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Abstract. Thispaperpresentsanew methodto �nd minimalpathsin 3D images,
giving asinitial dataoneor two endpoints.This is basedonpreviouswork [1] for
extractingpathsin 2D imagesusingFastMarching[4]. Ouroriginal contribution
is to extendthis techniqueto 3D, andgive new improvementsof the approach
that arerelevant in 2D aswell as in 3D. We also introduceseveral methodsto
reducethecomputationcostandtheuserinteraction.
This work �nds its motivation in the particularcaseof 3D medicalimages.We
show that this techniquecanbe ef�ciently appliedto the problemof �nding a
centeredpath in tubular anatomicalstructureswith minimum interactivity, and
weapplyit to pathconstructionfor virtual endoscopy. Syntheticandrealmedical
imagesareusedto illustrateeachcontribution.
keywords : DeformableModels,Minimal paths,Level Set methods,Medical
imageunderstanding,EikonalEquation,FastMarching.

1 Intr oduction

In thispaperwedealwith theproblemof �nding acurveof interestin a3D image.It is
de�ned asa minimal pathwith respectto a Potential

�

. This potentialis derivedfrom
theimagedatadependingonwhich featureswearelooking for.

With classicaldeformablemodels[2], extractinga pathbetweentwo �x edextrem-
ities is thesolutionof theminimizationof an energy composedof internalandexter-
nal constraintson this path,needinga preciseinitialization. Similarly, de�ning a cost
functionasanimageconstraintonly, theminimal pathbecomesthepathfor which the
integralof thecostbetweenthetwo endpointsis minimal.Simplifying themodelto ex-
ternalforcesonly, CohenandKimmel [1] solvedthisminimalpathproblemin 2D with
a front propagationequationbetweenthetwo �x edendpoints,usingtheEikonal equa-
tion (that physicallymodelswavelight propagation),with a given initial front. There-
fore, the �rst stepis to build an image-basedmeasure

�

that de�nes the minimality
propertyin thestudiedimage,andto introduceit in theEikonal equation.Thesecond
stepis to propagatethefront on theentireimagedomain,startingfrom aninitial front
restrictedto oneof the�x edpoints.Thepropagationis doneusinganalgorithmcalled
FastMarching [4].

The original contribution of our work is to adaptto 3D imagesthe minimal path
techniquedevelopedin [1]. We alsoimprovethis techniqueby reducingthecomputing
costof front propagation.For the particularcaseof tubular anatomicalstructures,we



alsointroducea methodto computea pathwith a givenlengthwith only onepoint as
initialization,andanothermethodto extracta centeredpathin theobjectof interest.

Deformablemodelshavebeenwidely usedin medicalimaging[7]. Themainmoti-
vationof thiswork is thatit enablesalmostautomaticpathtrackingroutinein 3D med-
ical imagesfor virtual endoscopy insideananatomicalobject.An endoscopy consists
in threadinga camerainsidethe patient's body in order to examinea pathology. The
virtual endoscopy processconsistsin renderingperspectiveviews alonga user-de�ned
trajectoryinsidetubular structuresof humananatomywith CT or MR 3D images.It is
a non-invasivetechniquewhich is veryusefulfor learningandpreparingrealexamina-
tions,andit canextractdiagnosticelementsfrom images.This new methodskipsthe
cameraandcangive views of region of thebodydif�cult or impossibleto reachphys-
ically (e.g.brain vessels).A major drawbackin generalremainswhenthe usermust
de�ne all pathpointsmanually. For a complex structure(small vessels,colon,...)the
requiredinteractivity canbevery tedious.If thepathis not correctlybuilt, it cancross
ananatomicalwall duringthevirtual �y-through.

Ourwork focuseson theautomationof thepathconstruction,reducinginteractions
andimproving performance,givenonly oneor two endpointsasinputs.We show that
theFastMarchingmethodcanbeef�ciently appliedto theproblemof �nding apathin
virtual endoscopy with minimuminteractivity. We alsoproposea rangeof choicesfor
�nding theright inputpotential

�

.
In section2, we summarizethemethoddetailedin [1] for 2D images.In section3,

we extendthis methodto 3D, andwe detaileachimprovementmadeon thefront prop-
agationtechnique.In section4, we explain how to extract centeredpathsin tubular
structures.And in section5, we applyour methodto colonandbrainvessels.

