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Abstract. Thispapepresentanew methodto nd minimalpathsin 3Dimages,
giving asinitial dataoneor two endpointsThisis basedn previouswork [1] for

extractingpathsin 2D imagesusingFastMarching[4]. Our original contritution

is to extendthis techniqueto 3D, and give new improvementsof the approach
thatarerelevantin 2D aswell asin 3D. We alsointroduceseveral methodsto

reducethe computatiorcostandthe userinteraction.

This work nds its motivationin the particularcaseof 3D medicalimages.We

shawv that this techniquecanbe ef ciently appliedto the problemof nding a

centeredpathin tubular anatomicalstructureswith minimum interactvity, and
we applyit to pathconstructiorfor virtual endoscop. Syntheticandrealmedical
imagesareusedto illustrateeachcontritution.

keywords : DeformableModels, Minimal paths,Level Set methodsMedical

imageunderstandingzikonal Equation FastMarching.

1 Intr oduction

In this paperwe dealwith theproblemof nding acurveof interestin a3D image.lt is
de ned asa minimal pathwith respecto a Potential . This potentialis derivedfrom
theimagedatadependingon which featureswve arelooking for.

With classicaldeformablemodels[2], extractinga pathbetweerntwo x edextrem-
ities is the solution of the minimizationof an enegy composef internaland exter-
nal constrainton this path,needinga preciseinitialization. Similarly, de ning a cost
functionasanimageconstraintonly, the minimal pathbecomeshe pathfor which the
integral of thecostbetweerthetwo endpointsis minimal. Simplifying themodelto ex-
ternalforcesonly, CohenandKimmel [1] solvedthis minimal pathproblemin 2D with
afront propagatiorequationbetweerthetwo x edendpoints,usingthe Eikonal equa-
tion (that physicallymodelswavelight propagation)with a giveninitial front. There-
fore, the rst stepis to build animage-basedneasure thatde nes the minimality
propertyin the studiedimage,andto introduceit in the Eikonal equation.The second
stepis to propagatahe front on the entireimagedomain,startingfrom aninitial front
restrictedto oneof the x edpoints.The propagations doneusinganalgorithmcalled
FastMarching [4].

The original contrikbution of our work is to adaptto 3D imagesthe minimal path
techniquedevelopedin [1]. We alsoimprove this techniqueby reducingthe computing
costof front propagationFor the particularcaseof tubular anatomicaktructureswe



alsointroducea methodto computea pathwith a givenlengthwith only onepoint as
initialization, andanothemethodto extracta centerecpathin the objectof interest.

Deformablemodelshave beenwidely usedin medicalimaging[7]. Themainmoti-
vationof thiswork is thatit enablesalmostautomatigpathtrackingroutinein 3D med-
ical imagesfor virtual endoscop inside an anatomicabbject. An endoscop consists
in threadinga camerainside the patients body in orderto examinea pathology The
virtual endoscop procesonsistdn renderingperspeciie views alonga userde ned
trajectoryinsidetubular structureof humananatomywith CT or MR 3D imageslt is
anon-invasietechniquewhichis very usefulfor learningandpreparingrealexamina-
tions, andit canextract diagnosticelementsfrom images.This new methodskipsthe
cameraandcangive views of region of thebody dif cult orimpossibleto reachphys-
ically (e.g.brainvessels)A major drawbackin generalremainswhenthe usermust
de ne all path points manually For a complex structure(small vesselsgolon,...)the
requiredinteractvity canbe verytedious.If the pathis not correctlybuilt, it cancross
ananatomicalvall duringthevirtual y-through.

Ourwork focuseson the automatiorof the pathconstructionreducinginteractions
andimproving performancegivenonly oneor two endpointsasinputs.We show that
the FastMarchingmethodcanbeef ciently appliedto the problemof nding apathin
virtual endoscop with minimuminteractvity. We alsoproposea rangeof choicesfor

nding theright input potential

In section2, we summarizeéhe methoddetailedin [1] for 2D imagesIn section3,
we extendthis methodto 3D, andwe detaileachimprovementmadeon thefront prop-
agationtechnique.n section4, we explain how to extract centeredpathsin tubular
structuresAnd in section5, we applyour methodto colonandbrainvessels.

