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ComputerTomography (CT) andin particularsuperfast,64 and256 detectorCT hasrapidly advancedover
recentyears,suchthathighresolutioncardiacimaginghasbecomeareality. In thispaper, weprovideasolution
to theproblemof automaticallyconstructingthreedimensional(3D) �nite-elementmeshmodels(FEM) of the
humanheartdirectly from high resolutionCT. Our overall computationalpipelinefrom 3D imagingto FEM
modelshas� ve main steps,namely, (i) discretevoxel segmentationof the CT (ii) discretetopologicalnoise
�ltering to removenon-regularized,andsmallgeometricmeasureartifacts(iii) a reconstructionof theinnerand
outersurfaceboundariesof thehumanheartandits chambers(iv) computationof themedialaxisof theheart
boundariesanda volumetricdecompositionof theheartinto tubular, planarandchunky regions,(v) a �e xible
matchand�t of eachof thedecomposedvolumetricregionsusingsegmentedanatomicalvolumetrictemplates
obtainedfrom a3D modelheart.

1 INTRODUCTION
Computeraideddiagnosisandtreatmentof cardiovas-
cular disease,in particularatherosclerosis,left ven-
tricular hypertrophy, valvular dysfunction, increas-
ingly rely on faithful patientspeci�c heartFEM (�-
nite elementmesh)modelsthat canbe usedin full-
cycle simulationof pulsatileblood �o w throughthe
heart. An emerging methodologyto constructspa-
tially realistichumanheartmodelsis via superfast,
64 and256 detector(high resolution)ComputerTo-
mographic(CT) imaging(ToshibaMedicalSystems-
64SliceCT 2006).

Volume renderingof one such CT64 datasetis
shown in Figure 2. Although state-of-the-art,the
imaging is only the �rst stepof a signi�cant com-
putationalsequenceof imageandgeometryprocess-
ing steps,that arenecessaryfor generatinga robust
andspatiallyrealisticFEM model.In this paper, we
presentsucha computationalpipeline(seeFigure1)
thatprocessestheimagingdata,andadditionallyuses

an anatomicallycorrect templateheart 3D model,
to constructan anatomicallycorrectpatientspeci�c
FEM model.
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Figure1: TheComputationalPipeline

Our overall computationalpipelinefrom 3D imag-
ing to FEM modelshas� ve main steps,namely, (i)
discretevoxel segmentationof the CT (ii) discrete
topologicalnoise�ltering to removenon-regularized,
and small geometricmeasureartifacts(iii) a recon-
structionof the inner and outer surface boundaries
of the humanheartand its chambers(iv) computa-
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tion of the medial axis of the heartboundariesand
a volumetricdecompositionof theheartinto tubular,
planarandchunky regions,(v) a �e xible matchand
�t of eachof thedecomposedvolumetricregionsus-
ing segmentedanatomicalvolumetric templatesob-
tainedfrom a 3D modelheart.The pipelinehastwo
major components.One path works on the imaging
data,�lters thenoise,segmentsthemaincomponents
of theheartandbuildsaninitial surfacemesh.As dis-
cussedin Section2, this initial model is not always
correctbecauseof missinginformationandtopologi-
cal inconsistency. To circumventthat,wecreateaseg-
mented3D map from the templateheartmodeland
annotateit properlythathelpsbuild acorrespondence
with the initial and possibly incompletemodel cre-
atedfrom theimagingdata.Furtherwe matchand�t
thepatientspeci�c modelwith thesegmented3D map
andinherit theinformationencodedthereto �ll upthe
gapof themissinginformationaswell asremove the
noisyspuriouscomponentsthatcouldnot beavoided
due to ambiguity in the imaging data.Figure 6 (a)
shows thetemplatemodelusedin thispaper.

Section2 discussesthestepsnecessaryto build the
initial heartmodel from the imagingdata.Section3
discussesthe stepsnecessaryto build the template
segmented3D map.Finally, in Section4, we discuss
thetasksthatareneededto accomplishto �nally ob-
tain thepatientspeci�c modelof heart.

