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ComputerTomograply (CT) andin particularsuperfast, 64 and 256 detectorCT hasrapidly advancedover
recentyears suchthathighresolutioncardiadmaginghasbecomeareality. In this paperwe provide asolution
to the problemof automaticallyconstructinghreedimensional3D) nite-elementmeshmodels(FEM) of the
humanheartdirectly from high resolutionCT. Our overall computationapipelinefrom 3D imagingto FEM
modelshas ve main steps,namely (i) discretevoxel sggmentationof the CT (ii) discretetopologicalnoise
Itering to remove non-regyularized andsmallgeometrioneasureartifacts(iii) areconstructiorof theinnerand
outersurfaceboundarie®f the humanheartandits chambergiv) computationof the medialaxis of the heart
boundarieanda volumetricdecompositiorof the heartinto tubular, planarandchunky regions,(v) a e xible
matchand t of eachof thedecomposedolumetricregionsusingsegmentedanatomicalvolumetrictemplates

obtainedfrom a 3D modelheatrt.

1 INTRODUCTION

Computerideddiagnosisandtreatmenbf cardiovas-
cular diseasejn particularatherosclerosideft ven-
tricular hypertroply, valvular dysfunction,increas-
ingly rely on faithful patientspeci ¢ heartFEM ( -
nite elementmesh)modelsthat can be usedin full-
cycle simulationof pulsatileblood o w throughthe
heart. An emepging methodologyto constructspa-
tially realistichumanheartmodelsis via superfast,
64 and 256 detector(high resolution)ComputerTo-
mographigqCT) imaging(ToshibaMedical Systems
64 SliceCT 2006).

Volume renderingof one such CT64 datasetis
shovn in Figure 2. Although state-of-the-art,the
imaging is only the rst stepof a signi cant com-
putationalsequencef imageandgeometryprocess-
ing steps,that are necessaryor generatinga robust
andspatiallyrealistic FEM model.In this paper we
presentsucha computationapipeline (seeFigure 1)
thatprocessetheimagingdata,andadditionallyuses

an anatomically correct template heart 3D model,
to constructan anatomicallycorrectpatientspeci c
FEM model.
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Figurel: The ComputationaPipeline

Our overall computationapipelinefrom 3D imag-
ing to FEM modelshas ve main steps,namely (i)
discretevoxel sggmentationof the CT (ii) discrete
topologicalnoise ltering to remove non-rgyularized,
and small geometricmeasureartifacts (iii) a recon-
struction of the inner and outer surface boundaries
of the humanheartandits chambergiv) computa-



tion of the medial axis of the heartboundariesand
a volumetricdecompositiorof the heartinto tubular,
planarand chunky regions, (v) a e xible matchand
t of eachof the decomposedolumetricregionsus-
ing seggmentedanatomicalvolumetric templatesob-
tainedfrom a 3D modelheart. The pipeline hastwo
major componentsOne path works on the imaging
data, lters thenoise,sggmentsthe maincomponents
of theheartandbuilds aninitial surfacemesh As dis-
cussedn Section2, this initial modelis not always
correctbecaus®f missinginformationandtopologi-
calinconsisteng. To circumwentthat,we createaseg-
mented3D map from the templateheartmodel and
annotatat properlythathelpsbuild acorrespondence
with the initial and possiblyincompletemodel cre-
atedfrom theimagingdata.Furtherwe matchand t
thepatientspeci ¢ modelwith thesggmented3D map
andinherittheinformationencodedhereto Il upthe
gap of the missinginformationaswell asremove the
noisy spuriouscomponentshatcould not be avoided
due to ambiguity in the imaging data. Figure 6 (a)
shaws thetemplatemodelusedin this paper

Section2 discusseshe stepsnecessaryo build the
initial heartmodelfrom the imagingdata.Section3
discusseghe stepsnecessaryto build the template
segmented3D map.Finally, in Section4, we discuss
thetasksthatareneededo accomplishto nally ob-
tainthe patientspeci ¢ modelof heart.

