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Abstract

Arobustandefiicientmethodor thesegmentatiorof ves-
selcross-sections contrastenhancedCT and MR images
is presented. The primary innovationof the tedhniqueis
theboundarypropagationby meanshift analysiscombined
with a smoothnessonstaint. Consequentlytherobustness
of the meanshift to noiseis enhancedy the useof apriori
informationonboundarysmoothnessThisprocessings in-
tegratedinto our computationallyefiicientframeavork based
on ray propagation. The new algorithm allows real time
s@mentatiorof medicalstructuesfoundin multi-modalty
imageg(CT, MR) andvariousexamplesare shownto illus-
trateits effectiveness.

1 Intr oduction

We focus on images producedby contrast-enhanced
magnetiaesonancangiography{CE-MRA) andcomputed
tomographyangiography(CTA.) In the CE-MRA imaging
protocol,acontrastgentusuallybasedntherare-eartlel-
ementGadolinium(Gd) (a highly paramagnetisubstance),
is injectedinto the bloodstream. In suchimages,blood
vesselsandorgansperfusedwith the contrastagentappear
substantiallybrighterthan surroundingtissues.In CTA, a
contrasiagentis injectedwhich increaseshe radio-opacity
of the blood making the vesselsappeardense. The goal
of the majority of CTA/CE-MRA examinationsis diagno-
sisandqualitative or quantitatve assessmeruf pathology
in the circulatory system. The most commonpathologies
areaneurysmandstenosicausedy arterialplagues.The
modernclinical workflow for the readingof theseimages
increasinglyinvolvesinteractive 3D visualizationmethods,
suchasvolumerenderingfor quickly pinpointingtheloca-
tion of the pathology Oncethelocationof the pathologyis
determinedguantitatve measurementsanbe madeon the
original 2D slicedataor, morecommonly on 2D multi pla-

nar reformat(MPR) imagesproducedat userselectedpo-
sitions and orientationsin the volume. In the quantifica-
tion of stenosisit is desirableto producea cross-sectional
area/radiusprofile of a vesselso that one can compare
pathologicakegionsto patent(healthy)regionsof the same
vessel.

A basicproblemin the segmentationof vesselsfrom
backgroundis the accurateedgelocalizationin the pres-
enceof noise. Most CT and MR imageshave significant
noiselevels. We employonedimensionameanshift analy-
sisalongasetof raysprojectingradially from auserplaced
seedbointin theimage.Noisealongtheseraysis eliminated
while edgesarepresered. The ervelopeof theseraysrep-
resentsan evolving contourwhich corvergesto the vessel
lumenboundary The algorithmis parsimoniousgxamin-
ing only pixelsalongandadjoiningtheseraysandthe seed
point.

It is importantthat the boundarydeterminedby the al-
gorithm be consistentand invariantto mediumto large
scalelinearandnon-linearimageinhomogeneitiesThis is
neededor thealgorithmto beinsensitveto MR distortions.
The useof constanthresholdfactors(suchasHounsfield-
basedhresholdsn CT) wouldlimit theability of thealgo-
rithm to adaptto varying contrastdosage®r varyingbeam
enegiesin CT. We seekto localizethe midpointof thestep-
edgeastheboundaryof thevessel.

The choiceof rise midpointasthe vesselumenbound-
ary is similar to the choice made by full-width-half-
maximum(FWHM) segmentationmethodg9]. It was,in
fact, the sensitvity of conventional FWHM segmentation
methodgo noisewhich motivatedthe developmentof this
method.

Our algorithmrequiresconstanparametersor the evo-
lution equationandfor thewindow sizeusedfor themean
shift filter. To makethe methodadaptto varying image
gualitiesand modalities,the evolution parametersre de-
termineddynamicallyfrom thelocal statisticsof theimage
computedrom asmallneighborhoodmmediatelyadjacent



to the usersseedpoint. A limitation of our methodaspre-
senteds thatthe detectionscaleis determinedy userin-

teraction.However, a fixedwindow sizefor the mean-shift
filter will sene for detectionover a broadrangeof vessel
sizes.

