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Abstract

In thisworkweproposea schemeintegratingperceptual
grouping into stereopsisto reducethe ambiguityof those
early processes.We proposea simpleperceptualgrouping
algorithm that – in addition to the geometricinformation
– makes useof a novel multi–modalaf�nity measure be-
tweenlocal primitives. We thenusethis groupinformation
to 1) disambiguatethe stereopsisby enforcing that stereo
matchespreservegroups; and 2) correct the reconstruc-
tion error due to the image pixel samplingusinga linear
interpolation over the groups. We showquantitativeand
qualitativedemonstrationsof thoseprocesseson a variety
of sequences.

1. Intr oduction

Weproposein thispaperanapproachusingfeedbackbe-
tweentwo mid–level processes,namelyperceptualgroup-
ing andstereopsisto reducethe ambiguityomnipresentat
this level of processing.We baseour framework ona novel
imagerepresentationbasedonmulti–modallocal imagede-
scriptorscalledprimitives, introducedby [21] andapplied
to stereoby [20]. In this work, we will focus on primi-
tivesdescribingline structures,andweproposeaperceptual
groupingmechanismwhich makesuseof this rich multi–
modalinformation.

Perceptualgrouping can be divided in two tasks: 1)
de�ning anaf�nity measurebetweenprimitivesanduseit to
build a graphof theconnectednessbetweentheprimitives,
and2) extractinggroups,which arethe connectedcompo-
nentsof this graph. We will only de�ne the af�nity mea-
surebetweenprimitives,andnot extract the groupsthem-
selvesexplicitly, aswe only needthe local groupinginfor-
mationfor a primitive to apply the correctionmechanisms
we proposein this paper. Similar af�nity measureshave
beenproposedby [27, 26], which formaliseda goodcon-
tinuationconstraint,or [9] which includedthe intensityon
eachsideof thecurveinto aBayesianformulationof group-
ing. Yet in this paperwe proposea multi–modalsimilarity
measure,composedof phase,colourandoptical �o w mea-

surement,andcombineit with a classicalgood continua-
tion criterionforminganovel multi–modalde�nition of the
af�nity betweenprimitives.Notethatanexplicit description
of the groupscould be extractedeasily usinga variety of
techniquesincluding: normalised[34] or averagecuts[32],
af�nity normalisation[27], dynamicprogramming[33], etc.

The interestof usingperceptualorganisationin thespa-
tial andtemporaldomainshasbeenoutlinedby [31]. Here,
wewill studyhow thisperceptualgroupinginformationcan
be usedto disambiguatestereopsisand3D reconstruction
usingprimitives. If we assumethata contourof the image
is likely to be a projectionof a contourof the 3D scene,
thenwe canexpecteach3D contourof thesceneto project
asa 2D contouron eachcameraplane(except in the case
of occlusion). Conversely, this also implies that any con-
tour in oneimagehasa correspondingcontourin the sec-
ond image(or it is occluded). Thus we will proposean
externalstereocon�dencewhich estimateshow well prim-
itivesthatarepartof thesamegroupagreewith a putative
stereo–match.This allows to discarda largenumberof po-
tentialstereo–correspondenceshencereducingtheambigu-
ity of the stereomatchingandof the scenereconstruction
processes.

We will test this schemewith four different calibrated
stereosequences,illustratedin �gure 1. For sequences(a)
(b) and (c) we have depth valuesobtainedfrom a range
scanner. Ten different framesfrom thosethreesequences
wereusedfor quanti�cationin thispaper. Sequence(d) was
recordedoutdoorsin a moving car. for whichwe will show
qualitativeresults.

Thenovel contributionsof this paperare

² a 2D grouping that usesgeometricand appearance
basedinformation,

² using the 2D grouping for improving stereomatch-
ing from a very local level (in contrastto, e.g., [30],
wheremoreelaboratefeatures,likeribbons,werecon-
sidered),

² applying an interpolationmethodthat leadsto more
reliableestimatesof 3D positionand3D-orientation.
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Figure1. Thefour sequencesonwhichwe testedour approach.

Thegroupingis partof anearlycognitivevisionframework
including ego-motionestimationand temporalaccumula-
tion (for anoutlinesee[37]).

