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Abstract

Line drawingscontainmostof theshape-relatedinformationin complex
scenes.From a technicalstandpoint,however, automaticextractionof
line drawingsfrom raw imageshasprovenextremelydif�cult, primarily
becauseshapecontoursare in�uenced by widely dispersedvisual fea-
turesactingin subtlegeometriccombinations.To addressthis problem,
we developeda recurrentnetwork architectureinspiredby the intercon-
nectioncircuitry of primary visual cortex, which incorporatesseveral
representationalbiasestailoredto the taskof long-rangevisual contour
integration.A learningschemewasusedto train themodi�able parame-
tersof thenetwork to capturethestatisticalregularitiesof contourshape.
We �nd that when the trainednetwork is appliedto complex images,
well-organizedcontoursareselectively boostedandtextureedgesarese-
lectively suppressed,leadingto a roughline-drawing-like sketchof the
scene.

Intr oduction

Contoursthatde�ne shapearecritical for humanor computerrecognitionof objects.At
early stagesof visual processing,however, the “inner line drawing” of a sceneis often
submergedin a seaof extraneousfeatures,leadingto at leastthreekindsof dif�culties for
contourprocessingmechanisms.First, mostlocal orientededgesarisefrom texture �elds
ratherthanobjectboundariesandtheseedgesmustbeexcludedfrom a contourrepresen-
tation. Second,many importantshapecontoursareonly implicitly determined,suchas
by textureboundaries,or areentirelyphysicallyabsent,suchaswherea backgroundis by
chancethesamecolorasaforegroundobject.Third, shapeinformationcanexert in�uence
over longdistancesin theimage,aswasamplydemonstratedby theGestaltpsychologists.
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Figure1: Gettingto the line drawing. A. Original image. B. Image�ltered by custom-
madelocal orientedenergy �lter (see�g. 3). Orientedenergy is presentover mostof the
image,andin this asin mostimages,no thresholdcanbechosenthatdistinguisheslocal
edgesthatlie onshape-de�ningcontoursfrom thoseembeddedin texture�elds. C. Canny
�lter appliedto sameimage.D. Hand-drawn line versionof sceneillustratingheavy con-
centrationof object-relatedshapeinformationin occludingboundariesandotherprimary
contours.

Oneof thekey problemsfacinga real-world vision system,then,is to useimplicit (statis-
tical) knowledgeof contourstructureto helppull shapesfrom theseaof low-level featural
informationcontainedin complex scenes.

The primatevisual cortex is an extremelypowerful imageprocessordesignedin part to
solve this problem,including specialcircuitry to handlethe long-range,multi-scaledy-
namicalinteractionsneededfor contourandsurfaceextraction,completion,andgrouping
operations(Grossberg & Mignolla, 1985;Peterhans& von derHeydt, 1989;Kapadia,Ito,
Gilbert,& Westheimer, 1995).Thehugecomputationaldemandsof thisprocessarisefrom
the fact that accurateparsingof thecontourandsurfacestructureof naturalimagestypi-
cally dependson multiple cuesactingin combination(i.e., intensity, chromaticity, texture,
end-stopping,etc.), wherethe rules of combinationarehighly nonlinearanddependon
con�gural constraintsactingover long distancesin theimage.Spe�cally, thevalueof any
singleimagemeasurementasa cuefor contourdetectioncanbeboostedor suppressedby
othermeasurementsthereandelsewhereactingin subtlecombinations.

The nonclassicalsurroundsof V1 receptive �elds are the �rst stagein the visual corti-
cal processingstreamwherethesecritical visual computationsarecarriedout. Contour
elementswhich arealignedwith the orientationof the classicalRF canfacilitate the re-
sponsesigni�cantly (Gilbert,1996).Thiseffect likely dependson theextensivenetwork of
long-rangehorizontalconnectionsamongcells in thesuper�cial layers(Gilbert, Das,Ito,
Kapadia,& Westheimer, 1996).

To addresstheproblemof contourinference,a numberof investigatorshaveproposeddif-
ferent patternsof lateral connectivity and cortical dynamics,e.g. (Yen & Finkel, 1997;



Figure2: Network architecture.Contourintegrationnetwork showsarrayof inputandout-
put pixels (denotedby circles),andfeebackpathway routedthroughthreelayersof non-
linearity. Representationalbiasesinclude(1) a saturatinginput nonlinearity
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(modeling
synapticdepressionfoundat thecorrespondingcorticocorticalsynapses,which lessensthe
network's sensitivity to absolutecontrastof imagecontours,(2) a large setof nonlinear
”hidden” subunits � of small fan-in, i.e. allowing only a few (15) inputsdrawn from the
10,000orientededgedetectorsin the surround—thusencouragingthe network to learn
a large numberof relatively speci�c contourprototypes,and(3) separateinhibitory net-
works � and � to effect contrastnormalizationandedgethinning. Actual network was
2-dimensional.