Thereis an extensive body of work on the segmenta-
tion of vesselsaandothercurvilinearstructuregsuchasair-
ways)from CTA andMRA images. Ray propagatiorhas
beenusedin a numberof prior relatedworks. Perhapghe
mostcloselyrelatedexampleis thework of Wink etal. [24]
who useimagegradientto control ray termination. They
useconventionalsmoothingtechniquego dealwith image
noise. The dravbackof suchsmoothingis thatit canshift
or entirelyeliminatelow-contrasboundaries.

Ourapproachs alsorelatedo otherdeformablemodels:
shakeqd11, 2, 3, 16, 25], balloons[7], levels-setd14, 20,
22,12, 20], region-competitiorj26], skeletally-couplede-
formablemodels[18]. The positionof thiswork in thede-
formablemodeltaxonomywill beelaboratedn Section2.

In this paperwe presentthe simplestusagecase: The
userspecifieghe vesselto be sggmentedby placinga sin-
gle seedinsideit. A boundarycontouris then automati-
cally generatedvia the propagatiorof raysfrom the seed
point. The propagationis guidedby imageforcesdefined
through mean shift analysisand smoothnessonstraints.
The gradient-ascentneanshift localizesedgesaccurately
in the presenc®f noiseandprovidesagoodcomputational
performancepeing basedon local operators. The incor-
porationof a smoothnessonstraintinto our modelallows
boundaryfindingin thepresencef eccentricitiedike calci-
fications(CT) or smallbranchingresselsAlso, theaddition
of smoothnesesonstraint$o ouralgorithmfurtherimproves
therobustnesdo isolatednoise. Althoughthe algorithmis
not optimizedyet, it is very fastfor detectingvesselsn or-
thogonalviews, under0.5 secondson a Penthiumlll , 500
Mhz PC.

This algorithm is also suitablefor applicationswhere
multiple contours are to be segmented along a pre-
determinedvesselaxis. In our integratedsystemwe im-
plementthe axis extractionmethoddescribedn [4] to pro-
vide orthogonaklice positions.Validationis vital to make
this or ary methodusefulin a clinical setting.In this paper
examplesareshavn with phantomsof known groundtruth
and datafrom clinical practice. Completevalidation will
requirea formal multi-site clinical testwhich is plannedo
begin within 6 months.

2 Active Contours

In this sectionwe briefly review the “active contour”lit-
eratureasis pertinentto this paper11, 16, 7, 14, 20, 22,4,
10, 24]. Seealso [26, 18] for relatedactive contourmeth-
odsfor imagesegmentation.

2.1 Snakes

Active contours,or snakeq11, 3, 25|, aredeformable
models based on enegy minimization of controlled-
continuitysplines.Whenthey areplacedneartheboundary
of objectsthey will lock onto salientimagefeaturesunder
the guidanceof internalandexternal forces. Formally, let
C(s) = (z(s),y(s)) bethe coordinatesof a point on the
shake,wheres is the length parameter The enegy func-
tional of asnakes definedas

E(C) = /0 [Eine(C(s)) + Eimage (C(5)) + Econ (C(s))] ds,
(1)

whereF;,,; representtheinternalenegy of the splinedue
to bending, E;mq4. representsmageforces,and ..., are
theexternalconstraintforces.First, theinternalenegy;,

Eine = w1]C'(s)|* 4 ws|C"(s)?, (2)

imposesregularity on the curwe, and, w; and w- corre-
spondsto elasticity andrigidity, respectirely. Secondthe
imageforcesareresponsibldor pushingthe snaketowards
salientimagefeaturesThelocal behaior of asnakecanbe
studiedby consideringhe EulerLagrangesquation,

{ —(w1l')’ + (wal")" = F(C), 3)
C(0), C'(0), C(1) andC'(1) given,

where F(C) capturesthe image and external constraint
forces.Notethatthe enegy surfaceF is typically not con-
vex andcanhave severallocal minima. Thereforeto reach
the solutionclosestto the initialized snake the associated
dynamicproblemis solved insteadof the static problem.
Whenthe solutionC(t) stabilizes,a solutionto the static
problemis achieved.