Thepaperis structuredasfollows: Section2 will present
theimageprimitivesonwhichwearebasingourprocessing.
In section3, we de�ne theaf�nity betweentwo primitives.
In section4 wepresentastereo–matchingprocessbasedon
primitivessimilar to [20]. Thenin section5 we proposea
simpleschemeto 1) increasethereliability of matchingand
2) smooththereconstructionof a stereosequenceusingin-
formationgainedfrom theperceptualgroupingde�ned ear-
lier.

2. 2D–primiti ves

Numerous feature detectors exist in the literature
(see[22] for a review). Eachfeaturebasedapproachcan
be divided into an interestpoint detector(e.g. [3, 4]) and
a descriptordescribinga local patchof the imageat this
location,thatcanbebasedonhistograms(e.g.[6, 22]), spa-
tial frequency [28], local derivatives [15, 13, 1] steerable
�lters [36], or invariantmoments([23]). In [22] thesedif-
ferentdescriptorshavebeencompared,showing a bestper-
formancefor SIFT-like descriptors.

The primitiveswe will be using in this work are local,
multi–modaledgedescriptorsthatwereintroducedin [21].
In contrastto theabovementionedfeaturestheseprimitives
focusongiving a semanticallyandgeometricallymeaning-
ful descriptionof thelocal imagepatch.Theimportanceof
suchasemanticgroundingof featuresfor ageneralpurpose
vision front–end,andtherelevanceof edge–like structures
for this purposeswerediscussedin [7].

The edgemapandthe local phasearecomputedusing
themonogenicsignal(see[11]), althoughsomeotherkind
of �ltering could alternatively be used(e.g., steerable�l-
ters[36]). Theprimitivesareextractedsparselyat locations
in theimagethatarethemostlikely to containedges.This
likelihood is computedusing the intrinsic dimensionality
measureproposedin [19]. The sparsenessis assuredus-
ing a classicalwinner take all operation,insuring that the

generative patchesof the primitivesdo not overlap. Each
of the primitive encodesthe imageinformationcontained
by a local imagepatchof a samesize½asthekernelused
by the�ltering operation.Multi–modalinformationis gath-
eredfrom this imagepatch,includingthepositionm of the
centreof thepatch,theorientationµ of theedge,thephase
! of thesignalat this point, thecolourc sampledover the
imagepatchon both sidesof the edgeandthe local opti-
cal �o w f , computedusing the classicalNagelalgorithm
(see[25]). Consequentlya local imagepatchis described
by thefollowing multi–modalvector:

¼ = (m ; µ; ! ; c; f ; ½)T (1)

that we will nameprimitive in the following. The set of
primitivesdescribingthestereoimagesis calledimagerep-
resentationandwritten I l andI r for the imagesfrom the
left andright camera.The imagerepresentationextracted
from oneimageis illustratedin �gure 2.

Note that theseprimitives are of lower dimensionality
than,e.g.,SIFT(10vs. 128)andthereforesuffer of a lesser
distinctiveness.Nonetheless,we will show in section4 that
they aredistinctive enoughfor a reliablestereomatchingif
the epipolargeometryof the camerasis known. Advanta-
geously, the rich informationcarriedby the2D–primitives
can be reconstructedin 3D, providing a more complete
scenerepresentation.Having geometricalmeaningfor the
primitiveallows to describetherelationbetweenproximate
primitivesin termsof perceptualgrouping.

3. Perceptual Grouping of 2D–Primiti ves

Decadesago, the Gestaltpsychologistsproposeda se-
ries of axiomsdescribingthe way the humanvisual sys-
tembindstogetherfeaturesin an image(see[16, 35, 17]).
This processis generallycalled perceptual grouping the
Gestaltpsychologistsproposedthat it was driven proper-
ties like proximity, goodcontinuation,similarity, symme-
try, amongstothers.More recently, psychophysicalexper-
imentsmeasuredthe impact of different cuesfor percep-



