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Abstract

This paperpresentsa novel graph-theoreti@pproachnamedratio con-

tour, to extractperceptuallysalientboundariegrom a setof noisybound-
ary fragmentsdetectedn realimages.Theboundarysalieng is de ned

using the Gestaltlaws of closure,proximity, and continuity This pa-

per rst constructsanundirectedgraphwith two differentsetsof edges:
solid edgesand dashededges. The weightsof solid and dashededges
measurdhelocal salieng in andbetweerboundaryfragmentsyespec-
tively. Thenthe mostsalientboundaryis detectedby searchingor an

optimalcyclein this graphwith minimumaverageweight. The proposed
approactguaranteetheglobaloptimality withoutintroducingary biases
relatedto region areaor boundarylength. We collectavariety of images
for testingthe proposedapproactwith encouragingesults.

1 Intr oduction

Humanvision and neuralsystemsposseswyery strong capabilitiesof identifying salient
structuredrom variousimages. Implementingsuchcapabilitieson a computeris anim-
portantbut extremelychallengingproblemfor arti cial intelligence,computervision, and
machindearning. Themainchallengesomefrom two closelyrelatedaspects(a) the def-
inition of the structuralsalieng, and(b) the designof ef cient algorithmsfor nding the
salientstructures.On onehand,we expectvery comprehensie andadwancedde nitions
of the salieng sothatit modelsaccuratelythe humanperceptuabndvisual process.On
the otherhand,we expectsimplede nitions of salieny sothatthe globaloptimumcanbe
foundin polynomialtime.

Previous methoddor salient-structureletectioncanbe groupednto two classesThe rst
classof methodsaimsto directly group or sggmentall the imagepixels into somedis-
joint regions,which areexpectedo coincidewith theunderlyingsalientstructuresEarlier
efforts include the region-meging/splitting methods watershednethods andthe active-
contourlike methods.Thosemethodsusuallyhave dif culties in nding the globally op-
timal boundariesn termsof the selectedsalieny de nitions. Recentlywe have witnessed
someadwancedmethodsl|ik e ratioregion[5], minimumcut[17], normalizeccut[14], glob-
ally optimal region/gycle [9], andratio cut [15], which aim to produceglobally optimal
boundaries However, thosepixel-groupingbasedmethodsusually have dif culties in ef-
fectively incorporatingperceptuatules,suchasboundarysmoothnessnto their salieny
de nitions.



Insteadof operatingdirectly on the image pixels, anotherclassof methodsis designed
basedon somepre-etractedboundaryfragments(or for brevity, fragment$ *, which can
be obtainedusingsomestandarcedge-detectiomethoddike Canry detectors As shavn
in Fig. 1(a),althoughthosefragmentsaredisconnectedndcontainseriousnoise they pro-
vide alundantinformationon boundarylength,tangentdirections,and curvatures which
cangreatlyfacilitatetheincorporationof advancedperceptuatuleslik e boundarysmooth-
ness. Shashuaand Ullman [13] presentsa parallel network modelfor detectingsalient
boundarybasedon fragmentproximity, boundarylength,andboundarysmoothnessRe-
centdevelopmentin this classincludesAlter andBasri[2], Jacobd8], Sarkarand Boyer
[12], Guy and Medioni [7], Williams and Thornber[16, 11], and Amir andLindenbaum
[3]. However, mary of themstill have dif culty in nding theclosedboundariesn asense
of globaloptimality with respecto thegivenboundary-saliencmeasureElderandZucker
[6] usetheshortest-patlalgorithmto connecfragmentgo form salientclosedboundaries.
However, theresultshave a biasto produceboundariesvith shorteriength.

This paperpresentsa newv graphbasedapproacho extractsalientclosedboundariegrom

asetof fragmentgdetectedrom realimages.This approactseeksa goodbalancebetween
thecompleity of thesalieny de nition andthe compleity of the optimizationalgorithm.
Theboundarysalieny is basedon thewell-known Gestaltlaws of closure proximity, and
continuity To avoid the variousbiasesasin ElderandZucker [6], this paperde nesthe
boundarysalieny astheaveragesalieny alongthewholeboundaryWe nally formulate
the salient-boundargletectionprobleminto a problemfor nding anoptimal cycle in an
undirectedgraph. We show this problemis of polynomialtime-compleity and give an
algorithmto solweit. The proposedalgorithmis thentestedon a variety of realimages.

