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Abstract

Active Contour (or Snale) Model is recaynizedas one
of the efcient tools for 2D/3D image segmentation.How-
ever, traditional snale modelsprove to be limited in sev-
eral aspectsThepresentpaperdescribesa setof diffusion
equationsappliedto image gradientvectos, yieldinga vec-
tor eld overtheimage domain. Theobtainedvector eld
providesthe Snale Model an external force as well as an
automaticway to geneate the initial contours. Finally a
region meging techniqueis employedto further improve
thesggmentatiorresults.

1. Intr oduction

Sinceit was rst proposedy M.Kassetc[1], active con-
tour (or snale) model hasdravn a lot of attentionfrom
researcherén image-relatedelds. Due to its ef ciency
of corverging to the desiredfeatureswithin animage by
simply de ning anenegy function,snale modelhasfound
mary applicationssuchasedgedetection shapenodeling,
segmentationandmotiontracking(e.g.,see€[1, 3, 10]).

The traditional snale model[1] in 2D is de ned by an
enegy functional:

- 1)

where , and . The rst two
termswithin the above integral standfor the internalforce
thatis determinedy the physicalpropertiesof the snales,
while the third termis viewed asthe externalforce thatis
themainissuediscussedn active contourmodels.

Generallythereare several dif culties with this model.
Oneis its sensitvity to the initial contours. Sometech-
nigueshave beenproposedto rectify this problem, e.g.,
multi-scalemethod[6], distancepotentialforce[3], in at-
ing balloons[7], and more recently gradientvector ow
(GVF)[2]. Thesetechniquesxtendthe externalforceto a
muchlargerrangeover the imagedomainandthusreduce
thesensitvity to theinitial contours.

The seconddif culty with the traditionalmodelis that
it is dif cult for the snale to move into the boundarycon-
cavities. As we know, the internalforce of a snale usually
malkesthe snale asstraightaspossible. Thus,if the exter
nalforcein (1) is notlargeenoughto pull thesnale into the
boundaryconcaities, the snale will always stop nearthe
“entrance”of the concaities. Althoughseveralapproaches
have beenproposedo solve this problem(e.g.,see[7, 3]),
most of them do not give satisfying results. Xu's GVF
method2] anditsimprovedversion[4] wereoriginally pro-
posedto remedythis problembut still did not work very
well in the caseof long andthin boundaryconcaities (see
next sectionfor details).Furthermoreit remainsa problem
to handleboundary‘gaps” or low-contrastboundarieghat
areoverwhelmedy the nearbyhigh-contrasboundaries.

A third problemwith the traditionalsnale modelis the
stoppingcriterion. As we know, this model stopswith a
shale correspondingdo the global minimum of (1). Thus
sometime-consumingtechniques,such as simulatedan-
nealing[11] or dynamicprogramming[10] are neededo
avoid the problemscauseddy local minima. Furthermore,
evenin thecasehattheglobalminimumis achieved,the -
nal solutionis still highly dependenon the choiceof initial
parameters.A dual-snale technique[12] was usedto re-
ducethedependencenthechoiceof parametersSimilarly
we will useamultiple-snak schemeo achieve thisgoal.

In thepresenpapewe proposeanew typeof anisotropic
diffusion equationsto obtain the gradient vector eld,
whichnotonly providesusagoodguesf theinitial snales
but alsogenerateanexternalforceon eachpixel in theim-
agedomain. Unlike the diffusion equationsseenin [2, 4],
our diffusion schemeis basedon the magnitudesand ori-
entationsof the vectors.This strategy greatlyimprovesthe
behaiors of the vectordiffusionwhendealingwith bound-
ary concaities or “gaps” thatXu's methodandevenits im-
provedversioncannotsolve ef ciently . Our proposedyra-
dientvectordiffusion(GVD) schemecoupledwith theidea
of multiple-snak, can correctly obtainan initial segmen-
tation, andthena region meming approachs usedto nd
the desiredsegmentatiorof the entireimage.We shallalso
brie y describethe relationshipbetweenour GVD-based



approachandtheclassicwatershednethod[14].