Primitive :
1. Orientation ( )q
2. Phase ( )w
3. Colour ( )c
4. Optical flow ( )f
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Figure2. Illustration of the primitive extractionprocessfrom a
video sequence.The �gure shows oneimagefrom the sequence
(a) from �gure 1, on the right, then the 2D–primitivesextracted
from this image(seesection2), and�nally the3D–primitivesre-
constructedfrom thestereo–matchesasdescribedin section4. The
bottomrow shows a descriptionof the graphicrepresentationof
the 2D–primitives, as well as a magni�cation of the imagerep-
resentationandthe reconstructedentities. Note that thestructure
reconstructedis quite far from the cameras,leadingto a certain
imprecisionin the reconstructionof the 3D–primitives. We will
proposea simpleschemeaddressingthisproblemin section5.3

tual grouping(see,e.g.,[12]). Furthermore,Brunswikand
Kamiya[2] proposedthatthoseprocessesshouldberelated
to statisticsof naturalimages,whichhasbeenrecentlycon-
�rmed by severalstudies[18, 8, 14].

We previously de�ned the primitivesas local edgede-
scriptors,andthata groupof primitivesdescribea contour
of the image. The Gestaltrule of proximity implies that
primitivesthat arecloserto oneanotheraremostlikely to
lie on the samecontour. Accordingto the Gestaltrule of
goodcontinuation, wewill considerthatcontoursin theim-
agearesmooth,andthereforethattwo proximateprimitives
in a groupwill benearlyeithercollinearor co–circular. In
this formulation,a strongin�e xion in a contourwill lead
thiscontourto bedescribedastwo groupsjoining at thein-
�ection point. Furthermorethe positionandorientationof
primitivesthatarepartof a grouparethe local tangentsto
thecontourdescribedby thisgroup.Finally, theruleof sim-
ilarity statesthatprimitivesthataresimilar (in termsof the
colour, phaseandoptical�o w modalities)aremostlikely to
be groupedtogether. Also, we would expectsuchproper-
tiesascolouron bothsideof a contourto changesmoothly
alongthis contour.

Thetwo �rst cuesarejoinedinto aGeometricconstraint
that we describein section3.1 andthe multi–modalsimi-
larity cueis detailedin section3.2. Thesetwo measuresare
combinedinto anoverall af�nity measurethatwe describe
in section3.3.

Figure3. Illustrationof the valuesusedfor the collinearity com-
putation.If weconsidertwo primitives¼i and¼j , thenthevector
betweenthecentresof thesetwo primitivesis writtenv ij , andthe
orientationsof thetwo primitivesaredesignatedby thevectorst i

andt j , respectively. Theangleformedby v ij andt i is written®i ,
andbetweenv ij andt j is written ®j . ½is theradiusof theimage
patchusedto generatetheprimitive.

3.1. Geometricconstraint

If we considertwo primitives¼i and¼j in I , thenthe
likelihoodthat they bothdescribethesamecontourcanbe
formulatedasa combinationof threebasicconstraintson
their relativepositionandorientation— see�gure 3.

Proximity(cp []):

cp [gi;j ] = 1 ¡ e¡ max
³

1¡
jj v i ; j jj

½¿ ;0
´

(2)

Here,½standsfor theradiusof thetheprimitivesin pixels.
½¿is the size of the neighbourhoodconsideredin pixels.
kv i ;j k is thedistancein pixelsseparatingthecentresof the
two primitives.

Collinearity (cco []):

cco [gi;j ] = 1 ¡

¯
¯
¯
¯sin

µ
j®i j + j®j j

2

¶ ¯
¯
¯
¯ (3)

Here®i and®j aretheanglesbetweenthe line joining the
two primitivescentresandthe orientationof, respectively,
¼i and¼j .

Co–circularity (cci []):

cci [gi;j ] = 1 ¡

¯
¯
¯
¯sin

µ
®i + ®j

2

¶ ¯
¯
¯
¯ (4)

The combinationof thosethreecriteria forms the geo-
metricaf�nity measure:

G i;j = 3

q
ce [gi;j ] ¢cco [gi;j ] ¢cci [gi;j ] (5)

whereG i;j is thegeometricaf�nity betweentwo primitives
¼i and¼j . Thisaf�nity representthelikelihoodfor acurve
having for tangentsthosetwo primitives¼i and¼i to bean
actualcontourof thescene.

