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Abstract

Binoculardisparityrefersto a smallpositionaldifferencedetweercorrespondingmagefeaturesn thetwo eyes.
In this study populationvectoris usedto codethe hypercolumnstructureof visual cortical areasin primatesand
thefeaturepoints,which arepopulationvectorsat high contrasttontoursof the objects,areusedin orderto estimate
disparity betweenstereoimageswhile orientationandmulti phaseinformationis usedas matchingattribute. After
obtaininga highly successfutlisparityinformationat objectcontoursa probabilisticmodelis constructed.

1 Intr oduction

For mary specieswith frontally locatedeyesincluding humans binoculardisparity providesa powerful and highly

guantitatve cueto depth. Binoculardisparityrefersto a small positionaldifferencesbetweencorrespondingmage
featuresin the two eyes, and arisesbecausehe two eyes are separatedhorizontally Depth perceptionbasedupon
binoculardisparityis known as stereopsis.Psychophysicastudiesof stereopsidhiave shavn that differentneurons
in a numberof visual cortical areasin primates,includingV1, V2, V3, MT, MST, andIT, signaldistinct rangesof

binoculardisparitiesanda populationof neuronscould encodea rangeof objectpositionsin depth[5].

1.1 Motivation

Theobsenationunderpinninghis paperis thatthereis considerablscopefor combiningmultiscalephasénformation
to improve the estimationof disparity Our approachs asfollows: We commencdrom featurepointsdetectedising
the methodof Ludtke [13]. Thesefeaturepointslocatedat high contrastcontoursof the objectsalsohold orientation
information,i.e. tangentangle. Then,a phasevector, i.e. phasesat threedifferentscalesseparatedy oneoctave,

is calculatedfor eachfeaturepoint by Itering theimageat that featurepoint locationusing quadraturepair Gabor
Iters which have the sameorientationas the featurepoint. Then, for a featurepoint the one, which hasclosest
phasevectoramongsimilar orientedcandidatesis selectedto be the correspondindgeaturepoint. In nding the
correspondingairs, orientationand phasevaluesat multiple scalesare comparedso that singularpointsmentioned
by Jepsorill, 12, 10] areprevented.Also by this way muchbetterestimatds obtained.Disparityis calculatedrom

the positionaldifferencebetweernthe correspondingpair. Then, correctmatchesarefound by checkingright to left

andleft to right matchresults.Until this partof disparityencodingspatialshift modelof binocularneuronreceptve

eld isassumedl, 2, 3, 8, 14, 15, 5]. Asa nal step,disparityis ne-tuned usingthe phasedifferencedetweerthe

correspondingpairs and much accuratedisparity valuesarefound. In this step,the phaseshift modelof binocular
neuronreceptve eld is assumedl, 2, 3, 8, 14, 15, 5].

After nding correspondingairsanddisparityfor thewholeimagefeaturepointsaprobabilisticmodelfor our cor-
respondencanalysiss formulated.Von Misesdistributionswith width parameter andmeanparameter (Equation
3) are tted to phasedifferencedetweercorrespondingpairsfor correctandwrong matchesat eachscaleseparately
usingthe EM (Expectation-Maximizationalgorithm.

Extractionof featuresandtheir usagein disparity estimationis explainedin Section2.1. Finding corresponding
pairs and disparityis explainedin Section2.2. Usageof multiple scalesis explainedin section2.3. Finally, the
probabilisticmodelis explainedin Section3. In section4 resultsarediscussed.



2 The Method

2.1 Extraction of FeaturesUsedin the Correspondencelgorithm

Gabor lters arewell known modelsof simplecells. Simplecells are orientationselectve andhave receptive elds
containingadjacentsubrejionsthat alternatelyprefer either bright or dark stimuli (i.e. ON and OFF subrgjions).
Thesereceptve eld pro les have beenfound to be well describedby a Gaborfunction, which is the productof a
Gaussiaranda sinusoid:
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where ,  arespatialdimensionameasuringvidth of 2D Gaussiarervelopealong and direction,( , )
de ne thelocationswherethebandpasslter residesn spatialfrequeng. Thecosine Iter is evensymmetricandis
sensitve to detectorientedblobsor roof edgeswhereasine lter is oddsymmetricanddetectsstepedges.

