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ABSTRACT

Electrontomographyallows determinatiorof the three-
dimensionaktructure®f cellsandtissuesatresolutionssig-
ni cantly higherthanis possiblewith optical microscoyy.
Electrontomogramscontain,in principle, vastamountsof
informationonthelocationsandarchitecturesf largenum-
bersof subcellularmassembliesndorganellesThedevelop-
mentof reliable quantitatve approachegor interpretation
of featuresin tomogramsjs animportantproblem,but is
a challengingprospectbecauseof the low signal-to-noise
ratios that are inherentto biological electronmicroscopic
images. As a rst stepin this direction, we report meth-
odsfor the automatedstatisticalanalysisof HIV particles
andselectedcellular compartmentén electrontomograms
recordedrom x ed,plastic-embeddeskctionslerivedfrom
HIV-infected humanmacrophages.Individual featuresin
the tomogramare segmentedusing a novel, robust algo-
rithm that nds their boundariessglobalminimal surfaces
in a metric spacede ned by imagefeatures.Our expecta-

tionis thatsuchmethodswill providetoolsfor semi-automated

detectiorandstatisticalevaluationof HIV particlesatdiffer-
entstage®f assemblyn thecells,andpresenbpportunities
for correlationwith biochemicaimarkersof HIV infection.

1. INTRODUCTION

Transmissiorlectrormicroscopesave cornventionallybeen
usedin biomedicalresearcho obtaintwo-dimensionapro-
jectionimagesof thin objectssuchasmoleculescellsand
tissues.Suchimagescanberecordedn mostmodernelec-
tron microscopest magni cationsrangingfrom  100xto
1,000,000x. The useof electronmicroscopesjs, how-
ever, notlimited to imagingin 2D. Usingemegingmethods
in electrontomography(see[1] for a recentreview), it is
now alsopossibleto routinely determinethree-dimensional
structuresisingprinciplesthatareverysimilarto thoseused
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in technologiesuchascomputerize@xialtomographyThus,
onecanrecorda seriesof imagesof a givenobjectover a
widerangeof tilt anglesandcombinethemusingbackpro-
jectionalgorithmsto generatehree-dimensionalolumeof
theimagedobject.

A key problemin biologicalelectrontomographyis that
theimagesobtainedareat relatively low signal-to-noisea-
tios. In part, this is becausef the tremendousompleity
of biological specimensfor examplea single humancell
cancontainthousandsf copiesof tensof thousand®sf pro-
teinspackagedn a variety of multi-proteincomplexesand
organellesof differing shapesandsizes. A secondfactor
comesfrom the potential of electronsto damageorganic
matter which necessitatethe useof electrondoseghatare
high enoughto obtainmeasurableontrast put low enough
to minimize structuraldamage.The rapid, quantitatve in-
terpretatiorof thevastamountof datain tomogram®f cells
and tissuesthereforeposesa challengingproblem. This
issueis becomingincreasinglyimportantnow becauseof
the rapid advancesin instrumentautomationthat have led
to dramaticenhancementi the speedof datacollection.
We areinterestedn developingapproachefor 3D segmen-
tation of featuresin cellular tomogramshat canwork ro-
bustly andrapidly despitethe low signal-to-noiseatios. As
atestcase we have usedtomogramgecordedrom human
macrophagemfectedwith HIV. The cellswere x ed,em-
beddedn plastic, stainedwith uraryl acetateandlead cit-
rateandsectionedn anultramicrotomeo producesections
with thicknesse$n the rangeof 150nmto 200 nm. These
sectionsvereplacedonanelectronmicroscopiarid coated
with athin carbonIm, andimagedin a Tecnail2 electron
microscopeoperatingat 120kV equippedwith aLaB |-
ament. Tomogramswere constructedusing standardback-
projectionalgorithmsasimplementedn the IMOD recon-
structionpackagd?2].

Figure 1 shaws slicesfrom a tomogramrecordedrom
asmallregion of cellsinfectedwith HIV. Within this slice,
thereare several identi able featureswhich beara resem-
blanceto theslice of eitheranassembledirion or enclosed
membranougntitieswith varying interior densityrelative



to the cytoplasmicmedium. Our goal is to detectthese
structureswith minimal userbias,analyzethem,andestab-
lish correlationof the natureand extent of thesefeatures
with progressiorof viral infection. In this work, we con-
centratgprimarily onthe sggmentatiorof thesefeaturesand
basicstatisticalanalysisof their distributionin thevolume.

Fig. 1. Fourtypesof featureddenti ed manuallyin aslice
extractedfrom a tomogram. The tomogramwas obtained
from achemically x ed,plastic-embeddedtained200nm

thick sectionfrom an HIV-infectedmacrophage.Each of

themhasan envelopethatis stainedmore darkly thanthe
background.Somesuchasthe one pointedto by the solid

arrov resemblean assembledIV particle, while others,
suchasthosepointedto by the dashedarrows arevesicular
in natureandcouldrepresenentitiesthatareeitherprecur

sorsor packagingunitsfor thefully assembledirus.

