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Abstract

Binoculardisparityrefersto asmallpositionaldifferencesbetweencorrespondingimagefeaturesin thetwo eyes.
In this study, populationvector is usedto codethe hypercolumnstructureof visual cortical areasin primatesand
thefeaturepoints,whicharepopulationvectorsat high contrastcontoursof theobjects,areusedin orderto estimate
disparitybetweenstereoimageswhile orientationandmulti phaseinformationis usedasmatchingattribute. After
obtainingahighly successfuldisparityinformationatobjectcontours,a probabilisticmodelis constructed.

1 Intr oduction

For many specieswith frontally locatedeyesincluding humans,binoculardisparityprovidesa powerful andhighly
quantitative cueto depth. Binoculardisparityrefersto a small positionaldifferencesbetweencorrespondingimage
featuresin the two eyes,andarisesbecausethe two eyesareseparatedhorizontally. Depthperceptionbasedupon
binoculardisparity is known asstereopsis.Psychophysicalstudiesof stereopsishave shown that differentneurons
in a numberof visual cortical areasin primates,including V1, V2, V3, MT, MST, andIT, signaldistinct rangesof
binoculardisparitiesanda populationof neuronscouldencodea rangeof objectpositionsin depth[5].

1.1 Moti vation

Theobservationunderpinningthispaperis thatthereis considerablescopefor combiningmultiscalephaseinformation
to improvetheestimationof disparity. Our approachis asfollows: We commencefrom featurepointsdetectedusing
themethodof Ludtke [13]. Thesefeaturepointslocatedat high contrastcontoursof theobjectsalsohold orientation
information,i.e. tangentangle. Then,a phasevector, i.e. phasesat threedifferentscalesseparatedby oneoctave,
is calculatedfor eachfeaturepoint by �ltering the imageat that featurepoint locationusingquadraturepair Gabor
�lters which have the sameorientationas the featurepoint. Then, for a featurepoint the one, which hasclosest
phasevectoramongsimilar orientedcandidates,is selectedto be the correspondingfeaturepoint. In �nding the
correspondingpairs,orientationandphasevaluesat multiple scalesarecomparedso that singularpointsmentioned
by Jepson[11, 12, 10] areprevented.Also by this way muchbetterestimateis obtained.Disparity is calculatedfrom
the positionaldifferencebetweenthe correspondingpair. Then,correctmatchesarefound by checkingright to left
andleft to right matchresults.Until this partof disparityencoding,spatialshift modelof binocularneuronreceptive
�eld is assumed[1, 2, 3, 8, 14, 15, 5]. As a �nal step,disparityis �ne-tunedusingthephasedifferencesbetweenthe
correspondingpairsandmuchaccuratedisparityvaluesarefound. In this step,the phaseshift modelof binocular
neuronreceptive �eld is assumed[1, 2, 3, 8, 14, 15, 5].

After �nding correspondingpairsanddisparityfor thewholeimagefeaturepointsaprobabilisticmodelfor ourcor-
respondenceanalysisis formulated.VonMisesdistributionswith width parameterF andmeanparameterG (Equation
3) are�tted to phasedifferencesbetweencorrespondingpairsfor correctandwrongmatchesat eachscaleseparately
usingtheEM (Expectation-Maximization)algorithm.

Extractionof featuresandtheir usagein disparityestimationis explainedin Section2.1. Findingcorresponding
pairs and disparity is 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 Corr espondenceAlgorithm

Gabor�lters arewell known modelsof simplecells. Simplecellsareorientationselective andhave receptive �elds
containingadjacentsubregions that alternatelyprefer eitherbright or dark stimuli (i.e. ON and OFF subregions).
Thesereceptive �eld pro�les have beenfound to be well describedby a Gaborfunction, which is the productof a
Gaussianandasinusoid:
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* arespatialdimensionsmeasuringwidth of 2D Gaussianenvelopealong 	 and 
 direction,( ��� ,��� )
de�ne thelocationswherethebandpass�lter residesin spatialfrequency. Thecosine�lter is evensymmetricandis
sensitive to detectorientedblobsor roof edges,whereassine�lter is oddsymmetricanddetectsstepedges.

