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Abstract

This paperpresentsepresentatiomndlogic for labelingcontrastedges
andridgesin visual scenesn termsof both surfaceocclusion(border
ownership)andthinline objects. In naturalscenesthinline objectsin-
clude sticksandwires, while in humangraphicalcommunicatiorthin-
linesincludeconnectorsdividers,andotherabstractlevices.Our analy-
sisis directedat both naturalandgraphicaldomains.The basicproblem
is to formulatethe logic of the interactionsamonglocal imageevents,
speci cally contrastedges,ridges, junctions, and alignmentrelations,
suchasto encodethe naturalconstraintsamongtheseeventsin visual
scenesln asparseneterogeneoudlarkov RandonmfField framework, we
de ne asetof interpretatiomodesandenegy/potentiafunctionsamong
them. The minimum enegy con guration found by Loopy Belief Prop-
agationis shavn to correspondo preferrechumaninterpretatioracross
awide rangeof prototypicalexamplesincludingimportantillusory con-
tour gures suchasthe KanizsaTriangle,aswell asmoredif cult ex-
amples.In practicalterms,the approactdeliverscorrectinterpretations
of inherentlyambiguousand-dravn box-and-connectatiagramsatlow
computationatost.

1 Intr oduction

A greatdealof attentionhasbeenpaidto the curiousphenomenomf illusory contoursin
visualsceneg5]. Themostfamousexampleis the KanizsaTriangle(Figurel). Although
anumberof explanationshave beenproposedcomputationabccountdhave corvergedon
the understandinghatillusory contoursare an outcomeof the more generalproblemof
labeling scenecontoursin termsof causaleventssuchas surfaceoverlap. Illusory con-
tours are the visual system$ way of expressingbelief in an occlusionrelation between
two surfaceshaving the samelightnessandthereforelacking a visible contrastedge. The
phenomenareinterestingin their revelationof interactionsamongmultiple factorscom-

prising the visual systems prior assumptiongboutwhat constitutedik ely interpretations
of ambiguousnput.

Several computationamodelsfor this processhave generatednterpretationsof Kanizsa-
like gures correspondingo humanperception.Williams[9] formulatedan integerlinear



Figure1: a. Original KanizsaTriangle. b. Solid surfaceversion. c. Humanpreferred
interpretationd, e. Othervalid interpretations.

optimizationproblemwith hardconstrainoriginatingfrom the topology of contoursand
junctions,andsoft constraintgepresentinggural biasedor non-accidentahterpretations
and gural closure. Heitgerandvon der Heydt[2] implementeda seriesof nonlinear I-
tering operationghat enactednteractionsamongline terminationsand junctionsto infer
modal completionscorrespondingo illusory contours. Geiger[1] useda denseMarkov
Randonieldto represensurfacedepthsexplicitly andpropagatedbcal evidencethrough
adiffusionprocessSaund[6]enumerategossiblegenericandnon-generidénterpretations
of T- andL-junctionsto setup anoptimizationproblemsolved by deterministicannealing.
Liu andWang[4] setup a network of contourstraversingthe boundarieof segmentede-
gions,whichinteractto propagatdocal informationthroughaniterative updatingscheme.

This paperexpandsthis body of previouswork in thefollowing ways:

Thecomputationamodelis expressedn termsof a sparséneterogeneouglarkov
RandontFieldwhosesolutionis accessibléo fasttechniquesuchasLoopy Belief
Propagation.

We introduceinterpretationsf thinlinesin additionto solid surfaces,addinga
signi cant layerof richnessandcompleity.

Themodelinfersocclusionrelationsof surfacesdepictedby line drawingsof their
bordersaswell assolid graphicsdepictions.

We devise MRF enegy functionsthatimplementcircuitry for sophisticatedogi-
cal constraintof thedomain.

Theresultis aformulationthatis bothfastandeffective at correctlyinterpretinga greater
rangeof psychophysicadndnearpracticalcontourcon gurationexampleghanhashereto-
for beendemonstrated.The model exposesaspectof fundamentalambiguity to be re-

solvedby theincorporationof additionalconstraintsanddomain-speci cknowledge.