Thecoexistenceof cosineandsine lters is supportedy biologicalevidencewherethereceptie elds of adjacent
simplecells which have the sameorientationand spatialfrequeng are mainly groupedinto quadraturepairswithin
which their receptve eld pro les sharethe samelocationin spaceg[2, 3, 8] . A quadraturepair hasthe following

pro le: _ — , where( )=( ) and
is theradialfrequeny of Gabor Iter and givestheorientationin space.

Visualcortex is composeaf hypercolumnseachof whichincludestwo oculardominantcolumnseachcomposed
of cellsat differentorientationgor the samereceptive eld. Thecombinedbehaiour of anoculardominantcolumn
canbeencodeddy combiningdifferentorientedGabor Iter responseswhich is known aspopulationcoding[9]. In
this study sterecimagesare ltered with differentorientedGabor lters andthenpopulationvectorfor eachpixel
is calculated13]. Wavelength, is selectedo be 6 pixelsand8 differentorientations, , arefoundto be
enoughfor our purposes.The width of the Gaussian, , which is thereceptve eld' s radius,is selectedo be 0.6 .

Thenthepopulationvectoris calculatedasfollows[13]: p e where( , )

givesthe positionof the pixel in theimage, is the numberof differentorientationscombined, is the
responséenegy) of aquadraturgair Gabor Iters of orientation ande is theunit vectorin the
direction . Here,the populationvectoris thesumof the =8 Iter vectors.Theorientationof this populationvector
is calculatedoy [13]: . Comparedo tuningwidth of asingleGabor lter , the
populationvectorestimateof stimulusorientationis very accuratealthoughalimited numberof Iters is used.

In our study featuresusedin correspondencanalysisare the local maximum populationvectors. The local
maximumsearchs performedntheproductof certainityandresponseneny: [13]. Thecertainity
, is foundfrom the sharpnessf the responsero le (seethe paper[13] for details).By this way, only points
of high contrastandhigh certainitysurvive. Thus,whenlocal maximaof the magnitudeof the populationvectorare
found thenpopulationvectorprovide the high contrastcontoursof the objectsin the imageandorientationgivesan
estimateof thelocaltangeniangleat the contourlocations.Figuresla,bshav theright andleft stereamagepair with
edgesnumberedon left image. Figureslc,dshov the locationsof the featurepoints obtainedfor the pair givenin
Figuresla,b Thefeaturepoint orientationsaregivenwith graylevelsasin thecolor map.

Oncethesekey pointsof reliablecontourinformationandtheirtangentanglesaredeterminedhenthey areusedas
featuresn our matchingalgorithmto nd correspondingairsbetweersteredmagesn orderto calculatedisparity

2.2 Finding CorrespondingPairs and Disparity

Sincethe matchingattribute shouldbe independenbf illumination, calibrationand re ectancefactors,the simple
attribute satisfyingthis requirements the local orientationof the featurepoint. However, theremight be error
betweertheorientationof the correspondingairs,whichis theworstcasescenerid16]. In thisstudy in orderto have
morerobustmatching phasédnformationis usedbesiderientationinformation. Phasébasednethodsn disparityis
successfubecausef thestability of phasewith respecto geometricdeformationsndcontraswariationsbetweereft
andright views. Althoughusuallystable phasesxhibits a commonform of instability whereit is sensitve to changes



in spatialpositionandscale.This instability occursin the neighbourhooaf phasesingularitieswherethe amplitude
of the signalgoesthroughthe origin in the comple plane,andmaybe detectedwith constrainton theinstanteneous
frequeny andtheamplitudederivative of the lter output[6].