{ 8 (w,C')' + (wn") = F(C)

initial + boundary conditions

(4)

Snakegerformwell whenthey areplacedcloseto the
desiredshapes.However, a numberof fundamentadiffi-
cultiesremain;in particular snakesearily rely onaproper
initialization closeto the boundarymultiple initializations,
oneperobjectof interest.

To overcomesomeof the initialization difficulties with
shakes,Cohenand Cohen|[7] introduceda deformable
model basedon the snakesidea. This modelsresembles
a “balloon” which is inflated by an additionalforce which
pusheghe active contourto objectboundariesevenwhen
it is initialized far from the initial boundary However, bal-
loonsstill have someproblems:First, like snakesballoons
cannothandletopologicalchangesi.e.,, meging andsplit-
ting. It shouldbe notedthat Mclnerng/ and Terzopoulos
presentectopologicallyadaptablesnakesn [15].



2.2 Level SetEvolution

Oneof thetraditionalproblemsof snakesandballoonss
thatthey cannoteasilycapturetopologicalchangesThere-
fore, for imageswith multiple objects the snakeor balloon
methodsrequireextensive userinteraction. This problem
canbe resohed by the useof the level setevolution, pro-
posedby OsherandSethianfor flamepropagatiorj17], in-
troducedto computervision for shaperepresentatiofil 3],
andfirst appliedto active contoursin [6, 14].

The level setapproachconsidera curve C asthe zero
level setof asurfaceg(z,y) = 0. Casellestal. [6] pro-
posedthatthe zerolevel setof the function ¢, {z € R? :
é(t, ) = 0}, evolvein thenormaldirectionaccordingto
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whereg(z,y) = m, v is a positive real constant,
G, * I is thecorvolution of theimageTl with the Gaussian
G, and, ¢, is theinitial datawhich is a smoothedvsersion
of thefunction1 — X1, whereXr is thecharacteristiéunc-
tion of asetl’ containingtheobjectof interestin theimage.
The gradientof the surfaceV ¢ is the normalto the level
setC, N, andthe term dz’v(%) is its curvaturex. Sev-
eralinterestingelevantapproaches.g., [12, 21] have been
proposedafterthe original work of Casellet al. [6], and
Malladi etal. [14].

Unlike snakesthis active contourmodelis intrinsic, sta-
ble,i.e., the PDE satisfieshe maximumprinciple,andcan
handletopologicalchangessuchas meging and splitting
withoutary computationatlifficulty. A key disadwantageof
thelevel setmethodis theirhigh computationatomplexity,
dueto the additionalembeddingdimensional,even when
the computationis restrictedto a narrov bandaroundthe
cune. To overcomethe computationatompleity, narrov
bandlevel setevolutionshave proposed14, 1, 23]. How-
ever, thesemethodsare still not fast enoughfor real-time
imagesegmentation.Thus,in this paperwe proposeo use
ray propagatiorfor fastimagesegmentationwhich is de-
scribednext.

9(z, y)[Vol(div(

) +v), ()

3 Ray Propagation

Let the front be representeddy a 2D cure C(s,t) =
(z(s,1),y(s,t)) wherez andy are the Cartesiancoordi-
natess is thelengthparameterandt is time. Theevolution
is thengovernedby [13]

{ D = ez, y)N

C(s.0) = Cols) ©

whereCy (s) = ((s,0), y(s, 0)) is theinitial curve,and N
is theunit normalvectorande(z, y) is thespeedf aray at
point (z, y).

The approactthatwe considerin this paperis basedon
explicit front propagatiorvia normalvectors. Specifically
the contouris sampledandthe evolution of eachsampleis
followedin time by rewriting the Eikonalequation[19] in
vectorform, namely

Al (7)

This evolution is the “Lagrangian”solutionsincethe phys-
ical coordinatesystemmoves with the propagatingvave-

front. However, the applicationsof ray propagationfor

curve evolution hasbeenlimited. Becausevhenthe nor-

mals to the wavefront collide (formation of shocks),this

approactexhibits numericalinstabilitiesdueto anaccumu-
lateddensityof samplepoints,thusrequiringspecialcare,
suchasreparametrizationf thewavefront. Also, topolog-
ical changesrenot handlednaturally i.e., anexternalpro-

cedureis required.

