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ABSTRACT

We addressheproblemof finding anintermediate-
level representatiomf structuredobjectsbhasedon
the output of an edgedetector The adoptedap-
proach for grouping edge elementsis basedon
three principlesof perceptualorganization: prox-
imity, continuationand closure. We areinterested
in a specialsubsetof all closedcontoursin the
imagewhich is called canonicalsinceit exhibits
thedesiredpropertiesof completenessiniqueness,
and minimality. Unfortunately the elementsof
edgemapsare often discontinuousvherea single
contouris perceved andvice versawhichimposes
theneedfor devising arobustextractingprocedure.
Unlike theknown approacheghe proposedroce-
dureis formulatedasthe state-spacsearchprob-
lem, which allows complex schemedor calculat-
ing compoundsalieny (the measureof perceptual
importance)rom the salienciesof individual junc-
tions. The shortcomingof suchanapproachs the
exponentialworst-caseompleity whichwe try to
alleviateby severalstratgiesfor pruningthesearch
tree. The procedurevastestedon mary synthetic
imagesand a representate setof processinge-
sultsis provided.

1. INTRODUCTION

The aim of techniquedor perceptualgrouping
is to identify imagepartswhich likely correspond
to distinctstructuresof theworld. Insteadof using
ary specificknowledgeaboutthe analysedscene,
thesetechniquegperformgroupingwith respecto
principleswhich arebelievedto beexploitedby the
humanvisual system[1]. TheseGestaltprinciples

includesimilarity, proximity, continuation closure
and symmetry and are namedafter the German
schoolof psychologywhosemembersperformed
early researchon perception. Unfortunately im-

plementationsf theseechniquesrecomputation-
ally very comple, which partly explainswhy they

receved relatvely poor attentionfrom the vision

communityuntil recently In particular consider

ableinteresthasbeenaddressedo applying prin-

ciples of proximity, continuationand closurefor

extracting intermediatefeaturesin both intensity
[1, 2, 3, 4, 5] andrangeimaged6, 7]. Theclosure
principle hasbeenappliedfor enhancingothedge
andareaseggmentationsij.e. for disambiguatiorof

the missingfragmentsof edgechainsdueto noise
effects,aswell asfor finding regionsin the image
correspondingo distinctobjectsin the scene.

Oneof thefirst applicationsof the closureprin-
ciple to objectrecognitionwas contributed by Ja-
cobs[2] who investigatedthe problem of index-
ing of partially occludedcorvex objectsin realim-
ages. The proposedapproachrelieson the list of
cornerpointsobtainedasintersection®f extracted
straightline segments. Elder and Zucker [1] de-
scribeda genericprocedurdor extractingarbitrary
closedcontoursfrom real images. The procedure
representsunesassequencesf disjointline seg-
ments (theseare also called supersegments|[8])
andbuilds incideny matrix which for eachsuper
segmentpair providesthesalieng of theirconcate-
nation. Thus,theimageis represente@sa graph,
while theprocesof finding a closedcontouris for-
mulatedand solved as the shortest-pattproblem.
Williams and Thornber[4] provide a review of ex-
isting proceduresor expressingaliengy of anedge
elementin termsof its affinities to its neighbours
which arebasedon principlesof continuationand



proximity. They also proposea novel procedure

which takes advantageof the principle of closure
and,accordingto their experiments performsbet-

terthanthe others.An applicationof their measure

to finding multiple simple objectsin clutteredreal
imagesby seggmentingout closedcontoursis pro-
posedby Mahamudetal. [5].

Thetwo latterapproache§t, 5] proposeacom-
plex modelto enforcecontinuationand closureof
the extractedcontours,however, little attentionis
addressetbwardsdealingwith situationsin which
multiple feasibleclosedcontourspassthroughthe
sameedge. Comparedo [1], our approacttrade-
offs the computationakimplicity in returnfor the
enhancedcapability of modelling the compound
salieny of a closedcontour Additionally, we
proposea strat@y for extractinga specialcanoni-
cal configuratiorof multiple possiblyneighbouring
closed contourswhich is complete, minimal and
unique. This issueis particularlyimportantif the
resultsof perceptuabrganizationrareemployedfor
solving a higher level perceptuatask suchases-
tablishing correspondencelsetweenneighbouring
framesin a sequence.Our approachis similar to
[3], in which the problemis alsosolved by the in-
formedsearchhowever, the procedurgproposedn
[3] comesshortof exploiting capabilitieofferedby
the searchapproachandis unableto extract arbi-
trary closedcontours.