2 Interpretation Nodesand Relations

2.1 Visible Contours and Contour Ends

Early vision studiescommonlydistinguishseveralmodelsfor visible contourcreationand
measuremenincludingcontrasiedgeslinesor ridges,ramps color andtextureedgesetc.
Let us idealizeto consideronly contrastedgesandridges(alsoknown as “bars”), mea-
suredat a single scale. We includein our domainof interesthuman-generategraphical



Figure2: a. Sampleimageregion. b. Spatialrelation categoriescharacterizindinks in
the MRF amongContourEndnodes:Corner NearAlignment, Far Alignment, Lateral. c.
ResultingMRF including nodesof type Visible Contour ContourEnd, CornerTie, and
CornerTie Mediator

gures. Contrastedgesarisefrom distinctregionsor surfaceswhile ridgesmay represent
eithera boundarybetweerregionsor elsea “thinline”, i.e. a physicalor graphicalobject
whoseshapés essentiallyde ned by aone-dimensiongbathat our scaleof measurement.
Examplesof thinlinesin photographidmageryincludetwigs, sidevalk cracks,andtele-
phonewires,while in graphicaimageshinlinesincludeseparators;onnectorsandarrov
shafts.Figure7e shavs a hand-dravn sketchin which somelines (measuredsridges)are
intendedto de ne boxesandthereforerepresentegion boundarieswhile othersare con-
nectorsbetweerboxes. We take the contourinterpretatiorproblemto includethe analysis
of thistype of scendn additionto classicalillusory contour gures.

For ary input data,we may constructa Markov RandomField consistingof four typesof
nodesderived from measuredcontrastedgeand ridge contours. An interpretationis an
assignmenbf stateso nodes.Local potentialsandthe potentialmatricesassociateavith
pairwiselinks betweennodesencodeconstraintsand biasesamonginterpretationstates
basedon the spatialrelationsamongthe visible contours.Figure 2 illustratesMRF nodes
typesandlinks for a simpleexampleinputimage,asexplainedbelow.

Letusassumehatcontourgde ning regionboundariesreassigne@nocclusiondirection,

equivalentto relative surfacedepthandhenceboundaryownership.Figure3 shavsthepos-
sible mappingsbetweervisible imagecontoursmeasuredscontrastedgesor ridges,and

theirinterpretatiorin termsof directionof surfaceoverlapor elsethinline object. Contrast
edgesalwayscorrespondo surfaceocclusion while ridgesmayrepresentithera surface
boundaryor athinline object. Correspondinglythe simplestMRF nodetypeis the Visible

Contoumodewhich hasstatedimensior correspondingo two possibleoverlapdirections
andonethinline interpretation.

Most of the interestingevidenceand interactionoccursat terminationsand junctions of

visible contours.ContourEnd nodesaregiventhe job of explainingwhy a smoothvisible

edgeor ridge contourhasterminatedvisibility, andhencethey will encodethe bulk of the
modal(illusory) andamodal(occluded)completioninformationof a computednterpreta-
tion. Smoothvisible contouramayterminatein four ways:
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Figure 3: Permissiblemappingsbetweenvisible edgeandridge contoursandinterpreta-
tions. Wedgesindicatedirectionof surfaceoverlap: white (FG) surfaceoccludesshaded
(BG) surface.

1. Thesurfaceboundarycontouror thinline objectchangeslirection(turnsacorner)

2. The contourbecomesnodalbecausehe backgroundurfacelacksa visible edge
with theforegroundsurface.

3. Thecontourbecomeamodalbecausdé becomeoccludedby anothersurface.

4. The contoursimply terminatesvhenan surfaceoverlapmeetsthe endof afold,
or whenathin objector graphicstops.

ContourEndsthereforehave 3x4 = 12 interpretatiorstatesasshowvn in Figure4.
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Figure 4: Contour End nodes have state dimension 12 indicating contour overlap
type/direction(overlap or thinline) and one of four explanationsfor terminationof the
visible contour

