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Abstract

Thestandardgeometricor geodesicactivecontourisapowerful segmentationmethod,
yet it is susceptibleto weakedgesandimagenoise.We proposea new region-aided,
geometric,colouractive contourthatintegratesgradientflow forceswith regioncon-
straints.Theseconstraintsarecomposedof imageregion vectorflow forcesobtained
throughthe diffusion of the region segmentationmap. The extra region forcegives
thesnake a globalview of theboundaryinformationwithin the imagewhich, along
with the local gradientflow, helpsdetectfuzzy boundariesandovercomenoisy re-
gions.Thepartialdifferentialequation(PDE)resultingfrom this integrationof image
gradientflow anddiffusedregionflow is implementedusingthelevel setapproach.

1 Introduction

Theparametricactivecontouror ‘snake’, developedby Kassetal. [8], minimisesaspline-
baseddeformingcurve towardsthepull of featuressuchasedgesandlines. Theenergy
is composedby termsthat control its smoothnessandattractit to the objectboundary.
Region-basedparametricsnake frameworkshave beenreported,e.g. [3], however these
still suffer from thedisadvantagesof parametriccontoursfor shaperepresentation.

Thegeometricmodelof active contours,simultaneouslyproposedby Caselleset al.
[1] andMalladi etal. [10], avoidstheneedto reparameterizethecurveandis basedonthe
theoryof curveevolution in timeaccordingto intrinsicgeometricmeasuresof theimage.
It is numericallyimplementedvia level setalgorithms[14]. This helpsto automatically
handlechangesin topologyandhence,without resortingto dedicatedcontourtracking,
unknown numbersof multiple objectscanbedetectedsimultaneously. Furthermore,ge-
ometricsnakescanhavemuchlargercaptureareasthanparametricsnakes.Nevertheless,
they still suffer from two significantshortcomings.First, they allow leakageinto neigh-
bouringimageregionswhenconfrontedwith weakedges,andsecond,they may restat
local maximumsin noisy images. We handleboth theseproblemsin this paperby in-
troducinga diffusedregion force into the standardgeometricsnake formulation. The
proposedmethodis referredto astheRegion-aided Geometric Snake or RAGSto reflect
that it integratesgradientflow forceswith diffusedregion forces. The diffusedregion
force is obtainedfrom the region segmentationmapvectorflow andgivesthe snake a
globalview of theobjectboundaries.Thetheoryis independentof any particularregion
segmentationtechnique.We implementthePDEresultingfrom theproposedmethodnu-
mericallyusinglevel settheory[14] which enablestopologicalchangesto bedealtwith



automatically. In theresultssection,we illustratetheweakedgeimprovementsandeval-
uatethetoleranceto noise.Moreover, usingcolouredgegradients(after[13]), theRAGS
snakewill beshown to naturallyextendto objectdetectionin colourimages.

Therehasbeena numberof worksbasedon thegeometricsnakeandlevel setframe-
work, e.g. [15, 12, 17]. For example,Siddiqi et al. [15] augmentedtheperformanceof
thestandardgeometricsnake (thatminimisesa modifiedlengthfunctional),by combin-
ing it with a weightedareafunctionalwith an imagedependentweightingfactor. This
resultedin a modificationof theconstanttermof thecurve to helpit move in thedesired
directionmoreefficiently. However, this still did not provide a satisfactorysolution to
theweakedgeleakageproblem[15]. ParagiosandDeriche[12] presentedtheirGeodesic
ActiveRegionmodelin [12] which initially modeledtheimageusingaGaussianmixture
modelto determinethenumberof regionsandtheirstatistics.Then,multiplecurveswere
usedto considereachseparatehomogeneousregion andits probabilisticallydetermined
boundariesin a bimodalfashionwithin a geodesicsegmentationframework. Their active
region modelconsistedof a region boundarytermanda region termwhich actedasthe
externalpressureforceandwasimplementedvia thelevel setalgorithm.In [17], Yezziet
al. developedcoupledcurveevolutionequationsandcombinedthemwith imagestatistics
for imagesof a known numberof region types(bimodalandtrimodal),with every pixel
contributing to thestatisticsof theregionsinsideandoutsideanevolving curve.