3.2. Multi–modal Constraint

Effectively, themoresimilar arethemodalitiesbetween
two primitives,themorelikely arethosetwo primitivesto
lie on thesamecontour. Note that [8] alreadyproposedto
usethe intensityasa cuefor perceptualgrouping,yet here



we usea combinationof thephase,colourandoptical �o w
modalitiesof the primitivesto decideif they describethe
samecontour:

M i;j = 1¡ w! d! (¼i ; ¼j )¡ wcdc (¼i ; ¼j )¡ wf df (¼i ; ¼j )
(6)

whered! is thephasedistance,cc thecolour distanceand
cf the optical �o w distancebetweenthe two primitives
¼i and ¼j . Thesemetrics are similar to the onesused
in [29, 20]. w! , wc andwf arethe relative weight of the
modalities,suchthatw! + wc + wf = 1.

3.3. Primiti ve Af�nity

The overall af�nity betweenall primitives in an image
is formalisedasa matrix A , whereA i;j holdsthe af�nity
betweenthe primitives ¼i and ¼j . We de�ne this af�n-
ity from equations(5) and(6), suchthat 1) two primitives
complyingpoorly with thegoodcontinuationrule have an
af�nity closeto zero;and2) two primitivescomplyingwith
thegoodcontinuationrule yet stronglydissimilarwill have
only an averageaf�nity . The af�nity is formalisedasfol-
lows:

c[gi;j ] = A i;j =
q

G (®G i;j + (1 ¡ ®)M i;j ) (7)

where®is theweightingof geometricandmulti–modal(i.e.
phase,colour andoptical �o w) informationin the af�nity .
A settingof ® = 1 impliesthatonly geometricinformation
(proximity, collinearity and co-circularity) is used,while
® = 0 indicatesthatgeometricandmulti–modalinforma-
tion areevenlymixed.Thegroupsgeneratedfor theleft and
right framesfor eachsequencearedrawn in �gure 1, bot-
tom row. Dark linesdescribestringsof groupedprimitives.
Onecanseein thoseimagesthat themajorcontoursof the
imagesareadequatelydescribed.

4. Stereopsisusing2D–primiti ves

Classicalstereopsisallows reconstructinga 3D point
from two correspondingstereopoints. A review of stereo–
algorithmswaspresentedin [24], densetwo framesstereo
algorithmswerealsocomparedin [5]. In thesepapersthe
differentalgorithmswerecomparedonmainlyarti�cial im-
ages,with a disparityd that rangesin 0 · d · 16. In this
work we make useof a sparse,featurebasedrepresenta-
tion, appliedon high resolutionvideosequencesof natural
scenes,wherethegroundtruth wasobtainedusinga range
scanner. The allowed disparity rangefor thesescenesis
0 · d · 200, leadingto a comparablelevel of ambiguity
(i.e. between10and20candidatesdependingon theprimi-
tivebeingmatched).

The stereopsisused for this paper is a simple local
winner–take–all scheme:all primitives in the right image
that lie on the epipolarline arepotentialcorrespondences

andtheir individual likelihood is setas their multi–modal
similarity with theoriginalprimitivein theleft image.Then
themostsimilar primitive is takenasthemostlikely corre-
spondence.The multi–modaldistancebetweentwo prim-
itivesis de�ned asa linear combinationof the modaldis-
tancesbetweenthetwo primitives:

dm (¼i ; ¼j ) =
X

m

wm dm (¼i ; ¼j ) (8)

wherewm is therelativeweightingof themodalitym, withP
m wm = 1 (we usedistancefunctionsfor themodalities

thataresimilar to theonesproposedin [29, 20]).