2 The Cohen-Kimmel Method in 2D

2.1 Global Minimum for Active Contours.

We presenin this sectionthe basicideasof themethodintroducedby CohenandKim-

mel (seg[1] for details)to nd the globalminimum of the active contourenegy using
minimal paths.The enegy to minimizeis similar to classicaldeformablemodels(see
[2]) whereit combinessmoothingtermsandimagefeaturesattractionterm (Potential

):
1)

where represents curve dravn on a 2D image, is its domainof de nition
,and is thelengthof the cune. It reduceghe userinitialization to giving the
two endpointsof the contour . In [1], the authorshave relatedthis problemto the
new paradignof thelevel-setformulation.In particulay its Eulerequationis equivalent
to the geodesiactive contours[8]. They introduceda modelwhich improvesenegy
minimizationbecausé¢he problemis transformedn awayto nd theglobalminimum,
avoiding beingstickedin local minima.
Most of the classicaldeformablecontourshave no constrainton the parameteriza-
tion , thusallowing differentparameterizatiomf the contour to leadto different



results.In [1], contraryto the classicalsnale model (but similarly to geodesicactive
contours), representthearc-lengthparameterConsideringasimpli ed enegy model
without a secondderivative termleadsto the expression

(2)

We now have an expressionin which the internalforcesareincludedin the external
potential. Theregularizationis now achievedby the constant

Givena potential thattakeslower valuesneardesiredfeatureswe arelooking
for pathsalongwhichtheintegral of is minimal. We cande ne thesurface
of minimal action , asthe minimal enepgy integratedalonga pathbetweera starting
point andary point :

(3)

where is the setof all pathsbetween and . The minimal path between
andary point  in theimagecanbe easilydeducedrom this actionmap.Assuming
thatpotential is alwayspositive, the actionmapwill have only onelocal minimum
which is the startingpoint , andthe minimal pathwill be found by a simple back-
propagatioron the enegy map.Thus,contourinitialization is reducedo the selection
of thetwo extremitiesof the path.

2.2 FastMar ching Resolution.

In orderto computethismap , afront-propagatiorequationrelatedto equation(3) is
solved: — — . It evolvesafrontstartingfrom anin nitesimal circle shapearound
until eachpoint inside the imagedomainis assigneda valuefor . The value of
isthetime atwhichthefrontpassesverthepoint . Thenit noti es theshortest
pathenegy to reachthe startpointfrom any pointin theimage.
Thefastmarchingtechniquejntroducedby Sethian(see[4]), wasusedby Cohenand
Kimmel [1] noticingthatthemap satis esthe Eikonalequation:

(4)

Classic nite differenceschemedor this equationtendto overshootandareunstable.
Sethian[4] hasproposeda methodwhich relies on a one-sidedderivative that looks
in the up-wind directionof the moving front, andtherebyavoids the over-shootingof

nite differencesAt eachpixel ,theunknowvn satis es:

(5)

giving the correctviscosity-solution for . The improvementmadeby the Fast
Marchingis to introduceorderin theselectiornof thegrid points.This orderis basedn
thefactthatinformationis propagatingoutward becausectioncanonly grow dueto



thequadraticequation(5).

Thealgorithmis detailedin 3D in next sectionin table2. The fastmarchingtechnique
selectsat eachiterationthe Trial point with minimum actionvalue. This techniqueof
consideringat eachsteponly the necessargetof grid pointswasoriginally introduced
for the constructionof minimum lengthpathsin a graphbetweentwo givennodesin
[6].

Thusit needsonly onepassover theimage.To performef ciently theseoperationsn
minimumtime, the Trial pointsarestoredin a min-heapdatastructure(seedetailsin
[4]). Sincethe compleity of the operationof changingthe valueof oneelementof the
heapis boundeddy aworst-casédottom-to-topgproceedingf thetreein ,the
totalwork is about for the fastmarchingona  pointsgrid.

3 3D Minimal Path Extraction

We areinterestedn this paperin nding a curve in a 3D image.The applicationthat

motivatesthis problemis detailedin sectionb. It canalsohave mary otherapplications.

Ourapproactis to extendtheminimal pathmethodof previoussectionto nding apath
in a3D imageminimizing theenegy:

(6)

where , beingthelengthof the curve. We rst extendthe Fastmarching
methodto 3D to computethe minimal action . We thenintroducedifferentimprove-
mentsfor nding the pathof minimal action betweentwo pointsin 2D aswell asin
3D. In the examplesthat illustrate the approachwe seevariouswaysof de ning the
potential

3.1 3D Fast-Marching

Similarly to previoussectiontheminimalaction isde nedas

(7)

where is now the setof all 3D pathsbetween and . Givenastartpoint
in orderto compute we startfrom aninitial in nitesimal front around . The2D
schemeequation(5) developedin [5] is extendedo 3D, leadingto :

(8)

giving the correctviscosity-solution for . Consideringthe neighborsof grid
point in 6-conneity, we studythe solutionof theequation(8) in table 1.