Thecoexistenceof cosineandsine�lters is supportedby biologicalevidencewherethereceptive�elds of adjacent
simplecells which have thesameorientationandspatialfrequency aremainly groupedinto quadraturepairswithin
which their receptive �eld pro�les sharethe samelocationin space[2, 3, 8] . A quadraturepair hasthe following
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J0�9 :K>�+�L , where( <M�;-�/�0�>N��<=�A0�9 :K> )=( ���&����� ) and <=�

is theradialfrequency of Gabor�lter and > givestheorientationin space.

Visualcortex is composedof hypercolumnseachof which includestwo oculardominantcolumnseachcomposed
of cellsat differentorientationsfor thesamereceptive �eld. Thecombinedbehaviour of anoculardominantcolumn
canbeencodedby combiningdifferentorientedGabor�lter responses,which is known aspopulationcoding[9]. In
this study, stereoimagesare �ltered with differentorientedGabor�lters andthenpopulationvectorfor eachpixel
is calculated[13]. Wavelength, O

�QP�R.<K� is selectedto be 6 pixelsand8 differentorientations,>�5 , arefound to be
enoughfor our purposes.The width of theGaussian,

%

, which is the receptive �eld' s radius,is selectedto be 0.6O .

Thenthepopulationvectoris calculatedasfollows[13]: p �
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givesthepositionof thepixel in the image, \ is thenumberof differentorientationscombined,[
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� is the
response(energy) of a quadraturepairGabor�lters of orientation>�5 ande5A�]�^-�/�0�>�5���0�9 :=>�5,�`_ is theunit vectorin the
direction >�5 . Here,thepopulationvectoris thesumof the \ =8 �lter vectors.Theorientationof this populationvector
is calculatedby [13]: >�a��,aN�
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populationvectorestimateof stimulusorientationis veryaccuratealthougha limited numberof �lters is used.

In our study, featuresusedin correspondenceanalysisare the local maximumpopulationvectors. The local
maximumsearchis performedontheproductof certainityandresponseenergy: h h
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N� , is foundfrom thesharpnessof theresponsepro�le (seethepaper[13] for details).By this way, only points
of high contrastandhigh certainitysurvive. Thus,whenlocal maximaof themagnitudeof thepopulationvectorare
found thenpopulationvectorprovide thehigh contrastcontoursof theobjectsin the imageandorientationgivesan
estimateof thelocal tangentangleat thecontourlocations.Figures1a,bshow theright andleft stereoimagepairwith
edgesnumberedon left image. Figures1c,dshow the locationsof the featurepointsobtainedfor the pair given in
Figures1a,b. Thefeaturepointorientationsaregivenwith graylevelsasin thecolor map.

Oncethesekey pointsof reliablecontourinformationandtheir tangentanglesaredeterminedthenthey areusedas
featuresin ourmatchingalgorithmto �nd correspondingpairsbetweenstereoimagesin orderto calculatedisparity.

2.2 Finding Corr espondingPairs and Disparity

Sincethe matchingattribute shouldbe independentof illumination, calibrationand re�ectancefactors,the simple
attributesatisfyingthis requirementis the local orientationof thefeaturepoint. However, theremight be j&kNl

P�m error
betweentheorientationof thecorrespondingpairs,whichis theworstcasescenerio[16]. In thisstudy, in orderto have
morerobustmatching,phaseinformationis usedbesidesorientationinformation.Phasebasedmethodsin disparityis
successfulbecauseof thestabilityof phasewith respectto geometricdeformationsandcontrastvariationsbetweenleft
andright views. Althoughusuallystable,phaseexhibitsacommonform of instabilitywhereit is sensitive to changes



in spatialpositionandscale.This instability occursin theneighbourhoodof phasesingularities,wheretheamplitude
of thesignalgoesthroughtheorigin in thecomplex plane,andmaybedetectedwith constraintson theinstanteneous
frequency andtheamplitudederivativeof the�lter output[6].