In �gure 6(a) theROC curvesshowing theperformance
of thestereo–matchingwhenusingaslikelihoodestimation
thesimilaritiesin eachof themodalitiesheldby aprimitive,
alongsidewith theperformanceof themulti–modaldistance
proposedin equation(8). We canseethat: 1) all modalities
offer a discriminationbetter than chancebetweencorrect
and erroneouscorrespondences;and 2) the multi–modal
distanceoffers a betterdiscriminationthan the individual
modalities.In this�gure wecanseethatthecolourmodality
is a particularlystrongdiscriminantfor stereopsis.This is
explainedby thefactthatthehueandsaturationaresampled
oneachsideof theedge,leadingto a4–dimensionalmodal-
ity, wherephaseandorientationareonly 1–dimensionaland
optical �o w is 2–dimensional(albeit the apertureproblem
reducesit to one effective dimension: the normal �o w).
On the otherhandthe poor performanceof the optic �o w
modality could be explainedby the relative simplicity of
the motion in this scene:a pureforward translationof the
camera,with no moving object. Therefore,we would ex-
pect the performanceof individual modalitiesto vary de-
pendingon the scenario,andthe robustnessof the multi–
modalconstraintcouldbefurtherenhancedby a contextual
weighting.Nevertheless,in avarietyof scenariostheuseof
a staticweightingproved robust enoughto obtainreliable
stereopsis.

Moreover, by makinguseof the rich semanticinforma-
tion carriedby the primitives,the stereopsisyield a setof
geometricallymeaningfulentitiesratherthanan meredis-
paritymapWe call thereconstructedentities3D–primitives
¦ :

¦ = (M ; £ ; ­ ; C )T (9)

whereM is thelocationin space,£ is the3D orientationof
theedge,­ is thephaseacrossthis edge,andC holdsthe
colour information for this edge— seeattachedmaterial.
In �gure 7(a)we show the3D–primitivesthatwererecon-
structedaftera stereo–matchingbasedon themulti–modal
con�dencefrom equation(8).



Figure4. The BSCEcriterion: Let ¼1 be a primitive in the left
frameformingagroupwith asecondprimitive¼2 . ¼2 hasastereo
correspondence¼s in theright image.Both¼i and¼j in theright
imagelie on the epipolarline »1 of ¼1 ; hencethesetwo primi-
tivesareboth putative correspondencesof ¼1 . Furthermore,the
primitive ¼i is clearly themostsimilar to ¼1 (dueto a closerori-
entation),hencethis stereo–correspondences1! i yield a higher
multi–modalcon�dencethanwould, e.g. s1! j . Yet, whencon-
sideringtheBSCEcriterionwe realisethatonly theputative cor-
respondence¼j formsagroupgj;s with ¼s , conservingthegroup
relationg1;2 between¼1 and¼2 .

5. Perceptual Grouping Constraints to Im-
prove Stereopsis

In additionto their richness,primitivesarevery redun-
dantalongcontours,andthis redundancy allows us to use
perceptualgroupingto derive thefollowing two constraints
for thematchingprocess:

Isolatedprimitivesare likely to beunreliable: As prim-
itives are extractedredundantlyalong the contours,con-
versely an isolated primitive is likely to be an artifact.
Henceisolatedprimitivescanbeneglected.

Stereo consistencyover groups: If a set of primitives
forms a contourin the �rst image,the correct correspon-
dencesof theseprimitivesin thesecondimagealsoform a
contour.

5.1. BasicStereoConsistencyEvent (BSCE)

As explainedin section3, 2D–primitives representlo-
cal estimatorsof imagecontours.A constellationof those
2D–primitivesdescribethecontourasa whole. Thosecon-
toursareconsistentover stereo,with thenotableexception
of partially occludedcontours— see�gure 1, bottomrow.
Hence,if two primitivesdescribea contourin one image
thentheir correspondencesin thesecondimageshouldalso
describethe samecontour, andthosetwo 2D contoursare
theprojectionof thesame3D contouronto the two differ-
ent optical planes. In section3, we de�ned the likelihood
for two primitivesto describethesamecontourastheaf�n-
ity betweenthesetwo primitives,hencewe canrewrite the
previousstatementas:

Given two primitives¼l
i and¼l

j in I l andtheir respec-
tive correspondences¼r

n and¼r
p in a secondimageI r ; if

¼l
i and¼l

j belongsto thesamegroupin I l then¼r
n and¼r

p
shouldalsobepartof a groupin I r . — see�gure 4.

We call the conservation of the link betweena pair of
primitivesin thestereo–correspondencesof thoseprimitives
theBasicStereoConsistencyEvent(BSCE).

