whichitselfrelieson the medicalimageregistrationlibrary, NiftyReg
[55]. Firstly the samplebrain wasdownsampledo the samevoxelspacingasthe atlas(10 m
isotropic)andwasreorientedto matchthe atlastemplatebrain. Thesewo imageswverethen
filtered to remove-highfrequencynoise(greyscal®peningandflat-field correction).The
imageswerefirstly registeredisingan affinetransform( [56]), followedby freeform
non-linearregistration( [55]). Theresultingtransformationwasappliedto the atlas
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brain regionannotationgandacustomhemispheresatlas)}to bring it into the samecoordinate
spaceasthe samplebrain.

Validation

To compareresultsof the algorithmto groundtruth, two expertananuallyannotatedeachcell
in two whole-brainimageausingthe samenapariplugin usedto generatehe training data.
Theexpertsvereshownthefull-resolutionimageswith both channelglisplayedn different
colors.Theexpertcouldscrollthroughthe 3D imagegplaneby plane,zoomin andout, and
adjustcontrastsettinggto bestvisualisecellsin differentbrain areasExpertsannotatedcells
basedn the samecriteriaasfor generatinghetraining data(shapesizeandfluorescence
intensity).Annotatingacellpositiondisplayedahollow sphereon top of theimage around
the cellcoordinate . Thiswasvisiblein multiple imageplanego ensurethatindividual cells
werenot labelledmorethanonce.

The cellclassificatiometworkwasretrainedfor the newdatasetsandthe algorithmwas
run with the defaultcellcandidatedetectionparametersTheimageswverealsoregisteredo
the ARA, andcellcoordinatesvereassignedo brain regionsfor boththe automatedand man-
ualcellcounts.Thedifferentcellcountingapproachesverefirstly comparedby calculatingthe
PearsorcorrelationcoefficientusingPandag57, 58]. To assesthe biasof the different
approachegheywerecomparedy calculatingthe slopeof the bestfit line by fitting alinear
modelusingscikit-learn[59].

Effectof varying axial sampling

To generatesyntheticdatasetsvith varyingaxialsamplingasinglebrain wasdownsampledn
3D by selectingeveryNth imageplane. For exampleto generatedatasetvith 20 m sampling
from the original datasesamplecat5 m, everyfourth planewasused.

Visualisation

For visualisatiorof datain standardspacegdetectedtellsmustbetransformedto the atlas
coordinatespaceFirstly,the affinetransformfrom theinitial registrationwasinverted(using

). Thesampleorain wasthenregisterechon-linearlyto the atlas(againusing
) andadeformationfield (mappingpointsin the samplebrainto the atlas)wasgener-
ated(using ). This deformationfield wasappliedto the coordinatesof the

detectectellsfor eachsampletransformingtheminto atlascoordinatespace.
PlotsweregeneratedisingMatplotlib [60], andimagevisualisatiorwasperformedusing
napari[47] andbrainrender[61].

Softwareimplementation

Themethodsoutlinedin this manuscriptareavailablewithin the cellfindersoftware part of
the BrainGlobesuiteof computationaheuroanatomytools. The softwareis open-sourcewrit-
tenin Python3 andrunson standarddesktopcomputinghardware(althougha CUDA com-
patibleGPUallowsfor aconsiderableeductionin processindime). Sourcecodeis available
atgithub.com/brainglobe/cellfinderare and pre-built wheelsat pypi.org/project/cdfinder-
core.To aid adoptionof the method,aplugin for napari[47] is availablet github.com/
brainglobe/cellfinder-naparandanintegratedpipelinefor the analysiof whole-brain
microscopydata(including e.g.atlasregistration)is availableat github.com/brainglobegellfin-
der.Documentationtutorials,andthe dataunderlyingFig 4 areavailableat docs.brainglobe.
info.
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Supporting information

S1Fig. Overviewof the initial cell candidatedetectionsteps,from raw datato a cuboid of
datafedinto the classificationnetwork. Upperrow: from left to right, therawimageis
medianfilteredto removenoise A Laplaciarof Gaussiarns then performedto enhancesmall,
bright structuressuchasthe cellsoma.lLowerrow: from right to left, theimageis thresholded
anda3D ellipsoidaffilter is usedto removesmall,non-cellularobjects(not shownin this
imageplane).The centroid of theresultingobjectis thenusedto centerthe cuboidof datathat
it passedo the deeplearningclassificatiometwork.lmageshownare100 m x 100 m, and
thecuboidis50 m x50 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
Laplaciarof Gaussiariiltering, asin S1Fig.Lowerrow: from right to left, thresholdingfilter-
ing andcentroidcalculationasin S1Fig.Unlike 2D analysisindividual objectg(cells)arecor-
rectlydistinguishedandnot merged or erroneoushsplit. Imageshownare205 m x

143 m, andthecuboidis50 m x 100 m (and50 m in thethird dimension).

(TIF)

S3Fig. Architecture of the 3D ResNet.3D adaptationof the 2D networksfrom [38] which
areavailabldor usein the software.
(TIF)

S4Fig. Architecture of the bottleneck3D ResNet.3D adaptationof the bottleneck2D net-
worksfrom [38] which areavailabldor usein the software The 50-layemottlenecknetworkis
usedthroughoutthis study,andis usedfor the pre-trainedmodelsuppliedwith the software.
(TIF)
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