Phasecanbeusedin two waysin disparityencoding.Oneway is thephasedifferencemodelwherereceptve elds
having the samespatiallocationin spacearede ned suchthatthey have a phasedifferenceasin the cell modelsin
[2,3,7,8, 14,15, 17,18, 19]. The phasdifferenceis thedifferencein left andright receptive eld phases:

_— — , Where and and
represent  and respectielyand istheinteroculamphasdlifference.

The otherway is to estimatedisparityfrom the phasedifferencesbetweenleft andright images. After Itering
imageswith complex Gabor lters, disparityis foundfrom theregionalphasdifferencedetweerleft andrightimage
asdoneby Sangef20]. Phasés the phaseof complex Gabor Itered imagethistime:

, where and are cosineand sine lter re-
sponse®f theimage.

In this study a quadraturepair of Gabor Iters with =6 pixelsis appliedat eachfeaturepoint locationin order
to nd aphasevalue. Each Iter hasthe sameorientationasthe featurepointit is appliedon. Finally phaseat each

featurepointis calculatedby —— where and

arethe cosineandsine Gabor lter responsegwavelength=, width of Gaussian= ) of the imageat the feature
pointlocation with thefeaturepoint orientation

In this study the phaseinformationfound asabove is usedbesiderientationinformationin nding the corre-
spondingfeaturepoints. For a featurepoint at theright image,similar orientedand phasedeaturepointsat the left
imagewithin somepixel rangearoundthe right featurepoint's locationareselectechscandidatesndthe onewhich
is closestin phaseis selectedo be the correspondindeaturepoint, i.e. where : right
featurepointlocatedat and : similar orientedleft featurepointslocatedat given where isthe
neighbourhoodf wherethesearctfor is performed.n doingthis, positionshift betweerthereceptive elds of the
binoculardisparityselectve cell is mimickedandthedisparityis calculatedasthe horizontaldistancebetweertheleft
featurepoint andthe correspondingight featurepoint. However, disparityfound by this way doesnot have subpixel
accurag. In orderto reachsubpixel accurayg, phaseshift modelof binocularcell receptve elds is mimicked. Here,
thesubpixel disparityis calculatedrom theinteroculamphasdlifferencebetweercorrespondingairsas: —_—,
where s the ne tuningin disparityand is the interocularphasedifferencewith beingthe
phaseof left featureand  beingthe phaseof the correspondingight feature.By this way, theroughdisparityfound
by only usingpositionshift modelis tunedby phaseshift model.

In orderto make doublecheck,this matchingalgorithmis appliedin bothdirection: right to left andleft to right.
Thisway, occludedpointscanalsobediscardedrom the analysis.For the steredmagesgivenin Figuresla,bfor 537
out of 980right featurepoints(Figure1c) a matchis found. Final disparityvaluesaregivenin gray scale(Figure2a)
andas3D plot (Figure2b). As canbe seenfrom the histogramof disparity (Figure 2c) therearemainly 3 different
depthlayersin theimage.Most of the objectsareat the disparitiesrangingbetweenl3 and 16 pixels, only the small
cubewith edgesnumberedas4,21,5,22in the right imagein Figure 1b is at the disparitiesrangingfrom 35 to 38
pixelsandtheball numbereddy 7 is at the disparitiedessthanzerosinceit is in front of the xation plane.Theedge
numberedasl in Figurelb is at the disparityof 20 pixels. The edgenumberedas12 in Figure 1bis tilted into the
imageplanewith the bottomfeaturepoint on the edgewith disparity9 andthe top featurepoint with disparity13. In
these gures (2a,b,c),both correctandwrong matchesare shovn. Out of these537 matchesonly 62 arewrongand
therestarecorrectwhich makes 90 successUsually featurepointshaving horizontalorientationare mismatched
sincetherearemary candidatesill having very similar properties.

