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Abstract

In this work we proposea schemeintegrating perceptual
grouping into stereopsisto reducethe ambiguity of those
early processesW\e proposea simpleperceptualgrouping
algorithm that — in addition to the geometricinformation
— males useof a nhovel multi-modalaf nity measue be-
tweenlocal primitives. We thenusethis group information
to 1) disambiguatethe steeopsisby enforcing that steieo
matdes preservegroups; and 2) correct the reconstruc-
tion error dueto the image pixel samplingusing a linear
interpolation over the groups. We showquantitativeand
gualitative demonstations of thoseprocesse®n a variety
of sequences.

1. Intr oduction

We proposen this paperanapproachusingfeedbacke-
tweentwo mid-level processesnamelyperceptuabroup-
ing and stereopsigo reducethe ambiguity omnipresentt
this level of processingWe baseour framework onanovel
imagerepresentatiobasedn multi-modallocalimagede-
scriptorscalled primitives introducedby [21] andapplied
to stereoby [20]. In this work, we will focus on primi-
tivesdescribindine structuresandwe proposea perceptual
groupingmechanismwhich makesuseof this rich multi—
modalinformation.

Perceptualgrouping can be divided in two tasks: 1)
de ning anaf nity measurdetweerprimitivesanduseit to
build a graphof the connectednedsetweenthe primitives,
and?2) extractinggroups,which arethe connecteccompo-
nentsof this graph. We will only de ne the af nity mea-
surebetweenprimitives,and not extract the groupsthem-
selesexplicitly, aswe only needthelocal groupinginfor-
mationfor a primitive to apply the correctionmechanisms
we proposein this paper Similar af nity measurehave
beenproposedby [27, 26], which formaliseda good con-
tinuationconstraint,or [9] which includedthe intensityon
eachsideof the curveinto a Bayesiarformulationof group-
ing. Yetin this paperwe proposea multi-modalsimilarity
measurecomposeaf phasegolourandoptical o w mea-
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surementand combineit with a classicalgood continua-
tion criterionforming a novel multi-modalde nition of the
af nity betweerprimitives.Notethatanexplicit description
of the groupscould be extractedeasily using a variety of
techniquesncluding: normalised 34] or averagecuts[37],
af nity normalisatiorf27], dynamicprogramming 33, etc

The interestof usingperceptuabrganisatiorin the spa-
tial andtemporaldomainshasbeenoutlinedby [31]. Here,
wewill studyhow this perceptuagroupinginformationcan
be usedto disambiguatestereopsisand 3D reconstruction
usingprimitives. If we assumehata contourof theimage
is likely to be a projectionof a contourof the 3D scene,
thenwe canexpecteach3D contourof the sceneto project
asa 2D contouron eachcameraplane (exceptin the case
of occlusion). Corversely this alsoimplies thatarny con-
tour in oneimagehasa correspondingontourin the sec-
ond image (or it is occluded). Thuswe will proposean
external stereocon dencewhich estimatesow well prim-
itivesthat are part of the samegroupagreewith a putatve
stereo—matchThis allowsto discarda large numberof po-
tential stereo—correspondendesncereducingthe ambigu-
ity of the stereomatchingand of the scenereconstruction
processes.

We will testthis schemewith four differentcalibrated
sterecsequencedllustratedin gure 1. For sequence&)
(b) and (c) we have depthvaluesobtainedfrom a range
scanner Ten differentframesfrom thosethreesequences
wereusedfor quanti cationin this paper Sequencéd) was
recordecbutdoorsin amoving car. for which we will shav
qualitative results.

Thenovel contritutionsof this paperare

2 a 2D grouping that usesgeometricand appearance
basednformation,

2 using the 2D groupingfor improving stereomatch-
ing from a very local level (in contrastto, e.g.,[30,
wheremoreelaboratdeatureslik eribbons,werecon-
sidered),

2 applying an interpolationmethodthat leadsto more
reliableestimate®f 3D positionand3D-orientation.



(@) (b)

(©) (d)

Figurel. Thefour sequencesnwhichwe testedour approach.

Thegroupingis partof anearlycognitive vision framework
including ego-motion estimationand temporalaccumula-
tion (for anoutlinesee[37]).