This condition can then be usedto test the validity of
a stereo–hypothesis.Considera primitive ¼l

i , anda stereo
hypothesis:

si ! n : ¼l
i ! ¼r

n (10)

and considera neighbour¼l
j 2 N (¼l

i ) of ¼l
i such that

thetwo primitivesshareanaf�nity c[gi;j ]. For this second
primitivea stereo–correspondence¼n

p with a con�denceof
c[sj ! p] exists. We canthenestimatehow well thestereo–
hypothesissi ! n preservestheBSCE:

E(gi;j ; si ! n ) =
½ p

c[sj ! p] ¢c[gi;j ] if c [gn;p ] > "
¡

p
c[sj ! p] ¢c[gi;j ] else

(11)
In otherwords,consideringa stereo–pairof primitives:

the BSCEof a primitive in the �rst imagewith oneof its
neighbouris high if they sharea strongaf�nity andif this
secondprimitive createsa stereo–hypothesissuchthat the
correspondencesin thesecondimageof bothprimitivesalso
shareastrongaf�nity . It is low if thestereo–correspondence
of this primitive and the stereo–correspondencesof other
primitivespartof thesamegroup,donotform agroupin the
otherimage.Thisnaturallyextendstheconceptof groupas
de�ned in section3 into thestereodomain.

5.2. NeighbourhoodConsistencyCon�dence

Building on the formula (11), we can de�ne how the
whole neighbourhoodof a primitive is consistentwith a
givenstereohypothesis.

Thepreviousformulatellsushow a2D–primitivestereo
correspondenceis consistentwith our knowledgeof theset
of stereohypothesesfor asecond2D–primitive,in itsneigh-
bourhood.Now, if we considera primitive¼l

i andanasso-
ciatedstereo–correspondencesi ! n , we can integratethis
BSCEcon�denceover theneighbourhoodof theprimitive
N l

i — asde�ned in section3.3.

cext [si ! n ] =
1

# N l
i

X

¼l
k 2 N l

i

E(¼l
1; ¼l

k ; si ! n ) (12)

Where# N l
i is the size of the neighbourhood— i.e. the

numberof neighboursof ¼l
1 considered.We call this new

con�dencethe external con�dencein si ! n , asopposedto
theinternalcon�dencegivenby themulti–modalsimilarity
betweenthe2D–primitives—equation(8). In �gure 5, one
canseethat thecorrectcorrespondenceshave mostlyposi-
tive externalcon�dences,while incorrectoneshave mainly
negativevalues.Therefore,applyinga thresholdon theex-
ternalcon�dencewill removestereohypothesesthatarein-
consistentwith their neighbourhood,and thus reducethe
ambiguity of the stereo–matching.Note that selectinga



thresholdhigher than zero implies the removal of all the
isolatedprimitives(asan isolatedprimitive hasanexternal
con�denceof zeroby de�nition).

Figure 6(b) shows ROC curvesof the performancefor
varying thresholdson themulti–modalsimilarity. Eachof
thecurvedrawn showstheperformancefor differentthresh-
olds (respectively thresholdvaluesof ¡ 0:6; ¡ 0:3; 0; +0 :3,
and without threshold)appliedto the external con�dence
prior to the ROC analysis. We canseefrom thoseresults
that applyinga biason the decisionbasedon the external
con�dence is improving signi�cantly the accuracy of the
decisionprocess.Dependingon the type of selectionpro-
cessdesired— veryselective andreliable,or morelax, but
yieldinga densersetof correspondences— anotherthresh-
old canbechosen.Thebestoverall improvementseemsto
bereachedfor a thresholdof ¡ 0:3 over theexternalcon�-
dence.Nonetheless,whenwe considera casewherevery
high reliability is required,a thresholdof 0 (meaningdis-
cardingall primitiveswhich arepartof no group)might be
preferred.Notethatwhenathresholdis appliedto theexter-
nalcon�denceprior to theROCanalysis,theresultingcurve
donot reachthe(1; 1) pointof thegraph.This is normalas
thethresholdalreadyremovesomestereo–hypotheseseven
beforethemulti–modalcon�denceis considered.

The3D–primitivesreconstructedaftersuchaschemeare
shown in �gure 7(b).