2 The Cohen-Kimmel Method in 2D

2.1 Global Minimum for ActiveContours.

We presentin thissectionthebasicideasof themethodintroducedby CohenandKim-
mel (see[1] for details)to �nd theglobalminimumof theactive contourenergy using
minimal paths.Theenergy to minimize is similar to classicaldeformablemodels(see
[2]) whereit combinessmoothingtermsandimagefeaturesattractionterm (Potential

�

):
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where
�������

representsa curve drawn on a 2D image, # is its domainof de�nition
$ %'&)(+*

, and
(

is the lengthof the curve. It reducesthe userinitialization to giving the
two endpointsof the contour

�

. In [1], the authorshave relatedthis problemto the
new paradigmof thelevel-setformulation.In particular, its Eulerequationis equivalent
to the geodesicactive contours[8]. They introduceda modelwhich improvesenergy
minimizationbecausetheproblemis transformedin away to �nd theglobalminimum,
avoidingbeingstickedin localminima.

Most of theclassicaldeformablecontourshave no constrainton theparameteriza-
tion

�

, thusallowing differentparameterizationof the contour
�

to lead to different



results.In [1], contraryto the classicalsnake model (but similarly to geodesicactive
contours),

�

representsthearc-lengthparameter. Consideringasimpli�ed energymodel
without asecondderivative termleadsto theexpression
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We now have an expressionin which the internal forcesare includedin the external
potential.Theregularizationis now achievedby theconstant
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.
Givena potential
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%

that takeslower valuesneardesiredfeatures,we arelooking
for pathsalongwhich theintegralof �

� � �

�

�

is minimal.Wecande�ne thesurface
of minimal action � , astheminimal energy integratedalonga pathbetweena starting
point 	�
 andany point 	 :
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where ���

�

�

� is the setof all pathsbetween	�
 and 	 . The minimal pathbetween	 


andany point 	

� in the imagecanbeeasilydeducedfrom this actionmap.Assuming
thatpotential

�

is alwayspositive, theactionmapwill have only onelocal minimum
which is the startingpoint 	 
 , andthe minimal pathwill be found by a simpleback-
propagationon theenergy map.Thus,contourinitialization is reducedto theselection
of thetwo extremitiesof thepath.

2.2 FastMar ching Resolution.

In orderto computethis map � , a front-propagationequationrelatedto equation(3) is
solved: !#"
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. It evolvesafront startingfrom anin�nitesimal circleshapearound
	


 until eachpoint inside the imagedomainis assigneda valuefor � . The valueof
�

�

	

�

is thetime , atwhichthefront passesoverthepoint 	 . Thenit noti�es theshortest
pathenergy to reachthestartpoint from any point in theimage.
Thefastmarchingtechnique,introducedby Sethian(see[4]), wasusedby Cohenand
Kimmel [1] noticingthatthemap � satis�estheEikonalequation:
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Classic�nite differenceschemesfor this equationtendto overshootandareunstable.
Sethian[4] hasproposeda methodwhich relieson a one-sidedderivative that looks
in theup-winddirectionof themoving front, andtherebyavoids theover-shootingof
�nite differences.At eachpixel
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giving the correctviscosity-solution2 for �>9

� < . The improvementmadeby the Fast
Marchingis to introduceorderin theselectionof thegrid points.Thisorderis basedon
the fact that informationis propagatingoutward, becauseactioncanonly grow dueto



thequadraticequation(5).
Thealgorithmis detailedin 3D in next sectionin table2. Thefastmarchingtechnique
selectsat eachiterationtheTrial point with minimumactionvalue.This techniqueof
consideringat eachsteponly thenecessarysetof grid pointswasoriginally introduced
for the constructionof minimum lengthpathsin a graphbetweentwo givennodesin
[6].
Thusit needsonly onepassover the image.To performef�ciently theseoperationsin
minimumtime, theTrial pointsarestoredin a min-heapdatastructure(seedetailsin
[4]). Sincethecomplexity of theoperationof changingthevalueof oneelementof the
heapis boundedby aworst-casebottom-to-topproceedingof thetreein �

�������

���

�

, the
totalwork is about �

�

�

�	�
�

���

�

for thefastmarchingona � pointsgrid.