Thepaperis structuredasfollows: Section2 will present
theimageprimitivesonwhichwe arebasingour processing.
In section3, we de ne theafnity betweerntwo primitives.
In section4 we present stereo—matchingrocesdasedn
primitivessimilar to [20]. Thenin section5 we proposea
simpleschemeo 1) increasehereliability of matchingand
2) smooththereconstructiorof a stereocsequenceisingin-
formationgainedfrom the perceptuagroupingde ned ear
lier.

2. 2D—primiti ves

Numerous feature detectors exist in the literature
(see[27] for areview). Eachfeaturebasedapproachcan
be divided into an interestpoint detector(e.g.[3, 4]) and
a descriptordescribinga local patchof the image at this
location,thatcanbebasecdbn histogramge.qg.[ 6, 27]), spa-
tial frequeny [2€)], local derivatives[15, 13, 1] steerable
Iters [36], or invariantmomenty[23). In [27] thesedif-
ferentdescriptordhave beencomparedshaving a bestper
formancefor SIFT-like descriptors.

The primitiveswe will be usingin this work arelocal,
multi-modaledgedescriptorghatwereintroducedin [21].
In contrasto theabose mentionedeaturegheseprimitives
focuson giving a semanticallyandgeometricallymeaning-
ful descriptionof thelocalimagepatch. Theimportanceof
sucha semantigroundingof featuredor agenerapurpose
vision front—end,andthe relevanceof edge-lile structures
for this purposesverediscussedn [ 7].

The edgemap andthe local phaseare computedusing
the monogenicsignal(see[11]), althoughsomeotherkind
of Itering could alternatvely be used(e.qg., steerablel-
ters[36]). Theprimitivesareextractedsparselyatlocations
in theimagethatarethe mostlikely to containedges.This
likelihood is computedusing the intrinsic dimensionality
measureproposedn [19]. The sparseness assuredus-
ing a classicalwinner take all operation,insuringthat the

generatie patchesof the primitivesdo not overlap. Each
of the primitive encodeghe imageinformation contained
by alocal imagepatchof a samesizeY2asthe kernelused
by the Itering operation Multi-modalinformationis gath-

eredfrom thisimagepatch,includingthe positionm of the

centreof the patch,the orientationp of the edge the phase
I of the signalat this point, the colourc sampledover the

image patchon both sidesof the edgeandthe local opti-

cal ow f , computedusingthe classicalNagel algorithm

(see[25]). Consequentha local imagepatchis described
by thefollowing multi-modalvector:

Vo= (M) e f A7 D)

that we will nameprimitive in the following. The setof
primitivesdescribinghe steredmagess calledimage rep-
resentatiorandwritten | ' andl " for theimagesfrom the
left andright camera. The imagerepresentatiomxtracted
from oneimageis illustratedin gure 2.

Note that theseprimitives are of lower dimensionality
than,e.g.,SIFT (10vs. 128)andthereforesuffer of alesser
distinctvenessNonethelessye will shav in section4 that
they aredistinctive enoughfor areliablestereomatchingif
the epipolargeometryof the camerads known. Advanta-
geously therich information carriedby the 2D—primitives
can be reconstructedn 3D, providing a more complete
scenerepresentationHaving geometricaimeaningfor the
primitive allows to describetherelationbetweerproximate
primitivesin termsof perceptuafrouping.

3. Perceptual Grouping of 2D—Primitives

Decadesago, the Gestaltpsychologistgproposeda se-
ries of axiomsdescribingthe way the humanvisual sys-
tem bindstogetherfeaturesn animage(see[16, 35, 17]).
This processis generally called perceptual grouping the
Gestaltpsychologistgproposedthat it was driven proper
ties like proximity, good continuation,similarity, symme-
try, amongsithers. More recently psychophysicaéxper
iments measuredhe impact of differentcuesfor percep-
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Figure 2. lllustration of the primitive extraction processfrom a
video sequenceThe gure shawvs oneimagefrom the sequence
(a) from gure 1, on theright, thenthe 2D—primitives extracted
from this image(seesection2), and nally the 3D—primitivesre-
constructedrom thestereo—matchessdescribedn sectiord. The
bottomrow shavs a descriptionof the graphicrepresentatiomf
the 2D—primitives, aswell asa magni cation of the imagerep-
resentatiorandthe reconstructeentities. Note that the structure
reconstructeds quite far from the cameras)eadingto a certain
imprecisionin the reconstructiorof the 3D—primitives. We will
proposea simpleschemeaddressinghis problemin section5.3

IMAGE REPRESENATION

tual grouping(see,e.g.,[17]). FurthermoreBrunswikand
Kamiya[2] proposedhatthoseprocesseshouldberelated
to statisticsof naturalimageswhich hasbeenrecentlycon-
rmed by severalstudieq 18, 8, 14].