2. 3D TOMOGRAPH SEGMENTATION

As pointedout above, electrontomographidmagesgener
ally displayvery low signal-to-noiseatios,andthe taskof
segmentingfeaturesof interestcan be a challengingone.
Wearedevelopingnew algorithmsthatcanwork underthese
conditions,asdescribedelow.

Asall thefeatureof interesthaveadarkboundaryaround
them(i.e. only theinsideis different),we will usethesame
segmentatioralgorithmto getthe boundaryandat the sec-
ond stage,classifythem by looking at the interior voxels.
Basedon very simplecriteria (i.e. averagegray value)we
canseparatelled from empty structuresand more com-
plex criteriacanbeusedto achiezea ner classi cation(see
Sectiond).

Thetomogramareseggmentedn asemi-automatiash-
ion: asinglepointinsideeachcell is rst speci ed by the
userselectingonly thosestructureghat correspondo sim-
pleclosedboundariegthisis doneby inspectiorof all slices
in the 3D volume). For eachselectedpoint we segment
the surroundingstructureusing a robust segmentational-
gorithm describechext. Although the detectionof interior
points can be done automatically(e.g., from singularities
of the distancefunction to robust edges),the structureof
thetomogramss socomplex (membranemergedtogether
boundariesvith largegapspresencef secondargtructural
elementsetc.),thatit will requireintensize post-processing

to eliminateirrelevant objectsthat are not meaningfulfor
the subsequenanalysis. We should also note that at the
presentstageof the investigation,our goal is to selectas
mary featuresaspossiblein orderto minimize userbiasin
particleselection.

2.1. Segmentationof individual features

The sggmentationproblemis formulatedasthe searchfor
aminimal surfaceon a metric spacethatdepend®nimage
features,with the restrictionthat it containsthe speci ed
interior point. Let's denotethe 3D surfacerepresenting
theboundary The minimal surfaceproblemis statedas|3]:

)

wherethe metric will signalwhetheror
not a pointis in the boundaryof a featureelement.Specif-
ically, will take low valuesfor pointslocatedover thin
dark regions and higher valueselsavherein the volume.
The minimal surface is then encouragedo go through
area®f small , avoidingregionsof high . Asin everyen-
ergy minimizationsetting,two issueshave to beaddressed:
rst, nd theappropriate metricsothesurfacewill follow
thefeaturesof interest;andsecondsolve the minimization
problemto getthe globally optimalsurface.

2.1.1. Designingtheimage dependeninetric

Thegoalis to de ne a metricthatcaptureghelocal geom-
etry of theimageandsignalsthe presencef at darkareas
which correspondo 3D boundaryvoxels. Following the
work in [4] we look at eigervectorsandeigervaluesof the
Hessiammatrix to characterizehe local structureof anim-
age.Let's  denotethe eigervaluewith the -th smallest
magnitude(i.e. ). Plate-like structures
have onepredominantigervalueandcorrespondingigen-
vector in the direction normalto the plane (the direction
wheregray valuechangeghe most). The othertwo eigen-
valueshave vanishingvaluesandthe correspondingigen-
vectorsform anorthogonabasisof theplane.By looking at
thesignof the rst eigervalue,we cantell apartdark plate-
like features( ) from bright ones( ). Com-
biningtheseactorstogethemve de ne ageometrianeasure
function as:

)

In a post-processingtep,a non-maximasuppressiomlgo-
rithm keepsonly local maximaof in the directionper
pendicularto the plane(thisis the 3D extensionof thetech-
niqueusedin the Canry edgedetectorsee]5]). By keeping



only local maximain the directionnormalto the planewe
obtaina betterlocalizedfeatureindicationfunction.
Obsenrethatthebiggerthevalueof  atagivenpoint,
the strongerthe indication that the point may be on the
boundaryof a structure. We then choosethe metric to
be where is the
normalizedmeasure ), and isasmallcon-
stantthatprevents from vanishing,see[6]. As required,
for backgroundroxels ( ) and
for pointslocatedon the boundarie®f interest( ).

2.1.2. Finding theminimalsurface

Oncethe metricis de ned, we arereadyto solve the mini-
mizationproblemandgetthe surface thatminimizesthe
enegy (1). This problemis usuallysolvedin a variational
frameawork, we computethe EulerLagrangeequationsand
nd the optimalway to reducethe enegy (1) givenanini-
tial enepgy state. Unfortunately this will only nd alocal
minimizer (the closesbneto theinitial condition)andcan-
not guaranteg¢he corvergenceo the globalminima. Many
algorithmshave beenproposedin the literature that pro-
vide different mechanismgrying to drive the surfaceto-
wardsthe global minima, e.g. [7, 8]. Althoughthey offer
improved performancethey canstill gettrappedin local
minima. Therearea few approachethatguaranteeorver-
genceto the global minimain the 2D case(curveson 2D
images),see[6, 9]. For the 3D case the recentwork [10]
nds the global minimafor surfacesbut requiresa pair of
cunvesthatlay ontheobjectasinitialization.