In this papey we will shav thatray propagatiorcanin-
fact be usedfor sggmentingcertainobjectsin medicalim-
agesefficiently and robustly. Previously, ray propagation
has beenusedto implementfull-width at half-maximum
(FWHM) techniquefor quantificationof 2D airway geom-
etry[9]. In FWHM techniquethe maximumandminimum
intensity valuesalongthe raysare computedto determine
the “half-maximum?” intensity value, which is the half in-
tensity value betweenmaximumand minimum. However,
stablecomputationof maximumand minimum along the
raysarequitedifficult dueto high signalvariations.

In addition,ray propagatiowasusedby Wink etal. [24]
for fastsggmentationof vesselsanddetectionof their cen-
terline. In this approachWink et. al. usedthe intensity
gradientdo stopthe propagatiorof rays.However, this ap-
proachfacedifficultieswhenthevessel$oundariesrenot
sharpj.e., dueto partialvolumeeffects,andalsowhenves-
selscontainisolatednoises,e.g., calcificationsin CT im-
ages.

The main shortcoming®f theseapproachestemfrom
the computationof image gradientswhich are not robust
relative to the imagenoise. In this paper we proposeto
usemeanshift analysisor detectingvesseldoundarie®f-
ficiently androbustly. ComanicivandMeer[8] shavedthat
the imagediscontinuitiesare robustly revealedby a mean
shift procesavhich evolvesin boththeintensityandimage
space.

We will first describethe meanshift analysis;second,
illustrateanapproachwherethemeanshift procedures ap-
plied to selectdiscontinuitiesn a onedimensionakignal,
andfinally, presentthe meanshift-basedray propagation
approachor sggmentationof medicalstructuresge.g., ves-
sels.



3.1 Mean Shift Analysis

Giventhe set{x;},_, , of d-dimensionalpoints,the
meanshift vectorcomputedatlocationx is givenby [8]

Z?:l XI{( X_th )
Z?:l I{( X_th )

My (x) = - X (8)

whereK represents kernelwith amonotonicallydecreas-
ing profile andh is the bandwidthof thekernel.

It can be shavn that (8) representsn estimateof the
normalizeddensity gradientcomputedat location x, i.e.,
the meanshift vector alwayspoints towardsthe direction
of the maximumincreasein the density As aresult,the
successe computationof expression(8), followed by the
translatiorof thekernel K by M} (x) will definea paththat
convergesto a local maximumof the underlyingdensity
This algorithmis calledthe meanshift procedue, asimple
andefficient statisticaltechniquedor modedetection.

The meanshift procedurecan be appliedfor the data
pointsin thejoint spatial-rangedomain[8], wherethespace
of the 2-dimensionalattice representshe spatial domain
andthe spaceof intensity valuesconstituteshe rangedo-
main. In this approach,a datapoint definedin the joint
spatial-rangedomainis assignedwith a point of corver
gencewhichrepresentthelocalmodeof the densityin this
space.eg., a 3-dimensionakpacefor gray level images.
One candefinedisplacementectorin the spatialdomain
asthespatialdifferencebetweercorvergencepointandthe
original point.

Wheneachpixel in theimageis associateavith thethe
new range (intensity) information carriedby the point of
convergencethe algorithmproducegliscontinuitypreserv-
ing smoothing.Conceptuallythis procesds similar to the
anisotropicdiffusion, nonlinearfiltering, or bilateralfilter-
ing [5].

However, whenthe spatialinformationcorrespondingo
the corvergencepoint is also exploited, one candefinea
segmentatiorprocesaseddn the displacementectorsof
eachpixel. Thecorvergencepointssufficiently closein this
joint domainaregatheredogetherto form uniform regions
for imagesegmentation8].

In this paper we will exploit the meanshift-generated
displacemenvectorsto guideactive contourmodels. The
robustnesf the meanshift is thus combinedwith apri-
ori informationregardingthesmoothnessf the objectcon-
tours. This processings integratedinto our computation
ally efficientframevork basednray propagationThenew
algorithmallows real time seggmentationof medicalstruc-
tures.

