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Abstract

ActiveContour (or Snake) Model is recognizedas one
of theef�cient tools for 2D/3D image segmentation.How-
ever, traditional snake modelsprove to be limited in sev-
eral aspects.Thepresentpaperdescribesa setof diffusion
equationsappliedto imagegradientvectors,yieldinga vec-
tor �eld over the image domain. Theobtainedvector�eld
providesthe Snake Model an external force as well as an
automaticway to generate the initial contours. Finally a
region merging techniqueis employedto further improve
thesegmentationresults.

1. Intr oduction

Sinceit was�rst proposedby M.Kassetc.[1], activecon-
tour (or snake) model has drawn a lot of attentionfrom
researchersin image-related�elds. Due to its ef�ciency
of converging to the desiredfeatureswithin an imageby
simplyde�ning anenergy function,snakemodelhasfound
many applicationssuchasedgedetection,shapemodeling,
segmentation,andmotiontracking(e.g.,see[1, 3, 10]).

The traditionalsnake model [1] in 2D is de�ned by an
energy functional:
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termswithin theabove integral standfor the internalforce
that is determinedby thephysicalpropertiesof thesnakes,
while the third term is viewed asthe externalforce that is
themainissuediscussedin activecontourmodels.

Generallythereareseveral dif�culties with this model.
One is its sensitivity to the initial contours. Sometech-
niqueshave beenproposedto rectify this problem, e.g.,
multi-scalemethod[6], distancepotentialforce [3], in�at-
ing balloons[7], and more recently, gradient vector �ow
(GVF) [2]. Thesetechniquesextendtheexternalforceto a
muchlarger rangeover the imagedomainandthusreduce
thesensitivity to theinitial contours.

The seconddif�culty with the traditionalmodel is that
it is dif�cult for thesnake to move into theboundarycon-
cavities. As we know, the internalforceof a snake usually
makesthesnake asstraightaspossible.Thus,if theexter-
nal forcein (1) is not largeenoughto pull thesnakeinto the
boundaryconcavities, the snake will alwaysstopnearthe
“entrance”of theconcavities. Althoughseveralapproaches
have beenproposedto solve this problem(e.g.,see[7, 3]),
most of them do not give satisfying results. Xu's GVF
method[2] andits improvedversion[4] wereoriginallypro-
posedto remedythis problembut still did not work very
well in thecaseof long andthin boundaryconcavities (see
next sectionfor details).Furthermore,it remainsaproblem
to handleboundary“gaps” or low-contrastboundariesthat
areoverwhelmedby thenearbyhigh-contrastboundaries.

A third problemwith the traditionalsnake modelis the
stoppingcriterion. As we know, this model stopswith a
snake correspondingto the global minimum of (1). Thus
sometime-consumingtechniques,such as simulatedan-
nealing [11] or dynamicprogramming[10] areneededto
avoid the problemscausedby local minima. Furthermore,
evenin thecasethattheglobalminimumis achieved,the�-
nal solutionis still highly dependenton thechoiceof initial
parameters.A dual-snake technique[12] wasusedto re-
ducethedependenceonthechoiceof parameters.Similarly
we will usea multiple-snakeschemeto achievethisgoal.

In thepresentpaperweproposeanew typeof anisotropic
diffusion equationsto obtain the gradient vector �eld ,
whichnotonlyprovidesusagoodguessof theinitial snakes
but alsogeneratesanexternalforceoneachpixel in theim-
agedomain. Unlike thediffusionequationsseenin [2, 4],
our diffusion schemeis basedon the magnitudesandori-
entationsof thevectors.This strategy greatlyimprovesthe
behaviorsof thevectordiffusionwhendealingwith bound-
aryconcavitiesor “gaps” thatXu'smethodandevenits im-
provedversioncannotsolve ef�ciently . Our proposedgra-
dientvectordiffusion(GVD)scheme,coupledwith theidea
of multiple-snake, can correctly obtain an initial segmen-
tation, andthena region merging approachis usedto �nd
thedesiredsegmentationof theentireimage.We shallalso
brie�y describethe relationshipbetweenour GVD-based



approachandtheclassicwatershedmethod[14].
We organizethe paperas follows: in section2 we de-

scribehow to generatea gradientvector �eld anddemon-
stratethe differencebetweenour GVD schemeand Xu's
method.Section3 will discusshow thegradientvector�eld
generatedby our methodcanbeappliedto imagesegmen-
tation. Thenwe shallpresentsomesegmentationresultson
varioustypesof imagesin section4. Finally in section5,
we concludethepaper.