Ourapproactor nding theminimalsurfaceis inspired
by [9], extendedto surfacesinsteadof planarcurves. The
only input requiredby the algorithmis a point inside the
cell. The surfaceminimizationproblemis thensolvedim-
posingthe restrictionthattheinitial point shouldbe inside
the surface. A 3D polar coordinatetransformations rst
performedwith centerin the pointinsidethe cell. We then
look for aninitial surfaceguessn polarspaceusingatech-
niguesimilar to theonein [11]. Theresultingsurface(that
weexpressn implicit representationy back-cowertedfrom
polar coordinatego the Cartesiangrid alongwith the in-
trinsic distancegcomputedn the polardomainwith the -
metric). Back on the Cartesiargrid, we denote theim-
plicit surfacerepresentatiomnd the back corverteddis-
tances. As a re nementstep, is evolved accordingto
thefollowing partial differentialequation:

where is the normalizedfeatureindi-

catorfunctionde ned before.Thecurvaturetermis aregu-
larity constraintandthe externaladwection eld pushes
the surfacetowardsthe minima of the enegy (1). Thefac-
tor turnstheadwectiontermoff in voxelsthatarenoton
theboundary( ), sopureregularizationwill nicely
[l-in themissinggaps.

The segmentatiorfor each3D structureis run indepen-
dently andin a serial fashion. The approximaterunning
time for eachof themis lessthan3 minutesin a 1.2 Mhz
laptopcomputer The processingf the whole volumecan
well be parallelizedto signi cantly reducethe computation
time. Someexamplesareshavn in the next section.

3. RESULTS

In Figure2 weshaw representatieresulting3D surfacessu-
perposedntop of slicesof anunprocessetbmogram.The
seggmentedsurfaceshavs anexcellent t to the boundaries
of the vesicularfeatures.We alsoshaw thatthe sgmenta-
tion algorithmcanbe usedto classifythe volumesin terms
of the meaninternaldensity asillustratedin a segmented
2D slice,wheretheregionsareautomaticallyclassi ed(red
andgreen)basedon differing internalaveragegrey values.
We alsoshaow a 2D slice of the full tomogramwith the sey-
mentationcurvessuperposedsigure3.

Fig. 2. Two examplesof 3D sggmentatiorof cell structure
generatedrom a point inside speci ed by the user The
right exampleshavs volumescorrespondingdo low density
(green)andto high density(red).

Fig. 3. We show aslice of the 3D volumewith the sggmen-
tation curveson top. Two densityclassesare shavn (red
andgreen)automaticallyclassi edaccordingo theaverage
graylevelinsidethevolumes.

Onceall relevantstructuresaresggmentedwe canper
form somesimplestatisticalanalysisontheresults.As each
volumeis obtainedasanimplicit function, geometrycom-
putationge.g. size,averagegrayvalue,shapeetc.) areeas-
ily obtained.In Figure4 we shov histogram®f theaverage



graylevel (density)distributionsinsidetheselected/olumes
in two differenttomograms.Note thatwe canclearly clas-
sify cellsinto two classesithe oneswith the lled interior
andtheemptyones.Furthermorelooking atthe spatialdis-
tribution of grayvaluesinsideeachcell, moresophisticated
criteriacanbe devisedto classifyin the differentcell types
presentedn Sectionl.

Fig. 4. Top: Distribution of averagegray levelsinsidesey-
mentedregionsin two differenttomogramsrom different
regions of the infectedcell. Bottom: Distribution of size
in sggmenteds/olumeswithin atomogramnormalizedwith
referencdo thelargestvolumein theset.

Figure4 alsoshaws the sizedistribution of cellswithin
eachtomogram.Notethatasoverall thicknessof thetomo-
gramis only 200nm, andthevirion/vesicularentitiesare

100nmwide, only afew cellsarecaptureccompletelyin-
sidethevolume.Acquisitionof serialtomogramgrom suc-
cessve sectionsthat are stitchedtogethercomputationally
shouldallow analysisof larger volumes,thereforeprovid-
ing morereliablestatisticson the sggmenteds/olumes.

4. CONCLUSION

In this paperwe have reporta new algorithm speci cally
designedor the semi-automatedeggmentationof features
in cellulartomogram®btainedby electronmicroscopy. We
demonstratéhisis applicablefor theidenti cation andpos-
sibleclassi cationof HIV particlesn infectedmacrophages,
andcouldprovide aquantitatie basisfor analyzingHIV in-
fection.

We are currently acquiringnew datato studythe evo-
lution of the statistics(seefor exampleFigure4) whenthe
virus evolves. In additionto simple statisticssuchasaver
agegray value (representinghe densityinside the region)

andvolume,we planto carry out shapeanalysisandclassi-

cation of thesggmentedegionsusingnovel computational
approachefor shapestatisticsbeingdevelopedin thecom-
putervision literature.
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