3.2 Mean Shift Filtering Along a Vector

Let us first illustrate the meanshift procedureapplied
to a 1-dimensionaintensityprofile which is obtainedfrom
a2d graylevel image.Specificallylet {z;, I;};,=1 .~ and
{z*;, I*; }i=1,  ~ bethe2-dimensionabriginal andfiltered
N imagepointsin the spatial-rangedomain. In addition,
the outputof the mean-shiftfilter includesa displacement
vector{d;};=1,. ~ which measureshe spatialmovement
of eachspatialpoint. In our algorithm,eachpoint in this
spatial-rangelomainis processedia the meanshift oper
ator until convergence.Specifically the algorithmconsists
of 3 steps:

Foreachi=1,..., N
1. Initialize k = 1 and(z*F, I*F, d;) = (2, I;, 0)

2. Compute
—(etEey)? (T E-T))
Skt 2 -~
ST S s B
Tio= —(eth ;)2 UM E-1))
ZM B — 252
€ x e I
j=1
ety —aton O
Zletimey)” —
e _ o Lie TR e i
i - —(e*k—x))2 —(rk-1;)?
M T 5,2 252
Z' € x e I
j=1
until the displacemenbof spatialpoints, z; aresmall,
e, |25 — 2 < e

3. Assignd; = (2*F+! — &)
4. Assign(z*;, I*;) = (i, I?)

whereo, ando; determinghe Gaussiarspatialandrange
kernelssize,respectiely. Obsere thatin the last stepof
theprocedurahe original spatiallocations,namelyz;'sare
assignedvith the smoothedntensityvalues. Figure lail-
lustratesan examplewherel-dimensionalntensity datais
obtainedfrom a sliceof a CT image.Figurelbandcillus-
tratetheoriginalintensityprofileandthesmoothedntensity
profile, respectiely. Obsere thatthe meanshift procedure
smoothgheintensitydatawhile preservingandsharpening
its discontinuities Similarly, Figureld depictghedisplace-
mentvectorsalongthis 1-dimensionasignal. Ourboundary
detectionframevork exploits the informationcontainedn
thesedisplacementectors.

3.3 Mean Shift-BasedRay Propagation

Semi-automaticegmentationproceduresrevery well-
acceptedin medicalimage applicationsbecauseof their
fastexecutiontimesandtheir stability. Infact, active con-
tourshave beenextensively usedin medicalimagesegmen-
tation. In this paper we adwocateray propagatiorfrom a
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Figure 1. (a) A 1-dimensionaintensityprofile is obtainedalongthe redline from a CT imagecontainingthe aorta. The left-end
pointof theredline is the beginning of dataandright-endpointis theendof data.(b) Originalintensityprofile. (c) Intensityprofile

aftermeanshift filtering, with and

(e).

single point for vesselseggmentation. Specifically we as-
sumethat the vesselsare orthogonalto the viewing plane
and their boundariesare very similar to circular/elliptical
objects. Thus, ray propagations very well suitedfor this
problemfor the following reasons.First, ray propagation
is very fast. Secondno topologicalchangesarenecessary
andno shocksform duringthe propagationsinceraysfrom
a single sourcepoint do not collide with eachother Re-
call thatlevel setshave beenthe choiceof curwe evolution
problems[13] due to formation of shocksand topologi-
cal changeghat may happenduring the evolution. How-
ever, basedon our experiments level setbasedsegmenta-
tion techniquesgeg., [14, 21] arestill slow for real time
imagesegmentation.