5.3. Inter polation in Space

Oneissuewhenreconstructing3D structuresfrom stere-
opsisis thattheaccuracy of thereconstructedentitiesis de-
creasingwith thedistanceto the cameras,dueto the pixel
samplingof the images— see[10]. Figure7(b) shows the
reconstructionof thetree(alongwith theroadmarkings)in
sequence(d) — see�gure 1. Therewe can seethat, al-
thoughall primitivesdescribethecontourof the treefrom
thesamepoint of view, their exactpositionandorientation
in spacevary, andthey certainlydo not form a contourin
space.

Yet, we do know that the 2D–primitives they are re-
constructedfrom a group in both stereoimages(c.f. sec-
tion 5 and�gure 1 bottomrow), andassuchthatthey form
a smoothcontinuouscontour. Hencewe canassumethat
they aretheprojectionon theimageplanesof asmoothand
continuouscontourof the scene(except in someextreme
casesandunderrareviewpoints),andassuchthattherecon-
structed3D–primitivesshouldalsodescribesucha curve.

A commonway of reducingsuchnoisein thesampling
of a smoothfunction is to uselinear smoothing,hencewe
proposeto applyit to the3D–primitives.For eachiteration
n of this smoothing,thepositionM andorientation£ of
theprimitive¦ (n )

i arechangedto theaveragebetweentheir
previous values¦ (n ¡ 1)

i and valuesinterpolatedfrom the
primitivesreconstructedout of the two closestneighbours

of the2D–primitive in theimagesI (¦ (n ¡ 1)
j ; ¦ (n ¡ 1)

k ).

M (n )
i =

1
2

³
M (n ¡ 1)

i + I (M (n ¡ 1)
j ; M (n ¡ 1)

k )
´

(13)

£ (n )
i =

1
2

³
£ (n ¡ 1)

i + I (£ (n ¡ 1)
j ; £ (n ¡ 1)

k )
´

(14)

Figure7 illustratethereconstructed3D–primitivesfrom
thesequence(d) (c.f. �gure 1). Notethat it is necessaryto
choosea point of view suf�ciently different from the one
of the camerato highlight the reconstructionerrors,while
beingsuf�ciently similar for the shapesof the sceneto be
recognisable.We chosea point of view locatedhigh on the
right sideof thescene,lookingdownwardsat theroad.

Whencomparing�gures 7(a) and7(b) we canseethat
a large numberof outliers are discardedfrom the recon-
structed3D–primitives,leadingto a cleanerdescriptionof
the scene. Figure 7(c) shows the samepart of the scene
(d) after 3 iterationsof the linear smoothing. The 3D–
primitives forming the contour of the tree and the road
markingsarenow smoothlyaligned.

6. Conclusion

In this paperwe de�ned anaf�nity relationbetweenim-
ageprimitivesmakinguseof therich multi–modalinforma-
tion available. Thereforetheresultingaf�nity measureen-
compassmorethanjust thegoodcontinuationcuebut also
continuity in phase,colour andoptical �o w. We have il-
lustratedthat,on variedsequence,theresultinggroupsfol-
low adequatelythecontoursof the image.In a secondpart
we proposeda simplemeasureof theconservationof those
groups,andhenceof theneighbourhoodstructureof aprim-
itive, acrossstereo.Using this conservationwe could for-
malisea contextual estimationof the likelihoodof a stereo
correspondence.We show thatusingthis new externalcon-
�dence measurein conjunctionwith a similarity measure
wecanimprovesigni�cantly theperformanceof thestereo–
matchingprocess.Furthermore,we show thatinterpolation
canbe usedover a groupto correctthe smoothnessof the
reconstructedrepresentation.

Acknowledgement: We thank the company Riegl for
theimageswith known groundtruth usedfor sequence(a),
(b) and(c). This work describedin this paperwaspart of
theEuropeanprojectECOVISION.