2 Problem Formulation
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Figurel: An illustration of detectingsalientboundariesrom somefragments.(a) Bound-
ary fragments(b) salientboundaryby connectingsomefragmentswith dashedtunes,(c)
asolid-dashedjraph,and(d) analternatecyclein (c).

Thebasicprimitivesin theratio-contourapproacharea setof noisy (boundary)ragments
extractedby edgedetection. For simplicity, herewe assumesachdetectedragmentis a

continuousopencurve sggmentwith two endpoints,as shavn in Fig. 1(a). Our goalis

to identify and connecta subsetof fragmentsto form the mostsalientstructuralbound-
ary asshawn in Fig. 1(b). In this paper we measurehe boundarysalieny using sim-

ple Gestaltlaws of closure,proximity, andcontinuity The closuremeanghatthe salient
boundarymustbe a closedcontour The proximity impliesthatwe desirerelatively small
gaps(dashecturvesin Fig. 1(b))in connectinghefragmentsThecontinuityindicateghat
theresultingcontourshouldbe continuousandsufciently smooth.

Letthe parametridorm of aboundaryB bev(t);0 t 1. Wehavev(0) = v(1) asthe
boundaryis closed. Consideringhe boundaryproximity andthe continuity we de ne its

IMost literaturesusethe terminologyedge insteadof fragment However, in this paperedge has
otherspeci®edmeaningn agraphmodel.



cost,whichis negatively relatedto theboundarysalieng, as

R
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where (t) = 1if v(t) isin thegapand (t) = O, otherwise. (t) isthecuratureatv(t).

We canseethatthe un-normalizedtostT (B) combineghetotal gap-lengthandcurvature
alongtheboundaryB andhasbiasto producea shortboundary Theissueis addresseth

(1) throughnormalizingT (B) by the boundarylengthL (B). The mostsalientboundary
B is thenthe onewith theminimumcostR(B). Theparameter > 0is setto balancehe
weightbetweerproximity andcontinuity

We canformulatethe above costinto anundirectedgraphG = (V; E) with verticesV =
fvi;vo; ;Vng andedgesE = fe;;e; ;eém 0. A uniquevertex is constructedrom
eachfragmentendpoint. Two differentkinds of edgessolid edgesanddashededgesare
constructedetweernvertices.(a) If v; andv; correspondo thetwo endpointsof the same
fragmentwe constructasolidedgebetweerv; andy; to modelthisfragment.(b) Between
eachpossiblevertex pairv; andv; , we construcadasheddgeto modelthegapor avirtual
fragment(dashecturvesin Fig. 1(b)). An exampleis shovn in Fig. 1(c), whichis madeup
of 3solidedgedor threefragmentsandall 15possibledasheadgesFor clarity, sometimes
we call the boundaryfragmenta real fragmentwhenboth real andvirtual fragmentsare
involved.

The constructedyraphalwayshaseven numberof vertices,aseachreal fragmenthastwo
endpoints.More interestingly no two solid edgesareincidentfrom the samevertex and
eachvertex hasexactly oneincidentsolid edge. We namesucha graphan (undirected)
solid-dashedjraph.Wefurtherde ne analternatecyclein asolid-dashedraphasasimple
cycle that traversesthe solid edgesand dashededgesalternately Examplesof a solid-
dashedgraphand an alternatecycle are given in Fig. 1(c) and (d), respectiely. Since
a boundaryalways traversesreal fragmentsand virtual fragmentsalternately it can be
describedby an alternatecycle. Note that not all the cyclesin a solid-dashedyraphare
alternatecycles, becausdwo adjacentdashededgescanappearsequentiallyin the same

cycle.

