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Abstract

This paperpresentsrepresentationandlogic for labelingcontrastedges
and ridgesin visual scenesin termsof both surfaceocclusion(border
ownership)and thinline objects. In naturalscenes,thinline objectsin-
cludesticksandwires, while in humangraphicalcommunicationthin-
linesincludeconnectors,dividers,andotherabstractdevices.Ouranaly-
sisis directedat bothnaturalandgraphicaldomains.Thebasicproblem
is to formulatethe logic of the interactionsamonglocal imageevents,
speci�cally contrastedges,ridges, junctions,and alignmentrelations,
suchas to encodethe naturalconstraintsamongtheseeventsin visual
scenes.In asparseheterogeneousMarkov RandomField framework,we
de�ne asetof interpretationnodesandenergy/potentialfunctionsamong
them.Theminimumenergy con�guration foundby Loopy Belief Prop-
agationis shown to correspondto preferredhumaninterpretationacross
a wide rangeof prototypicalexamplesincludingimportantillusory con-
tour �gures suchasthe KanizsaTriangle,aswell asmoredif�cult ex-
amples.In practicalterms,theapproachdeliverscorrectinterpretations
of inherentlyambiguoushand-drawnbox-and-connectordiagramsat low
computationalcost.

1 Intr oduction

A greatdealof attentionhasbeenpaid to thecuriousphenomenonof illusory contoursin
visualscenes[5]. Themostfamousexampleis theKanizsaTriangle(Figure1). Although
a numberof explanationshave beenproposed,computationalaccountshave convergedon
the understandingthat illusory contoursarean outcomeof the moregeneralproblemof
labelingscenecontoursin termsof causaleventssuchassurfaceoverlap. Illusory con-
tours are the visual system's way of expressingbelief in an occlusionrelationbetween
two surfaceshaving thesamelightnessandthereforelackinga visible contrastedge.The
phenomenaareinterestingin their revelationof interactionsamongmultiple factorscom-
prising thevisualsystem's prior assumptionsaboutwhatconstituteslikely interpretations
of ambiguousinput.

Severalcomputationalmodelsfor this processhave generatedinterpretationsof Kanizsa-
like �gures correspondingto humanperception.Williams[9] formulatedan integer-linear



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

optimizationproblemwith hardconstrainsoriginatingfrom the topologyof contoursand
junctions,andsoftconstraintsrepresenting�gural biasesfor non-accidentalinterpretations
and�gural closure. Heitgerandvon der Heydt[2] implementeda seriesof nonlinear�l-
teringoperationsthatenactedinteractionsamongline terminationsandjunctionsto infer
modal completionscorrespondingto illusory contours. Geiger[1]useda denseMarkov
RandomField to representsurfacedepthsexplicitly andpropagatedlocalevidencethrough
a diffusionprocess.Saund[6]enumeratedpossiblegenericandnon-genericinterpretations
of T- andL-junctionsto setupanoptimizationproblemsolvedby deterministicannealing.
Liu andWang[4]setup a network of contourstraversingtheboundariesof segmentedre-
gions,which interactto propagatelocal informationthroughaniterativeupdatingscheme.

Thispaperexpandsthis bodyof previouswork in thefollowing ways:

� Thecomputationalmodelis expressedin termsof asparseheterogeneousMarkov
RandomFieldwhosesolutionis accessibleto fasttechniquessuchasLoopy Belief
Propagation.

� We introduceinterpretationsof thinlines in addition to solid surfaces,addinga
signi�cant layerof richnessandcomplexity.

� Themodelinfersocclusionrelationsof surfacesdepictedby line drawingsof their
borders,aswell assolidgraphicsdepictions.

� We deviseMRF energy functionsthat implementcircuitry for sophisticatedlogi-
cal constraintsof thedomain.

Theresultis a formulationthat is bothfastandeffectiveat correctlyinterpretinga greater
rangeof psychophysicalandnear-practicalcontourcon�gurationexamplesthanhashereto-
for beendemonstrated.The modelexposesaspectsof fundamentalambiguity to be re-
solvedby theincorporationof additionalconstraintsanddomain-speci�cknowledge.