The detaileddescriptionof the problemis given
in Section2, while Section3 describeghe proce-
durefor extracting canonicalsubsetof the closed
contours,basedon the output of the Canry edge
detector Finally, experimentakesultsareprovided
in Section4.

2.PROBLEM DESCRIPTION

Most methodswhich have been proposedfor
overcominghedifficultiestied with imperfectedge
maps by perceptualorganizationuse only local
principlesof proximity andcontinuation[4]. This
is surprisingsincetheselocal cuesmay be clearly
incorrectin global contet, while the closureasa
global principle may disambiguatemary of such
situations. Considerfor example the image in
Fig.1la,andits enlagedcentralpartin Fig.1h With-
out global contet, thereis no way of knowing
whetherwe have two black or two white touching
objectsin theimage. The correctinterpretationof

the image can be obtainedby formulating global
contt asarule thatthe closedcontoursaremore
salientthanthe openones.
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Figurel: A synthetictestimage(a), the enlaged
centralportion of the imagesmoothedwith o =

2 (b), the edgemap provided by the Canry edge
detector(c), andthe extractedcanonicalsetof 2

closedcontours(d) labeledwith “0” and“1”.

The methodof groupingedgechainsaccording
to the closureprinciple may have difficulties when
dealingwith structuredobjects,which give rise to
multiple feasible closed contours. For instance,
considerthe imagein Fig.2a, featuringthree ad-
jacenthomogeneousegionsand 7 feasibleclosed
contours. Which of thesecontoursshouldbe re-
portedto a higherlevel perceptuabrocedure?A
badapproachwould beto allow assigningof each
edgeto exactly onecontoursinceit would resultin
only one(which?) featureextractedfrom imagein
Fig.2a.Theothernon-viableapproachwould beto
extract all feasiblecontourswhich, for our exam-
ple, would resultin 7 contours. The only solution
left is to establisha criterionfor choosinga repre-
sentatve subsetof all feasibleclosedcontoursin
the image, and consequentlydevise an algorithm
whichwill enforceit.

Let O bethesetof all feasibleclosedcontours
in theimage. We defineits canonicalsubseCy as
the setof all elementary[3] contourse; € O for
which the following holds: for eachc; € O\{¢;},
eitherc; doesnotencompass;, or ¢; andc; do not
sharea part of boundary It caneasily be shavn
thateachimageedgecanbe assignecitherto 0, 1
or 2 elementarycontours We proposaepresenting



O with Cp, sinceit exhibitsthefollowing favorable
properties:

e completenesseache; € O\ Co canbeob-
tained as a combinationof two elementsof
Co;

e uniqueness thereis only one canonicalsub-
setfor eachQ,;

e minimality : thesetobtainedby remaving ary
elemenif Cp is notcomplete.

The listed propertiesmake the canonicalsubset
particularlysuitablefor intermediateepresentation
of structuredbjectssincethelack of redundantn-
formation makes the tasksof correspondencand
indexing lesscomple. The algorithmfor extract-
ing the canonicalset of closedcontoursfrom the
inputimageis proposedn Section3, while the ex-
perimentakesultsareprovidedin Sectiord.
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Figure2: A synthetictestimage(a), theedgemap
provided by the Canry edgedetector(b), 6 edge
chainsbroken by the criteria of endpointprox-
imity and high curvature (c), and the extracted
canonicaketof 3 closedcontours(d,e,f).

3. THE PROPOSEDPROCEDURE

In generala procedurdor extractingthe canon-
ical subsef closedcontour< from agivenedge
mapconsistof thefollowing tasks:(1) obtaininga
setof edgechainssuitablefor grouping,(2) deter
mining which pairs of thosechainscan be linked
into a commoncontour and (3), extracting only
thoseclosedcontourswhich are membersof Cp.
Theformertwo tasksrely onlocal principles(prox-
imity, continuation),while the third one organizes
the obtainedresultswith respecto the closurecri-
terion.

3.1 Obtaining suitable edgechains

Thetaskof this stages to performa partition of
elementf the edgemapinto asetof edgechains,
with respecto thefollowing criteria:

e saliency chainsshouldbein accordancevith
local perceptuaprinciples(proximity, contin-
uation);

e correctness chains should not span be-
tweenmorethantwo entities(objectsor back-
ground);

e minimality : thereshouldbe asfew chainsas
possible,when not in conflict with previous
criteria, in orderto avoid oversegmentation
and lower the compleity of further process-

ing.