We previously de ned the primitivesaslocal edgede-
scriptors,andthata groupof primitivesdescribea contour
of the image. The Gestaltrule of proximity implies that
primitivesthat are closerto oneanotherare mostlikely to
lie on the samecontour Accordingto the Gestaltrule of
goodcontinuationwewill considethatcontourdn theim-
agearesmoothandthereforehattwo proximateprimitives
in agroupwill benearlyeithercollinearor co—circular In
this formulation, a strongin e xion in a contourwill lead
this contourto be describedastwo groupsjoining atthein-
ection point. Furthermorehe positionand orientationof
primitivesthat arepart of a grouparethelocal tangentgo
thecontourdescribedy thisgroup. Finally, therule of sim-
ilarity stateghatprimitivesthataresimilar (in termsof the
colour, phaseandoptical o0 w modalities)aremostlikely to
be groupedtogether Also, we would expectsuchproper
tiesascolouron both sideof a contourto changesmoothly

alongthis contour

Thetwo rst cuesarejoinedinto a Geometricconstaint
thatwe describein section3.1 andthe multi-modalsimi-
larity cueis detailedin section3.2. Thesetwo measuresare
combinedinto anoverall af nity measurehatwe describe
in section3.3.

Figure 3. lllustration of the valuesusedfor the collinearity com-
putation.If we consideitwo primitivesYs and¥j , thenthevector
betweerthe centresof thesetwo primitivesis writtenv; , andthe
orientationsof the two primitivesaredesignatedy the vectorst;

andt; , respectrely. Theangleformedby v andt; is written®,
andbetweervj andt; is written® . %is theradiusof theimage
patchusedto generatehe primitive.

3.1 Geometric constraint

If we considertwo primitivesYs and¥s in | , thenthe
likelihoodthatthey both describethe samecontourcanbe
formulatedas a combinationof threebasicconstraintson
their relative positionandorientation— see gure 3.

Proximity (c, [1):

i max 1j ”v—V'ZJLO (2)
Here,%standdor the radiusof the the primitivesin pixels.
Y¢is the size of the neighbourhoodtonsideredn pixels.
kvi.jk is thedistancen pixels separatinghe centresof the
two primitives.

Collinearity (ceo []):

Golgij]=1i e
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Ceo[gij 1= 11 ~sin
Here® and® aretheanglesbetweertheline joining the
two primitivescentresandthe orientationof, respectiely,
Y5 and¥y .
Co—circularity (cg [1):

[
=
=
I

Coi [ 1= 1i -sin 4)

The combinationof thosethree criteria forms the geo-
metricaf nity measure:

q
Gij = * Cel0y ]¢Ceo [0 ]¢Cci [0 ] (5)

whereG; isthegeometricaf nity betweertwo primitives
Y4 andYy . Thisafnity representhelikelinoodfor acurve
having for tangentghosetwo primitives’s and% to bean
actualcontourof thescene.

3.2 Multi-modal Constraint

Effectively, the moresimilar arethe modalitiesbetween
two primitives,the morelikely arethosetwo primitivesto
lie onthe samecontour Notethat[8] alreadyproposedo
usethe intensityasa cuefor perceptuabrouping,yet here



we usea combinationof the phasecolourandoptical o w
modalitiesof the primitivesto decideif they describethe
samecontour:

Mij = 1j widi (Y4;Y4)i Wede (Ya;%)i wr o (Y4,%)

(6)
whered, is the phasedistancec. the colour distanceand
¢ the optical ow distancebetweenthe two primitives
Y3 andY . Thesemetrics are similar to the onesused
in [29, 20]. wy , we andw; aretherelative weight of the
modalities suchthatw, + w¢ + w; = 1.