2 Inter pretation Nodesand Relations

2.1 Visible Contours and Contour Ends

Early vision studiescommonlydistinguishseveralmodelsfor visible contourcreationand
measurement,includingcontrastedges,linesor ridges,ramps,colorandtextureedges,etc.
Let us idealizeto consideronly contrastedgesandridges(alsoknown as “bars”), mea-
suredat a singlescale. We includein our domainof interesthuman-generatedgraphical



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

�gures. Contrastedgesarisefrom distinct regionsor surfaces,while ridgesmayrepresent
eithera boundarybetweenregionsor elsea “thinline”, i.e. a physicalor graphicalobject
whoseshapeis essentiallyde�ned by aone-dimensionalpathatourscaleof measurement.
Examplesof thinlines in photographicimageryincludetwigs, sidewalk cracks,andtele-
phonewires,while in graphicalimagesthinlinesincludeseparators,connectors,andarrow
shafts.Figure7eshowsa hand-drawn sketchin whichsomelines(measuredasridges)are
intendedto de�ne boxesandthereforerepresentregion boundaries,while othersarecon-
nectorsbetweenboxes.We take thecontourinterpretationproblemto includetheanalysis
of this typeof scenein additionto classicalillusory contour�gures.

For any input data,we mayconstructa Markov RandomField consistingof four typesof
nodesderived from measuredcontrastedgeand ridge contours. An interpretationis an
assignmentof statesto nodes.Local potentialsandthepotentialmatricesassociatedwith
pairwiselinks betweennodesencodeconstraintsand biasesamonginterpretationstates
basedon thespatialrelationsamongthevisible contours.Figure2 illustratesMRF nodes
typesandlinks for a simpleexampleinput image,asexplainedbelow.

Let usassumethatcontoursde�ning regionboundariesareassignedanocclusiondirection,
equivalentto relativesurfacedepthandhenceboundaryownership.Figure3 showsthepos-
siblemappingsbetweenvisible imagecontoursmeasuredascontrastedgesor ridges,and
their interpretationin termsof directionof surfaceoverlapor elsethinlineobject.Contrast
edgesalwayscorrespondto surfaceocclusion,while ridgesmayrepresenteithera surface
boundaryor a thinline object.Correspondingly, thesimplestMRF nodetypeis theVisible
Contournodewhichhasstatedimension3 correspondingto two possibleoverlapdirections
andonethinline interpretation.

Most of the interestingevidenceand interactionoccursat terminationsand junctionsof
visible contours.ContourEndnodesaregiventhejob of explainingwhy a smoothvisible
edgeor ridgecontourhasterminatedvisibility, andhencethey will encodethebulk of the
modal(illusory) andamodal(occluded)completioninformationof a computedinterpreta-
tion. Smoothvisiblecontoursmayterminatein four ways:



Figure3: Permissiblemappingsbetweenvisible edgeandridge contoursandinterpreta-
tions. Wedgesindicatedirectionof surfaceoverlap: white (FG) surfaceoccludesshaded
(BG) surface.

1. Thesurfaceboundarycontouror thinlineobjectchangesdirection(turnsacorner)

2. Thecontourbecomesmodalbecausethebackgroundsurfacelacksa visible edge
with theforegroundsurface.

3. Thecontourbecomesamodalbecauseit becomesoccludedby anothersurface.

4. Thecontoursimply terminateswhenan surfaceoverlapmeetstheendof a fold,
or whena thin objector graphicstops.

ContourEndsthereforehave3x4= 12 interpretationstatesasshown in Figure4.

Figure 4: Contour End nodes have state dimension 12 indicating contour overlap
type/direction(overlap or thinline) and one of four explanationsfor terminationof the
visiblecontour.

