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ABSTRACT

Electrontomographyallowsdeterminationof thethree-
dimensionalstructuresof cellsandtissuesatresolutionssig-
ni�cantly higher than is possiblewith optical microscopy.
Electrontomogramscontain,in principle, vastamountsof
informationonthelocationsandarchitecturesof largenum-
bersof subcellularassembliesandorganelles.Thedevelop-
mentof reliablequantitative approachesfor interpretation
of featuresin tomograms,is an importantproblem,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-
ods for the automatedstatisticalanalysisof HIV particles
andselectedcellular compartmentsin electrontomograms
recordedfrom�x ed,plastic-embeddedsectionsderivedfrom
HIV-infectedhumanmacrophages.Individual featuresin
the tomogramare segmentedusing a novel, robust algo-
rithm that�nds their boundariesasglobalminimalsurfaces
in a metric spacede�ned by imagefeatures.Our expecta-
tion is thatsuchmethodswill providetoolsfor semi-automated
detectionandstatisticalevaluationof HIV particlesatdiffer-
entstagesof assemblyin thecells,andpresentopportunities
for correlationwith biochemicalmarkersof HIV infection.

1. INTRODUCTION

Transmissionelectronmicroscopeshaveconventionallybeen
usedin biomedicalresearchto obtaintwo-dimensionalpro-
jection imagesof thin objectssuchasmolecules,cells and
tissues.Suchimagescanberecordedin mostmodernelec-
tron microscopesat magni�cationsrangingfrom � 100xto

� 1,000,000x. The useof electronmicroscopes,is, how-
ever, not limited to imagingin 2D.Usingemergingmethods
in electrontomography(see[1] for a recentreview), it is
now alsopossibleto routinelydeterminethree-dimensional
structuresusingprinciplesthatareverysimilarto thoseused
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in technologiessuchascomputerizedaxialtomography. Thus,
onecanrecorda seriesof imagesof a given objectover a
widerangeof tilt angles,andcombinethemusingbackpro-
jectionalgorithmsto generatethree-dimensionalvolumeof
theimagedobject.

A key problemin biologicalelectrontomographyis that
theimagesobtainedareat relatively low signal-to-noisera-
tios. In part, this is becauseof the tremendouscomplexity
of biological specimens;for examplea singlehumancell
cancontainthousandsof copiesof tensof thousandsof pro-
teinspackagedin a varietyof multi-proteincomplexesand
organellesof differing shapesandsizes. A secondfactor
comesfrom the potentialof electronsto damageorganic
matter, whichnecessitatestheuseof electrondosesthatare
high enoughto obtainmeasurablecontrast,but low enough
to minimize structuraldamage.The rapid,quantitative in-
terpretationof thevastamountof datain tomogramsof cells
and tissuesthereforeposesa challengingproblem. This
issueis becomingincreasinglyimportantnow becauseof
the rapid advancesin instrumentautomationthat have led
to dramaticenhancementsin the speedof datacollection.
We areinterestedin developingapproachesfor 3D segmen-
tation of featuresin cellular tomogramsthat canwork ro-
bustlyandrapidlydespitethelow signal-to-noiseratios.As
a testcase,we have usedtomogramsrecordedfrom human
macrophagesinfectedwith HIV. Thecells were�x ed,em-
beddedin plastic,stainedwith uranyl acetateandleadcit-
rateandsectionedin anultramicrotometo producesections
with thicknessesin the rangeof 150nmto 200 nm. These
sectionswereplacedonanelectronmicroscopicgrid coated
with a thin carbon�lm, andimagedin a Tecnai12 electron
microscopeoperatingat 120kV equippedwith a LaB � �l-
ament.Tomogramswereconstructedusingstandardback-
projectionalgorithmsasimplementedin the IMOD recon-
structionpackage[2].

Figure1 shows slicesfrom a tomogramrecordedfrom
a small region of cells infectedwith HIV. Within this slice,
thereareseveral identi�able featureswhich beara resem-
blanceto thesliceof eitheranassembledvirion or enclosed
membranousentitieswith varying interior densityrelative



to the cytoplasmicmedium. Our goal is to detectthese
structureswith minimal userbias,analyzethem,andestab-
lish correlationof the natureand extent of thesefeatures
with progressionof viral infection. In this work, we con-
centrateprimarily onthesegmentationof thesefeaturesand
basicstatisticalanalysisof their distribution in thevolume.

Fig. 1. Four typesof featuresidenti�ed manuallyin a slice
extractedfrom a tomogram. The tomogramwasobtained
from a chemically�x ed,plastic-embedded,stained200nm
thick sectionfrom an HIV-infectedmacrophage.Eachof
themhasan envelopethat is stainedmoredarkly thanthe
background.Somesuchastheonepointedto by thesolid
arrow resemblean assembledHIV particle, while others,
suchasthosepointedto by thedashedarrowsarevesicular
in natureandcouldrepresententitiesthatareeitherprecur-
sorsor packagingunitsfor thefully assembledvirus.