Figure2: Left sub gure shaws the volumerendering
of a subvolume of the input CT imagingdata.Right
sub gure shaws a portion of the cross-sectiomf the
input. Onefull sliceis shavn in thetwo leftmostsub-
gures in Figure3.

2 PATIENT SPECIFICDATA PROCESSING

In this section,we discussthe issuesthat needto
be tackledin orderto processthe imaging data ef-
fectively. In the following subsectionswe discuss
the four main steps,namely Sgmentationor Clas-
si cation, Regularization Reconstructiorand Prun-
ing. Additionally, in eachof thesesubsectionswe
shov 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 respectiely
0:39062%nm; 0:39062%5nm; 0:3mm.

2.1 ImageSegmentation

Seggmentationis a way to dissectthe featuresof in-
terestfrom their surroundingsin caseof the heart
datasetwe aim to extract the four chambersauto-
matically To this end,we have developeda compu-
tationalprocedurédasedn thefastmarchingmethod
(Sethian1996; Malladi and Sethian1998; Sethian
1999). In this method,a contouris initialized from
a pre-choserseedpoint, and the contouris allowed
to grow until a certainstoppingconditionis reached.
Thetraditionalfastmarchingmethodis designedor
singleobjectsegmentationin orderto sgmentmulti-
ple objects)ike thechambersn theheartdata,aseed
for eachof the componentanust be chosen.When
contoursfrom differentseedpoints,they shouldstop
eachotherontheir boundariesThis multi-seededast
marchingmethod (Yu and Bajaj 2005; Sifakis and
Tziritas2001)simultaneouslgegmentall thecompo-
nentsandhences extremelyusefulto separatenulti-
plefeatureghataretoo closeto segmentsequentially

Figure3: Top row shawvs theslice of theinputimage,
theresultafter contrastenhancemerandanisotropic
Itering, seedselectionfor segmentationand nally
theresultof sgmentatiomprocesonthatsingleslice.
Thesecondow shavstheoverall segmentatiorof the
imagingdatainto four subvolumes.The dissociation
is enhancedy coloringit differently Thesub gures
shav theexplodedview of theindividual subvolumes.

Sincethe given patient-speci cheartdatais very
noisy and hasa low contrast,it is always usefulto
Iter the noise and enhancethe contrastbefore we
segmentthe featuresof interest.We have developed



a fastandadaptve methodfor contrastenhancement
(Yu andBajaj 2004),which wasappliedto the given
heartdata.Additionally, an anisotropicnoisereduc-
tion approach(Peronaand Malik 1990; Bajaj, Wu,
andXu 2003)wasemplo/edto smoothout the noise
asseenn theoriginal data.Comparedo theisotropic
(e.g.,Gaussian)ltering methodstheanisotropicap-
proachescan presere sharp featuresmuch better
while the noiseis reducedFigure 3 shavs theresult
of imagesegmentatioron 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, although connectedcan be thought
of asdanglingcomponentsSuchspurioussubsetof

voxels poseproblemin reconstructinga surfaceout

of the boundaryvoxels. Thereforea careful selec-
tion/remwal of a subsebf voxels outputby the sey-

mentatiorstepis crucial. Theresultof this stepis aset
of boundaryvoxels whosecenterdlie on the surface
of the segmentedboundarywith all danglingcompo-
nentsremoved. In our experimentswe have not en-
counteredsuchcaseswith the datasetthat we dealt
with. Neverthelessthis stepshouldoptionally be in-

cludedin the pipelinefor curationof the segmented
region boundaries.

2.3 Reconstruction

Figure 4: Reconstructiorof four sggmentedbound-
ariesof the patientspeci c heart.With eachsurface
meshthecorrespondingointsetis shavn in thesame
color.