Let us now presentthe meanshift basedray propaga-
tion: Theapproachs basednanexplicit front propagation
via normal vectors,rays Specifically the evolving con-
touris sampledandtheevolution of eachsamplés followed
in time by rewriting the evolution equationin vectorform,
namely

(10)

. (d) Thedisplacementectorsof eachspatialpoint andtheirfirst derivatives

where (z,y) is aspeedunctiondefinedas

(2.9) = e ER AR R CEY

1.0+ |Vd(z,y

whered(z, y) isthedisplacementunctioncomputedy the
meanshift procedures(z, y) is the discretecurvature,
and areconstantsand (z,y) is givenby

(12)
Ideally, rays should propagatefreely towards the object
boundariesvhenthey areavay from themandthey should
slow down in the vicinity of theseobjectboundaries. If
they crossover theboundarieshey shouldcomebackto the
boundary Obsere thatall theserequirementaresatisfied
by the choiceof speedfunction. The meanshift-generated
displacemenvectorshave high gradientmagnitude(Fig-
urele)anddiverge (Figureld) atthe aortaboundary Note
thatthe high gradientmagnituderesultsin low propagation
speedwhile the divergencepropertydetermineshe direc-
tion of the propagationj.e., outwardinside the aortaand
inwardoutsidethe aorta.
Often intensity valuesinside vesselsare not smoothly
changing.In fact, it is possiblethattheremay be isolated



Figure 2. Thecurvatureof aray
bytheangle atthatvertex.

atP is approximated

noisewhich thencreatessevere problemsfor the propaga-
tion of rays. In addition,the objectboundariesnaybe dis-

torted at isolatedlocationsdueto interactionwith nearby
structures. Becauseof theseirregularities inside vessels
andon its boundariesye believe thattheremustbe some
smoothnesgonstrainson the evolving contourvia rays.
Thus,we addx(z, y) to the speedfunction of rays,which

forcesthe front to be smoothduring the propagation.We

currentlyusex(z,y) = (1 — (-)?) asthe curvaturevalue
of aray at point (z, y) where is the anglebetweentwo

contoursegments Figure2. Theratio controlsthede-

greeof desiredsmoothness.

Our speedunctioncontainsthes parameterThis sta-
tistical parameteis the variationof the magnitudeof dis-
placemenfunctionin aregionandis learnedrom thedata.
Specifically first raysareinitially propagatedsia constant
speedn a smallregion (circular region). Secondfirst or-
der statistics,namely mean, andstandarddeviation, o
of gradientdisplacementunction are computedfrom this
sample.lt is assumedhatlocationsof the small gradients
in adisplacemenfunction(lessthan o ) shouldnotbepart
of ary objectboundary

4 Results

Figure3 illustratesthe meanshift-baseday propagation
for aCT (top) anda MR image(bottom). Specifically we
depictthe displacementectorsobtainedfrom meanshift
filtering in middle columnin orderto shav the strengthof
the meanshift filtering. In this figure,blackcolor indicates
avectorpointingtowardsthe centerandsimilarly white col-
orsarethevectorspointingoutwardfrom the centerof rays.
Obsenre the divergenceof the displacementectorsin the
vicinity of aortaboundariesThis divergenceof vectorsare
integratedvia rays,which thenleadsto the sgmentatiorof
aorta.

We have testedthe stability of ouralgorithmon avariety
of CT and MR imagesand aswell ason a CT phantom
data,Figure 4. Furthervalidationstudieswill be doneby
theexperts.

Figure 5 illustrates the need for shapepriors, eg.,
smoothnesgonstraintsn seggmentationon an MR image
andaCT image.Shapepriorsarenecessarfor two reasons:
(¢) Figure 5a depictsa casewhere renal arteriesbranch
from the aorta. The sggmentationof aortafor quantitatve
measurementga ray propagatiorwithoutary smoothness
constrainwould resultin large errorsdueto renalarteries,
Figure 5b. The addition of strongsmoothnesgonstraint
resultsin bettersegmentatiorof aortafor quantitatve mea-
surementgrigure5c. Thisexampleillustrateghatouralgo-
rithm is capableof incorporatingsimple shapepriors. (i7)
The smoothnessonstraintis often neededor the stability
of a sggmentationprocess.Figure5aillustratesa structure
in a CT imagewhich hasdiffusedboundariesanda circu-
lar darkregion in it. Obsenre thatthe ray passingover the
circulardarkregionis stoppediueto thehigh displacement
vector (or high intensity gradient),Figure5b. In addition,
oneray did notstopat the correctboundarydueto thevery
low gradient.Figure5cillustratesthattheseisolatederrors
in thesegmentatiorprocessanbecorrectedy theaddition
of smoothnessonstraints.
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