While muchwork hasbeendoneregardingthe
first criterion[9, 10], it is not clearhow to enforce
the secondone. A popularstratgy is to make all
chainsshort[8], which certainly solves the prob-
lem at hand, but badly affects the third criterion.
We adopta differentapproachijn which smoothly
connectecthainsare broken only at locationsfor
which thereis a perceptualindication of a junc-
tion or the end of an object. Thus, intermediate
edgechainsareextractedfollowing certainconsid-
erationsfrom [10]. Consequentlychainsare bro-
kenat pointswhereradiusof curvatureis lessthan
5 pixels. Finally, for eachchainendpoint,we con-
siderthebreakingof all otherchainswhosenearest
pointis closerthan3o, whereo is the parameteof
the Gaussiarsmoothingusedby edgedetector



3.2 Building the incidency lists

Eachedgechain provided by the previous pro-
cessingstepis first assignedhe referentialdirec-
tion (sed4] for adiscussioronthesubject).Conse-
qguently individual chainsare checled for closure:
this is possibleif the noiseis low andthe contours
producedby the linking procedureare not frag-
mented. On positve result, the closedcontouris
registeredwhile the correspondinghainis not fur-
ther considered For eachof the remainingchains,
two incideng lists arecreatedpnefor eachdirec-
tion. Eachof the createdists is filled with neigh-
boursof the correspondinghainanddirection by
a simple thresholdingover the salieny measure
which is definedwith respectto the principle of
proximity. Besidesthe index anddirectionwhich
identify the neighbouringchain, a singlelist node
also containsthe computedsalieny measureand
theangle¢ betweerthetangeniat the last point of
the chain correspondingo list and the tangentat
the first point of the neighbouringchain. This an-
gleis usedin the latter phasejn which we reduce
the countof neighbourgn orderto ensurecompu-
tationalfeasibility of the next stage.Thenodesare
sortedwith respectto ¢; then, eachnode having
alower salieny thansomeothernodediffering in
¢ for lessthan30° is suppressedinally, only the
strongestour neighboursaccordingto salieny are
left in thelist.

3.3 Finding Cp by the best-first search algorithm

Unlike the previous methodswe formulatethe
problemas the searchproblemover the spaceof
all feasibleunconnectedcontours. Each state s;
of the searchspacecorresponds$o a concatenation
of nodesn; obtainedirom incideng lists, together
with several additionaltraits of the corresponding
contour Two statess; = {ng,n1,...,n,} and
s9 = {no,N1,---,Nm, Npew} are connectediff
Npew Canbe foundin the incideny list for node
N,y ANANpeyy # nj, 7 = 1,2,...,m. Thesearch
spacehereforehastheform of atree,with branch-
ing factor boundedby the limit imposedon the
count of nodesin incideng lists. The depth of
the treeis determinedby the longestsalientcon-
catenatiorof chains,whetheropenor closed. The
first nodeis constructedvith the chainandthe cor
respondingdirectionfor which a closedcontouris

sought,andassignedhe salieng of 1. Goalstates
sg = {no,n1,...,nm,no} areeasilyidentified,by
checkingthatthe rotationindex [1] of the contour
is equalto oneandtestingthefirst andthelastnode
for equality

A nice propertyof suchstatetreeis that closed
contourswhich belongto C» aregeneratedy the
space-dicient best-firstsearch[11], in which the
orderof openingof new nodesis imposedby the
orderof nodesin incideng lists. Sincethe nodes
in incideng lists are orderedwith respectto ¢ €
[—m, 7], the searchalgorithmwill alwaysfirst ex-
plore the leftmost continuationof eachchainand
ensurehatthefirst opengoal-statewill correspond
to an elementaryleft-orientedcontour All such
contourscanbe obtainedby performingthe search
from eachnode,in both possibledirections. For
example, considerFig.2c. Let the referentialdi-
rectionof an edgechainbe definedasgoing from
theendpointnearthe chainlabel,towardsthe other
endpoint. Then, the searchfrom the horizontal
edgechainlabeledwith #1 would find the contour
{1, 3,0} for thereferentialdirectionof theedge#1,
andthecontour{1, 5,2} for thereverse.