Phasecanbeusedin two waysin disparityencoding.Onewayis thephasedifferencemodelwherereceptive�elds
having thesamespatiallocationin spacearede�ned suchthat they have a phasedifferenceasin thecell modelsin
[2, 3, 7, 8, 14, 15, 17, 18, 19]. Thephasedifferenceis thedifferencein left andright receptive �eld phases:
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is theinterocularphasedifference.

The otherway is to estimatedisparityfrom the phasedifferencesbetweenleft andright images.After �ltering
imageswith complex Gabor�lters, disparityis foundfrom theregionalphasedifferencesbetweenleft andright image
asdoneby Sanger[20]. Phaseis thephaseof complex Gabor�ltered imagethis time:
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sponsesof theimage.

In this study, a quadraturepair of Gabor�lters with O =6 pixels is appliedat eachfeaturepoint locationin order
to �nd a phasevalue. Each�lter hasthesameorientationasthe featurepoint it is appliedon. Finally phaseat each

featurepoint is calculatedby
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arethe cosineandsineGabor�lter responses(wavelength=O , width of Gaussian=,Nl -�O ) of the imageat the feature
point location �
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In this study, the phaseinformationfound asabove is usedbesidesorientationinformationin �nding the corre-
spondingfeaturepoints. For a featurepoint at the right image,similar orientedandphasedfeaturepointsat the left
imagewithin somepixel rangearoundtheright featurepoint's locationareselectedascandidatesandtheonewhich
is closestin phaseis selectedto be the correspondingfeaturepoint, i.e. .

�0/

�

�2143 9 :51

h

�

5;!

�76

h 8�8 where
F

: right
featurepoint locatedat �
	�5���
�5,� and. : similarorientedleft featurepointslocatedat �
	

6

��


6

� given .�9 : where: is the
neighbourhoodof

F

wherethesearchfor . is performed.In doingthis,positionshift betweenthereceptive�elds of the
binoculardisparityselectivecell is mimickedandthedisparityis calculatedasthehorizontaldistancebetweentheleft
featurepoint andthecorrespondingright featurepoint. However, disparityfoundby this way doesnot have subpixel
accuracy. In orderto reachsubpixel accuracy, phaseshift modelof binocularcell receptive �elds is mimicked. Here,
thesubpixeldisparityis calculatedfrom theinterocularphasedifferencesbetweencorrespondingpairsas: �<;

�>=@?

*

##A

,
where �<; is the �ne tuning in disparityand �
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� is the interocularphasedifferencewith
�

� beingthe
phaseof left featureand

�

� beingthephaseof thecorrespondingright feature.By thisway, theroughdisparityfound
by only usingpositionshift modelis tunedby phaseshift model.

In orderto make doublecheck,this matchingalgorithmis appliedin bothdirection: right to left andleft to right.
Thisway, occludedpointscanalsobediscardedfrom theanalysis.For thestereoimagesgivenin Figures1a,bfor 537
out of 980right featurepoints(Figure1c) a matchis found. Final disparityvaluesaregivenin grayscale(Figure2a)
andas3D plot (Figure2b). As canbe seenfrom thehistogramof disparity(Figure2c) therearemainly 3 different
depthlayersin theimage.Most of theobjectsareat thedisparitiesrangingbetween13 and16 pixels,only thesmall
cubewith edgesnumberedas4,21,5,22in the right imagein Figure1b is at the disparitiesrangingfrom 35 to 38
pixelsandtheball numberedby 7 is at thedisparitieslessthanzerosinceit is in front of the�xation plane.Theedge
numberedas1 in Figure1b is at thedisparityof 20 pixels. The edgenumberedas12 in Figure1b is tilted into the
imageplanewith thebottomfeaturepoint on theedgewith disparity9 andthetop featurepoint with disparity13. In
these�gures (2a,b,c),bothcorrectandwrongmatchesareshown. Out of these537matchesonly 62 arewrongand
therestarecorrectwhich makes B 90 success.Usually featurepointshaving horizontalorientationaremismatched
sincetherearemany candidatesall having verysimilar properties.