We extend the Fast Marching method,introducedin [4] and usedby Cohenand
Kimmel [1] to our 3D problem.Thealgorithmis detailedin table2.



Algorithm for 3D Up-Wind Scheme

We note , and the three couplesof oppositeneighborsof
with theordering , , ,and

Threedifferentcasesareto be examinedsequentially:

1. Consideringhatwe have , theequationderivedis

9)

Computingthediscriminant  of equation(9) we have two cases
—If , shouldbethelargestsolutionof equation(9);
If the hypothesis iswrong,goto 2;
If this valueis largerthan ,goto4;
— If ,it meanghatatleast hasanactiontoolargeto in uence the solution
andthatthe hypothesis is false.Goto 2;
2. Consideringhat and , theequationderivedis

(10)

Computingthediscriminant  of equation(10) we have two cases
—If , shouldbethelargestsolutionof equation(10);
If the hypothesis iswrong,goto 3;
If this valueis largerthan ,goto4;
— If , hasan actiontoo large to in uence the solution. It meansthat
is false.Goto 3;
3. Consideringhat and ,we nally have .Goto4;
4. Return .

Table 1. Solvinglocally theupwindscheme

Algorithm for 3D FastMar ching

— De nition:
Aliveis thesetof all grid pointsatwhichtheactionvaluehasbeenreachedindwill
notbechanged;
Trial is the setof next grid pointsto be examinedandfor which an estimateof
hasbeencomputedusingalgorithmof Table1,;
Faris the setof all othergrid points,for which thereis notyet an estimatefor
— Initialization:
Alive setis con ned to thestartingpoint ;
Trial - theinitial frontis con ned to the neighborsof
Faris thesetof all othergrid points;
— Loop:
Let bethe Trial pointwith thesmallesiaction ;
Move it from the Trial to the Alive set(i.e. is frozen);
For eachneighbor (6-conneity in 3D) of :
If is Far, addit to the Trial setandcompute usingtablel;
If is Trial, recomputethe action , andupdateit if thennew value
computeds smaller

Table 2. Fastmarchingalgorithm




3.2 Several Minimal Path Extraction Techniques

In this section differentprocedureso obtainthe minimal pathbetweerntwo pointsare
detailed After discussinghe previous backpropagatiomethod we studyhow we can
limit thefront propagatiorto a subsebf theimagedomain,for speeding-ugxecution.
Weillustratetheideasof this sectionontwo syntheticexamplesof 3D front propagation
in gures 1and3. To makethefollowing ideaseasierto understandye shav examples
in 2D in this section.Examplesof minimal pathsin 3D realimagesare presentedor
theapplicationin Section5.

Minimal path by back-propagation Theminimalactionmap computedaccording
to the discretizationschemeof equation(7) is similar to corvex, in the sensehatits
only local minimumis the global minimum found at the front propagatiorstartpoint

where . The gradientof is orthogonalto the propagatingronts since
theseareits level sets.Therefore the minimal actionpathbetweerary point andthe
startpoint isfoundby slidingbackthemap until it corvergesto . It canbedone
with a simplesteepestiradientdescentwith a prede neddescenstep,onthe minimal
actionmap , choosing step . Seein gure 1-middletheaction
mapcorrespondingo abinarizedpotentialde ned by highvaluesin aspiralrenderedn
gure 1-middle.Thepathfoundbetweera pointin the centerof the spiralandanother
pointoutsideis shavn in gure 1-rightby transpareng

Potential spire actionmapwith spire 3D pathin thespire

Fig. 1. Exampleson syntheticpotentials

Partial front propagation. An importantissueconcerningheback-propagatiotech-
nigueis to constrainthe computationgo the necessargetof pixelsfor onepathcon-
struction.Findingseveralpathsinsideanimagefrom the sameseedpointis aninterest-
ing task,butin thecasewe havetwo x edextremitiesasinputfor thepathconstruction,
it is notnecessaryo propagatehefront on all theimagedomain,thussaving comput-
ing time. In gure 2 is shovn a teston an angiographidmageof brain vesselsWe
canseethatthereis no needto propagatdurtherthe pointsexaminedin gure 2-right,
the pathfound beingexactly the sameasin gure 2-middlewherefront propagations



doneon all theimagedomain.We useda potential  x X , where

is theoriginal image( pixels,displayedin gure 2-left),  aGaussianlter of
variance , and theweightof themodel.In gure 2-right, the partial front
propagatiorhasvisited lessthan of theimage.This ratio dependsnainly on the
lengthof the pathtracked.

