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Abstract

Line drawvingscontainmostof the shape-relatethformationin complex
scenes.From a technicalstandpoint however, automaticextraction of
line drawingsfrom raw imageshasprovenextremelydif cult, primarily
becauseshapecontoursare in uenced by widely dispersedvisual fea-
turesactingin subtlegeometriccombinations.To addresghis problem,
we developeda recurrentetwork architecturenspiredby theintercon-
nection circuitry of primary visual cortex, which incorporatesseveral
representationddiasestailoredto the taskof long-rangevisual contour
integration. A learningschemavasusedto trainthe modi able parame-
tersof thenetwork to capturethe statisticalregularitiesof contourshape.
We nd that whenthe trained network is appliedto complex images,
well-organizedcontoursareselectvely boostedandtextureedgesarese-

lectively suppressedgeadingto a roughline-draving-like sketch of the
scene.

Intr oduction

Contoursthatde ne shapeare critical for humanor computerrecognitionof objects. At
early stagesof visual processinghowever, the “inner line drawing” of a sceneis often
submegedin a seaof extraneoudeatures|eadingto atleastthreekinds of dif culties for
contourprocessingnechanismsFirst, mostlocal orientededgesarisefrom texture elds
ratherthanobjectboundarieandtheseedgesmustbe excludedfrom a contourrepresen-
tation. Secondmary importantshapecontoursare only implicitly determinedsuchas
by texture boundariesor areentirely physicallyabsentsuchaswherea backgrounds by
chanceahe samecolorasaforegroundobject. Third, shapeanformationcanexertin uence
overlongdistancesn theimage,aswasamply demonstratetdy the Gestaltpsychologists.



Figure 1. Gettingto theline drawing. A. Original image. B. Image ltered by custom-
madelocal orientedenepy Iter (see g. 3). Orientedenegy is presenbover mostof the
image,andin this asin mostimages,no thresholdcanbe chosenthat distinguishedocal
edgeghatlie onshape-de ningcontoursfrom thoseembeddedn texture elds. C. Canry
Iter appliedto sameimage.D. Hand-dravn line versionof scenéillustrating heavy con-
centrationof object-relatedshapeinformationin occludingboundariesandotherprimary
contours.

Oneof thekey problemsfacingareal-world vision systemthen,is to useimplicit (statis-
tical) knowledgeof contourstructureto help pull shapedrom the seaof low-level featural
informationcontainedn complec scenes.

The primatevisual cortex is an extremely powerful image processodesignedn partto
solve this problem,including specialcircuitry to handlethe long-range multi-scaledy-
namicalinteractionsneededor contourandsurfaceextraction,completion,andgrouping
operationgdGrossbeg & Mignolla, 1985;Peterhang von derHeydt, 1989;Kapadia,lto,
Gilbert, & Westheimerl1995). The hugecomputationalemand®f this processarisefrom
the factthat accurateparsingof the contourandsurfacestructureof naturalimagestypi-
cally dependn multiple cuesactingin combination(i.e., intensity chromaticity texture,
end-stoppingegetc.), wherethe rules of combinationare highly nonlinearand dependon
con gural constraintsactingover long distancesn theimage. Spe cally, thevalueof ary
singleimagemeasuremerdsa cuefor contourdetectioncanbeboostedr suppressedty
othermeasurementhereandelsavhereactingin subtlecombinations.

The nonclassicakurroundsof V1 receptve elds arethe rst stagein the visual corti-
cal processingstreamwherethesecritical visual computationsare carriedout. Contour
elementswvhich arealignedwith the orientationof the classicalRF canfacilitate the re-
sponsesigni cantly (Gilbert,1996). This effectlik ely depend®n the extensive network of
long-rangehorizontalconnectionamongcellsin the super cial layers(Gilbert, Das, Ito,
Kapadia& Westheimer1996).

To addresghe problemof contourinference a numberof investigatordave proposedlif-
ferent patternsof lateral connectvity and cortical dynamics,e.g.(Yen & Finkel, 1997;



Figure2: Network architectureContourintegrationnetwork shavs arrayof inputandout-
put pixels (denotedby circles),andfeebackpathway routedthroughthreelayersof non-
linearity. Representationddiasednclude(1) a saturatingnputnonlinearity  (modeling
synapticdepressiofioundat the correspondingorticocorticalsynapsesyhich lessenghe
network's sensitvity to absolutecontrastof image contours,(2) a large setof nonlinear
"hidden” sukunits  of smallfan-in,i.e. allowing only a few (15) inputsdrawvn from the
10,0000rientededgedetectorsin the surround—thusencouraginghe network to learn
a large numberof relatively speci ¢ contourprototypes,and (3) separaténhibitory net-
works and to effect contrastnormalizationand edgethinning. Actual network was
2-dimensional.