3.3 Primiti ve Af nity

The overall af nity betweenall primitivesin animage
is formalisedasa matrix A, whereA; holdsthe af nity
betweenthe primitives¥s and¥s. We de ne this afn-
ity from equationg5) and(6), suchthat 1) two primitives
complyingpoorly with the good continuationrule have an
af nity closeto zero;and2) two primitivescomplyingwith
the goodcontinuatiorrule yet stronglydissimilarwill have
only an averageaf nity . The af nity is formalisedasfol-
lows:

clgij]=Aij = G(@®Gi + (1 M) (7)
where®is theweightingof geometriandmulti-modal(i.e.
phase colourandoptical o w) informationin the af nity .
A settingof ® = 1 impliesthatonly geometridnformation
(proximity, collinearity and co-circularity) is used, while
® = 0 indicatesthat geometricand multi-modalinforma-
tion areevenly mixed. Thegroupsgeneratedor theleft and
right framesfor eachsequencearedrawvn in gure 1, bot-
tomrow. Dark linesdescribestringsof groupedprimitives.
Onecanseein thoseimagesthatthe major contoursof the
imagesareadequatelylescribed.

4. Stereopsisusing 2D—primiti ves

Classical stereopsisallows reconstructinga 3D point
from two correspondingtereopoints. A review of stereo—
algorithmswaspresentedn [24], densetwo framesstereo
algorithmswerealsocomparedn [5]. In thesepapersthe
differentalgorithmswerecomparecdnmainly arti cial im-
ageswith adisparityd thatrangesn 0 - d - 16. In this
work we make useof a sparse featurebasedrepresenta-
tion, appliedon high resolutionvideo sequencesf natural
sceneswherethe groundtruth wasobtainedusinga range
scanner The allowed disparity rangefor thesesceneds
0. d- 200 leadingto a comparabldevel of ambiguity
(i.e. betweenl0and20 candidateslependingon the primi-
tive beingmatched).

The stereopsisused for this paperis a simple local
winnertake—all scheme:all primitivesin the right image
thatlie on the epipolarline are potential correspondences

andtheir individual likelihood is setastheir multi—-modal
similarity with theoriginal primitivein theleft image.Then
themostsimilar primitive is takenasthe mostlik ely corre-
spondence.The multi-modaldistancebetweentwo prim-
itivesis de ned asa linear combinationof the modal dis-
tancedetweerthetwo primitives:

On (Y4;%4) = Wmdm(Y4:%) (8)

m

herewn, istherelative weightingof the modalitym, with
m Wm = 1 (we usedistancefunctionsfor the modalities
thataresimilar to theonesproposedn [29, 20)).

In gure 6(a)the ROC curvesshaving the performance
of the stereo—matchinghenusingaslik elihoodestimation
thesimilaritiesin eachof themodalitiesheldby a primitive,
alongsidawith theperformancef themulti-modaldistance
proposedn equation(8). We canseethat: 1) all modalities
offer a discriminationbetterthan chancebetweencorrect
and erroneouscorrespondencesand 2) the multi-modal
distanceoffers a betterdiscriminationthan the individual
modalities.In this gure we canseethatthecolourmodality
is a particularly strongdiscriminantfor stereopsis.This is
explainedby thefactthatthehueandsaturatioraresampled
oneachsideof theedge Jeadingto a4—dimensionaiodal-
ity, wherephaseandorientationareonly 1-dimensionaénd
optical o w is 2—dimensionalalbeit the apertureproblem
reducesit to one effective dimension: the normal ow).
On the other handthe poor performanceof the optic ow
modality could be explainedby the relative simplicity of
the motionin this scene:a pureforward translationof the
camerawith no moving object. Therefore ,we would ex-
pectthe performanceof individual modalitiesto vary de-
pendingon the scenario,andthe robustnesf the multi—
modalconstraintcould be furtherenhancedby a contetual
weighting.Neverthelessin avariety of scenarioshe useof
a staticweighting proved robust enoughto obtainreliable
stereopsis.

Moreover, by makinguseof therich semantidnforma-
tion carriedby the primitives, the stereopsigyield a setof
geometricallymeaningfulentitiesratherthanan meredis-
parity mapWe call thereconstructe@ntities3D—primitives
1 .

I = (M;£;-;C)T 9)

whereM isthelocationin spacef isthe3D orientationof
theedge,- is the phaseacrosshis edge,andC holdsthe
colour informationfor this edge— seeattachedmaterial.
In gure 7(a)we showv the 3D—primitivesthat wererecon-
structedafter a stereo—matchingasedon the multi-modal
con dencefrom equation(8).
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Figure4. The BSCE criterion: Let ¥4 be a primitive in the left
frameformingagroupwith asecondprimitive ¥x . ¥4 hasastereo
correspondenc®s in therightimage.Both%4 and¥4 in theright
imagelie on the epipolarline », of ¥x; hencethesetwo primi-
tivesare both putative correspondencesf ¥ . Furthermorethe
primitive ¥4 is clearlythe mostsimilar to ¥4 (dueto acloserori-
entation),hencethis stereo—correspondense ; yield a higher
multi-modalcon dencethanwould, e.g. s1: . Yet, whencon-
sideringthe BSCE criterion we realisethat only the putative cor
respondenc#j formsagroupg;s with %, conservinghegroup
relationg:.» betweer/n and¥%s.