Figure2: Left sub�gure shows thevolumerendering
of a subvolumeof the input CT imagingdata.Right
sub�gure shows a portionof the cross-sectionof the
input.Onefull sliceis shown in thetwo leftmostsub-
�gures in Figure3.

2 PATIENT SPECIFICDATA PROCESSING
In this section,we discussthe issuesthat needto
be tackled in order to processthe imaging dataef-
fectively. In the following subsections,we discuss
the four main steps,namelySegmentationor Clas-
si�cation, Regularization, ReconstructionandPrun-
ing. Additionally, in eachof thesesubsections,we
show the results of each of these steps on an
imaging dataset.The datasetis courtesyDr. Char-

lie Walvaert of Austin Heart Hospital. The imag-
ing datasetis of dimension512� 512� 432 and
the spacing in x; y; z directions are respectively
0:390625mm; 0:390625mm; 0:3mm.

2.1 ImageSegmentation
Segmentationis a way to dissectthe featuresof in-
terestfrom their surroundings.In caseof the heart
dataset,we aim to extract the four chambersauto-
matically. To this end,we have developeda compu-
tationalprocedurebasedonthefastmarchingmethod
(Sethian1996; Malladi and Sethian1998; Sethian
1999). In this method,a contour is initialized from
a pre-chosenseedpoint, and the contouris allowed
to grow until a certainstoppingconditionis reached.
The traditionalfastmarchingmethodis designedfor
singleobjectsegmentation.In orderto segmentmulti-
pleobjects,like thechambersin theheartdata,aseed
for eachof the componentsmust be chosen.When
contoursfrom differentseedpoints,they shouldstop
eachotherontheirboundaries.Thismulti-seededfast
marchingmethod(Yu and Bajaj 2005; Sifakis and
Tziritas2001)simultaneouslysegmentall thecompo-
nentsandhenceis extremelyusefulto separatemulti-
ple featuresthataretoocloseto segmentsequentially.

Figure3: Top row shows thesliceof theinput image,
theresultaftercontrastenhancementandanisotropic
�ltering, seedselectionfor segmentationand �nally
theresultof segmentationprocessonthatsingleslice.
Thesecondrow showstheoverallsegmentationof the
imagingdatainto four subvolumes.Thedissociation
is enhancedby coloringit differently. Thesub�gures
show theexplodedview of theindividualsubvolumes.

Sincethe given patient-speci�cheartdatais very
noisy and hasa low contrast,it is always useful to
�lter the noiseand enhancethe contrastbeforewe
segmentthe featuresof interest.We have developed
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a fastandadaptive methodfor contrastenhancement
(Yu andBajaj 2004),which wasappliedto thegiven
heartdata.Additionally, an anisotropicnoisereduc-
tion approach(Peronaand Malik 1990; Bajaj, Wu,
andXu 2003)wasemployedto smoothout thenoise
asseenin theoriginaldata.Comparedto theisotropic
(e.g.,Gaussian)�ltering methods,theanisotropicap-
proachescan preserve sharp featuresmuch better
while thenoiseis reduced.Figure3 shows theresult
of imagesegmentationon theimagingdata.

2.2 Regularization
This stepis optionally employed to remove the arti-
factsof the voxel-basedclassi�cation. The level-set
basedsegmentationcan involuntarily producevox-
els which are, althoughconnected,can be thought
of asdanglingcomponents.Suchspurioussubsetof
voxels poseproblemin reconstructinga surfaceout
of the boundaryvoxels. Thereforea careful selec-
tion/removal of a subsetof voxelsoutputby theseg-
mentationstepis crucial.Theresultof thisstepis aset
of boundaryvoxels whosecenterslie on the surface
of thesegmentedboundarywith all danglingcompo-
nentsremoved. In our experiments,we have not en-
counteredsuchcaseswith the datasetthat we dealt
with. Nevertheless,this stepshouldoptionallybe in-
cludedin the pipelinefor curationof the segmented
regionboundaries.