Fig. 2. Comparingcompletefront propagatiorwith partial front propagatiormethodon a digital
subtractedngiographyDSA) image

Simultaneouspartial front propagation Theideais to propagatesimultaneouslya
front from eachendpoint and . Letsconsiderthe rst grid point wherethose
fronts collide. Sinceduring propagatiorthe actioncanonly grow, propagatiorcanbe
stoppedatthis step.Adjoining thetwo paths respectiely between and ,and and
, givesanapproximatiorof theexactminimal actionpathbetween and . Since
is agrid point, the exactminimal pathmight not go throughit, but in its neighborhood.
Basically it existsarealpoint , whosenearesheighborontheCartesiargrid belongs
to the minimal path. Therefore the approximationdoneis sub-pixel andthereis no
needto propagatesurther,
It hastwo interestingbene tsfor front propagation:

— It allows a parallelimplementatiorof thealgorithm,dedicatinga processoto each
propagation;
— It decreasethe numberof pixelsexaminedduringa partial propagatiorby
— in 2D ( gure 3-right);
e in 3D (gure 3-left).
becausavith the potential , theactionmapis the Euclideandistance.

Notethatit canalsocomputethe Euclideandistanceo a setof pointsby initializing

to beO atthesepoints.

In gure 4isdisplayedatestonadigital subtractedngiographyDSA) of brainvessels.

Thepotentialusedis  x X ,wWhere istheoriginalimage( pixels,

displayedin gure 4-left), a constanterm (meanvalueof the startandend points

graylevels),and theweightof themodel.In gure 4-middle,the partial front

propagatiorhasvisited up to of theimage.With a colliding fronts method,only
of theimageis visited (see gure 4-right), andthe differencebetweerboth paths

foundis sub-pixel.



Comparingoothmethodson potential

Fig. 4. Comparingthe partialfront propagatiorwith thecolliding frontsmethodona DSA image

One end point propagation We have shavn the ability of the front propagatiortech-
niguesto computethe minimal pathbetweertwo x ed points.In somecasespnly one
point shouldbe necessaryor the neededuserinteractionfor settinga secondpoint is
tootediousin a 3D image.We have deriveda methodthatbuilds a pathgivenonly one
endpoint anda maximumpathlength. The techniqueis similar to that of subsection
3.2, but the new conditionwill beto stoppropagatiorwhena pathcorrespondingo a
choserEuclideandistancds extracted A testof this pathlengthconditionis shavn on
gure 5 which is a DSA imageof brainvesselsWe have seenwith gure 3-left that

propagatinga front with potential computeghe Euclideandistanceto the start
point. Therefore we usesimultaneouslanimage-basegotential , for building the
minimal pathanda potential for computingthe pathlength.

While we are propagatinghe front correspondindo  on theimagedomain,at
eachpoint examinedwe computeboth minimal actionsfor ~ (showvn in gure 5-
middle) andfor  (shownin gure 5-right). In this casethe actioncorrespondindgo

is anapproximateEuclideanengthof the minimal path between and

4 The Path Centering Method

In this sectionwe derive atechniqueo track pathsthatarecenteredn atubular shape,
using the front propagatiormethods.To illustrate this problem,we usethe example
shavn on gure 6-left, whichis abinarizedimageof brainvesselsUsingour classical



Theoriginalimage Theminimal action The pathlengthmap

Fig. 5. Computingthe Euclideanpathlengthsimultaneously

front propagationthe minimal path extractedis tangentialto the edgesas showvn in
gure 6-middle,superimposedn theactionmapcomputedThisis dueto thefactthat
lengthis minimized.This pathis not tunedfor problemswhich mayrequirea centered
path,andwe will seein next sectionthatit canbe necessaryor virtual endoscop. In

Thetwo paths Thethresholdegotential ~ Thecenteredninimal action

Fig. 6. Comparingclassicandcenterecaths

somecasest is possibleto getthe shapeof the objectin which we arelooking for a
path.Oneway of makingthis shapeavailableis to usethe front propagatioritself as
shawvn in Figure 9. This is more detailedin [9]. If we have the shapeof our object,
we canusea front propagatiormethodto computethe distanceto its edgesusing a
potentialde ned by

object .
Background .
Interface .