After obtainingtheseroughdisparity values, ne tuningis performedin orderto obtainsubpixl accurag. For
example,the roughdisparitiesfor the featurepointson the edgenumberedas 12 in Figure 1b shavs a stair shape
behaiour asgivenin Figure2d (discontinuougpointsin the top plot). After ne tuning, disparitychangesmoothly
(continuoudine in thetop plot).

In Figure 3 neighbouringsimilar disparity points are extractedusing someprede nedneighbourhoodle nition
andby this way differentdepthlayerscouldbeobsened. In each gure, a seperate@epthlayeris given.

Disparityfound usingthe samealgorithmfor otherimagepairsarealsogivenin Figures4 and5. Theimagepair
usedin Figure5 hasvery differentcharacteristicthanthe imagepairsusedpreviously. Imagesin Figuresla,band



4a,bhave rectangulashapedbjectsmostlywith well de ned edgesaandfeaturepointsarelocatedattheseedgesBut
imagesin 5a,bhave roundshapedodywith continuouslychangingdepthandthe featurepointarenearlyuniformly
distributedall aroundthe body. However, againfeaturepoint@remostlyalongthe contours

2.3 Using Multiple Scales

In our study differentscalesaredirectly usedin nding correspondingpairs.Oneoctave separatethreewavelengths
areusedstartingfrom 6 pixels,i.e. =6, =12, =24pixels.At eachfeaturepoint aphasevectoris calculatecat

threewavelengthausingGabor Iters with the sameorientationasthefeaturepoint:

For eachfeaturepoint,amongsimilarly orientedcandidateshe onewhich hasthe closestphasehroughall scales
is selectedto be the correspondingpoint. However, phasethroughscalesare not compareddirectly but weighted

by con dencevalues. Con dencede nition usedis sameasin [20]: — —— where is for scale,
indexes , arefor correspondingight andleft featurepoints, and arethe complex Gabor Iter response
magnitudes.The con dencevectorcalculatedfor eachcandidatepair is given as: . Thenphase

vectorsweightedby con dencevaluesarecomparecamongthe correspondingandidatesThecandidate whichhas
the closestphasg(smallestphasedifference)to the featurepoint is selectedasthe correctcorrespondingpoint, i.e.

where'.' representsectorproduct, representtransposef thevectorand isthe
elementinverseof

Insteadof checkingphaseat single scale ,phaseinformationat differentscalesbringsreliability. Also, inserting
the con dencevaluesandthencomparingphaseghroughscalessingularpointsare escaped Con denceusedhere
addsthe magnitudeénformationbesideghe phasanformationwherethetrue correspondingairsshouldhave similar
responsenagnitudes.

3 Probabilistic Model of the Disparity Algorithm

After nding correspondingairsanddisparityfor thewholeimagefeaturepointsa probabilisticmodelfor our corre-
spondencanalysisis formulated.Von Misesdistributionswith width parameter andmeanparameter (Equation
3) are tted to phaselifferencesdetweercorrespondingpairsfor correctandwrong matchesat eachscaleseparately
usingthe EM (Expectation-Maximisationdlgorithm. Mixture modelof von Misesareassumedor eachscale and
algorithm[4] is appliedto nd the parameters and which maximizesthe expectationfunction

where , and aretheleft andtheright featurepointsrespectiely,
is thetotal numberof variableand s thetotal numberof von Misesmodelsusedin mixture model.

— ®3)
is maximizedby equalizingthe partial derivativeswith respecto , and tozero.Updateequations
for , and arecalculatedwith the help of Bayesiarrulesasfollows:
4)
)
(6)
where if issmalland if s

large.



Mixture modelsof von Misesdistributionsare tted to the phasedifferencesetweercorrespondingpairsat each
scale(Figure6). De ning theprobabilityof acorrespondingair atagivenscaleas: —the

probabilityof amatch canbecalculatedby combiningall scalesas: . Thenfor afeature
point , thecorrectcorrespondindeaturepointamongthe candidateganbefoundas:

Applying this probabilisticmodelto featurepoints,we obtaineddisparitiesfoundvery similar to the previouscase
(Figure7). Main differencegrom thedisparitiefoundpreviously (Figure2) areseeronthehorizontaledges Because
for a featurepointon this edgethereare mary, e.g. 50, candidatesvith very closeprobabilitiesandthis makesthe
selectionhard.