5. Perceptual Grouping Constraints to Im-
prove Stereopsis

In additionto their richness primitivesare very redun-
dantalongcontours,andthis redundang allows us to use
perceptuagroupingto derive the following two constraints
for thematchingprocess:

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

Steeo consistencyover groups: If a setof primitives
forms a contourin the rst image,the correct correspon-
dencef theseprimitivesin the secondmagealsoform a
contour

5.1 Basic Stereo ConsistencyEvent (BSCE)

As explainedin section3, 2D—primitives represento-
cal estimatorsof imagecontours.A constellationof those
2D—primitivesdescribehe contourasa whole. Thosecon-
toursareconsistenpver stereowith the notableexception
of partially occludedcontours— see gure 1, bottomrow.
Hence,if two primitivesdescribea contourin oneimage
thentheir correspondenceas the secondmageshouldalso
describethe samecontour andthosetwo 2D contoursare
the projectionof the same3D contouronto the two differ-
entoptical planes. In section3, we de ned the likelihood
for two primitivesto describehe samecontourasthe af n-
ity betweerthesetwo primitives,hencewe canrewrite the
previousstatemenas:

Giventwo primitives¥4 and¥4 in | ' andtheir respec-
tive correspondence], and¥4, in a secondmagel '; if
Y4 and¥4 belongsto thesamegroupin | ' then¥4, and¥4,
shouldalsobepartof agroupin | ". — see gure 4.

We call the conseration of the link betweena pair of
primitivesin thestereo—correspondenagfthoseprimitives
the BasicStero Consistenc¥vent(BSCE).

This condition canthen be usedto testthe validity of
a stereo—hypothesisConsidera primitive ¥4, anda stereo
hypothesis:

Siin ¥4l Y (10)

and considera neighbour’4 2 N(%4) of ¥} suchthat
the two primitivesshareanaf nity c[g;; ]. For this second
primitive a stereo—corresponden&g with a con denceof
c[sj: p] exists. We canthenestimatehow well the stereo—
hypothesissi; » preserestheBSCE:

1

E(9; ;Sit n) =

e pTeelay 1 it clonp] >
i clsjr pleclg ] else
(11)

In otherwords, consideringa stereo—paiof primitives:
the BSCE of a primitive in the rst imagewith oneof its
neighbouris high if they sharea strongaf nity andif this
secondprimitive createsa stereo—hypothesisuchthat the
correspondenceés thesecondmageof bothprimitivesalso
shareastrongaf nity . It islow if thestereo—correspondence
of this primitive and the stereo—correspondences other
primitivespartof thesamegroup,donotform agroupin the
otherimage.This naturallyextendsthe concepif groupas
de nedin section3 into the stereodomain.

5.2 NeighbourhoodConsistencyCon dence

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

The previousformulatells ushow a 2D—primitive stereo
correspondencis consistentith our knowledgeof the set
of sterechypothesefor asecon®D—primitive,in its neigh-
bourhood.Now, if we considera primitive 4 andanasso-
ciated stereo—correspondensg , we can integratethis
BSCEcon denceover the neighbourhooaf the primitive
N | — asde nedin section3.3.

Cext [Sit n] = i E(l/“ll;l/ﬁl(;si! n) (12)

|
AN vi2N!
Where# N | is the size of the neighbourhood— i.e. the
numberof neighboursof ¥4 considered We call this new
con dencethe external con dencein s;; ,, asopposedo
theinternalcon dencegivenby the multi-modalsimilarity
betweerthe 2D—primitives—equation(8). In gure 5, one
canseethatthe correctcorrespondencdsave mostly posi-
tive externalcon denceswhile incorrectoneshave mainly
negative values.Therefore applyingathresholdon the ex-
ternalcon dencewill remove sterechypotheseshatarein-
consistentwith their neighbourhoodand thus reducethe
ambiguity of the stereo—matching.Note that selectinga



thresholdhigher than zero implies the removal of all the
isolatedprimitives(asanisolatedprimitive hasan external
con denceof zeroby de nition).