EveryVisible Contournodeis linkedto its two correspondingContourEndnodesthrough
energymatrices(orequivalently,potentialmatrices,usingPotential = exp� E ) represent-
ing simplecompatibilityamongoverlapdirection/thinlineinterpretationstates.Additional
links in thenetworkarecreatedbasedonspatialrelationsamongContourEndsasdescribed
next.
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Figure5: a. CornerTie nodeshave statedimension6 indicatingthe causalrelationship
betweentheContourEndnodesthey link. b. Energy matrix linking theLeft ContourEnd
of a pair of corner-relationContourEndsto their CornerTie. X indicateshigh energy
prohibiting thestatecombination.EA refersto a low penaltyfor AccidentalCoincidence
of theContourEnds.ED C refersto a (typically low) penaltyof two ContourEndsfailing
to meetthe ideal geometricalconstraintsof meetingat a corner. The subscriptsrefer to
necessaryNear-AlignmentRelationson theContourEnds.Theenergy matrix linking the
RightEndContourto theCornerTie swapsthe5thand6thcolumns.

2.2 Contour Ends Relation Links

Let usconsider� ve classesof pairwisegeometricrelationsamongobservedcontourends:
Corner, Near-Alignment, Far-Alignment, Lateral, and Unrelated. Mathematicalexpres-
sionsforming thebasesfor theserelationsmaybeengineeredasmeasuresof distanceand
smoothcontinuationsuchas usedby Saund[6]. The Cornerrelation dependsonly on
proximity; Near-Alignmentdependsonproximity andalignment;Far-Alignmentomitsthe
proximity requirement.

Within this framework a further re�nementdistinguishesridge ContourEndsfrom those
arisingfrom contrastedges.Namely, ridgeendsarepermittedto form Lateralrelationlinks
which correspondto potentialmodalcontours.ContrastedgeContourEndsareexcluded
from this link typebecausethey terminateat junctionswhichdistributemodalandamodal
completionrolesto their participatingContourEnds.ContourEndnodesfrom ridgecon-
toursmay participatein Far-Alignment links but their local energiesareset to preclude
themfrom takingstatesrepresentingmodalcompletions.

In thisway thepresentmodel�x esthetopologyof relatedendsin theprocessof settingup
theMarkov Graph. An importantproblemfor future researchis to formulatetheMarkov
Graphto includeall plausibleContourEndpairingsandhavetheactualpairingssortthem-
selvesoutat solutiontime.

Biasesaboutpreferredandless-preferredinterpretationsarerepresentedthroughtheterms
in the energy matriceslinking relatedContourEnds. In accordancewith prior work, we
biasenergy termsassociatedwith curvedVisible Contoursandjunctionsof ContourEnds
in favor of convex objectinterpretations.Spacelimitationsprecludepresentingtheenergy
matricesin detail,but wediscussthemainnovel andsigni�cant considerations.

The simplestcaseis pairsof ContourEndssharinga Near-Alignment or Far-Alignment
relation. Theseenergy matricesare constructedto tradeoff priors regardingaccidental
alignmentversusamodalor modalinvisible contourcompletioninterpretations.For Con-



Figure6: TheCornerTie Mediatornoderestrictsborderownershipof occludingcontours
to physicallyconsistentinterpretations.Theenergy matrixshown in e links theCornerTie
Mediatorto theLeft CornerTie of a pair sharinga ContourEnd. X indicateshigh energy.
Theenergy matrix for thelink to theRightCornerTie swapsthesecondandthird columns.

tour End pairs that are relatively nearand well aligned,energy termscorrespondingto
causallyunrelatedinterpretations(CE states0,1,2)arelarge,while termscorrespondingto
amodalcompletionwith compatibleoverlap/thinlineproperty(CE states6,7,8)aresmall.
Actual energy valuesfor the matricesare assignedby straightforward formulasderived
from theProximityandSmoothContinuationtermsmentionedabove. PerKanizsa,modal
completioninterpretations(CE states3,4,5) are somewhat more expensive than amodal
interpretations,by a constantfactor. Energy termsshift their relative weightsin favor of
causallyunrelatedinterpretations(CE cornerstates0,1,2) as the ContourEndsbecome
moredistantandlessaligned.