Zucker, Dobbins,& Iverson,1989;Li, 1998;Guy & Medioni, 1993). Suchnetworkstyp-
ically implementsimpleversionsof the Gestaltgoodcontinuationlaws, often encodedn
termsof asetof couplingcoefcients linking surrouncelementdo a centraltargetelement.
Giventhe compleity of the geometrianferenceghatmustbe madeto completecontours
properly however, andthe large areasover which suchinformation must propagatethe
problemof wiring the cortex to carry out thesecomputationss necessarilya very high-
dimensionalnonlinearlearningproblem. In a testamento the dif culty of the learning
problemiit is interestingo notethatcontourcompletionthresholdsontinueto decreasen
humansuntil about10yearsof age(Kovacs,Kozma,Feter, & Benedek1999),suggesting
thatsettingof the parametersf the maturenetwork requiresextensve visualexperience.

In this work we developeda recurrentnetwork architecturevhich containsseveral biases
suitedto theproblemof contourintegration,andemploys weightsharingacrosorientation
(9. 2). Thetrainingschemas setup sothatacentraledgeelement mustlearnto predict
basedon surroundingimage context whether  lies on a well-organizedshapecontour
(positive training set), or not (negative training set). The trainednetwork is thenapplied
iteratively on novel images.



Results

Themultilayernetwork providing feedbacko the centraledgeelementecevedinputfrom
up to 10,0000rientededgeelementdranvn from a surround30 pixelsin diameter In the
resultsshovn here, positive (contour)training imageswere dravn from a set of 3,000
imagesof simple objectson blank background(from the SEEMOREimage database).
Imageswerepreprocessely a customlocal orientededge Iter basedn analignedsetof
pairwise-multipliedON-centerand OFF-centedifference-of-gaussiaiters (g 3).

Add

Figure 3: Design of customlocal oriented
edge detector First stage of pairwise-
difference-of-gaussiarfPD) lIter involved
convolving imagewith ON- and OFF-center
linear centersurround lters thresholdedat
zero.Resultingvaluesveremultipliedin ser-
Saturate eral aligned pairs acrossa candidateedge.
Theresultof eachproductwassaturatedand
the subtotalswere added. Final outputwas
differencebetweerresponsesf lik e-oriented
Rectify Iters of oppositecontrastpolarity. PD I-

terwasnearlyalwayssuperiorto orientedin-
¢ ear(e.g. Gabor) lters or Canry detectorsn
compleximages.

After trainingthenonlinearsulunits, resultimagesveregeneratedy iteratingthe network
ontestimageqy gs. 4 and5. Pendingdevelopmenbf arigorousbenchmarkthe quality of

theprocesse@magesvasassesselly comparingcontourimagesgeneratedby theiterative
networktolocal PD- Itered imagesattwo differentthresholdsettings A low thresholdvas
chosenso thatthe local edge- Iteredimagewould exhibit good completionof important
imagecontours put this thresholdsettingwasusuallyaccompaniethy anexcessof texture
edgesA highthresholdwvasalsousedsothatmostof the disoganizedextureedgesvere
suppressedyut this settingusually led to elimination of much of the importantcontour
structurein theimage.Two examplesof this type of comparisorareshovnin g. 4 and5,

shaving a signi cant improvementin the quality of the contourrepresentatioasa result
of thenetwork iteration.

Multiply

Discussion

Resultsso far shav signi cant progressn the selectve enhancemendf high-resolution
shapeade ning contourdgn comple scenesOneshortcomingof thecurrentimplementation
is thelack of input from edgefeaturescomputedat coarseispatialscales.Theimportance
of this canbe seenin the gorilla image,for example,wheremary of the long contours
de ning thegorilla's shapecould be extracted‘locally” in a coarseredgechannewithout

the applicationof any sophisticatedterative network processing However, the exclusion

of informationat coarsespatialscalesn the presenexperimentds usefulin thatit permits
evaluationof the competencef the iterative network in boostingcontoursat the highest
(noisiest)resolution.

Ongoingefforts aredevotedto inclusionof edgefeaturesat multiple scaleswithin thesame
learningframework, and developmentof a larger training set which bettercapturesthe
contoursurroundstatisticsin naturalscenes.



Figure4: Resultof applyingiterative network shavnin g. 2to compleximages.A. Orig-
inal images. B. Contourimagesproducedafter ve iterationsof trainednetwork. Com-
parisonto locally edge- Iteredimagesat low (C) andhigh (D) thresholdsettingsshavs
signi cant boostingof well-organizedcontours(circles) and suppressiorf disorganized
textureedgeqsquares).
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