Whenthis distancemap,noted , is computedijt is usedto createa potential  which
weightsthe pointsin orderto propagatdastera new front in the centreof the desired
regions.Choosinga value to be the minimum acceptablalistanceto the walls, we



proposehefollowing potential:
X X with . (12)

Accordingto this new penalty the nal front propagategasterin the centerof theves-
sel. This canbeobsenedby looking at the shapeof theiso-actionlines of the centered
minimal actionshovn in gure 6-right. Finally, one canobsene in gure 6-left that
the pathavoidsthe edgesandremaingn the centerof the vesselwhile theformerpath
tangentialto edges.This methodcanbe relatedto robotic problemslike optimal path
planning(see[4] for details),essentiallypecausé¢he potentialshavn in gure 6-leftis
binary. But thereis no reasorto limit the applicationof this algorithmto a binary do-
main.Thus,for continuouslyvaryingpotential , weusethesamemethodIn section5,
we presentesultson real 3D dataappliedto virtual endoscop, wherethe problemis to
nd shortespathsonweighteddomains.

5 Application to Virtual Endoscopy

In previous sectionswe have developeda seriesof issuesin front propagatiortech-
niques.We study now the particularcaseof virtual endoscop, where extraction of
pathsin 3D imagesis averytedioustask.

5.1 The Roleof Virtual Endoscopy

Visualizationof volumetricmedicalimagedataplaysa crucial partfor diagnosisand
therapy planning.The betterthe anatomyandthe pathologyare understoodthe more
efciently one canoperatewith low risk. Different possibilitiesexist for visualizing
3D data:three2D orthogonaliews (see gure 7), maximumintensityprojection(MIP,
andits variants) surfaceandvolumerenderingln particular virtual endoscop allows

Fig. 7. Threeorthogonalviews of avolumetricCT datasetof thecolon

by meansof surface/\olume renderingtechniquego visually inspectregions of the
bodythataredangerousnd/orimpossibleto reachphysicallywith acameraA virtual
endoscopisystemis usuallycomposedf two parts:

1. A Pathconstructiorpart,which providesthesuccessielocationsof the y-through
thetubular structureof interest(see gure 8-left);



Original CT slice + path Endoscopiwiew

Fig. 8. Interior view of acolon,reconstructedrom ade ned path

2. ThreedimensionaVliewing alongthe endoscopipath(see gure 8-right).

A majordrawbackin generaremainswhenthe pathconstructioris left to theuser
who manuallyhasto “guide” the virtual endoscope/camer@he requiredinteractivity
on a 3D imagecan be very tediousfor complex structuressuchas the colon. Since
the anatomicalobjectshave often complex topologies,the path passesn and out of
the threeorthogonalplanes.Consequentlyhe right locationis accomplishedy alter
natively enteringthe projectionof the wantedpoint in eachof the threeplanes.Then,
the pathis approximatedetweenthe userde ned pointsby lines or Bezier splines,
andif the numberof pointsis not enoughjt caneasilycrossananatomicakwall. Path
constructionin 3D imagesis thusa very critical task and preciseanatomicaknowl-
edgeof the structureis neededo seta suitabletrajectory with the minimumrequired
interactvity.

Numeroustechniqueq10],[11] try to automatethis path constructionprocessby
using a skeletonizationtechniqueas a pre-processinglt requiresrst to sggmentthe
objectin orderto binarizethe image,thenit extractsthe skeletonof this volume.The
skeletonoftenconsistsn lots of discontinuougrajectoriesandpost-processing nec-
essanyto isolateandsmooththe nal path.Butthosemethodscanleadto critical cases:
if thereis a stenosisn the tubular structure the binarizationcanproducetwo separate
objectswherea skeletonizationis inef cient. Thefront propagatiortechniquestudied
in this papemroposeanalternatve to the tediousmanualpathconstructiorby building
pathsin 3D imageswith minimum interactvity. In contrastto othermethodsjt does
notrequireary pre-or post-processingie rst applythis methodto the caseof virtual
endoscop in acolonCT datasetthenwe extendit to abrain MR dataset.

5.2 Application to Colonoscopy

All testsareperformedonavolumetricCT scanof size voxels,shavn
in gure 7. We de ne a potential from the 3D image thatis minimal inside
the anatomicalshapesvhereend points are located.We chosethe potential  x

X mean , Whereanaveragegrey level value meanof thecolonis obtained
with anhistogramFromthisde nition, islowerinsidethecolonin orderto propagate
thefront faster Also, edgesareenhancedvith a non-linearfunction ( ) sincethe
pathto be extractedis in a large objectthat hascomplex shapeandvery thin edges.