Every Visible Contournodeis linkedto its two correspondingContourEnd nodesthrough
enegy matricegor equivalently, potentialmatricesusingPotential = exp F)represent-
ing simplecompatibilityamongoverlapdirection/thinlineinterpretatiorstates Additional
links in thenetwork arecreatedasedn spatialrelationsamongContourEndsasdescribed
next.
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Figure5: a. CornerTie nodeshave statedimension6 indicatingthe causalrelationship
betweerthe ContourEnd nodesthey link. b. Eneigy matrix linking the Left ContourEnd
of a pair of cornerrelation Contour Endsto their CornerTie. X indicateshigh enegy
prohibiting the statecombination.E, refersto alow penaltyfor AccidentalCoincidence
of the ContourEnds. Ep ¢ refersto a (typically low) penaltyof two ContourEndsfailing
to meetthe ideal geometricalconstraintsof meetingat a corner The subscriptgeferto
necessarjNearAlignmentRelationson the ContourEnds. The enegy matrix linking the
Right End Contourto the CornerTie swapsthe 5th and6th columns.

2.2 Contour Ends Relation Links

Let usconsider ve classe®f pairwisegeometricrelationsamongobsenedcontourends:
Corner NearAlignment, Far-Alignment, Lateral, and Unrelated. Mathematicalexpres-
sionsforming the basedor theserelationsmay be engineeredsmeasuresf distanceand
smoothcontinuationsuchas usedby Saund[6]. The Cornerrelation dependsonly on
proximity; NearAlignmentdepend®n proximity andalignment;Far-Alignmentomitsthe
proximity requirement.

Within this framework a further re nementdistinguishegidge ContourEndsfrom those
arisingfrom contrasedgesNamely ridgeendsarepermittedto form Lateralrelationlinks

which correspondo potentialmodalcontours.ContrastedgeContourEndsareexcluded
from this link type becausehey terminateat junctionswhich distribute modalandamodal
completionrolesto their participatingContourEnds. ContourEnd nodesfrom ridge con-
tours may participatein FarAlignmentlinks but their local enegiesare setto preclude
themfrom taking statesepresentingnodalcompletions.

In thisway the presentnodel x esthetopologyof relatedendsin the procesf settingup
the Markov Graph. An importantproblemfor future researchs to formulatethe Markov
Graphto includeall plausibleContourEnd pairingsandhave theactualpairingssortthem-
selvesoutat solutiontime.

Biasesaboutpreferredandless-preferreéhterpretationg@rerepresentethroughtheterms
in the enegy matriceslinking relatedContourEnds. In accordancavith prior work, we
biasenepgy termsassociateavith curved Visible Contoursandjunctionsof ContourEnds
in favor of corvex objectinterpretationsSpacdimitations precludepresentinghe enegy
matricesin detail, but we discusghe mainnovel andsigni cant considerations.

The simplestcaseis pairs of ContourEndssharinga NearAlignmentor Far-Alignment
relation. Theseenegy matricesare constructedo trade off priors regardingaccidental
alignmentversusamodalor modalinvisible contourcompletioninterpretations For Con-
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Figure6: The CornerTie Mediatornoderestrictsborderownershipof occludingcontours
to physicallyconsistentnterpretationsThe enegy matrix shavn in e links the CornerTie
Mediatorto the Left CornerTie of a pair sharinga ContourEnd. X indicateshigh enegy.
Theenegy matrixfor thelink to the Right CornerTie swapsthesecondandthird columns.

tour End pairsthat are relatively nearand well aligned, enegy termscorrespondingo

causallyunrelatednterpretationgCE state<,1,2)arelarge,while termscorrespondingo

amodalcompletionwith compatibleoverlap/thinlineproperty(CE states6,7,8)aresmall.

Actual enepgy valuesfor the matricesare assigneday straightforvard formulasderived

from the Proximity and SmoothContinuationtermsmentionedabove. PerKanizsamodal
completioninterpretationg CE states3,4,5) are somavhat more expensve than amodal
interpretationshy a constantfactor Enegy termsshift their relative weightsin favor of

causallyunrelatedinterpretationg CE cornerstates0,1,2) as the Contour Endsbecome
moredistantandlessaligned.