At first, the describedformulation of the prob-
lem doesnot seemattractve, sincethe worst-case
time compleity of depth-first searchis O(b?),
where b is the branchingfactor and d the depth
of the searchtree. Elder and Zucker [1] formu-
lated the sameproblemasthe shortest-patlgraph
search,for which thereare known solutionswith
polynomial compleity O(n2log(n)). However,
theirformulationhasanimportantqualitatve short-
coming which considerablyrestrictsthe freedom
in modelling the perceptualprocesses. Namely
the shortest-pattsearchis ableto modelonly the
quitetrivial schemef inferringcompoundsalieny
of the contourfrom individual saliencesof chain
junctions,whichis to make thecompoundsaliengy
equal to the sum (or the product) of individual
saliencies.Consequentlyit cant make dynamical
decisionduringthe searchpasedon propertiesof
the patternof the individual saliencies.One con-
sequenceof suchapproachis the inability to fil-
ter out “double figure eights” from the extracted
setof contours.Dynamicdecisionsarealsouseful
in modelling at leasttwo patternsof perceptually
salientnon-smoothchain concatenationspamely
apicesand interruptions(seeFig.4 and Fig.3 for
examples). The influenceof theseeffectsto the



compoundsalieng cant be modelledfaithfully by
the sum model, sinceone or two interruptionsor
apicesmay be salientdueto occlusionsput five or
tenarecertainlynot. For instancethe summodel
cannot assignsalieny of 0.9to thefirst ape, 0.8
to theseconneetc,sinceit mustassigrnthesame
saliengy to eachchain junction, regardlessof the
patternof other salienciesin the contour These
problemsareeasilysolvedin thestate-spacsearch
formulation, since eachstate may be augmented
with the following data aboutthe corresponding
contour:thecompoundsalieny sofar; therotation
index; the angulardistancewith respecto thefirst
pointof thefirst chain;countsof longinterruptions
andapices.

Nevertheless,the exponential complity (al-
thoughworst-caselloesposea significantproblem
which we try to alleviate by several stratgies for
pruningthe searctiree:

e for eachchain,only onecontourperdirection
is possible:a datastructureis thereforekept
with chainsanddirectionswhich alreadyhave
beenassignedo a closedcontour and their
appearancén an anothercontouris not per
mitted;

e contourswith partial rotation indices larger
thanl andsmallerthan-1 arepruned,;

e we limit the depthof the searchto 20 nodes,
or 10if the angulardistanceof the contouris
lessthanO;

e for eachchainonly two apicesandtwo long
interruptionsarepermitted.

4. EXPERIMENT AL RESULTS

We have testedthe proposedprocedureon nu-
meroussyntheticimagesof increasingcompleity.
The processingesultsare shavn in figuresFig.1,
Fig.2 andFig.3. The obtainedcanonicalsetfor a
compl imagein Fig.3containss closedcontours,
only oneof which is not perceptuallysalient. The
contourlabeled#2 correspondso analmostclosed
partof thebackgroundetweerobjectswhosecon-
toursarelabeledwith #0,#3 and#5. While it could
be deducedhat the region in questionshouldbe
attributed to background the proposedprocedure
doesnottry to performsuchreasoning.

(e) (f)

Figure 3: A complex synthetictestimage(a), its
edge map (b), the points of high curvature at
which the chainsare broken superimposedo the
gradientimageusedby the edgedetector(c), the
final setof 30 edgechains(d), andfinally, the ob-
tainedcanonicalsetof 6 closedcontours(e) and
(f. In both contours#0 and#3, onelarge inter-
ruptionis tolerated.

The obtainedresults confirm that the devised
procedureandealwith problematicconfigurations
suchasapicesandinterruptions. Theseconfigura-
tionsarequitefrequentin realimageswhichis il-
lustratedby the imagein Fig.4: dueto noiseand
smoothingeffects, the endsof both wings are not
representedsedgesatall. Suchsituationin which
the contour“opens” whenthe objectbecomedoo
narrav occursbothin imagesof carsandairplanes.

5. CONCLUSION

We have presenteda procedurefor extracting
canonical set of closed contoursfrom an edge
map. Providing sucha representations particu-
larly importantin the caseof structuredobjects,
sincestraightforvard approachesnay provide dif-
ferent(althoughcorrect)outputsfor very similarin-
putimages. The proposedprocedureallows more
comple modellingof the perceptuagroupingpro-
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Figure4: A simple realimage (a), its edgemap
(b), thefinal setof 8 edgechains(c), andthe ob-
tainedcanonicalsetof 2 closedcontours(d). In
bothcontourspneape is tolerated.

cessthan someof the knovn approachesat the
costof increaseccomputationakcompleity. Sev-
eralstratgiesfor pruningthesearchreehave been
devisedin orderto simplify thecomputationshow-
ever we still cannot provide conclusve evidence
abouttheir efficacy. The obtainedprocessinge-
sultson mary syntheticimagesconfirmthe viabil-
ity of the procedurein the contet of ambiguous
configurationsuchasapicesandinterruptions.
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