2. Gradient Vector Diffusion

2.1. PreviousWork and Analysis

In thework of Xu etc.[2, 4, 5], The following diffusion
equationswereused:
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Thisdiffusionmodelwasoriginally proposedto remedy

theproblemof thetraditionalsnakemodelin caseof bound-
aryconcavities(see�g.1(a) where���! areshown). How-
ever, it doesnot work well whentheboundaryconcavities
arelong andthin (see[4]). ThenXu etc. proposeda gener-
alizedversionof this model,aimingto handlethelong and
thin concavities. Unfortunatelyeven the generalizedver-
sion (GGVF) still could not handlethesecasesef�ciently .
Thereasonis that,asshown in �g.1(a), thevectorspropa-
gatedfrom � to " arevery “weak” (with low magnitudes)
while thevectorspropagatedfrom � and  to " arerela-
tively muchstronger, yielding the diffusedvectorsaround

" pointingeitherup or down. Anotherproblemwith both
modelsis how to prevent the snakes from moving out of
theboundaries“gap” or low-contrastboundariesnearhigh-
contrastboundariesasshown in �g.1(a) aroundpoint # .

2.2. Our Approach

RememberthatGVF andGGVF apply thediffusionon
Cartesiancoordinaterepresentation(

�

and
�

) of vectors.
Actually, applyingthediffusionon $ (themagnitudeof vec-
tor) and % (theorientationof vector)cangreatlyimprovethe
behaviorsof thevectordiffusion.Fig.1(b)showshow these
two differentwaysdiffusetwo vectorsandhave totally dif-
ferentresults. For the diffusionschemebasedon $ and % ,
a very weakvectorcanlargely affect a strongvector, both
on its magnitudeandon its orientation. This is the essen-
tial ideafor our new diffusion approach.Furthermore,by
usingananisotropicscheme,we canchooseto weakenthe
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(a) Twoproblemswith GVF (b) Solutions

Figure 1. Illustration 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.

Beforewedescribeourdiffusionequations,weshallgive
a de�nition of sink, whichwill beusedin our algorithm:
De�nition Givena vector�eld )

*

�,+$9.-2�#9/+ = 0, 01020
9/3







; -

= 0, 02010
954







, where 3 , 4 arethe sizeof the imagedo-
main.Thesink of apixel � at

�,+$9.-2�
, denotedby

�2+.4
6 �,+$9.-2�
,

is de�ned asthe total incomingamountsat � from all its
neighborsminusthethemagnitudeof thevectorat � .

In thefollowing wewill usedifferentschemesto diffuse
thevectormagnitude$ andorientation% .

Our approachusesan anisotropicdiffusion scheme[8]
for thediffusionprocessof $ :
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Otherwiseit is equalto zero.In equation(3), $
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standsfor the initial vector �eld that can be
determinedby

	

�

. According to the de�nition, the sink
is muchlargeraroundtheboundarypointsthanelsewhere.
So � �

)
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� canreducethediffusioneffect aroundboundary
pointswhile encouragingthediffusionelsewhere.

Thediffusionequationfor vectororientation% playsan
importantrole on makingthevector�eld more“sensitive”
to theboundaryconcavities but less“sensitive” aroundthe
boundarygaps.Weshallassumethattheorientationsof the
vectorsareperiodicallyde�ned on
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for vectororientation% lookssimilar to (3):
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where%gf is theorientationof oneof theneighbors.
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This weightingfunctionbasicallytells usthat,if thediffer-
enceof two vectors' orientations%

�

and %

�

is about
b��

�

,
thenthey canaffecteachothermostsigni�cantly. But if the
differenceis a little bit greaterthan

b��

�

, their in�uence to
eachotherwill rapidlydecreaseto zero.

In (4) wereplace
	

% (asit shouldbein mostanisotropic
diffusionmethods)with

1[+
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for this changeis that in our casetheorientation% is peri-
odicallyde�ned on
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shouldbetheanglebetweenthetwo correspondingvectors.
And this anglecouldbe positive or negative dependingon
the orientationsof thesetwo vectors. Therefore,the well-
known MaximumPrinciple [8] in traditionalheatdiffusion
schemeis no longertruein thecaseof orientationdiffusion.