4 Conclusion

In this study in all the stepsof the algorithm physiologicaland biological information hasbeenconsidered.The
featuresusedin correspondencanalysisare found by populationcodingwhich modelsthe hypercolumnstructure
obsenedin the visual cortex. A hypercolumnis encodedby a populationvector wheredifferent orientationsare
combinedand representedby a single vector Thus, insteadof calculatingdisparitiesusing orientedGabor Iters
andpoolingtheresultsover differentorientationsa single orientationfor eachfeatureis obtainedbeforecalculating
disparities. The populationvector estimateof stimulusorientationby this way is very accuratealthougha limited
numberof lters is used. Although the featurepointsarerarein number sincethey arethe pointsof high contrast
edgesandde ne the contoursof the objectsthey still keepthe structureof theimageandarevery informative.

Among similar orientedfeaturepointcorrespondingairs are matchedusing the phaseinformation which also
hasbiologicalroots. Sinceit hasbeenprovedthatsimplebinocularcellsarein pairsof quadraturgohasesthe phase
informationis implicit in the quadraturepair simplecells. Also, phasds very sensitve to spatialdifferencessinceit
givesthe ne detailsof a Itered imagewhich is very helpfulin discriminatingnearbyimageregions. Anothergood
thing aboutphaseis its beingvery robust for small scaledifferencessincethe sterecimagepairs might be slightly
differentin scale.Howeverin the neighbourhoodsf phasesingularities phasds unreliableandat thesepointsphase
changedramaticallythroughscale. Thus, thesesingularitiesshouldbe detectedand remaovedin a correspondence
algorithm.In this study usingmultiple scaleds helpfull in orderto escapdrom singularpoints. Usingmultiple scales
is alsobiologically palusablesincetherearevariousdisparityencodingbinocularcellswhich aresensitve to different
spatialwavelengths.

In nding correspondingairs,bothmodelsof binoculardisparityencodingcellsareused.By positionshift model,
roughdisparityvaluesareobtainedandvery large rangeof disparitiescanbe calculatecbut to alimited accurag. By
phaseshift model, ne tuningis performedwithoutfacingquartercyclelimit. Also by thistuningschemeacontinium
in disparityis obtained.

The algorithmis very effective for texturelessmagesespeciallyat the depthboundaries However, after nding
disparityvaluesfor the featurepointswhich arelocatedat the contours,a surface tting shouldbe donein orderto
give full depthregions. Thiswill bethenext stepof research.
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Figurel: (a) Rightimage,(b) Left image,(c) Rightimagefeaturepoints,(d) Left imagefeaturepoints. Orientationis
givenasgraylevels.



Figure2: (a) Disparitiesshavn in gray scale,(b) Disparitiesshavn as3D plot, (c) Histogramof the disparities,(d)
Finetuningresults;Top: Roughdisparity(*) and ne tuneddisparity(line). Middle: Correctionin disparity Bottom:
Phasalifferencedetweerthe correspondindeaturepointsalongthe edge.
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Figure3: Disparity layers. (a) Main rectangulaiobjects,(b) Triangularshapedbjectwith its base(c) Smallrectan-
gularprism,(d) Theball in Figurel,



rotimage etimage

(b)

aaaaaaa

Figure4: (a) Rightimage,(b) Left image,(c) Disparities.
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Figure5: (a) Rightimage,(b) Left image,(c) Disparities.



Figure6: Histogramsandvon Misesdistributions tted to matchedpoints(top row) andmismatchegoints(bottom
row). (a),(d) Forscale , (b),(e)Forscale |, (c),(f) Forscale
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Figure7: (a) Disparityfoundby probabilisticmodel. (b) 3D view of disparity