2 Background

Planargeometricactive contoursevolve with a velocity vector in the directionnormal
to the curve usinga reaction-diffusion model from mathematicalphysics[1, 10]. The
velocitycontainsaconstant(hyperbolic)motiontermthatleadsto theformationof shocks
from which a representationof shapescanbe derived,anda (parabolic)curvatureterm
that smoothsthe front, showing up significantfeaturesandshorteningthe curve. In [2]
and[11] theformulationof thegeodesicactivecontour, hereafteralsoequallyreferredto
asthestandardgeometricor geodesicsnake,wasintroduced.

For a 2D active contourC � x � t � the Euclideancurve shorteningflow is Ct � κ �� ,
wheret denotestime, κ is the Euclideancurvature,and �� is the inward unit normal
of the contour. Among its many usefulproperties,this formulationprovidesthe fastest
way to reducetheEuclideancurve lengthin thedirectionof thegradientof thecurve [9].
Given the input imageI : � 0 � a 	�
�� 0 � b 	�
 ℜ � in which the taskof extractingan object
contouris considered,andthe Euclideanlengthof curveC asL �����C ��� q � � dq, thenthe
Euclideanlengthof a curveC in Riemannianspaceis:

Lℜ : ��� 1

0
g � �∇I � C � q ��� � � �C � � q � � dq (1)

whereg ����� representsa decreasingfunctionsuchthatg � x ��
 0 asx 
 ∞, andg � x ��
 1
asx 
 0. As shown in [2], thesteadystateis achievedby solvingthefollowing equation,
showing how eachpoint in theactivecontourshouldmovein orderto decreasethelength.
TheEuler-Lagrangeof (1) givestheright-handsideof (2). Then,usingEuler-Lagrangeas
shown in [2], thesteadystateof theactivecontouris achievedby minimising(1) showing
how eachpoint in theactivecontourshouldmovein orderto decreasethelength:

Ct � g � �∇I � � κ ���� � ∇g � �∇I � �� !�� �"�� (2)



Thefirst termin (2) is thecurvaturetermmultipliedby theweightingfunctiong ����� which
couldbeanedgeindicationfunction thathaslargervaluesin homogeneousregionsand
very small valueson the edges.Since(2) is slow, Caselleset al. [2] addeda constant
inflation term Ct � �� to speedup the convergence. Integrating it into the geometric
snakemodelletsthecurvatureflow remainregular:

Ct � g � �∇I � �#� κ $ c � ���� � ∇g � �∇I � �� �� � �� (3)

wherec is a realconstantmakingthecontourshrinkor expandto anobjectboundaryata
constantspeedin thenormaldirection. Thesecondtermof (2) or (3) actslike a doublet
whichattractsthesnaketo thefeatureof interestsincethevectorsof ∇g point towardsthe
middleof theboundaries.

Despitetheirsignificantadvantages,geometricsnakesonly uselocal informationand
suffer from sensitivity to localminima.Hence,they areattractedto noisypixelsandalso
fail to recogniseweakeredgesfor lackof abetterglobalview of theimage.Theconstant
flow term can speedup convergenceand pushthe snake into concavities easily when
gradientvaluesatobjectboundariesarelarge.But whentheobjectboundaryis indistinct
or hasgaps,it canalsoforce the snake to passthroughthe boundary. The secondterm
in (3) attractsthecontourcloserto theobjectboundaryandalsopulls backthecontourif
it leaksthrough,yet theforcemayjust not bestrongenoughsinceit still dependson the
gradientvalues.Together, theforcesin (3) cannot preventweakedgeleakage.The left
framein Fig. 1 demonstratesthisshortcomingof thestandardgeometricsnakewheredue
to thegradualchangeof theintensity, thecontourleaksthrough.

Figure 1: Weak-edgeleakage- left frame: geodesicsnake stepsthrough; right frame:
RAGSsnakeconvergesproperlyusingits extra region force.