After obtainingtheseroughdisparityvalues,�ne tuning is performedin order to obtainsubpixel accuracy. For
example,the roughdisparitiesfor the featurepointson the edgenumberedas12 in Figure1b shows a stair shape
behaviour asgivenin Figure2d (discontinuouspointsin the top plot). After �ne tuning,disparitychangessmoothly
(continuousline in thetopplot).

In Figure3 neighbouringsimilar disparitypointsareextractedusingsomeprede�nedneighbourhoodde�nition
andby this waydifferentdepthlayerscouldbeobserved.In each�gure, a seperatedepthlayeris given.

Disparityfoundusingthesamealgorithmfor otherimagepairsarealsogivenin Figures4 and5. Theimagepair
usedin Figure5 hasvery differentcharacteristicsthanthe imagepairsusedpreviously. Imagesin Figures1a,band



4a,bhaverectangularshapedobjectsmostlywith well de�ned edgesandfeaturepointsarelocatedat theseedges.But
imagesin 5a,bhave roundshapedbodywith continuouslychangingdepthandthefeaturepointsarenearlyuniformly
distributedall aroundthebody. However, againfeaturepointsaremostlyalongthecontours

2.3 Using Multiple Scales

In ourstudy, differentscalesaredirectlyusedin �nding correspondingpairs.Oneoctaveseparatedthreewavelengths
areusedstartingfrom 6 pixels,i.e. O

Z =6, O

#

=12, O�� =24pixels.At eachfeaturepoint
F

a phasevectoris calculatedat

threewavelengthsusingGabor�lters with thesameorientationasthefeaturepoint:
�

5�� �

�

*��

5

�

*

B

5

�

*��

5

'

For eachfeaturepoint,amongsimilarly orientedcandidatestheonewhichhastheclosestphasethroughall scales
is selectedto be the correspondingpoint. However, phasethroughscalesare not compareddirectly but weighted

by con�dencevalues.Con�dencede�nition usedis sameasin [20]: �
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vectorsweightedby con�dencevaluesarecomparedamongthecorrespondingcandidates.Thecandidate. whichhas
theclosestphase(smallestphasedifference)to the featurepoint
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Insteadof checkingphaseat singlescale,phaseinformationat differentscalesbringsreliability. Also, inserting
thecon�dencevaluesandthencomparingphasesthroughscales,singularpointsareescaped.Con�denceusedhere
addsthemagnitudeinformationbesidesthephaseinformationwherethetruecorrespondingpairsshouldhavesimilar
responsemagnitudes.

3 Probabilistic Model of the Disparity Algorithm

After �nding correspondingpairsanddisparityfor thewholeimagefeaturepointsaprobabilisticmodelfor ourcorre-
spondenceanalysisis formulated.Von Misesdistributionswith width parameterF andmeanparameterG (Equation
3) are�tted to phasedifferencesbetweencorrespondingpairsfor correctandwrongmatchesat eachscaleseparately
usingtheEM (Expectation-Maximisation)algorithm.Mixture modelof von Misesareassumedfor eachscaleO and
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Mixture modelsof von Misesdistributionsare�tted to thephasedifferencesbetweencorrespondingpairsat each
scale(Figure6). De�ning theprobabilityof acorrespondingpair
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Applying thisprobabilisticmodelto featurepoints,weobtaineddisparitiesfoundverysimilar to thepreviouscase
(Figure7). Main differencesfrom thedisparitiesfoundpreviously(Figure2) areseenonthehorizontaledges.Because
for a featurepointon this edgetherearemany, e.g. 50, candidateswith very closeprobabilitiesandthis makesthe
selectionhard.