We organizethe paperasfollows: in section2 we de-
scribehow to generatea gradientvector eld anddemon-
stratethe differencebetweenour GVD schemeand Xu's
method.Section3 will discusshow thegradientvector eld
generatedy our methodcanbe appliedto imagesegmen-
tation. Thenwe shallpresensomesegmentatiorresultson
varioustypesof imagesin section4. Finally in section5,
we concludethe paper

2. Gradient Vector Diffusion
2.1 Previous Work and Analysis

In the work of Xu etc[2, 4, 5], The following diffusion
equationsvereused:

(2)

where is initialized by and is an
edgemapof the originalimage:

This diffusionmodelwasoriginally proposedo remedy
theproblemof thetraditionalsnale modelin caseof bound-
ary concaities (see g.1(a) where areshowvn). How-
ever, it doesnot work well whenthe boundaryconcaities
arelong andthin (see[4]). ThenXu etc. proposecdh gener
alizedversionof this model,aimingto handlethelong and
thin concaities. Unfortunatelyeven the generalizedver-
sion (GGVF) still could not handlethesecasesef ciently .
Thereasonis that,asshavn in g.1(a), the vectorspropa-
gatedfrom to arevery“weak” (with low magnitudes)
while thevectorspropagatedrom and to arerela-
tively much stronger yielding the diffusedvectorsaround

pointing eitherup or down. Anotherproblemwith both
modelsis how to prevent the snalesfrom moving out of
theboundariesgap” or low-contrastboundariesiearhigh-
contrastooundariesasshovnin g.1(a) aroundpoint

2.2 Our Approach

Remembethat GVF and GGVF apply the diffusionon
Cartesiancoordinaterepresentatiorf and ) of vectors.
Actually, applyingthediffusionon (themagnitudeof vec-
tor)and (theorientationof vector)cangreatlyimprovethe
behaiors of thevectordiffusion. Fig.1(b)shovs how these
two differentwaysdiffusetwo vectorsandhave totally dif-
ferentresults. For the diffusion schemebasedon and ,
a very weakvectorcanlargely affect a strongvector, both
on its magnitudeandon its orientation. This is the essen-
tial ideafor our new diffusion approach.Furthermore py
usingananisotropicschemeye canchooseo wealenthe

VZANN

(a) Two problemswith GVF

(b) Solutions

Figure 1. lllustration of the problems and so-
lutions. and in (b) stand for the diffused
vector by Xu's method and our method, re-
spectivel y

orientationdiffusion(aswewill seein thefollowing) if two
vectorsarepointingin almostoppositedirections.Thenthe
problemof boundary‘gaps” canbeeasilysolved.

Beforewedescribeourdiffusionequationsye shallgive
ade nition of sink whichwill beusedin our algorithm:
De nition Givenavector eld =0, ;
=0, , where , arethesizeof theimagedo-
main. Thesink of apixel at , denotedby ,
is de ned asthe total incomingamountsat  from all its
neighboraninusthethe magnitudeof the vectorat

In thefollowing we will usedifferentschemeso diffuse
thevectormagnitude andorientation .

Our approachusesan anisotropicdiffusion scheme[8]
for thediffusionprocesf :

— ®3)

where

and

where is equalto if

Otherwiset is equalto zero.In equation(3),

where standsfor the initial vector eld that can be
determinedby . Accordingto the de nition, the sink
is muchlargeraroundthe boundarypointsthanelsavhere.
So canreducethediffusioneffectaroundboundary
pointswhile encouraginghediffusionelsavhere.

The diffusion equationfor vectororientation playsan
importantrole on makingthe vector eld more“sensitve”
to the boundaryconcavities but less“sensitve” aroundthe
boundarygaps.We shallassumehatthe orientationsof the
vectorsare periodicallyde ned on . The equation
for vectororientation lookssimilarto (3):

(4)



where istheorientationof oneof theneighbors.

and arede ned sameasin (3). But is different
from in (3):
- if -
—— jf =

This weightingfunctionbasicallytells usthat, if thediffer-
enceof two vectors' orientations and is about
thenthey canaffecteachothermostsigni cantly. Butif the
differenceis alittle bit greatethan , theirin uence to
eachotherwill rapidly decreas¢o zero.

In (4) wereplace (asit shouldbein mostanisotropic
diffusionmethods)with . Thereason
for this changeis thatin our casethe orientation is peri-
odicallyde ned on . Sothedifferencebetweertwo
angles and cannotbesimplywrittenas , but
shouldbetheanglebetweerthetwo correspondingectors.
And this anglecould be positive or negative dependingon
the orientationsof thesetwo vectors. Therefore the well-
known MaximumPrinciple [8] in traditionalheatdiffusion
schemas nolongertruein thecaseof orientationdiffusion.