2. 3D TOMOGRAPH SEGMENTATION

As pointedout above, electrontomographicimagesgener-
ally displayvery low signal-to-noiseratios,andthe taskof
segmentingfeaturesof interestcan be a challengingone.
Wearedevelopingnew algorithmsthatcanworkunderthese
conditions,asdescribedbelow.

Asall thefeaturesof interesthaveadarkboundaryaround
them(i.e. only theinsideis different),we will usethesame
segmentationalgorithmto gettheboundary, andat thesec-
ond stage,classify themby looking at the interior voxels.
Basedon very simplecriteria (i.e. averagegray value)we
canseparate�lled from emptystructures,andmore com-
plex criteriacanbeusedto achievea�ner classi�cation(see
Section4).

Thetomogramsaresegmentedin asemi-automaticfash-
ion: a singlepoint insideeachcell is �rst speci�ed by the
userselectingonly thosestructuresthatcorrespondto sim-
pleclosedboundaries(thisis doneby inspectionof all slices
in the 3D volume). For eachselectedpoint we segment
the surroundingstructureusing a robust segmentational-
gorithm describednext. Although thedetectionof interior
points can be doneautomatically(e.g., from singularities
of the distancefunction to robust edges),the structureof
thetomogramsis socomplex (membranesmergedtogether,
boundarieswith largegaps,presenceof secondarystructural
elements,etc.),thatit will requireintensivepost-processing

to eliminateirrelevant objectsthat are not meaningfulfor
the subsequentanalysis. We shouldalso note that at the
presentstageof the investigation,our goal is to selectas
many featuresaspossiblein orderto minimizeuserbiasin
particleselection.

2.1. Segmentationof individual features

The segmentationproblemis formulatedasthe searchfor
a minimal surfaceon a metricspacethatdependson image
features,with the restrictionthat it containsthe speci�ed
interior point. Let's � denotethe 3D surfacerepresenting
theboundary. Theminimalsurfaceproblemis statedas[3]:
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will signalwhetheror
not a point is in theboundaryof a featureelement.Specif-
ically,

�

will take low valuesfor points locatedover thin
dark regions and higher valueselsewhere in the volume.
The minimal surface � is then encouragedto go through
areasof small

�

, avoidingregionsof high
�

. As in everyen-
ergy minimizationsetting,two issueshave to beaddressed:
�rst, �nd theappropriate

�

metricsothesurfacewill follow
thefeaturesof interest;andsecond,solve theminimization
problemto getthegloballyoptimalsurface.

2.1.1. Designingtheimagedependentmetric

Thegoal is to de�ne a metric thatcapturesthelocal geom-
etry of theimageandsignalsthepresenceof �at darkareas
which correspondto 3D boundaryvoxels. Following the
work in [4] we look at eigenvectorsandeigenvaluesof the
Hessianmatrix to characterizethe local structureof an im-
age. Let's ,.- denotetheeigenvaluewith the / -th smallest
magnitude(i.e. 0 ,�1�03240 ,6570
280 ,

�

0 ). Plate-like structures
haveonepredominanteigenvalueandcorrespondingeigen-
vector in the direction normal to the plane(the direction
wheregrayvaluechangesthemost). Theothertwo eigen-
valueshave vanishingvaluesandthecorrespondingeigen-
vectorsform anorthogonalbasisof theplane.By lookingat
thesignof the�rst eigenvalue,we cantell apartdarkplate-
like features( ,91;:
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) from bright ones( ,�1=<
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). Com-
biningthesefactorstogetherwede�ne ageometricmeasure
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In a post-processingstep,a non-maximasuppressionalgo-
rithm keepsonly local maximaof > in the directionper-
pendicularto theplane(this is the3D extensionof thetech-
niqueusedin theCanny edgedetector, see[5]). By keeping



only local maximain thedirectionnormalto theplanewe
obtaina betterlocalizedfeatureindicationfunction.

Observethatthebiggerthevalueof > atagivenpoint,
the strongerthe indication that the point may be on the
boundaryof a structure. We then choosethe metric
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�

from vanishing,see[6]. As required,
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2.1.2. Finding theminimalsurface

Oncethemetric is de�ned, we arereadyto solve themini-
mizationproblemandget thesurface� thatminimizesthe
energy (1). This problemis usuallysolved in a variational
framework, we computetheEuler-Lagrangeequationsand
�nd theoptimalway to reducetheenergy (1) givenan ini-
tial energy state. Unfortunately, this will only �nd a local
minimizer(theclosestoneto theinitial condition)andcan-
not guaranteetheconvergenceto theglobalminima. Many
algorithmshave beenproposedin the literature that pro-
vide different mechanismstrying to drive the surface to-
wardsthe global minima, e.g. [7, 8]. Although they offer
improved performance,they can still get trappedin local
minima.Therearea few approachesthatguaranteeconver-
genceto the global minima in the 2D case(curveson 2D
images),see[6, 9]. For the 3D case,the recentwork [10]
�nds the global minima for surfacesbut requiresa pair of
curvesthatlay on theobjectasinitialization.