4 Conclusion

In this study, in all the stepsof the algorithmphysiologicalandbiological informationhasbeenconsidered.The
featuresusedin correspondenceanalysisare found by populationcodingwhich modelsthe hypercolumnstructure
observed in the visual cortex. A hypercolumnis encodedby a populationvectorwheredifferentorientationsare
combinedand representedby a single vector. Thus, insteadof calculatingdisparitiesusingorientedGabor�lters
andpoolingtheresultsover differentorientations,a singleorientationfor eachfeatureis obtainedbeforecalculating
disparities. The populationvectorestimateof stimulusorientationby this way is very accuratealthougha limited
numberof �lters is used. Although the featurepointsarerarein number, sincethey arethe pointsof high contrast
edgesandde�ne thecontoursof theobjectsthey still keepthestructureof theimageandarevery informative.

Among similar orientedfeaturepointscorrespondingpairsarematchedusing the phaseinformationwhich also
hasbiologicalroots.Sinceit hasbeenprovedthatsimplebinocularcellsarein pairsof quadraturephases,thephase
informationis implicit in thequadraturepair simplecells. Also, phaseis very sensitive to spatialdifferencessinceit
givesthe�ne detailsof a �ltered imagewhich is very helpful in discriminatingnearbyimageregions.Anothergood
thing aboutphaseis its beingvery robust for small scaledifferencessincethe stereoimagepairsmight be slightly
differentin scale.However in theneighbourhoodsof phasesingularities,phaseis unreliableandat thesepointsphase
changesdramaticallythroughscale. Thus,thesesingularitiesshouldbe detectedandremoved in a correspondence
algorithm.In thisstudy, usingmultiplescalesis helpfull in orderto escapefrom singularpoints.Usingmultiplescales
is alsobiologicallypalusablesincetherearevariousdisparityencodingbinocularcellswhicharesensitive to different
spatialwavelengths.

In �nding correspondingpairs,bothmodelsof binoculardisparityencodingcellsareused.By positionshift model,
roughdisparityvaluesareobtainedandvery largerangeof disparitiescanbecalculatedbut to a limited accuracy. By
phaseshift model,�ne tuningis performedwithoutfacingquartercyclelimit. Also by thistuningscheme,acontinium
in disparityis obtained.

Thealgorithmis very effective for texturelessimagesespeciallyat thedepthboundaries.However, after �nding
disparityvaluesfor the featurepointswhich arelocatedat thecontours,a surface�tting shouldbe donein orderto
give full depthregions.This will bethenext stepof research.
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Figure1: (a)Right image,(b) Left image,(c) Right imagefeaturepoints,(d) Left imagefeaturepoints.Orientationis
givenasgraylevels.
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Figure2: (a) Disparitiesshown in grayscale,(b) Disparitiesshown as3D plot, (c) Histogramof thedisparities,(d)
Finetuningresults;Top: Roughdisparity(*) and�ne tuneddisparity(line). Middle: Correctionin disparity. Bottom:
Phasedifferencesbetweenthecorrespondingfeaturepointsalongtheedge.
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Figure3: Disparity layers.(a) Main rectangularobjects,(b) Triangularshapedobjectwith its base,(c) Small rectan-
gularprism,(d) Theball in Figure1,
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Figure4: (a)Right image,(b) Left image,(c) Disparities.
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Figure5: (a)Right image,(b) Left image,(c) Disparities.
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Figure6: Histogramsandvon Misesdistributions�tted to matchedpoints(top row) andmismatchedpoints(bottom
row). (a), (d) For scaleO

Z , (b), (e)For scaleO

#

, (c), (f) For scaleO�� .

-5

0 

5 

10

15

20

25

30

35

40

45

0 50 100 150 200 250 300 350 400 450 500

0

50

100

150

200

250

300

350

400

450

500

Disparity found by probabilistic model for left feature points

0

100

200

300

400

500

0
50

100
150

200
250

300
350

400
450

500

-10

0

10

20

30

40

50
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