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Abstract

We presenta new fastapproad for surfacesggmentation
of thin structues, like vesselandvasculartrees,basedon
FastMarching and Level Setsmethods.Fast Marching al-
lows segmentationof tubular structuesinsating a “long
balloon” from a user given single point. Howerer, when
thetubular shapeis ratherlong, thefront propagation may
blow up throughthe boundaryof the desiled shapecloseto
the starting point. Our contribution is focusedon a wayto
go on front propagation only on the actually moving front
and freezingother points. We demonstate the ability to
build afastandaccuratesegmentatiorfor thosetubular and
treestructuies. We also developa usefulstoppingcriterion
for the causalfront propagation. We illustrate our algo-
rithmsby applicationson the sggmentatiorof vesselsn 3D
medicalimages.

1 Intr oduction

We areinterestedn this paperin segmentationof tubu-
lar surfacesfrom 3D images, motivated by medical ap-
plicationslike vesselsand vasculartree. Thesesurfaces
canthereforehave several branches.Much work hasbeen
doneon surfacesggmentatiorsincethe introductionof de-
formablemodels(seereferencesn [10]). Therecenttrend
of deformablesurfacesmakes use of Level Setsmethods
(for example[1]). A majordrawbackof level setsmethods
is their hugecomputationtime, even whenusinga narrov
band. FastMarching, introducedin [11], allows fastsur
face sggmentationwhenthe evolution is always outwards
like aballoon[2, 9]. Usingthe Fast-Marchingalgorithmto
propagte a wave front insidea colon CT scannerwe can
extractthe surfaceof the colon, startingfrom aninitial seed
point, usingthe Fast-Marchingasa region-graving method
[4]. Wehave developedanalgorithmthatcanbethebasisof
this kind of tubular shapeextractionobject: a techniqueto
evolve afrontinsideanobjectof interestandcomputeatthe
sametime the geodesidistanceto the startingpointinside
theobject. Thisdistancecanbeusedto stopthefront propa-
gationinsidethedesiredobject. Theresultof thistechnique
is shavn in £gurel. Topimageis the 3D CT scannerand
bottomimagesshav somestepsof thefront propagtionin

the 3D dataset.

However, classicalsegmentationproblemsdo not pro-
vide an excellentcontrastlike the air-£lled colonon a CT
scannerandthepropagtioncannotstick to theobjectwalls
for long andthin objects. We shaw in this article how the
FastMarchingsurfaceseggmentationwhichis nottunedfor
this kind of thin andlong objects,canbe speci£callyopti-
mizedfor thistaget.

2 Fast-Marching and Surface Segmentation

Consideringa 3D surfacej maoving underspeedF in
its normaldirection,in the Level-Setsformulation,it is em-
beddedasthe zerolevel setof a function A defnedn the
3D imagespace This leadsto evolution equation

A+ Fir A= 0: 1)

In the caseof | moving with aspeed > 0, it leadsto a
new equatiorthatdeterminesheevolution of the surfaceor
arrival time T (x), alsocalledaction(see[11] for details):

A 1

jrTj= F = P: (2)
This Eikonal equation(2) hasbeenusedfor surfaceextrac-
tion in [9]. Discretizedwith anup-wind schemeijt is then
solved using Fast-Marching(table 1), givenaninitial start-
ing pointpy. In practicethefrontis propagteduntil a£xed
timeis reachedFigurel shovsiterationsof this front prop-
agation in a 3D imagewith potential P de£nedin order
to sggmentthe colon. Evolution is stoppedwhena given

geodesidengthhasbeentraveledby thefront [4].

3 PropagationFreezingfor Thin Structures

Freezinga voxel duringfront propagtionis to consider
thatit hasreachedhe boundaryof the structure.Whenthe
front propagtesin athin structurethereis only asmallpart
of the front, which we could call the “head” of the front,
thatreally moves. Most of the front is locatedcloseto the
boundaryof thestructureandmovesvery slowly. For exam-
plevoxelsthatarecloseto thestartingpoint, the“tail” of the
front, aremoving very slowly. However, sincethe structure



Figure 1. Segmentingthe colon volume with sim-
ple front propagation

Figure 2. 3D contrast enhancedMR image of the
aorta and front propagation

may be very long, in orderfor the “head” voxels to reach
the end of the structure the “tail” voxels may cow out of
theboundarysincetheir speeds alwayspositive, andinte-
gratedover a long time. Thisis illustratedin the example
of £gure2. If we applyfastmarchingin the dataseshovn
in £gure2-top,with apotentialbasednthegraylevel with
contrastenhancementhe correspondingvave propagtion
lookslik e £gure2-bottom. Thefront @oodsoutsidethe ob-
jectanddoesnot give agoodseggmentation.