3 Region-aided Geometric Snake

To make thegeometricsnake muchmoretoleranttowardsweakedgesandimagenoise,
we proposea novel approachto integratethe gradientflow forcewith a diffusedregion
force of the imageresultingin our region-aidedgeometric/geodesicsnake, RAGS. The
new region-derivedforce introducesglobal imagefeaturesandis aimedat complement-
ing thegradientflow force’s local objectboundaryinformation. We show that this com-
bination of forcesnot only improves the performanceof the geometricsnake towards
weakedges,but alsomakesit moreimmuneto noise.TheresultingPDEthenevolvesan
initial contourtowardsfinal convergenceunderthe influenceof both internalforcesand
boundary-regionalimageforces,andcanbeimplementedvia level sets.

Thegradientflow force is obtainedhereasin otheractive contourformulations,e.g.
[16, 13, 2, 15, 9]. Thenew region forcecanbegeneratedfrom any imagesegmentation
technique,e.g. [4, 5]. This meansthat while RAGS is independentof any particular
segmentationmethod,it is dependenton the quality of the regionsproduced.However,



we show a gooddegreeof toleranceto (reasonable)segmentationquality, andthat our
snake indeedactsasa refinementof the initial region segmentation. To examinethis,
we will presentresultson region mapsobtainedfrom both the under-segmentationand
over-segmentationoptionsof thesoftwarefrom ComaniciuandMeer[4].

3.1 Region force diffusion

The region force can be generatedby a variety of segmentationtechniques,greylevel
or colour. The segmentationsplits the imageinto seceralregionsdistinguishedby their
dominantcolour. The gradientof this segmentationmapgivesregion constraintsin the
vicinity of theregionboundariesR. While thesnakeevolvesin a homogeneousregion, it
doessomainlybasedon thegradientflow force. If thesnaketriesto stepfrom oneregion
into another, it mustconcurwith theregionforcesinceit breakstheregioncriteria,which
probablyindicatesa leakage.Thecaptureareaof thepureregion forceis quitesmall. A
gradientvectordiffusionmethodwasproposedin [16] to extendthegradientmapfurther
away from the edgesfor a largercapturefield. We usethis sameconceptto diffusethe
region boundarygradientmapresultingin region forceswith a largercaptureareaalong
theregionboundaries.Hence,thesolutionof thegeneralisedregionvectorflow equation
is theequilibriumstateof%

p � �∇R � � ∇2u
�

q � �∇R � �&� u � ∇Ru � � 0
p � �∇R � � ∇2v

�
q � �∇R � �&� v � ∇Rv � � 0

(4)

where∇2 is theLaplacianoperatorwith dimensionsu andv, andp ����� andq ����� areweight-
ing functionsthat control the amountof diffusion. Theseareselectedso that p ����� gets
smallerasq ��� � becomeslargerwith thedesirablepropertyof little smoothingin theprox-
imity of largegradientsandthevectorfield will benearlyequalto thegradientof region
map.We usethefollowing functionsfor diffusingtheregiongradientvectors:%

p � �∇R � � � e ')(+*∇R , K * -
q � �∇R � � � 1

�
p � �∇R � � (5)

with K aconstant,actingasatradeoff betweenfield smoothnessandgradientconformity.

3.2 RAGS formulation

TheRAGSformulationcanbederivedby consideringthediffusedregionforceasanextra
externalforceof thesnake. Theoriginal internalandexternalforcesof (3) aregivenby%

Fint � g � �∇I � � κ ��
Fext � g � �∇I � � c ��.�

∇g � �∇I � � (6)

whereg ��� � is the stoppingfunction asbefore. Now we addthe diffusedregion force to
theexternalterm:

Fext � αg � �∇I � �/�� $ β R̃
�

∇g � �∇I � � (7)

whereR̃ is theregion forcevectorfield obtainedin (4) andα is a new constantincorpo-
rating c andcausesbehaviour that is similar to c. Constantsα andβ act asa tradeoff
betweengradientandregion forces.Thesnakeevolvesunderall theinternalandexternal



forces. As only the forcesin the normaldirectiondeformthe curve, the evolving curve
canberepresentedas

Ct � �0� Fint $ Fext �� 1�� 	2�� (8)

Finally, theregion-aidedgeometricsnake formulationbecomes:

Ct � � g � �∇I � �#� κ $ α � � ∇g � �∇I � �� �� $ β R̃  �� 	 �� (9)