Accordingto the costfunction (1), we de ne aweightfunctionw(e) andalengthfunction
I(e) for eachedgee. For corveniencewe de ne B (€) asa functionthat givesthe (real
g virtual) fragmentcorrespondingo an edgee. Thenthe weightw(e) , T(B(e)) =

B (e)[ )+ 2(t)]dt is theun-normalizedtoston B (€). Theedgelengthl(e) is de ned

asthelengthof B (e). We canseethatthe mostsalientboundarywith minimum cost(1)
correspond$o analternatecycle C with minimumcycleratio
w(e
CR(C) = P®2¢ 2~ ().
e2c 1(€)

Fragmentsxtractedfrom realimagesusuallycontainnoise,intersectionsandeven some
closedcurves,which causdlif culties in estimatinghe curve length,curvature,andthere-
fore, the edgeweightandlength. We will describea spline-basednethodto addresghis
problemin Section4. In the following, we rst presenta polynomial-timealgorithmto
identify the alternatecycle with theminimumcycleratio CR(C).

3 Ratio-Contour Algorithm

For simplicity, we denotethealternatecycle with minimumcycle ratioasMRA (Minimum
RatioAlternate)cycle. In this sectionwe introduceagraphalgorithmfor nding theMRA
cycle in polynomialtime. This algorithmconsistf threereductions.(a) Both the weight



and edgelength of the solid edgescan be setto zero by meging theminto the weight
andlengthof their adjacentdashededgeswithout changingthe underlyingMRA. (b) The
problemof nding an MRA cycle canbe reducedto a problemof detectinga negative-
weightalternatg NWA) cyclein thesamegraph.(c) FindingNWA cyclesin asolid-dashed
graphwith zerosolid-edgewneightsandzerosolid-edgdengthscanbereducedo nding a
minimum-weightperfectmatching(MWPM) in the samegraph.FindingMWPM hasbeen
shawn to beof polynomial-timecompleity with variousef cient algorithmsavailable.

3.1 Setting Zero-Weight and Zero-Length to Solid Edges

As illustratedin Fig. 2(a)and(b), eachsolid edgee canonly beadjacento a setof dashed
edgessayfe;;e; ek g, in asolid-dashedyraph,andno two solid edgesareadjacent
to eachother Therefore,we candirectly meige the solid-edgeweight and lengthto its
adjacentdashededgedy

wia)  w(a)+ 52
(&) (@) + 2 k=12 K;

whereNy = 2if g sharenevertex with e asin Fig. 2(a)andNy = 1if e sharesdoth
verticeswith e asin Fig. 2(b). Thenwe resetthe weightandlengthof this solid edgeto
zero,i.e.,w(e) = 0;I(e) = 0. Thismeiging processs performedonall solid edgesWhile
solid anddashededgesaretraversedalternatelyin an alternatecycle, it is not dif cult to
achieve thefollowing conclusion.

Lemma 3.1 Theabove processingf edge weightsand edge-lengthsdoesnot change the
cycleratio of anyalternatecycles.
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Figure2: An illustration of reductionsn ratio-contouralgorithm. (a) Merging the weight
and length of a solid edgeto its adjacentdashededges. (b) A specialcasefor weight
meiging. (c) A perfectmatchingin a solid-dashedyraph. (d) Derived cycle from the
perfectmatchingshavn in (c).

3.2 Reducingto Negative-Alternate-CycleDetection

The following lemmaclaimsthat MRA cyclesareinvariantto somemore generallinear
edge-weightransforms.

Lemma 3.2 TheMRA cyclein a solid-dashedyraph G = (V; E) is invariant to the fol-
lowing linear transformon the edge weight

w(e) w(e) b l(e);8e2E: (2)

The proof for this lemmais similar to the one we gave for generalratio-gycle detection
problem[15]. Noticethatall the edgelengthsare non-ngative. Therealways exists an
optimalb = b sothatafter weight transform(2), the MRA cycle hasthe cycle ratio of
zero. In this casethe MRA cycle is the sameasthe cycle with total edgeweight of zero.