2.3 Comparisonwith Xu'sMethod

Fig.2(a) and(b) shav the enlagedvector eld nearthe
boundaryconcaity (seeg.1(a) around ). ltisclearly
shawvn that, by our approachthe vectorsin the concaity
obviously changedtheir magnitudesand orientationsand
thusthe snale caneasilymove into the bottomof the con-
cavity. Fig.2(c)and(d) shav the enlagedvector eld near
the boundarygap (see g.1(a) around ). As we cansee
from g.2(c), traditional GVF hasdif culty preventingthe
vectorsnearthe boundarygapfrom beingsigni cantly in-

uenced by the nearbyboundariesso that the snale may
move out of the boundarygap. However, our approachcan
avoid this problem.

3. Image Segmentation

In this sectionwe will brie y discusshow to apply the
gradientvector eld obtainedby our approacho theimage
segmentation.As we have saidbefore,the gradientvector

eld providesusanexternalforceateachpixel aswell asa
way to generateheinitial snales.

3.1 Initialization of Snakes

Thereare several waysto choosethe initial snales (or
seedpoints): by hand,by “balloons”, or by the locusof the
zero-crossingf the Laplacianof the smoothedmagessee
[9] for a summary). In our case,we will usethe source
points(de ned later)asour seedsThesouicepointscanbe
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(c) Xu's method (d) Our method

Figure 2. The comparison between the tra-
ditional GVF method and our approach for
their behaviors on the boundar y conca vity
and boundar y gap

automaticallygeneratedrom thegradientvector eld.

De nition : A pointis calledsourceif noneof its neighbors
pointsto it. In otherwords,apoint isasourceif andonly
if, for any neighbor of

where isthediffusedgradientvectorat and isthe

vectorfrom to
3.2 Initial Segmentationand RegionMerging

After we identify all seedpoints, then we can let the
initial snalesstartto move with the external force thatis
determinedby the previously generatedrector eld. Then
aninitial segmentations obtainedover theimagedomain.
Remembethatwe usemultiple snalesin our algorithmto
reducethedependencenthechoiceof parameterdjkethe
dualactvesnaleseenn [12]. After theinitial sggmentation
weuseregionmemingtechniqud13] to furtherimprovethe
segmentatiorresults.

It is bene cial to take a look at the relationshipbe-
tweenthewell-known wateishedmethod(see[14, 13]) and
our method. The watershedmethodbegins with the im-
agegradientmap andtakesthe minima of this mapasthe
seeds.A geodesidistancetransformations usuallyused
to obtainthe “in uence zone”, makingthis approachyuite
complicatedto implement[14]. In our approach,how-
ever, it is straightforvard to implementinitial sggmenta-
tion basedon the gradientvector eld. Furthermorethe
wateishedmethodis sensitve to the noisesso that some



(a) Initial segmentation  (b) After regionmemging

Figure 3. Image segmentation (example 1)

(a) Initial segmentation  (b) After region memging

Figure 4. Image segmentation (example II)

kind of smoothinglters mustbe usedbeforewe applythis
method.However, our gradientvectordiffusioncangener
atethevector eld while smoothingt.

4. Results

In the following we will give someexamplesof image
segmentatiorby our GVD-basedegion meiging approach.
Fig.3 shavs an exampleof microscoy images.Theinitial
segmentatiorproduced 00regions(asseenin (a)) andafter
region memging only 14 regions,includingonebackground
region, areremained.Althoughthe original imageis quite
blurred,the cellsarestill correctlysegmented.Fig.4 shovs
an exampleof medicalimages. Thereare 688 regionsleft
after initial sggmentation,and 16 regionsleft after region
meiging. In this examplewe canseethatthe mostsigni -
cantfeaturesarepreseredwhile the noisesareignored.

5. Conclusion

This paperproposeda new type of diffusion equations
to generateGradient\ector Field. We diffusedthe vectors
basedon their polar coordinaterepresentationssteadof
traditionalCartesiarcoordinateaepresentations he exper
imentsshav that our new approachnot only canremedy
the problemsthat traditional snale modelshave, but also
can solve the problemsof long-thin boundaryconcaities
andboundarygapsasseenin traditional GVF methods.
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