3 3D Minimal Path Extraction

We areinterestedin this paperin �nding a curve in a 3D image.The applicationthat
motivatesthisproblemis detailedin section5. It canalsohavemany otherapplications.
Ourapproachis to extendtheminimalpathmethodof previoussectionto �nding apath

�������

in a 3D imageminimizing theenergy:
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where #

�

$ %'&)(+*

,
(

beingthe lengthof thecurve.We �rst extendtheFastmarching
methodto 3D to computetheminimal action � . We thenintroducedifferentimprove-
mentsfor �nding the pathof minimal actionbetweentwo points in 2D aswell as in
3D. In the examplesthat illustratethe approach,we seevariouswaysof de�ning the
potential

�

.

3.1 3D Fast-Marching

Similarly to previoussection,theminimalaction � is de�ned as

�
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where � �

�

�

� is now the setof all 3D pathsbetween	 
 and 	 . Given a startpoint 	�
 ,
in order to compute� we start from an initial in�nitesimal front around	 
 . The 2D
schemeequation(5) developedin [5] is extendedto 3D, leadingto :
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giving the correctviscosity-solution2 for � 9

� < � � . Consideringthe neighborsof grid
point
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in 6-connexity, we studythesolutionof theequation(8) in table1.
We extend the FastMarchingmethod,introducedin [4] andusedby Cohenand

Kimmel [1] to our3D problem.Thealgorithmis detailedin table2.



Algorithm for 3D Up-Wind Scheme
We note ���

���

�

��� , ���

���

�

��� and ��	
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��� the three couplesof oppositeneighborsof
��


���
����� with theordering������������� , ������������� , �� ������� !� , and �"���������������� �� .
Threedifferentcasesareto beexaminedsequentially:

1. Consideringthatwehave #%$��  �� $�� ��� $&� �'� , theequationderivedis
(
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�3254
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. (9)

Computingthediscriminant7

� of equation(9) we have two cases
– If 7

�

$98 , # shouldbethelargestsolutionof equation(9);
: If thehypothesis#<;��� �� is wrong,go to 2;
: If this valueis largerthan �� �� , go to 4;

– If 7

�3=

8 , it meansthatat least 	

� hasanactiontoo largeto in�uence thesolution
andthatthehypothesis#%;��  �� is false.Go to 2;

2. Consideringthat #>$�������$������ and #

=

�� �� , theequationderivedis
(
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�?2

6

�

. (10)

Computingthediscriminant7

� of equation(10)we have two cases
– If 7

�

$98 , # shouldbethelargestsolutionof equation(10);
: If thehypothesis#<;��

���
is wrong,go to 3;

: If this valueis largerthan �
��� , go to 4;

– If 7

�
=

8 , �

� hasan action too large to in�uence the solution. It meansthat
#>;������ is false.Go to 3;

3. Consideringthat #

=

�
���

and #<$��
���

, we �nally have #

2

�
���

-

6

. Go to 4;
4. Return# .

Table 1. Solvinglocally theupwindscheme
Algorithm for 3D FastMar ching

– De�nition:
: Ali ve is thesetof all grid pointsatwhichtheactionvaluehasbeenreachedandwill

notbechanged;
: Trial is thesetof next grid pointsto beexaminedandfor which anestimateof �

hasbeencomputedusingalgorithmof Table1;
: Far is thesetof all othergrid points,for which thereis not yetanestimatefor � ;

– Initialization:
: Ali ve setis con�ned to thestartingpoint @�A ;
: Trial - theinitial front is con�ned to theneighborsof @

A ;
: Far is thesetof all othergrid points;

– Loop:
: Let

(


CBEDGF

�C�

BEDGF

�H�

BIDJF�, betheTrial pointwith thesmallestaction � ;
: Move it from theTrial to theAli ve set(i.e. ��DGK�LJM�N OPK�LJM�N QRK�LJM is frozen);
: For eachneighbor

(




���
���

, (6-connexity in 3D) of
(



BIDJF

���

BIDJF

�H�

BEDGF
, :

S If
(




�C�
�H�

, is Far, addit to theTrial setandcompute� usingtable1;
S If

(




���
���

, is Trial, recomputetheaction �
DTN ORN Q , andupdateit if thenew value

computedis smaller.