The detectionof the optimalb andthe MRA cycle canthenbe reducedinto a problem
of nding the NWA cycle (negative weightalternatecycle). Basically if we candetectan
NWA cycle aftertheedgeweighttransform(2), weknow b> b . Otherwisewe know that
b b .With anNWA cycle detectioralgorithm,we canusebinaryor sequentiatearcho
locatethe optimalb andthedesiredVMIRA cycle. This searchprocesds polynomialif all
theedgeweightareintegers[15]. In addition,with the rst reductionrmentionedn Section
3.1, it is easyto seethat the linear transform(2) always preseres zeroweight and zero
lengthfor all solid edgedn this searclprocess.

3.3 Reducingto Minimum Weight Perfect Matching

Theproblemof detectinganNWA cycle in asolid-dashedjraphcanbereducedo aprob-
lemof nding aminimumweightperfectmatchinglMWPM) in thesamegraph.A perfect
matchingin G denotes subgraptthatcontainsall theverticesin G while eachvertex only
hasoneincidentedge.An exampleis shavn in Fig. 2(c), wherethreethick edgesogether
with their verticesform a perfectmatching.The MWPM is the perfectmatchingwith min-
imum total edgeweight. As all the solid edgesform a trivial perfectmatchingwith total
weightzero,theMWPM in our solid-dashedjraphshouldhave non-positve total weight.

We can constructa setof cyclesfrom a perfectmatchingP by (a) removing from P all
thesolid edgesandtheirendpointsand(b) addingto P ary solid edgesn the solid-dashed
graphG whosetwo endpointsrestill in P aftertheremoval in (a). Theremainingsubgraph
mustconsistof a setof cyclesbecausezachremainingvertex hastwo incidentedges:one
is solid andthe otheroneis dashed. This also con rms that all the resultingcycles are
alternatecycles. An exampleof this reductionis shawvn in Fig. 2(d), which is constructed
from (c). As all the solid edgeshave zeroweightandzerolength,it is not dif cult to see
thatthetotal weightof the perfectmatchingis the sameasthe total weight of theresulting
cycles. Therefore,the NWA detectionproblemis reducedinto a problemof nding a
perfectmatchingwith negative total weight. This is the sameasthe problemof nding the
MWPM, whichis of polynomial-timecompleity [1].

4 Edge-Weight and Edge-LengthFunctions

We needto estimatehe cunatureandlengthof bothrealandvirtual fragmentdor de ning
w(e) andl(e) of solid anddashededges.To dealwith the noiseandaliasingin detected
fragmentswe imposea pre-smoothingorocesson thosefragments.In this paper we ap-
proximatea fragmentby a setof quadraticsplineswith the parametridorm

xiti) _  xi A B 2

yi(ti) Yi Ci D i
where0O t; 1istheparametefor thespline.We developedaniterative algorithm[10]
to estimateheoptimalparameters;, yi, Ai, Bi, Ci, andD; minimizingacomprehensi
costfunction that measuresmoothness,inderthe constraintof C° andC?! continuities
acrosgthe fragment. An exampleis illustratedin Fig. 3 wheresolid curvesin (a) and(b)
are fragmentsbeforeand after smoothing. More discussionand analysison this curve-
smoothingmethodcanbefoundin our previouswork [10].

With theparametridorm of quadraticsplines thetotallengthandthecurvaturealongareal
fragmentcanbe computedby summingover eachsplineits lengthandits total curvature

as
li = (2Ait + Bj)2 + (2Cit + Dj)2dt;

Z, yal

4(AiD;i B;iCi)?

o [(2Ait+ Bj)?2+ (2Cit + Di)2]3dt;




wherel; isthelengthand ;(t) is the curvaturefunctionof theith spline.

However, estimatinghesequantitiesfor a virtual fragmentis nottrivial, asnoinformation
is givenon how the virtual fragmentshouldlook like. We take the following approacho
computethedashed-edgeeight. First, apair of endpointsnvolvedin forming a particular
dashededgeis connectedvith a straightline. Thena new curve segmentis constructed
by connectinghis straightline andadjacenfragments.The smoothingprocesslescribed
above is appliedto this new curve segment. In this smoothedcurve segment,the virtual
fragmentis thenthe part correspondingo the straightline beforethe smoothing. The
dashecturvein Fig. 3(b) shavs aresultingvirtual fragmentusedfor estimatingcunature,
length,and nally edgeweight.