References

[1] A. Baumberg. Reliable FeatureMatching acrossWidely
SeparatedViews. In Proc.Conf. ComputerVisionandPatter
Recognition, pages774–781,2000. 2

[2] E. Brunswick and J. Kamiya. Ecological cue validity of
`proximity' andothergestaltfactors.Journalof Psychology,
66:20–32,1953. 3



0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

Multimodal confidence

F
re

qu
en

cy

True correspondences
False correspondences

-1 -0.5 0 0.5 1

0

0.1

0.2

0.3

0.4

0.5

0.6

External confidence

True correspondence
False correspondence

F
re

qu
en

cy

Figure5. Distribution of multi–modalsimilarity andexternalcon�dencefor correct(blackbars)andfalse(white bars)correspondences.
Thesedatahave beencollectedover 10 framesof thesequences(a), (b) and(c) — see�gure 1.

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  0.2  0.4  0.6  0.8  1

T
ru

e 
P

os
iti

ve
s 

R
at

e

False Positives Rate

ROC curves for the different stereo criteria.

Multimodal confidence
Orientation

Phase
Colour

Optical flow

(a)multi–modalsimilarity only

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  0.2  0.4  0.6  0.8  1

T
ru

e 
P

os
iti

ve
s 

R
at

e

False Positives Rate

ROC curves for different external confidence thresholds.

Multimodal confidence
cext > -0.6
cext > -0.3

cext > 0
cext > +0.3

(b) multi–modal+ externalcon�dence

Figure6. ROC curves for the performanceof the multi–modalcon�denceto discriminatecorrectfrom erroneouscorrespondences.(a)
Comparisonsof thedifferentmodalitiesfor stereo–matching(seefor a discussionof therole of colour in thetext). (b) Eachcurve stands
for a theapplicationof a differentthresholdover theexternalcon�dence,prior to theROC analysis.Thosecurvesrepresentthestatistics
over 10 framesof thetwo sequenceswith groundtruth— see�gure 1.

[3] Chris Harris andMike Stephens.A CombinedCornerand
EdgeDetector. In Proceedingsof Alvey Conference, pages
189–192,1987. 2

[4] CordeliaSchmidandRogerMohr andChristianBaukhage.
Evaluationof InterestPointDetectors.InternationalJournal
of ComputerVision, 37(2):151–172,2000. 2

[5] Daniel ScharsteinandRichardSzeliski. A Taxonomyand
Evaluation of DenseTwo–FrameStereoCorrespondence
Algorithms. International Journal of Computer Vision,
47(1/2/3):7–42,2002. 4

[6] David G. Lowe. Distinctive ImageFeaturesfrom Scale–
InvariantKeypoints. InternationalJournal of ComputerVi-
sion, 60(2):91–110,Nov. 2004. 2

[7] J.H. Elder. Are edgesincomplete? InternationalJournalof
ComputerVision, 34:97–122,1999. 2

[8] J. H. Elder and R. M. Goldberg. Inferential reliability of
contourgroupingcuesin naturalimages.Perception, 27(11),
1998. 3

[9] J. H. Elder and R. M. Goldberg. Ecological statisticsof
gestalt laws for the perceptualorganizationof contours.
Journalof Vision, 2:324–353,2002. 1

[10] O. Faugeras.Three–DimensionalComputerVision: A Geo-
metricViewPoint. MIT Press,1993. 6

[11] M. Felsberg andG. Sommer. Themonogenicsignal. IEEE
TransactionsonSignalProcessing, 41(12),2001. 2

[12] D. J.Field,A. Hayes,andR.F. Hess.Contourintegrationby
the humanvisual system:evidencefor a local “association
�eld”. Vision Research, 33(2):173–193,1993. 3

[13] FrederikSchaffalitzky andAndrew Zisserman.Multi–view
Matchingfor UnorderedImageSets,or “How Do I Organize
My Holiday Snaps?”. Lecture Notesin ComputerScience,
2350:414–431,2002. in Proceedingsof theBMVC02. 2

[14] W. Geisler, J. Perry, B. Super, andD. Gallogly. Edgeco–
occurrencein naturalimagespredictscontourgroupingper-
formance.VisionResearch, 41:711–724,2001. 3

[15] J.J.KoenderinkandA. J.vanDoorn. Representationof Lo-
cal Geometryin theVisualSystem.Biological Cybernetics,
55:367–375,1987. 2

[16] K. Koffka. Principles of Gestalt Psychology. Lund
Humphries,London,1935. 2
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