Table2. Fastmarchingalgorithm



3.2 Several Minimal Path Extraction Techniques

In this section,differentproceduresto obtaintheminimal pathbetweentwo pointsare
detailed.After discussingthepreviousbackpropagationmethod,we studyhow we can
limit thefront propagationto a subsetof theimagedomain,for speeding-upexecution.
Weillustratetheideasof thissectionontwo syntheticexamplesof 3D front propagation
in �gures 1 and3. To makethefollowing ideaseasierto understand,weshow examples
in 2D in this section.Examplesof minimal pathsin 3D real imagesarepresentedfor
theapplicationin Section5.

Minimal path by back-propagation Theminimal actionmap � computedaccording
to the discretizationschemeof equation(7) is similar to convex, in the sensethat its
only local minimum is theglobal minimumfound at the front propagationstartpoint

	 
 where �

�

	 


���

%

. Thegradientof � is orthogonalto thepropagatingfrontssince
theseareits level sets.Therefore,theminimal actionpathbetweenany point 	 andthe
startpoint 	 
 is foundby slidingbackthemap � until it convergesto 	 
 . It canbedone
with asimplesteepestgradientdescent,with a prede�neddescentstep,on theminimal
actionmap � , choosing	��

=

�

�

	��

(

step�

-

�

�

	��

�

. Seein �gure 1-middletheaction
mapcorrespondingto abinarizedpotentialde�nedby highvaluesin aspiralrenderedin
�gure 1-middle.Thepathfoundbetweena point in thecenterof thespiralandanother
pointoutsideis shown in �gure 1-rightby transparency.

Potential
6

2

spire actionmapwith
6

2

spire 3D pathin thespire

Fig.1. Exampleson syntheticpotentials

Partial fr ont propagation. An importantissueconcerningtheback-propagationtech-
niqueis to constrainthecomputationsto thenecessarysetof pixels for onepathcon-
struction.Findingseveralpathsinsideanimagefrom thesameseedpoint is aninterest-
ing task,but in thecasewehavetwo �x edextremitiesasinputfor thepathconstruction,
it is not necessaryto propagatethefront on all theimagedomain,thussaving comput-
ing time. In �gure 2 is shown a teston an angiographicimageof brain vessels.We
canseethatthereis no needto propagatefurtherthepointsexaminedin �gure 2-right,
thepathfoundbeingexactly thesameasin �gure 2-middlewherefront propagationis



doneon all the imagedomain.We useda potential
���

x
� ���

-��������

�

x
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�

, where
� is theoriginal image( 
���


�

pixels,displayedin �gure 2-left), ��� a Gaussian�lter of
variance�

�


 , and
� �

� theweightof themodel.In �gure 2-right, thepartial front
propagationhasvisited lessthan ��
�� of the image.This ratio dependsmainly on the
lengthof thepathtracked.

Fig.2. Comparingcompletefront propagationwith partial front propagationmethodon a digital
subtractedangiography(DSA) image

Simultaneouspartial fr ont propagation The ideais to propagatesimultaneouslya
front from eachendpoint 	


 and 	

� . Lets considerthe �rst grid point 	 wherethose
frontscollide. Sinceduringpropagationtheactioncanonly grow, propagationcanbe
stoppedat thisstep.Adjoining thetwo paths,respectively between	


 and	 , and	

� and
	 , givesanapproximationof theexactminimal actionpathbetween	


 and	

� . Since	

is a grid point, theexactminimal pathmightnotgo throughit, but in its neighborhood.
Basically, it existsarealpoint 	�� , whosenearestneighborontheCartesiangrid belongs
to the minimal path.Therefore,the approximationdoneis sub-pixel and thereis no
needto propagatesfurther.

It hastwo interestingbene�ts for front propagation:

– It allowsaparallelimplementationof thealgorithm,dedicatingaprocessorto each
propagation;

– It decreasesthenumberof pixelsexaminedduringapartialpropagationby
���

�����

�

�����

�

�


 in 2D (�gure 3-right);
���

�������

�����

�

�! 

in 3D (�gure 3-left).
becausewith thepotential

�
�

� , theactionmapis theEuclideandistance.