Fromtheregularizedvoxel centerswe reconstruct
the surfacethat faithfully depictthe surfacetriangle
meshof the boundaryin question.Therearenumber
of reconstructiontechniqueavailablefor this purpose
(Bajaj, Bernardini,and Xu 1995; Amentaand Bern

1999).For our purposewe usethe TightCoconealgo-
rithm by (Dey and Goswami 2003). Sometimesthe
noisepresenin the datais a major challengeto deal
with andto circumventthat problemwe employ the
versionof thatalgorithmthat dealswith noisy point
cloud- RolustCocondDey andGoswami 2004).

This stepresultsin the surfacemesheswhich are
goodcandidatedor further tting operation.There-
constructesgurfacesof thecomponent$or thedataset
is shavn in Figure4. As apparenfrom the pictures,
the reconstructedsuriace containsseveral portions
which are noisy and also someblood vesselswvhich
shouldnot be usedfor matchingthe patientspeci c
datawith thetemplateatlas.In thenext subsectiorwe
describehatstep.

2.4 Pruning

Figure 5: Resultof pruning: The greenportionsin

eachof the four extractedcomponentsontainsreli-

ableinformationthatcanbeusedto matchthe patient
speci ¢ datawith the templatemodel. The missing
or spuriousportionsof eachcomponentaredravn in

white.

The quality of the imaging datais the main bot-
tleneckin the modeling procedureand thereforeit
IS necessaryo clean-upthe databeforebuilding the
correspondencwith the templateatlas. The goal of
this stepis to identify the portionsof the patientheart
datawhich aremissingandalsothe spuriouscompo-
nentserroneouslyclassi edin the segmentationpro-
cesshecausef weakintensityvariation.We employ
the geometrysegmentationapproachon the regular
ized pointsetto achieve this goal. The segmentation
approachasdescribedn (Dey, GiesenandGoswami
2003),relieson a parametewhich determinesf two
adjacentmaxima should be clusteredtogetherand



form abiggersegment.Choosinghis parametecare-
fully removesthe smallspuriouscomponentaswell
asthe noisy incompleteportionsof the patientheart
models.Figure5 shawvs theresultof this step.

After this stepwe have a wealer annotatiorof the
partsof the patientspeci ¢ heartmodels- the ones
which arestableandcanbe usedfor correlationwith
theatlas;andtheoneswhich areeitherspuriousor in-
completeThesgmentdbelongingo thesecondtlass
cannot be usedfor building correspondenceith the
templateparts.

3 TEMPLATE PRERARATION

The patientspeci ¢ imagingdatais oftenincomplete
and containstopologicallyinconsistenand spurious
componentsWe rectify such anomaliesby inheri-

tanceof topologyfrom the templateheartmodel.In

orderto do so,we rst processhe templategeome-
try and annotateit following the heartanatomy We

call thetemplategeometryT, which hastwo distinct
components Ty andTi, . The analogof Tj, in the
patientdatais theinnerwall of the heartwhich inter-

faceswith the blood beingcirculatedandthe analog
of Tout is the outerboundarywherethe heartis em-
beddedamongsofttissuesaandmusclesBelow we de-
scribethemajorstepsan processinghesolidbounded
by Ti, , andconstructa segmented3D mapof thetem-
plategeometrywhichis key to inheritthetopological
and anatomicalinformationinto the patientspeci c

imagingdata.

3.1 GeometrySegmentation

GivenTj, , we decomposé into 4 connecteccompo-
nents-

1. Left Atrium - T\

2. Left Ventricle- Tpy
3. RightAtrium - Tra
4. RightVentricle- Try

Left andright ventriclesare additionally segmented
into the valvesandaorticarches.

The key ingredientin this sgmentationprocesss
the careful analysisof the critical points of the dis-
tancefunctioninducedby eachT .

