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7.KeyPointsandFutureGoals

5.Generativemodel of shape“images”1.Introduction 4.Imagestatistics

Wemeasuredthefrequencywithwhicheachfragment isdetected inan imageenemble
(firstorderstatistics).Thedistributionof relativefrequencyofoccurenceofeachfragment
dependsheavilyonthenatureof theimageensemble.

Recent recordingsinmacaquesuggest thatsingleneuronsinV4/ITrespond-
ingtoclosedcontoursaresensitiveto“contourfragments”withdefinedori-
entation,curvatureandrelativeposition(BrincatandConnor,Nat.Neurosci.).
Motivatedbythis,wesought to (i)characterizethestatisticsof contour
fragmentsinnatural scenes,and(ii)togeneratesyntheticimageswhichre-
flect themeasuredfragmentstatistics.Wereasonedthat if efficientcodingex-
tendstohighervisual areas,thenshapecoding inV4/ITshouldbeadaptedto
thenatural statisticsof contourfragments. Thishypothesiscouldbetested
usingsyntheticstimuliwithcontrollablecontour-fragmentstatistics.

6.Fragmentdetectorvisualization

2.Motivation
Brincatetal [1]parameterizeneuronal responsetoshapesintermsofasmall numberof
keycontourfeaturesinspecificgeometricarrangements. Motivatedbythisexperimental
characterizationof ITcells,weadoptaparameterizationof shapesusingasmall numberof
contourfragments.

References: [1]Brincat,SL,&Connor,CE.2004.Underlyingprinciplesofvisual shapeselectivityinposterior inferotemporal cortex.NatureNeuroscience,7,880–886. [2]Geisler,WilsonS.,&Perry,JeffreyS.2009.Contourstatisticsinnatural images:Groupingacrossocclusions.VisualNeuroscience,26(01),109–121.[3]Geusebroek,Jan-Mark,Burghouts,Gertjan J,&
Smeulders,ArnoldWM.2005.TheAmsterdamLibraryofObject Images.International Journal ofComputerVision,61(1),103–112. [4]Tkacik,G.,Garrigan,P.,Ratliff,C.P.,Klein,J.,Sterling,P.,Brainard,D.,&Balasubramanian,V.Acalibratednatural imagedatabase.Submitted[Preprint].

Theresponseto theaboveshapecouldbecharacterizedasaanonlinearsumof there-
sponsestoeach labelledcontourfragment. Webeginour imageanalysisbylookingfor
orientedcurvedcontourfragmentsinanensembleofnatural images.
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3.Setof contourfragments

Weuseasimplebasisof contourfragmentsencompassingarangeofopeningangles.
Thoughthecontoursaredepicted andformulatedasangles,curvessimilar toagivenfrag-
ment triggeraresponseaswell.Edgescomposingthecontoursdepictedhereareat45º
angles- thiseasilyextendstobasisofopeningangleswithmorefinelyspaced increments.
Eachcontourfragment isimplementedwithGaborfiltersforeachedge,andathresholding
nonlinearityservingasalogical ‘AND’to requirethepresenceofbothedgecomponents

Firstandsecondorderstatistics(i.e.fragment frequenciesand jointprobabilitieswhichwe
approximateviathecross-covariances)wereusedasconstraintsinamaximumentropy
Ising-likemodel togenerateaprobabilitydistributionof shapefragmentsfor fourspatial
locations,arranged inasquareconfiguration.Thebasicmodel canbedescribedbythefol-
lowingequation:

Firstorderstatistics

Wemeasuredthecross-covariancefunc-
tionsofeachpairof fragments(second
orderstatistics).Weassumedthatnatural
imagesaretranslation invariant thereby
allowingustoapproximatethecross- co-
variancefunctionwithamoreefficient
computation inthefourierdomain in-
volvingaconvolution-likeoperation. En-
semblecross-covariancesweredeter-
minedbycomputingthecross-
covariancesforeachsingleimageand
thenaveragingacrossimages.

Examplecross-covariancesforpairsof
fragmentsarepresentedhere. Panelson
theright showcontourfragmentsata
displacementcorrespondingto the
arrowsuperimposedoverthecross-
covariance. Axesindicatepixel-displace-
mentbetweentheverticesof thefrag-
mentswiththecentercorrespondingto
nodisplacement.

Secondorderstatistics

Correlationbetweenfragmentsisgreatestwhenfragmentsarecollinear(seealso [2]),with
thepeakbeingmostpronouncedwhereedge-detectorsoverlap. Ourstatistics,however,po-
tentiallyaffordnovel insightsbeyondthoseofedgefragmentstatisticsaswemaycompare
therelativecorrelationbetweenasinglefragmentandvariousother fragmentswithwhich it
iscollinear.

Presentedbelowaregraphsofcorrelationasafunctionofdistance(alongacollinearseg-
ment)forasinglefragmentandall otherswithwhich it iscollinearalong itshorizontal edge.

Results&Interpretation

wehaveusedvariousimagesetsthroughout thiswork.in-
cludingour lab’snatural imagedatabase[4],anonlineobject imagesdatabase[3],and
framesfromvideoof theBBCproduction“PlanetEarth”foundonYouTube. Thefiguresin
section4usedatafrom“PlanetEarth”, andsections5&6usedataand imagesfrom[3].

Anoteontheimages:

(1)Contourfragmentsstatisticscanbemeasuredusingourprocedure,andtheyseemtocon-
tainnovel informationbeyondsingleedgestatistics. (2)Agenerativemodelwhichtakesinto
accountonlyfirstandsecondordercontourstatisticsmayreproducesomekeyfeaturesof
shapes-namelycollinearityandclosedness.(3)Leveragingshape-relatedstatisticsmeasured
innatural scenes,wehopetogeneratetheoretical predictionsforanoptimal representation
of shapein IT.(4)Wearedevelopingsyntheticstimuli basedoncontourfragmentstatisticsto
probeneuralmechanismsof shaperepresentation.(5)Weintendtoextendourprocedureto
measure3-pointcontourfragmentstatisticsmoredirectlyrelatedtoshape.

Forasingleimagetakenfrom[3],wedemonstrateourcontourfragmentdetectionproce-
dureaswell asdifferentparametricrandomizationsof thedetectedfragmentset.
Imageofashoe ContourfragmentsDetectionsover imageNormalized image
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Maximumentropydistributiondeter-
minedfor4locationsand24contour
fragments:each4-fragmentpattern is
enumeratedalongtheabscissaand
itsprobabilityisgivenalongtheordi-
nate. Theconfigurationsthat repre-
sent relativepeaksinthedistribution
aredrawnconnectedto their respec-
tivepeaksbybluearrows.Themajor
peaksshowahighprevalenceof
right-angleshapefragments
(reflectingthefirstorderstatistics)
aswell aspotential collinearityandclosedness. Comparethisto thetwo leastprobablecon-
figurations,identifiedbyredarrows,whichshowlittlecollinearityandshapefragmentswith
lowfequenciesofoccurrence.
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