Notethatit canalsocomputetheEuclideandistanceto a setof pointsby initializing �

to be0 at thesepoints.
In �gure 4 is displayedatestonadigital subtractedangiography(DSA)of brainvessels.
Thepotentialusedis

���

x
� �"�

�

�

x
�

(

�#�

�

�

, where� is theoriginalimage( 
�
%$

�

pixels,
displayedin �gure 4-left),

�

a constantterm (meanvalueof the startandendpoints
gray levels),and

� �

�

%

theweightof themodel.In �gure 4-middle,thepartial front
propagationhasvisitedup to $

%

� of the image.With a colliding frontsmethod,only
�

%

� of the imageis visited(see�gure 4-right), andthedifferencebetweenbothpaths
foundis sub-pixel.



Action mapwith potential
6

2��

Zone1

Zone2 Zone2

Comparingbothmethodsonpotential
6

2��

Fig.3. Propagationwith potential
6

2��

Fig.4. Comparingthepartialfront propagationwith thecolliding frontsmethodonaDSA image

One end point propagation We haveshown theability of thefront propagationtech-
niquesto computetheminimal pathbetweentwo �x edpoints.In somecases,only one
point shouldbe necessary, or the neededuserinteractionfor settinga secondpoint is
too tediousin a 3D image.We havederiveda methodthatbuilds a pathgivenonly one
endpoint anda maximumpathlength.The techniqueis similar to that of subsection
3.2,but thenew conditionwill be to stoppropagationwhena pathcorrespondingto a
chosenEuclideandistanceis extracted.A testof thispathlengthconditionis shown on
�gure 5 which is a DSA imageof brain vessels.We have seenwith �gure 3-left that
propagatinga front with potential

� �

� computestheEuclideandistanceto thestart
point. Therefore,we usesimultaneouslyan image-basedpotential

�

� , for building the
minimal pathanda potential

�

�

�

� for computingthepathlength.
While we arepropagatingthe front correspondingto

�

� on the imagedomain,at
eachpoint 	 examinedwe computeboth minimal actionsfor

�

� (shown in �gure 5-
middle) andfor

�

� (shown in �gure 5-right). In this casetheactioncorrespondingto
�

� is anapproximateEuclideanlengthof the minimal path between	 and	 
 .

4 The Path Centering Method

In this sectionwe derivea techniqueto trackpathsthatarecenteredin a tubular shape,
using the front propagationmethods.To illustrate this problem,we usethe example
shown on �gure 6-left, which is a binarizedimageof brainvessels.Usingour classical



Theoriginal image Theminimal action Thepathlengthmap

Fig.5. ComputingtheEuclideanpathlengthsimultaneously

front propagation,the minimal pathextractedis tangentialto the edges,asshown in
�gure 6-middle,superimposedon theactionmapcomputed.This is dueto thefactthat
lengthis minimized.This pathis not tunedfor problemswhichmayrequirea centered
path,andwe will seein next sectionthat it canbenecessaryfor virtual endoscopy. In

Thetwo paths Thethresholdedpotential Thecenteredminimal action

Fig.6. Comparingclassicandcenteredpaths

somecasesit is possibleto get the shapeof theobject in which we arelooking for a
path.Oneway of makingthis shapeavailableis to usethe front propagationitself as
shown in Figure9. This is moredetailedin [9]. If we have the shapeof our object,
we canusea front propagationmethodto computethe distanceto its edgesusinga
potentialde�ned by
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Whenthis distancemap,noted� , is computed,it is usedto createa potential
�

�

which
weightsthepointsin orderto propagatefastera new front in thecentreof thedesired
regions.Choosinga value

 

to be the minimum acceptabledistanceto the walls, we



proposethefollowing potential:
�����

x
� �

�

�  

(

36� � �

�

�

x
���  ��	� ���

with ��� � . (11)

Accordingto this new penalty, the�nal front propagatesfasterin thecenterof theves-
sel.This canbeobservedby looking at theshapeof theiso-actionlinesof thecentered
minimal actionshown in �gure 6-right. Finally, onecanobserve in �gure 6-left that
thepathavoidstheedgesandremainsin thecenterof thevessel,while theformerpath
tangentialto edges.This methodcanbe relatedto robotic problemslike optimalpath
planning(see[4] for details),essentiallybecausethepotentialshown in �gure 6-left is
binary. But thereis no reasonto limit theapplicationof this algorithmto a binarydo-
main.Thus,for continuouslyvaryingpotential

�

, weusethesamemethod.In section5,
wepresentresultsonreal3D dataappliedto virtual endoscopy, wheretheproblemis to
�nd shortestpathsonweighteddomains.