VAN ;

Figure3: An illustration of the edgeweight estimationprocess.(a) Two noisy fragments.
(b) Smoothedeal fragmentsand an estimatedvirtual fragment. (c) Fragmentbtained
by Canry detector (d) Smoothedragmentsafter breakingundesirecconnectionsgorre-
spondingto the portion of the box in (c). Crossingsspecifythe endpointsand breaking
points.
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In realimplementationanotherissueis that the detectedragmentsusing edgedetectors
may not be disjoint opencurvesasassumedn Section2. It is commonthat somefrag-

mentsareconnectedn theform of intersectionsattachmentsandevenundesirectlosure,
asshown in Fig. 4. Therefore we needto breakthoseconnectiondo constructthe graph
model. First, we identify the intersectionpointsandsplit themto get multiple openfrag-

ments.An exampleis shavn in Fig. 4(a)and(d), whereanintersectiorpointis brokeninto

threeendpoints.In the constructedyraph,they (u;, u,, andus) areconnectedy dashed
edgeswith zeroweightandzerolength. Attachmenspeci esthecasevheretwo fragments
areundesirablyconnectednto a singlefragmentasshavn in Fig. 4(b). This greatlyhurts

thereliability of salientboundarydetectiorasthoseattachedragmentsnayexcludemary

desireddashededgesfrom the graph. We alleviate this problemby splitting all the frag-

mentsat their high-cunaturepoints,asillustratedin Figs.4(b) and(e). Similarly, we can

breakclosedfragmentdnto openfragmentsat high-cunaturepoints,asshavnin Fig. 4(c)

and(f). Notethattheidenti cation of high-cunaturepointsrequiresthe smoothingof the

noisy fragments.We apply the samesmoothingtechniquedescribedabore to eachfrag-

mentfor this purpose. Figures3(c) and (d) shav an exampleof dealingwith the abore

specialcases.

5 Experimentsand Discussion

In thissectionwetesttheproposedatio-contourlgorithmto extractthesalientbooundaries
from realimages.For initial fragmentdetectionwe usethe standardCanry edgedetector
in the Matlab softwarewith its default thresholdsettings. We alsoadoptthe Blossom4
implementatiorj4] of theminimum-weightperfectmatching.

Oneproblemin theimplementatioris the constructiorof dashededgeswhich may be of
avery large number(O(n?)) if we connectevery two possiblevertices. In this paper we
constrainthe proximity to reducethe numberof dashededges.In theimplementationfor
eachvertex, we only keepcertainnumberof incidentdashededgeswith smallestiength.
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Figure4: An illustrationof fragmentidenti cation andgraphconstructiorin somespecial
cases.(a), (b), and(c) shown the detectedragmentswith intersectionsattachmentsand
closures(d), (e),and(f) aretheconstructedyraphsfrom (a), (b), and(c), respectiely.

This numberis uniformly setto 20 in all experiments.Meanwhile,we setthe parameter

= 50in the edge-weightde nition. Figure5 shavs salientboundariesdetectedrom
sevenrealimagestogethemwith theinitial fragmentdrom Canry detector It canbe seen
that the proposedmethodintegrateswell the Gestaltlaws of proximity, continuity, and
closure.
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Figure 5: Salientboundariesdetectedfrom somereal imagesusing the proposedratio-
contouralgorithm. Eachsub gure from (&) to (g) containsthreeimages,left: original
imagesmiddle: Canry detectiorresults,andright: the detectednostsalientboundaries.

6 Conclusions

We have presented novel graph-theoreti@approachpamedratio contour for extracting
perceptuallysalientboundariedfrom a setof noisy boundaryfragmentsdetectedn real
images.The approaclguaranteethe global optimality without introducingary biasese-



latedto region areaor boundarylength,andexhibits promisingperformancen extracting
salientobjectsfrom real clutteredimages.Onepotentialextensionof thisresearchis to ex-
tractmultiple salientobjectsthatareoverlappedr sharepartof boundariedy performing
ratio-contouralgorithmiteratively. We are currentlyinvestigating this extensionandplan
onreportingtheresultin thefuture.
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