3.3 Level set representation

In this section,we outline the level setimplementationof RAGS.Level setsdescribea
moving front andarethebasisfor thenumericalalgorithmfor curveevolutionaccording
to functionsof curvature[14]. Let C bea level setof a functionof φ : � 0 � a 	3
4� 0 � b 	5
 ℜ,
i.e.,C is embeddedinto thezerolevel setwith φ animplicit, intrinsic,andparameterfree
representationof curveC. Givena planarcurve thatevolvesaccordingto Ct ��6 �� for
agivenfunction 6 , thentheembeddingfunctionshoulddeformaccordingto φt �768�∇φ � ,
where6 is computedonthelevel sets.By embeddingtheevolutionof C in thatof φ , topo-
logical changesof C arehandledautomaticallyandaccuracy andstability areachieved
usingthepropernumericalalgorithm.Theinternalcurvatureandexternalpressureterms
of theRAGSformulationin (9) canbeeasilytransferredto a level setrepresentation:%

Ct � κ �� 
 φt � κ �∇φ �
Ct � g � �∇I � � c �� 
 φt � g � �∇I � � c �∇φ � (10)

The externalforcesin (9) arestaticvectorfields derived from imagedatawhich do not
changeastheactive contourdeforms.Staticforcefieldsaredefinedon thespatialposi-
tions ratherthanthe active contouritself. Since �� is the inward normal, the level set
representationof theinwardunit normalis givenby �� � � ∇φ*∇φ * . Thenwehave,

6  9�� � � 1�∇φ � � 6  ∇φ � (11)

This leadsto thelevel setrepresentationof RAGSas:

φt � g � �∇I � �&� κ $ α � �∇φ � $ ∇g � �∇I � �� ∇φ
�

β R̃  ∇φ (12)

whereg ����� is thestoppingfunctionasbefore.Theexpressionfor thecurvatureof thezero
level setassignedto theinterfaceitself is givenby

κ � div : ∇φ�∇φ ��; � φxxφ2
y
�

2φyφxφxy $ φyyφ2
x� φ2

x $ φ2
y � 3, 2 (13)

4 RAGS Snake on Vector-valued Images

The theory of boundarydetectionby the geometricor geodesicsnake can be applied
to any general‘edgedetector’function [2], with a stoppingfunction g tendingto zero
whenreachingedges.Let f beanedgedetector. Then,thedecreasingfunctiong canbe
any decreasingfunction of f suchthat g 
 0 as f 
 ∞. Whendealingwith graylevel
images, f andg (asusedin this work) are f �<�∇ � Gauss = I � � andg � � 1 $ f �>' 1. For



vector-valuedimages,e.g. a colour image,we apply the approachby di Zenzo[6] to
provideaconsistentextensionof scalargradientsbasedon asolid theoreticalfoundation.
Suchcolour edgeswere also usedby [13] and [7] for their geometricand parametric
snakesrespectively. In a vector-valuedimagethevectoredgeis consideredasthelargest
differencebetweeneigenvaluesin the tensormetric. Let Θ � u1 � u2 � : ℜ2 
 ℜm be a m-
bandimagefor i � 1 � 2 �>�?�0�0� m. For colourimages,m � 3. Thedistancebetweentwo vector
points,P � � u0

1 � u0
2 � andQ � � u1

1 � u1
2 � , is givenby @ Θ � Θ � P � � Θ � Q � . Whenthisdistance

tendsto the infinitesimal,thedifferencebecomesthedifferentialdΘ � ∑2
i A 1

∂Θ
∂ui

dui with

its squarednormgivenby

dΘ2 � 2

∑
i A 1

2

∑
j A 1

∂Θ
∂ui

∂Θ
∂u j

duidu j (14)

UsingstandardRiemanniangeometrynotation,thenlet si j � ∂Θ
∂ui
 ∂Θ

∂u j
, suchthat

dΘ2 � 2

∑
i A 1

2

∑
j A 1

si jduidu j �CB du1
du2 D T B s11 s12

s21 s22 D B du1
du2 D (15)

For a unit vectorv � � cosθ � sinθ � , thendΘ2 � v � indicatestherateof changeof theimage
in thedirectionof v. Theextremaof thequadraticform areobtainedin thedirectionsof
theeigenvectorsof themetrictensorsi j, andthecorrespondingeigenvaluesare:

λ E � s11 $ s22 F7G � s11

�
s22 � 2 $ 4s2

12

2
(16)

with eigenvectors� cosθ E � sinθ E � wheretheanglesaregivenby θ � � 1
2 arctan

2s12
s11 ' s22

and

θ ' � θ � $ π
2 . The maximalandminimal ratesof changearethe eigenvalues � λ � � λ ' � ,

with correspondingdirectionsof change� θ � � θ ' � . The strengthof an edgein a vector-
valuedcaseis not givensimply by therateof maximalchangeλ � , but by thedifference
betweentheextremums.Hence,a goodapproximationfunctionfor thevectoredgemag-
nitudeshouldbebasedon f � f � λ � � λ ' � . Therefore,wecanextendRAGSto theregion-
aidedgeometriccoloursnakeby selectinganappropriateedgefunction fcol with theedge
stoppingfunctiongcol definedsuchthatit tendsto 0 as fcol 
 ∞ asbefore:

fcol � λ � � λ ' and gcol � 1
1 $ fcol

(17)

Replacinggcol ��� � for theedgestoppingtermg ��� � in (9), wehavethecolourRAGSsnake:

Ct � � gcol � �∇I � �&� κ $ α � � ∇gcol � �∇I � �� 1�� $ β R̃  1�� 	2�� � (18)

Finally, its level setrepresentationis alsogivenby replacinggcol ����� for g ��� � in (12):

φt � gcol � �∇I � �&� κ $ α � �∇φ � $ ∇gcol � �∇I � �� ∇φ
�

β R̃  ∇φ (19)



5 Analysis and Results

TheRAGS(colour)snake propagatesunderthe influenceof four forces: (i) the internal
curvatureflow force,(ii) thepressureforcegeneratedby theconstantgradientflow, (iii)
thegradientof the(colour)edgestoppingforce,and(iv) thediffusedregion vectorforce
derived from region constraints.Theselatter constraintscanbe generatedstartingwith
any regionsegmentationmethod.Here,weapplythemeanshift algorithm[4] asageneral
greylevel/coloursegmentationtechnique.This methodprovidesstandardpre-setoptions
for over-segmentationandunder-segmentation.We will show resultsfor bothof theseto
illustratethewideapplicabilityof RAGS.

As shown earlierin Fig. 1, thestandardgeometricsnakestepsthroughtheweakedge
becausethe intensitychangesso graduallythat thereis no clearboundaryindicationin
theedgemapalone.Weakedgescanbehandledby RAGS(right frameof Fig. 1) through
theextra diffusedregion forcewhich deliversusefulglobal informationabouttheobject
boundaryandhelpspreventthesnake from steppingthrough.

Theharmonicshapein Fig. 2 wasusedto examineRAGS’s toleranceto noise.The
shapewasgeneratedusingr � a $ bcos � mθ $ c � , wherea, b, andc remainedconstant
andm � 6 wasusedto producesix ‘bumps’[16]. Varyingamountsof noisefrom 10%to
60%wasaddedandtheaccuracy of fit (i.e. boundarydescription)afterconvergencewas
measuredusingMaximumRadialError (MRE), i.e. themaximumdistancein theradial
directionbetweenthetrueboundaryandthesnake. Fig 2 showstheoriginalnoisyimages
in thetop row andtheregion segmentationsusedfor RAGSin thenext row (without any
post-processingto closegapsetc.).Thethird andfinal rowsshow theconvergedsnakefor
thestandardgeometricandRAGSsnakesrespectively. Theinitial snakein eachcasewasa
squareat theedgeof theimage.A simplesubjectiveexaminationclearlydemonstratesthe
superiorsegmentationquality of theproposedsnake. At low ratesof noise,bothsnakes
could find theboundaryaccuratelyenough.However, at increasingrates( H 20%),more

% noise 0 10 20 30 40 50 60
Stand. Geom. Error 2.00 2.23 5.00 10.00 16.16 15.81 28.17
RAGS Error 2.00 2.00 4.03 3.41 5.22 5.38 5.83

Table1: MaximumRadialError comparisonfor theHarmonicshapesin Fig. 2.

andmorelocalmaximumsappearin thegradientflow forcefield, preventingthestandard
geometricsnake from converging to the trueboundaries.TheRAGSsnake hasa global
view of thenoisy imageandtheunderlyingregion forcepushesit towardstheboundary.
ThequantitativeMRE resultsareshown in Table1.