5 Application to Virtual Endoscopy

In previous sectionswe have developeda seriesof issuesin front propagationtech-
niques.We study now the particularcaseof virtual endoscopy, whereextraction of
pathsin 3D imagesis avery tedioustask.

5.1 The Roleof Virtual Endoscopy

Visualizationof volumetricmedicalimagedataplaysa crucial part for diagnosisand
therapy planning.Thebettertheanatomyandthepathologyareunderstood,themore
ef�ciently one can operatewith low risk. Differentpossibilitiesexist for visualizing
3D data:three2D orthogonalviews(see�gure 7), maximumintensityprojection(MIP,
andits variants),surfaceandvolumerendering.In particular, virtual endoscopy allows

Fig.7. Threeorthogonalviews of avolumetricCT datasetof thecolon

by meansof surface/volume renderingtechniquesto visually inspectregions of the
bodythataredangerousand/orimpossibleto reachphysicallywith acamera.A virtual
endoscopicsystemis usuallycomposedof two parts:

1. A Pathconstructionpart,whichprovidesthesuccessivelocationsof the�y-through
thetubular structureof interest(see�gure 8-left);



Path

Original CT slice+ path Endoscopicview

Fig.8. Interiorview of a colon,reconstructedfrom a de�ned path

2. Threedimensionalviewing alongtheendoscopicpath(see�gure 8-right).

A majordrawbackin generalremainswhenthepathconstructionis left to theuser
who manuallyhasto “guide” thevirtual endoscope/camera.Therequiredinteractivity
on a 3D imagecan be very tediousfor complex structuressuchas the colon. Since
the anatomicalobjectshave often complex topologies,the pathpassesin andout of
the threeorthogonalplanes.Consequentlythe right locationis accomplishedby alter-
natively enteringtheprojectionof thewantedpoint in eachof the threeplanes.Then,
the path is approximatedbetweenthe userde�ned pointsby lines or Bezier splines,
andif thenumberof pointsis not enough,it caneasilycrossananatomicalwall. Path
constructionin 3D imagesis thusa very critical taskandpreciseanatomicalknowl-
edgeof thestructureis neededto seta suitabletrajectory, with theminimumrequired
interactivity.

Numeroustechniques[10],[11] try to automatethis pathconstructionprocessby
usinga skeletonizationtechniqueasa pre-processing.It requires�rst to segmentthe
objectin orderto binarizethe image,thenit extractstheskeletonof this volume.The
skeletonoftenconsistsin lots of discontinuoustrajectories,andpost-processingis nec-
essaryto isolateandsmooththe�nal path.But thosemethodscanleadto critical cases:
if thereis a stenosisin thetubular structure,thebinarizationcanproducetwo separate
objects,whereaskeletonizationis inef�cient. Thefront propagationtechniquesstudied
in thispaperproposeanalternative to thetediousmanualpathconstructionby building
pathsin 3D imageswith minimum interactivity. In contrastto othermethods,it does
not requireany pre-or post-processing.We �rst applythismethodto thecaseof virtual
endoscopy in a colonCT dataset,thenweextendit to abrainMR dataset.

5.2 Application to Colonoscopy

All testsareperformedonavolumetricCT scanof size 
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voxels,shown
in �gure 7. We de�ne a potential
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with anhistogram.Fromthisde�nition,
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is lowerinsidethecolonin orderto propagate
thefront faster. Also, edgesareenhancedwith a non-linearfunction( �
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� ) sincethe
pathto be extractedis in a large object that hascomplex shapeandvery thin edges.