Ourapproachfor �nding theminimalsurfaceis inspired
by [9], extendedto surfacesinsteadof planarcurves. The
only input requiredby the algorithm is a point inside the
cell. Thesurfaceminimizationproblemis thensolved im-
posingthe restrictionthat the initial point shouldbe inside
the surface. A 3D polar coordinatetransformationis �rst
performedwith centerin thepoint insidethecell. We then
look for aninitial surfaceguessin polarspace,usingatech-
niquesimilar to theonein [11]. Theresultingsurface(that
weexpressin implicit representation)isback-convertedfrom
polar coordinatesto the Cartesiangrid along with the in-
trinsic distances(computedin thepolardomainwith the

�

-
metric). Back on the Cartesiangrid, we denote� the im-
plicit surfacerepresentationand � the backconverteddis-
tances. As a re�nement step, � is evolved accordingto
the following partialdifferentialequation: ���E��� 0 ��� 0
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where >�� is thenormalizedfeatureindi-
catorfunctionde�ned before.Thecurvaturetermis a regu-
larity constraintandtheexternaladvection�eld � � pushes
thesurfacetowardstheminimaof theenergy (1). Thefac-
tor >�� turnstheadvectiontermoff in voxelsthatarenoton
theboundary( >��

! %

), sopureregularizationwill nicely
�ll-in themissinggaps.

Thesegmentationfor each3D structureis run indepen-
dently and in a serial fashion. The approximaterunning
time for eachof themis lessthan3 minutesin a 1.2 Mhz
laptopcomputer. Theprocessingof thewholevolumecan
well beparallelizedto signi�cantly reducethecomputation
time. Someexamplesareshown in thenext section.

3. RESULTS

In Figure2 weshow representativeresulting3D surfacessu-
perposedontopof slicesof anunprocessedtomogram.The
segmentedsurfaceshows anexcellent�t to theboundaries
of thevesicularfeatures.We alsoshow that thesegmenta-
tion algorithmcanbeusedto classifythevolumesin terms
of the meaninternaldensity, as illustratedin a segmented
2D slice,wheretheregionsareautomaticallyclassi�ed(red
andgreen)basedon differing internalaveragegrey values.
We alsoshow a 2D sliceof thefull tomogramwith theseg-
mentationcurvessuperposed,Figure3.

Fig. 2. Two examplesof 3D segmentationof cell structure
generatedfrom a point inside speci�ed by the user. The
right exampleshowsvolumescorrespondingto low density
(green)andto highdensity(red).

Fig. 3. We show a sliceof the3D volumewith thesegmen-
tation curveson top. Two densityclassesare shown (red
andgreen)automaticallyclassi�edaccordingto theaverage
graylevel insidethevolumes.

Onceall relevantstructuresaresegmented,we canper-
form somesimplestatisticalanalysisontheresults.As each
volumeis obtainedasan implicit function,geometrycom-
putations(e.g. size,averagegrayvalue,shape,etc.)areeas-
ily obtained.In Figure4 weshow histogramsof theaverage



graylevel (density)distributionsinsidetheselectedvolumes
in two differenttomograms.Notethatwe canclearlyclas-
sify cells into two classes:the oneswith the �lled interior
andtheemptyones.Furthermore,lookingat thespatialdis-
tributionof grayvaluesinsideeachcell, moresophisticated
criteriacanbedevisedto classifyin thedifferentcell types
presentedin Section1.

Fig. 4. Top: Distribution of averagegray levels insideseg-
mentedregionsin two differenttomogramsfrom different
regionsof the infectedcell. Bottom: Distribution of size
in segmentedvolumeswithin a tomogram,normalizedwith
referenceto thelargestvolumein theset.

Figure4 alsoshows thesizedistribution of cellswithin
eachtomogram.Notethatasoverall thicknessof thetomo-
gramis only � 200nm,andthevirion/vesicularentitiesare

� 100nmwide,only a few cellsarecapturedcompletelyin-
sidethevolume.Acquisitionof serialtomogramsfrom suc-
cessive sectionsthat arestitchedtogethercomputationally
shouldallow analysisof larger volumes,thereforeprovid-
ing morereliablestatisticson thesegmentedvolumes.

4. CONCLUSION

In this paperwe have report a new algorithmspeci�cally
designedfor the semi-automatedsegmentationof features
in cellulartomogramsobtainedby electronmicroscopy. We
demonstratethis is applicablefor theidenti�cation andpos-
sibleclassi�cationof HIV particlesin infectedmacrophages,
andcouldprovideaquantitativebasisfor analyzingHIV in-
fection.

We arecurrentlyacquiringnew datato study the evo-
lution of thestatistics(seefor exampleFigure4) whenthe
virus evolves. In additionto simplestatisticssuchasaver-
agegray value(representingthe densityinsidethe region)

andvolume,we planto carryout shapeanalysisandclassi-
�cation of thesegmentedregionsusingnovelcomputational
approachesfor shapestatisticsbeingdevelopedin thecom-
putervision literature.
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