Fig. 3 shows a goodexampleof weak-edgeleakageat the right sideof the object
of interestin a greylevel image. While RAGS doesextremelywell here,the geometric
snake leaksthrough.Fig. 4 comparesthestandardgeometricsnake againsttheproposed
RAGS snake on a colour imageof a mouth ulcer. A snake is initialised to detectan
inner region which hasa small blurredsectionalongits upperboundary. This is again
a hardcasefor the geometricsnake becausethe weakedgeis difficult to detect. It not
only hassimilar colour to the innerandouterareas,but also‘dilutes’ graduallyinto the
background.Indeed,the standardsnake stepsthroughthe edge. However, RAGS (last
two columnsof Fig. 4) reachesits steadystateandsuccessfullyconvergesto the inner



boundaryirrespective of whethertheunderor over-segmentationof themethodin [4] is
usedto generatetheinitial regionmap,asshown.

Fig. 5 demonstratestheimprovementover thestandardgeometriccolour snake(from
[13]). Unlike thelatter, RAGSmanagesto ignorethenoisyregion in thetop right of the
imageandconvergestightly aroundtheobject,againdueto thestrongerdiffusedregion
forcesat theboundary. In Fig. 6, aclose-upview of aretinaldiskis shown. Theboundary
of theoptic disk is quite fuzzy andwell blendedwith thebackground.Theregion force
helpsthe proposedsnake stopat weakedgeswhile the standardgeometricsnake leaks
through.Region segmentationresults(underandover-segmentation)with corresponding
snakesarealsoshown. Fig. 7 againshows thatRAGSconvergeson theobjectvery well
despitetheunsmooth,noisyimageregionswhile thestandardsnakefailsto dealwith local
maximaof which therearemany in thebackground.Hence,at typical pressureforcesit
getsstuckin thebackground.Furthermore,RAGSmanagesto resolve betweenthe cell
outeredgeandits nucleusdueto thestrongnucleusedgeinformation.

6 Conclusions

A novel method,theregion-aidedgeometricsnake or RAGS,wasproposed.It integrates
the gradientflow forceswith region constraints,composedby the imageregion vector
flow forcesobtainedthroughthe diffusion of the region segmentationmap. The the-
ory behindRAGS is stand-aloneandhencethe region forcecanbe generatedfrom any
reasonablesegmentationtechnique.We alsoshowedits simpleextensionto colourgradi-
ents.We demonstratedtheperformanceof RAGS,againstthestandardgeometricsnake
on weakedgesandnoisyimages,aswell ason anumberof otherexamples.

Wehaveperformedmany experimentsto verify theresilienceof RAGSto weakedges

Figure2: Shaperecovery in noisy images- (row 1) original imagewith variouslevels
of addedGaussiannoise[0%,10%,...,60%],(row 2) the region mapslater diffusedfor
RAGS;(row 3) standardgeometricsnake results;(row 4) RAGSresults.



Figure3: BrainMRI - from left: initial, standardgeometric,andRAGSsnakes.

Figure4: Weak-edgeleakage- top row: startingcontour, over-segmentationcolour re-
gions,andunder-segmentationcolour regions,bottomrow: geodesicsnake which steps
throughandRAGSsnakefor overandunder-segmentationregionmapsrespectively.

andnoise.However, RAGScansuffer from thesameshortcomingsasthestandardgeo-
metricsnake,or its colour-basedrelationin [13], in thatit will notperformwell in highly
texturedregionswherethe abundanceof edgeinformationwill prevent the main object
to bereached.It is alsodependenton a reasonablesegmentationstage,althoughthis was
shown to bequiteflexible usinga popularmethodwith standardbuilt-in options[4].

Furtherimagesandresultscanbefoundonline1 wherewehavealsoextensively com-
paredtheRAGSsnakeagainstanotherpopularsnake, thegeometricGGVFsnake [16].
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