Givenary shapeS, onecande ne adistancegunc-
tion hs : R®! R which assignsto every point in
the threedimensionalspaceits distanceto the near
estpoint on the objectS. Thefunctionhg canbe ap-
proximatedoy asimilarfunctionhp whenS is known
onlyviaa nite setof pointsP sampledrom S. This
function,whichis popularlyknown asdistancefunc-
tion hasa rich history of applicationand especially
the critical point structureof this function encodesa
lot of informationaboutthe shapeattributesof S. For

a list of prior work, and especiallyon the topologi-
calinvariantsof thecritical pointstructuresee(Bajaj,
Bernardini,andXu 1995;Edelsbrunne002;Giesen
andJohn2003).

For the purposeof seggmentationwe usethe par
tition of spaceby gradientuniformity which is oth-
erwise known as the stable manifold of the critical
points.The stablemanifoldsarecomputedef ciently
via the Voronoi-Delaunaydiagram of the pointset
P. Detailsare givenin (Dey, Giesen,and Goswami
2003).

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

(e)

Figure6: (a) Templatemodelof humanheart.Thein-

ner boundaryis shavn inside the transparenbuter
boundaryof heart.(b) A crosssectionthroughthe
middle that is coloredaccordingto the value of the
SignedDistanceFunction.(c) Theskeletonof all four

chambers(colored cyan). (d) Only the skeleton to

helpvisualizetheconnectwity structure(e) Complete
sggmentedemplate3D map.

3.2 Annotation

In the context of shapeattributes,it is oftenrequired
to annotatethe decomposegartsas tubular or at
or blobby Suchannotatioralsocanbe performedvia
carefulanalysisof the critical point structureof hp.
Thekey ingrediento achierethisis aconstructinalo-
gousto stablemanifold,unstablemanifold Theseare
partitionsof spacen accordancevith negatedgradi-
entuniformity. It wasshaown in (Goswami, Dey, and
Bajaj2006),thatunstablemanifoldof theindex 1 and
2 saddlepointsrevealthe at andtubular featurese-
spectvely. For our purposewe apply the annotation
procesn every decomposeg@art.

As theFigure®6 (c,d) shaws, the unstablemanifold
of theindex 2 saddlepointsadditionallyproducegshe



skeletonof the object.For tubular regions, the skele-
tonsare particularlyusefulasthey canbe usedto t
a NURBS modelaswasdonepreviously by (Zhang,
Bazilevs, Goswami, Bajaj, andHughes2006).

3.3 TemplateSegmentedD Map Creation
The processof sggmentationand featureannotation
createa completedescriptionof the templatewhich
we call a Template Sgmented3D Map. This say-
mented 3D Map has different componentsof the
model heart properly decomposednd taggedwith
domainknowledgeof heartanatomyasto whichcom-
ponentcorresponds$o which ventricleor aortic arch
or atriumetc.We shav the preparedatlasin Figure6.
Oncethe templatemapis createdwe build a cor-
respondencéableasto which part of the segmented
patientdatashouldbe matchedwith which partof the
segmentedtemplate.Figure 7 shavs the correspon-
dence.

Figure 7: Correspondencéetweenthe informative
component®f the patientspeci ¢ heart(green)and
the templatemodel (red). Every greenpart from the
initial patientmodelis matchedwith the red part of
thetemplate.

4 CONCLUSIONAND FUTUREWORK

In this paper we have presenteaur currentstatusof
ongoingwork on creatinga patientspeci ¢ modelof
heartfrom high resolutionCT imagingdata.We have
developedapipelineanddescribedhe stepshatcon-
stitutethe pipeline.

The remainingstepis to t the solids from the
templateatlasto the prunedcomponentf the pa-
tient heart e xibly without violating the topological
invariantsof thetemplatethatconformwith the heart
anatomy The templateprovidesthe invariantwhich,
afterthe e xible tting is performedshallhelp Il up
themissinginformationin theimageandalsoremove
theextraneousomponent$rom the modelfaithfully.
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