For thesereasonsit is of no useto make somevoxels
participatein the computatiorof thearrival time in Eikonal
equation We thus settheir speedto zero, which we call
Freezing First stepis to designtheappropriatecriterionfor
selectingvoxelsof thefront which needFreezing

A syntheticexampleof a tree structureis shavn in £g-
ure3. In thiscasesettinganinitial seedpointattheleft cor
nerpoint,wewould liketo extractin avery fastprocesghe
multiple branchesof the structures. Figure 3-right shavs
the resultof the classicalfront propagtion techniquewith
the Fast-Marchingcoupledwith a maximumgeodesigath

Algorithm for 3D FastMar ching

2 De£nitions: o ]
— Alive set: grid pointsat which the valuesof T

have beenreachedandwill notbechanged;

— Trial set: next grid points (6-conngity neigh-
bors)to be examined. An estimateT of T has
beencomputedusing discretizedEquation(2)
from Alive pointsonly (i.e. from T);

— Far set: all othergrid points,thereis notyetan
estimatefor T;

2 |nitialization:

— Alive set:startpointpo, T(po) = T (po) = 0;

— Trial set: reducedo the six neighborgp of po
with initial valueT (p) = P(p) (T(p) = 1);

— Farset:all othergrid points,with T = T = 1 ;

2 Loop:

— Letpmin bethe Trial pointwith smallesfT;

— Move it from the Trial to the Alive set;

— For eachneighbomp of pmin :

a If p is Far, addit to the Trial set;
a If p is Trial , updateT .

Table 1. Fast Marching algorithm

Figure 3. Synthetictestproblem

lengthstoppingcriterionof 300,computedaccordingto the
methoddescribedn [6]. TheactionmapT displayedindi-

catesclearlythatthe domainvisitedis a whole “blob-like”

structurewherethe underlyingtubular shapeis somehav

lost. It emphasizethedrawvbackof themethodin this case,
withouta clearconstrainton the domainof pointsvisited.

3.1 Using WeightedDistancefor Freezing

The geodesicweighted distanceinside the object be-
tweena point andthe startingpoint canbe computedn the
fastmarchingprocessvithoutmuchextracostasshowvn for
adifferentapplicationin [6, 4]. Thisis the Euclideariength
of the minimal path(accordingto P, see[3]) thatjoins the
points. It seemsnatural” to usethisdistanceD (v) between
a voxel v andthe startingpoint, or relatively to the most
far propa@ting part of the front, sincethis notionis com-
pletelyembeddeih thetopologyof theobjectwe aretrying
to extract: thesectionof atube-shapedbjectmustbesmall
with respecto its length. We mustdiscriminatethe points
of the front that are nearthe initializing seedpoint while
otherpartsof thefront arealreadyfar. It will preventfrom
aoodingin non-desiredireasof thedata.



We can £x several criteria for the Freezingbasedon
thedistance Knowing the currentmaximumgeodesigath
lengthdnax in thefront propa@tionprocessve candecide
thata voxel v of the propagting front (i.e. Trial voxels)
shouldberemoredfrom thefront (i.e. setasAlive voxel):

2 if D(V) < dmax =® with ® , 1 userde£nedpr
2 jf D(v) < max(dmaxi @ 0), with &> 0 chosen.

The geodesidistanceto the startingpoint is a measure
which containsinformationaboutthe geometryof the sur
faceextractedandin particularits length.A 2D exampleon
the synthetictestis shavn in £gure4. The domainvisited
by our algorithmis slightly smallerthanwithout freezing
(Egure3-right) andthis domainshortenswith the distance
criterion, whenwe compardeft andmiddleimagesin £g-
ure 4 which are action mapswith distancecriterion of re-
spectvely 100and50. The £gure4-rightis azoomon the
freezingmapwhich clearly demonstratethatthe Freezing
principlediscriminateghepointslocatedfar from the prop-
agatingfronts(frozenpartsarerepresenteth white).

Figure 4. Distancecriterion for Freezing

3.2 Algorithm for the Freezing

At eachtime stepwe insertour visited pointsbothin the
classicalctionrelatedheap,andin anothemin-heapdata-
structurewherethe orderingkey is the distanceto the seed
point, which meanshatthe elementat the top of the heap
will still be the point thatis the closestTrial point to the
startingpoint. At eachiteration,we areableto remove all
the pointswhosekeys arelower thanthis criterion, starting
from the minimumelementn thebinaryheap.

In the following is detailedan algorithmicimplementa-
tion of the Freezingwith : Startingpoint po locatedat the
rootof thetreestructureactionmapT , onemin-heapstruc-
tureHt anda penaltyimageP which will drive the front
propagtion; distancemapD to computethe minimal path
Euclideanength[6, 4]; min-heapdatastructureH p , where
the orderingkey for ary point p is the value of D(p); a
counterdmay , distancest; dstop -

Initialization

2 settingT (po) = D(po) = 0 andstoringthe seedpointpg

in bothmin-heapstructuredH+ andHp ;

2 dmax = 0, danddsip areuserdef£ned.