2.3 Reconstruction

Figure 4: Reconstructionof four segmentedbound-
ariesof the patientspeci�c heart.With eachsurface
meshthecorrespondingpointsetis shown in thesame
color.

Fromtheregularizedvoxel centers,we reconstruct
the surfacethat faithfully depict the surfacetriangle
meshof theboundaryin question.Therearenumber
of reconstructiontechniqueavailablefor this purpose
(Bajaj, Bernardini,and Xu 1995; Amentaand Bern

1999).For ourpurposeweusetheTightCoconealgo-
rithm by (Dey andGoswami 2003).Sometimes,the
noisepresentin thedatais a majorchallengeto deal
with andto circumvent that problemwe employ the
versionof that algorithmthat dealswith noisy point
cloud- RobustCocone(Dey andGoswami2004).

This stepresultsin the surfacemesheswhich are
goodcandidatesfor further �tting operation.The re-
constructedsurfacesof thecomponentsfor thedataset
is shown in Figure4. As apparentfrom the pictures,
the reconstructedsurface containsseveral portions
which arenoisy andalsosomeblood vesselswhich
shouldnot be usedfor matchingthe patientspeci�c
datawith thetemplateatlas.In thenext subsectionwe
describethatstep.

2.4 Pruning

Figure 5: Result of pruning: The greenportions in
eachof the four extractedcomponentscontainsreli-
ableinformationthatcanbeusedto matchthepatient
speci�c datawith the templatemodel. The missing
or spuriousportionsof eachcomponentaredrawn in
white.

The quality of the imaging data is the main bot-
tleneck in the modeling procedureand thereforeit
is necessaryto clean-upthe databeforebuilding the
correspondencewith the templateatlas.The goal of
thisstepis to identify theportionsof thepatientheart
datawhich aremissingandalsothespuriouscompo-
nentserroneouslyclassi�ed in thesegmentationpro-
cessbecauseof weakintensityvariation.We employ
the geometrysegmentationapproachon the regular-
ized pointsetto achieve this goal. The segmentation
approach,asdescribedin (Dey, Giesen,andGoswami
2003),relieson a parameterwhich determinesif two
adjacentmaxima should be clusteredtogetherand
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form abiggersegment.Choosingthisparametercare-
fully removesthesmallspuriouscomponentsaswell
asthe noisy incompleteportionsof the patientheart
models.Figure5 shows theresultof thisstep.

After this stepwe have a weaker annotationof the
partsof the patientspeci�c heartmodels- the ones
which arestableandcanbeusedfor correlationwith
theatlas;andtheoneswhichareeitherspuriousor in-
complete.Thesegmentsbelongingto thesecondclass
cannot beusedfor building correspondencewith the
templateparts.

3 TEMPLATE PREPARATION
Thepatientspeci�c imagingdatais oftenincomplete
andcontainstopologically inconsistentandspurious
components.We rectify such anomaliesby inheri-
tanceof topologyfrom the templateheartmodel.In
orderto do so,we �rst processthe templategeome-
try andannotateit following the heartanatomy. We
call the templategeometryT, which hastwo distinct
components- Tout andTin . The analogof Tin in the
patientdatais theinnerwall of theheartwhich inter-
faceswith the blood beingcirculatedandthe analog
of Tout is the outerboundarywherethe heartis em-
beddedamongsofttissuesandmuscles.Below wede-
scribethemajorstepsin processingthesolidbounded
by Tin , andconstructasegmented3D mapof thetem-
plategeometrywhich is key to inherit thetopological
and anatomicalinformation into the patientspeci�c
imagingdata.

3.1 GeometrySegmentation
GivenTin , we decomposeit into 4 connectedcompo-
nents-

1. Left Atrium - TLA

2. Left Ventricle- TLV

3. RightAtrium - TRA

4. RightVentricle- TRV

Left and right ventriclesare additionally segmented
into thevalvesandaorticarches.

Thekey ingredientin this segmentationprocessis
the careful analysisof the critical pointsof the dis-
tancefunctioninducedby eachT� .