ContourEndssharinga Corner relation can be relatedin one of threeways: they can
be causallyunrelatedand unorderedin depth; they can representa turning of a surface
boundaryor thinline object;they canrepresentoverlapof onecontourabove theother. In
orderto exploit thegeometryof ContourEndsaslocalevidence,thesealternativesmustbe
articulatedandenteredinto theMRF nodegraph.To do thiswe thereforeintroducea third
typeof node,theCornerTie node,possessingsix statesasillustratedin Figure5a.

The energy matrix relatingContourEnd nodesandCornerTie nodesis shown in Figure
5b. It containslow energy termsrepresentingtheCornerTie's belief that theContourEnd
terminationis dueto directionchange(turningacorner).It alsocontainslow energy terms
representingthe conditionsof oneContourEnd's owning surfaceoverlappingthe other
contour, i.e. therelativedepthrelationbetweenthesecontoursin thescene.

2.3 Constraints on Overlapsand Thinlines at Junctions

Physicalconsiderationsimposehardconstraintsontheinterpretationsof EndPairsmeeting
at a junction. Considerthe T-junction in Figure 6a. One preferredinterpretationfor a
T-junction is occlusion(6b). A less-preferredbut possibleinterpretationis a changeof
direction(corner)by onesurface,with accidentalalignmentby anothercontour(6c). What
is impossibleis for asurfaceboundaryto bifurcateand“belong” to bothsidesof theT (6d).

This type of constraintcannotbe enforcedby the purely pairwiseCornerTie node. We
thereforeintroducea fourth nodetype, the CornerTie Mediator. This nodegovernsthe
numberof CornerTiesthatany ContourEndcanclaim to form a directionchange(corner
turn)relationwith. Theenergy matrix for theCornerTie Mediatornodeis shown in Figure
6e:multipleCorner-Tiesin theoverlapdirection-turnstates(CT states1 & 2) areexcluded
(solid arrows). But note that the matrix containsa low energy term (dashedarrow) for
theformationof multipledirection-turnCorner-Tiesprovidedthey arein theThinlinestate
(CT state3); branchingof thinline objectsis physicallypermissible.



3 Experiments and Conclusion

Loopy Belief Propagationunderthe Max-Productalgorithm seeksthe MAP con�gura-
tion which is equivalent to the minimum-energy assignmentof states[8]. We have not
encountereda failureof LBP to converge,andit is quite rareto encountera lower-energy
assignmentof statesthanthealgorithmdeliversstartingfrom aninitial uniformdistribution
over states.However, multiple stable�x edpointscanexist. For someambiguous�gures
suchasFigure7ein whichqualitatively differentinterpretationshavesimilarenergies,one
mayclamponeor morenodesto alternativestates,leadingto LBP solutionswhichpersist
oncetheclampingis removed.Thisinvitestheexplorationof N-bestcon�gurationsolution
techniques[10].

Figure7 demonstratesMAP assignmentscorrespondingto preferredhumaninterpretations
of theclassicKanizsaillusorycontour�gure andotherscontainingbothaligningL-junction
andridge terminationevidencefor modalcontours,amodalcompletions,andthinline ob-
jects.NotethattheMRF correctlypredictsthatoutlinedrawingsof surfaceboundariesdo
not induceillusory contours.

Figure7gborrowsfrom experimentsby SzummerandCowans[7]towardapracticalappli-
cationin line drawing interpretation,in whichclosedboxesde�ne regionswhile connectors
remaininterpretedasthinline objects.For this scenecontaining369nodesand417links,
the entireprocessof forming the MRF andperforming100 iterationsof LBP takes less
thana second.Themajorpressuresoperatingin thesesituationsarea �gural biastoward
interpretingclosedpathsasconvex regions,anda preferenceto interpretridge contours
participatingin T- andX- junctionsasthinline objects.

We have shown how explicit considerationof ridge featuresand thinline interpretations
bringsnew complexity to the logic of sortingout depthrelationsin visual scenes.This
investigationsuggeststhat a sparseheterogeneousMarkov RandomField approachmay
providea suitablebasisfor suchmodels.
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