Zucker, Dobbins,& Iverson,1989;Li, 1998;Guy & Medioni, 1993).Suchnetworkstyp-
ically implementsimpleversionsof theGestaltgoodcontinuationlaws, oftenencodedin
termsof asetof couplingcoef�cients linking surroundelementsto acentraltargetelement.
Giventhecomplexity of thegeometricinferencesthatmustbemadeto completecontours
properly, however, andthe large areasover which suchinformationmustpropagate,the
problemof wiring the cortex to carry out thesecomputationsis necessarilya very high-
dimensionalnonlinearlearningproblem. In a testamentto the dif�culty of the learning
problem,it is interestingto notethatcontourcompletionthresholdscontinueto decreasein
humansuntil about10yearsof age(Kovács,Kozma,Feh́er, & Benedek,1999),suggesting
thatsettingof theparametersof thematurenetwork requiresextensivevisualexperience.

In this work we developeda recurrentnetwork architecturewhich containsseveralbiases
suitedto theproblemof contourintegration,andemploysweightsharingacrossorientation
(�g. 2). Thetrainingschemeis setupsothatacentraledgeelement� mustlearnto predict
basedon surroundingimagecontext whether � lies on a well-organizedshapecontour
(positive trainingset),or not (negative trainingset). The trainednetwork is thenapplied
iteratively onnovel images.



Results

Themultilayernetwork providing feedbackto thecentraledgeelementreceivedinput from
up to 10,000orientededgeelementsdrawn from a surround30 pixels in diameter. In the
resultsshown here,positive (contour) training imageswere drawn from a set of 3,000
imagesof simple objectson blank background(from the SEEMOREimagedatabase).
Imageswerepreprocessedby acustomlocalorientededge�lter basedonanalignedsetof
pairwise-multipliedON-centerandOFF-centerdifference-of-gaussian�lters (�g 3).
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Figure 3: Design of customlocal oriented
edge detector. First stage of pairwise-
difference-of-gaussian(PD) �lter involved
convolving imagewith ON- andOFF-center
linear centersurround�lters thresholdedat
zero.Resultingvaluesweremultipliedin sev-
eral aligned pairs acrossa candidateedge.
Theresultof eachproductwassaturatedand
the subtotalswere added. Final output was
differencebetweenresponsesof like-oriented
�lters of oppositecontrastpolarity. PD �l-
terwasnearlyalwayssuperiorto orientedlin-
ear(e.g. Gabor)�lters or Canny detectorsin
complex images.

After trainingthenonlinearsubunits,resultimagesweregeneratedby iteratingthenetwork
on testimages(�gs. 4 and5. Pendingdevelopmentof a rigorousbenchmark,thequalityof
theprocessedimageswasassessedby comparingcontourimagesgeneratedby theiterative
network to localPD-�ltered imagesattwo differentthresholdsettings.A low thresholdwas
chosenso that the local edge-�lteredimagewould exhibit goodcompletionof important
imagecontours,but this thresholdsettingwasusuallyaccompaniedby anexcessof texture
edges.A high thresholdwasalsousedsothatmostof thedisorganizedtextureedgeswere
suppressed,but this settingusually led to eliminationof muchof the importantcontour
structurein theimage.Two examplesof this typeof comparisonareshown in �g. 4 and5,
showing a signi�cant improvementin thequality of thecontourrepresentationasa result
of thenetwork iteration.

Discussion

Resultsso far show signi�cant progressin the selective enhancementof high-resolution
shapede�ning contoursin complex scenes.Oneshortcomingof thecurrentimplementation
is thelack of input from edgefeaturescomputedat coarserspatialscales.Theimportance
of this canbe seenin the gorilla image,for example,wheremany of the long contours
de�ning thegorilla's shapecouldbeextracted“locally” in a coarseredgechannelwithout
theapplicationof any sophisticatediterative network processing.However, theexclusion
of informationatcoarsespatialscalesin thepresentexperimentsis usefulin thatit permits
evaluationof thecompetenceof the iterative network in boostingcontoursat the highest
(noisiest)resolution.

Ongoingeffortsaredevotedto inclusionof edgefeaturesatmultiplescaleswithin thesame
learningframework, and developmentof a larger training set which bettercapturesthe
contoursurroundstatisticsin naturalscenes.
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Figure4: Resultsof applyingiterativenetwork shown in �g. 2 to complex images.A. Orig-
inal images.B. Contourimagesproducedafter � ve iterationsof trainednetwork. Com-
parisonto locally edge-�lteredimagesat low (C) andhigh (D) thresholdsettingsshows
signi�cant boostingof well-organizedcontours(circles)andsuppressionof disorganized
textureedges(squares).
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Figure5: Sameas�g. 4
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