Contour Ends sharinga Cornerrelation can be relatedin one of threeways: they can
be causallyunrelatedand unorderedn depth;they canrepresent turning of a surface
boundaryor thinline object;they canrepresentverlapof onecontourabove the other In
orderto exploit thegeometryof ContourEndsaslocal evidence thesealternatvesmustbe
articulatedandenterednto the MRF nodegraph.To do this we thereforeintroducea third
typeof node,the CornerTie node possessingix statesasillustratedin Figure5a.

The enegy matrix relating ContourEnd nodesand CornerTie nodesis shavn in Figure
5b. It containdow enegy termsrepresentinghe CornerTie's belief thatthe ContourEnd
terminationis dueto directionchanggturningacorner).It alsocontaindow enegy terms
representinghe conditionsof one Contour End's owning surface overlappingthe other
contour i.e. therelative depthrelationbetweerthesecontoursin thescene.

2.3 Constraints on Overlaps and Thinlines at Junctions

Physicakonsiderationgmposehardconstraint®ntheinterpretation®f EndPairsmeeting
at a junction. Considerthe T-junctionin Figure 6a. One preferredinterpretationfor a
T-junction is occlusion(6b). A less-preferredut possibleinterpretationis a changeof
direction(corner)by onesurface with accidentablignmentby anothercontour(6c). What
is impossiblds for asurfaceboundaryto bifurcateand“belong” to bothsidesof the T (6d).

This type of constraintcannotbe enforcedby the purely pairwise CornerTie node. We

thereforeintroducea fourth nodetype, the CornerTie Mediator This nodegovernsthe
numberof CornerTiesthatarny ContourEnd canclaimto form a directionchanggcorner
turn) relationwith. Theenegy matrix for the CornerTie Mediatornodeis shovn in Figure
6e: multiple CornerTiesin theoverlapdirection-turnstateCT statesl & 2) areexcluded
(solid arraws). But note that the matrix containsa low enepgy term (dashedarrow) for

theformationof multiple direction-turnCornerTiesprovidedthey arein the Thinline state
(CT state3); branchingof thinline objectsis physicallypermissible.



3 Experimentsand Conclusion

Loopy Belief Propagationunderthe Max-Productalgorithm seeksthe MAP con gura-
tion which is equivalentto the minimum-enegy assignmenbf states[8]. We have not
encountered failure of LBP to cornverge,andit is quite rareto encounterl lower-enegy
assignmenof stateghanthealgorithmdeliversstartingfrom aninitial uniform distribution
over states.However, multiple stable x ed pointscanexist. For someambiguousgures
suchasFigure7ein which qualitatively differentinterpretationdave similar enegies,one
may clamponeor morenodesto alternatve states)eadingto LBP solutionswhich persist
oncetheclampingis removed. Thisinvitestheexplorationof N-bestcon gurationsolution
techniqueg10].

Figure7 demonstrateMAP assignmentsorrespondingo preferrechumaninterpretations
of theclassidKanizsaillusory contour gure andotherscontainingoothaligningL-junction
andridge terminationevidencefor modalcontoursamodalcompletions andthinline ob-
jects. Notethatthe MRF correctlypredictsthatoutline drawings of surfaceboundarieslo
notinduceillusory contours.

Figure7gborronsfrom experimentdy SzummeandCowans[7]towarda practicalappli-
cationin line drawing interpretationin which closedboxesde ne regionswhile connectors
remaininterpretedasthinline objects. For this scenecontaining369 nodesand417 links,
the entire processof forming the MRF and performing100 iterationsof LBP takesless
thana second.The major pressuresperatingin thesesituationsarea gural biastoward
interpretingclosedpathsas corvex regions, and a preferenceo interpretridge contours
participatingin T- andX- junctionsasthinline objects.

We have showvn how explicit consideratiorof ridge featuresand thinline interpretations
brings new compleity to the logic of sorting out depthrelationsin visual scenes.This

investigationsuggestghat a sparseheterogeneoudarkov RandomField approachmay

provide a suitablebasisfor suchmodels.
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