Loop: ateachiteration
2 Letpmin bethe Trial pointwith thesmallestactionT ;

2 Fast-Marchingalgorithm of Table 1, updating min-heaps
H+ ; Hp with thenew actionvaluesfor T ; D computed;
2 takedmax = mMax (dmax ;D(pmin ))1
2 considemin ,therootof Hp.
While D(qmin ) < max (dmax | @;0)do
— setD(qmin ) = T(qmin ) = 1 ;
— setqmin in Alive setanddeleteit in bothHp andH
2 if dmax > dstop , €Xit theloop.

This heuristicis to discriminatethe parts of the front
thatarepropagtingslowly, by recordingthe maximumdis-
tancewhich hasbeentraveled, and compareit to the dis-
tancewhich hasbeentraveledby theseparts.If theratio be-
tweenthosetwo distancess superiorto a giventhreshold,
we "freeze” thosepartsby settingtherespeedarti£cially to
zero. It enablego stayinsidethe objectwhenit is longand
thin like atubular structure asshavn in £gure4.

3.3 lllustration on Vascular TreeSegmentation

The methodexplainedpreviously is very usefulwhenit
is usedfor vascularsggmentation. Segmentationis there-
fore performedin a very fastmannerby just settinga seed
point at the top of thetreehierarcly. Figure5 displaysre-
sultsof this methodon threedifferentobjects.Figure5-left

Figure 5. Segmentationof several tubular objects
with the Freezingalgorithm

shavs the new resultobtainedon the datasebf £gure2.
The distancethresholdis a parametewhich is not very
sensitve: we generallytake avaluerelatedo theapriori di-
mensionof the object. This thresholdmustbe largerthan
theassumednaximumsectionof theobject. It will approx-
imatelyrepresenthevolumeof pointshoundeddy the con-
nectedervelopeof thefront voxelsthatarenotfrozen.

3.4 Stoppingcriterion

Having designedan adequatesriterion for Freezingthe
unwantedpartsof the front that could leadto “aooding”
of the evolving wave in otherpartsof the image,we now
explain our strat@yy to stopautomaticallythe propagtion.

The Freezingprocesswill provide a criterion which is
independensf the numberof differentbranchego recover.
If we plot the maximumdistancednax of section3.2, as
afunctionof iterationswhile propagtingthe front, we ob-
sene the following pro£le shavn in £gure6. We clearly



seethatthis distancencreasedinearly until abig decrease
of theslopeappearsilt is importantto noticethatthis shock

oo T T T T T T =

Figure 6. Using Distancefor Stopping propaga-

tion in the Aorta
indicateswhenthe front cows out of the objectat “heads”
of thefront. We decideto stopfront propa@tionatthis par
ticulartime. During the £rstpartof the plot, thefunctionis
quasi-linearTheslopeis directly relatedto the sectionarea
of the tubular object. By de£nitionof FastMarching, the
numberof iterationsis equalto the numberof voxels that
are alive and closeto the volume of the region inside the
front. It meanghat passinghrougha certainlengthin the
aortaimpliesto visit anumberof voxels proportionalto the
length. Thisis the casein generafor tubular shapes.

Let usassumehatthe globalsectionof our aortais con-
stantin our dataset. This is approximatelytrue in large
parts,butbecomeswrongassumptiorn theverythin parts
of thevesselandarteries But we canassumehatthefront
propa@tesat the samespeednsidethe object. Therefore,
the numberof voxels visited is proportionalto the section
area.Thentheslopecollapsecanbeeasilydetectedisinga
simplethresholdon the slope,dependingon the objectwe
wantto extract. Evenif thereareaneurysmsn the dataset,
andevenif themeansectionof theobjectincreasesvith the
depth,we canassumehatwe do notwantto extractanob-
jectwhichis twicethemaximumsection.We couldthende-
rive a criterionon the maximumsectionof the objectSax
which gives a relatedvalue of minimal slope. Recording
the £rstiterationwherethe slopedecreasest givesusthe
maximumdistancevherewe muststoppropagtion.

3.5 Discussion
What is the gain of our approach? Toward level-sets

implementation®f tubular shapeextraction,asin [12, §],
solving the Eikonal equationin o(n log(n)) is muchfaster

thanary time-dependenschemesincethis is the station-
ary caseof Hamilton-Jacobequation(Seg[11] for details).
Thefreezingalgorithmreduceghe numberof pointsvisited
to asmallportionof theimage leadingto accuratesggmen-
tationin 10 secondsfor the MR datasetshowvn in £gure2,
onacommerciakomputer

3.6 Conclusion

Concerningtree tracking application, main improve-
mentshbroughtby this methodare to acceleratehe com-
putations by visiting a very smallnumberof voxelsduring
propagtion, andto segmentthin tubular structuresthere-
fore enablingthe centeringof trajectoriesnsidethosetubu-
lar structures. Furtherwork will concernthe extraction
of the multiple trajectoriesfogethemwith the segmentation
step,in a single processfor visualizationand quanti£ca-
tion of pathologies.Thosetrajectoriescanbe the input to
anendoscopidool, asdonein [5].
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