Then, using this potential, we propagatenside the colon creatinga path betweena
coupleof givenpoints.In fact,thecolonbeinga closedobjectwith two extremities,one
canusetheEuclidearpathlengthstoppingeriterionasexplainedin subsectior8.2. This
allows to give only oneendpoint. The gure 9 shows the resultof the fastmarching
techniquewith a uniquestartingpoint belongingto the colon and an Euclideanpath
lengthcriterion of mm. This pathhasbeencomputedn 10 secondgin CPUtime)
on an UltraSparc30 with a 300 MHz monoprocessor However, this potentialdoes

Fig. 9. Successie stepsof front propagatiorinsidethe colonvolume

Thetwo differentpaths Imagepotential Centeringpotential

Fig. 10. Centeringthe pathin the colon

not producepathsrelevantfor virtual endoscop. Indeed pathsshouldremainnotonly
in the anatomicalobjectof interestbut asfar as possiblefrom its edges.In orderto
achieve this target, we usethe centeringpotentialmethodasdetailedin sectiond. This
approacheedsa shapanformation.Thisinformationis providedby the previousfront
propagationFrom its de nition, the front sticks to the anatomicalshapesas shavn
in gure 9. Thisis relatedto the useof FastMarchingalgorithmto extracta surface
for sggmentation3]. It givesa rough seggmentationof the colon and providesa good



Fig. 11.3D Views of a pathinsidethe colon

informationanda fast-reinitializatiortechniqueto computethe distanceto the edges.
Using this thresholdednap asa potentialthat indicatesthe distanceto the walls, we

cancorrectthe initial pathasshovn in gure 10-left. Both 3D pathsare projectedon

the 2D slice for visualization.As expectedthe new pathremainsmorein the middle

of thecolon.Thetwo differentcross-sectionm gures 10-middleand10-rightdisplay
the view of the interior of the colonfrom both pathsat the u-turnshavn in gure 10-

left. This effect of centeringthe pathenhanceslramaticallythe renderingof the video

sequencef virtual endoscop obtained! With theinitial potential the pathis nearthe
wall, andwe seethe u-turn, whereaswith the new path,the view is centerednto the

colon,giving amorecorrectview of theinsideof thecolon.

Therefore,the two end points can be connectedcorrectly giving a path staying
inside the anatomicalobject. The resultsare displayedin two 3D views in gure 11.
But for virtual colonoscop, it is often not necessaryo setthe two end pointswithin
theanatomicabbject.

5.3 Application to a Brain MRA Image

Testswere performedon brain vesseldn a magneticresonancengiography(MRA)
scan.The problemis different, becausethereis only signal from blood. All other
structureshave beenremoved. The main dif culty herelies in the variationsof the
dyeintensity The pathshown from two viewpointstracks(see gurel2) the superior
sagittalvenouscanal,usinga nonlinearfunction of the imagedye intensity ( x

X ).

6 Conclusion

In this paperwe presentedh fastandef cient algorithmthat computesa 3D path of
minimal enegy. Thisis particularlyusefulin medicalimageunderstandindgor guiding
endoscopiwiewing.

! This video will be shown at the presentation, and is available at
http://www.ceremade.dauphine.fr/"cohen/E CCcvoa



Fig. 12. Pathtrackingin brainvesselsn a MR-Angiographicvolume.

This work wasthe extensionto 3D of a level-settechniquedevelopedin [1] for
extractingpathsin 2D imagesgivenonly thetwo extremitiesof the pathandtheimage
asinputs,with afront propagatiorequation.

We improved this front propagationequationby creatingnew algorithmswhich
decreas¢he minimal pathextractioncomputingcost,andreduceuserinteractionin the
caseof pathtrackinginside tubular structuresWe showved that thosetechniquescan
be efciently appliedto the problemof nding a pathin tubular anatomicaktructures
for virtual endoscop with minimum interactvity. In particularwe extractedcentered
pathsnsideaCT datasebf thecolon,andin aMR datasetsf thebrainvesselsWe have
provedthebene t of ourmethodtowardsmanualpathconstructionandskeletonization
techniquesshaving thatonly afew secondsrenecessaryo build acompletdrajectory
insidethe body, giving only oneor two endpointsandtheimageasinputs.
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