Givenany shapeS, onecande�ne adistancefunc-
tion hS : R3 ! R which assignsto every point in
the threedimensionalspaceits distanceto the near-
estpoint on theobjectS. ThefunctionhS canbeap-
proximatedby asimilarfunctionhP whenS is known
only via a �nite setof pointsP sampledfrom S. This
function,which is popularlyknown asdistancefunc-
tion hasa rich history of applicationand especially
the critical point structureof this functionencodesa
lot of informationabouttheshapeattributesof S. For

a list of prior work, andespeciallyon the topologi-
cal invariantsof thecritical pointstructure,see(Bajaj,
Bernardini,andXu 1995;Edelsbrunner2002;Giesen
andJohn2003).

For the purposeof segmentation,we usethe par-
tition of spaceby gradientuniformity which is oth-
erwiseknown as the stablemanifold of the critical
points.Thestablemanifoldsarecomputedef�ciently
via the Voronoi-Delaunaydiagram of the pointset
P. Detailsaregiven in (Dey, Giesen,andGoswami
2003).

(a) (b) (c) (d)

(e)

Figure6: (a)Templatemodelof humanheart.Thein-
ner boundaryis shown inside the transparentouter
boundaryof heart. (b) A crosssectionthrough the
middle that is coloredaccordingto the valueof the
SignedDistanceFunction.(c) Theskeletonof all four
chambers(colored cyan). (d) Only the skeleton to
helpvisualizetheconnectivity structure.(e)Complete
segmentedtemplate3D map.

3.2 Annotation
In thecontext of shapeattributes,it is often required
to annotatethe decomposedpartsas tubular or �at
or blobby. Suchannotationalsocanbeperformedvia
carefulanalysisof the critical point structureof hP .
Thekey ingredientto achievethisis aconstructanalo-
gousto stablemanifold,unstablemanifold. Theseare
partitionsof spacein accordancewith negatedgradi-
entuniformity. It wasshown in (Goswami, Dey, and
Bajaj2006),thatunstablemanifoldof theindex 1 and
2 saddlepointsrevealthe�at andtubular featuresre-
spectively. For our purpose,we apply the annotation
processoneverydecomposedpart.

As theFigure6 (c,d)shows, theunstablemanifold
of theindex 2 saddlepointsadditionallyproducesthe
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skeletonof theobject.For tubular regions,theskele-
tonsareparticularlyusefulasthey canbeusedto �t
a NURBSmodelaswasdonepreviously by (Zhang,
Bazilevs,Goswami,Bajaj,andHughes2006).

3.3 TemplateSegmented3D MapCreation
The processof segmentationand featureannotation
createa completedescriptionof the templatewhich
we call a TemplateSegmented3D Map. This seg-
mented3D Map has different componentsof the
model heart properly decomposedand taggedwith
domainknowledgeof heartanatomyasto whichcom-
ponentcorrespondsto which ventricleor aortic arch
or atriumetc.Weshow thepreparedatlasin Figure6.

Oncethe templatemapis created,we build a cor-
respondencetableasto which part of the segmented
patientdatashouldbematchedwith whichpartof the
segmentedtemplate.Figure 7 shows the correspon-
dence.

Figure 7: Correspondencebetweenthe informative
componentsof the patientspeci�c heart(green)and
the templatemodel(red).Every greenpart from the
initial patientmodel is matchedwith the red part of
thetemplate.

4 CONCLUSIONAND FUTUREWORK
In this paper, we have presentedour currentstatusof
ongoingwork on creatinga patientspeci�c modelof
heartfrom high resolutionCT imagingdata.Wehave
developedapipelineanddescribedthestepsthatcon-
stitutethepipeline.

The remainingstep is to �t the solids from the
templateatlasto the prunedcomponentsof the pa-
tient heart�e xibly without violating the topological
invariantsof thetemplatethatconformwith theheart
anatomy. The templateprovidesthe invariantwhich,
afterthe�e xible �tting is performed,shallhelp�ll up
themissinginformationin theimageandalsoremove
theextraneouscomponentsfrom themodelfaithfully.
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