2.3. Comparisonwith Xu' sMethod

Fig.2(a) and(b) show theenlargedvector�eld nearthe
boundaryconcavity (see�g.1(a) around� �! ). It is clearly
shown that, by our approach,the vectorsin the concavity
obviously changedtheir magnitudesand orientationsand
thusthesnake caneasilymove into thebottomof thecon-
cavity. Fig.2(c)and(d) show theenlargedvector�eld near
the boundarygap(see�g.1(a) around # ). As we cansee
from �g .2(c), traditionalGVF hasdif�culty preventingthe
vectorsneartheboundarygapfrom beingsigni�cantly in-
�uenced by the nearbyboundaries,so that the snake may
moveout of theboundarygap.However, our approachcan
avoid this problem.

3. ImageSegmentation

In this sectionwe will brie�y discusshow to apply the
gradientvector�eld obtainedby our approachto theimage
segmentation.As we have saidbefore,thegradientvector
�eld providesusanexternalforceat eachpixel aswell asa
way to generatetheinitial snakes.

3.1. Initialization of Snakes

Thereareseveral ways to choosethe initial snakes(or
seedpoints):by hand,by “balloons”,or by thelocusof the
zero-crossingof theLaplacianof thesmoothedimages(see
[9] for a summary). In our case,we will usethe source
points(de�ned later)asourseeds.Thesourcepointscanbe
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Figure 2. The comparison between the tra­
ditional GVF method and our appr oach for
their behavior s on the boundar y conca vity
and boundar y gap

automaticallygeneratedfrom thegradientvector�eld.
De�nition : A point is calledsourceif noneof its neighbors
pointsto it. In otherwords,apoint � is asourceif andonly
if, for any neighbor of � :
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is thediffusedgradientvectorat  and )

 �� is the
vectorfrom  to � .

3.2. Initial Segmentationand RegionMerging

After we identify all seedpoints, then we can let the
initial snakesstart to move with the external force that is
determinedby thepreviously generatedvector�eld. Then
an initial segmentationis obtainedover the imagedomain.
Rememberthatwe usemultiple snakesin our algorithmto
reducethedependenceonthechoiceof parameters,like the
dualactivesnakeseenin [12]. After theinitial segmentation
weuseregionmergingtechnique[13] to furtherimprovethe
segmentationresults.

It is bene�cial to take a look at the relationshipbe-
tweenthewell-known watershedmethod(see[14, 13]) and
our method. The watershedmethodbegins with the im-
agegradientmapandtakesthe minima of this mapasthe
seeds.A geodesicdistancetransformationis usuallyused
to obtainthe “in�uence zone”,makingthis approachquite
complicatedto implement [14]. In our approach,how-
ever, it is straightforward to implementinitial segmenta-
tion basedon the gradientvector �eld. Furthermore,the
watershedmethodis sensitive to the noisesso that some



(a) Initial segmentation (b) After regionmerging

Figure 3. Image segmentation (example I)

(a) Initial segmentation (b) After regionmerging

Figure 4. Image segmentation (example II)

kind of smoothing�lters mustbeusedbeforewe applythis
method.However, our gradientvectordiffusioncangener-
atethevector�eld while smoothingit.

4. Results

In the following we will give someexamplesof image
segmentationby ourGVD-basedregionmergingapproach.
Fig.3 shows anexampleof microscopy images.The initial
segmentationproduces100regions(asseenin (a)) andafter
region merging only 14 regions,includingonebackground
region, areremained.Althoughtheoriginal imageis quite
blurred,thecellsarestill correctlysegmented.Fig.4 shows
an exampleof medicalimages.Thereare688 regionsleft
after initial segmentation,and16 regions left after region
merging. In this examplewe canseethat themostsigni�-
cantfeaturesarepreservedwhile thenoisesareignored.

5. Conclusion

This paperproposeda new type of diffusion equations
to generateGradientVectorField. We diffusedthevectors
basedon their polar coordinaterepresentationsinsteadof
traditionalCartesiancoordinaterepresentations.Theexper-
imentsshow that our new approachnot only can remedy
the problemsthat traditional snake modelshave, but also
cansolve the problemsof long-thin boundaryconcavities
andboundarygapsasseenin traditionalGVF methods.
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