Then,using this potential,we propagateinside the colon creatinga path betweena
coupleof givenpoints.In fact,thecolonbeingaclosedobjectwith two extremities,one
canusetheEuclideanpathlengthstoppingcriterionasexplainedin subsection3.2.This
allows to give only oneendpoint. The �gure 9 shows the resultof the fastmarching
techniquewith a uniquestartingpoint belongingto the colon andan Euclideanpath
lengthcriterionof 


% %

mm.This pathhasbeencomputedin 10seconds(in CPUtime)
on an UltraSparc30 with a 300 MHz monoprocessor. However, this potentialdoes

Fig.9. Successive stepsof front propagationinsidethecolonvolume

Initial Path

Path centered

Thetwo differentpaths Imagepotential Centeringpotential

Fig.10.Centeringthepathin thecolon

not producepathsrelevantfor virtual endoscopy. Indeed,pathsshouldremainnotonly
in the anatomicalobjectof interestbut as far aspossiblefrom its edges.In order to
achieve this target,we usethecenteringpotentialmethodasdetailedin section4. This
approachneedsashapeinformation.This informationis providedby thepreviousfront
propagation.From its de�nition, the front sticks to the anatomicalshapesas shown
in �gure 9. This is relatedto the useof FastMarchingalgorithmto extract a surface
for segmentation[3]. It givesa roughsegmentationof the colonandprovidesa good



Fig.11.3D Viewsof a pathinsidethecolon

informationanda fast-reinitializationtechniqueto computethedistanceto theedges.
Using this thresholdedmapasa potentialthat indicatesthe distanceto the walls, we
cancorrectthe initial pathasshown in �gure 10-left. Both 3D pathsareprojectedon
the 2D slice for visualization.As expected,the new pathremainsmorein themiddle
of thecolon.Thetwo differentcross-sectionsin �gures 10-middleand10-rightdisplay
theview of the interior of thecolon from bothpathsat theu-turnshown in �gure 10-
left. This effect of centeringthepathenhancesdramaticallytherenderingof thevideo
sequenceof virtual endoscopy obtained.1 With theinitial potential,thepathis nearthe
wall, andwe seethe u-turn,whereaswith the new path,the view is centeredinto the
colon,giving a morecorrectview of theinsideof thecolon.

Therefore,the two end points can be connectedcorrectly, giving a path staying
insidethe anatomicalobject.The resultsaredisplayedin two 3D views in �gure 11.
But for virtual colonoscopy, it is often not necessaryto setthe two endpointswithin
theanatomicalobject.

5.3 Application to a Brain MRA Image

Testswereperformedon brain vesselsin a magneticresonanceangiography(MRA)
scan.The problem is different, becausethere is only signal from blood. All other
structureshave beenremoved. The main dif�culty herelies in the variationsof the
dye intensity. The pathshown from two viewpointstracks(see�gure12) the superior
sagittalvenouscanal,usinga nonlinearfunction of the imagedye intensity(
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6 Conclusion

In this paperwe presenteda fastandef�cient algorithmthat computesa 3D pathof
minimalenergy. This is particularlyusefulin medicalimageunderstandingfor guiding
endoscopicviewing.

1 This video will be shown at the presentation, and is available at
http://www.ceremade.dauphine.fr/˜cohen/E CCV00.



Fig.12.Pathtrackingin brainvesselsin a MR-Angiographicvolume.

This work was the extensionto 3D of a level-settechniquedevelopedin [1] for
extractingpathsin 2D images,givenonly thetwo extremitiesof thepathandtheimage
asinputs,with a front propagationequation.

We improved this front propagationequationby creatingnew algorithmswhich
decreasetheminimalpathextractioncomputingcost,andreduceuserinteractionin the
caseof path tracking inside tubular structures.We showed that thosetechniquescan
beef�ciently appliedto theproblemof �nding a pathin tubular anatomicalstructures
for virtual endoscopy with minimum interactivity. In particularwe extractedcentered
pathsinsideaCTdatasetof thecolon,andin aMR datasetsof thebrainvessels.Wehave
provedthebene�t of ourmethodtowardsmanualpathconstruction,andskeletonization
techniques,showing thatonly afew secondsarenecessaryto build acompletetrajectory
insidethebody, giving only oneor two endpointsandtheimageasinputs.
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