Figure 6(b) shavs ROC curves of the performanceor
varying thresholdson the multi-modalsimilarity. Eachof
thecurvedrawn shovsthe performancdor differentthresh-
olds (respectiely thresholdvaluesof j 0:6; 0:3;0;+0:3,
and without threshold)appliedto the external con dence
prior to the ROC analysis. We canseefrom thoseresults
that applying a bias on the decisionbasedon the external
con denceis improving signi cantly the accurag of the
decisionprocess.Dependingon the type of selectionpro-
cessdesired— very selectve andreliable,or morelax, but
yielding a denseisetof correspondences- anotheithresh-
old canbe chosen.The bestoverallimprovementseemdo
bereachedor athresholdof j 0:3 overthe externalcon -
dence. Nonethelesswhenwe considera casewherevery
high reliability is required,a thresholdof 0 (meaningdis-
cardingall primitiveswhich arepartof no group)might be
preferred Notethatwhenathresholds appliedto theexter
nalcon dencepriortotheROC analysistheresultingcurve
donotreachthe(1; 1) pointof thegraph.Thisis normalas
thethresholdalreadyremove somestereo—hypothesesen
beforethe multi-modalcon denceis considered.

The3D—primitivesreconstructedftersuchaschemere
shavnin gure 7(b).

5.3 Inter polation in Space

Oneissuewhenreconstructin@D structuredrom stere-
opsisis thattheaccurag of thereconstructeéntitiesis de-
creasingwith the distanceto the camerasdueto the pixel
samplingof theimages— see[10]. Figure7(b) showvsthe
reconstructiorof thetree (alongwith theroadmarkings)in
sequencdd) — see gure 1. Therewe canseethat, al-
thoughall primitivesdescribethe contourof the treefrom
the samepoint of view, their exactpositionandorientation
in spacevary, andthey certainlydo not form a contourin
space.

Yet, we do know that the 2D—primitives they are re-
constructedrom a groupin both stereocimages(c.f. sec-
tion 5 and gure 1 bottomrow), andassuchthatthey form
a smoothcontinuouscontour Hencewe canassumehat
they aretheprojectionontheimageplanesof a smoothand
continuouscontourof the scene(exceptin someextreme
caseandunderrareviewpoints),andassuchthattherecon-
structed3D—primitivesshouldalsodescribesucha curve.

A commonway of reducingsuchnoisein the sampling
of a smoothfunctionis to uselinear smoothing,hencewe
proposeto applyit to the 3D—primitives. For eachiteration
n of this smoothing,the positionM andorientationf of
theprimitive| i(“) arechangedo theaveragebetweertheir

previous values! ("' P and valuesinterpolatedfrom the

primitivesreconstructeaut of the two closestneighbours

of the2D—primitivein theimaged (|
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Figure7 illustratethe reconstructe@D—primitivesfrom
thesequencéd) (c.f. gure 1). Notethatit is necessaryo
choosea point of view sufciently differentfrom the one
of the camerato highlight the reconstructiorerrors,while
beingsufciently similar for the shapef the sceneto be
recognisableWe chosea point of view locatedhigh onthe
right sideof the scenelooking downwardsat theroad.

When comparing gures 7(a) and 7(b) we canseethat
a large numberof outliers are discardedfrom the recon-
structed3D—primitives,leadingto a cleanerdescriptionof
the scene. Figure 7(c) shavs 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 anafnity relationbetweernm-
ageprimitivesmakinguseof therich multi-modalinforma-
tion available. Thereforetheresultingaf nity measureen-
compassnorethanjust the goodcontinuationcuebut also
continuity in phase,colour andoptical ow. We have il-
lustratedthat, on variedsequencethe resultinggroupsfol-
low adequatelyhe contoursof theimage.In a secondpart
we proposed simplemeasuref the conserationof those
groupsandhenceof theneighbourhoodtructureof aprim-
itive, acrossstereo. Using this consenration we could for-
malisea contectual estimationof the likelihoodof a stereo
correspondencéle shawv thatusingthis new externalcon-

dence measuren conjunctionwith a similarity measure
we canimprove signi cantly the performancef thestereo—
matchingprocessFurthermorewe shav thatinterpolation
canbe usedover a groupto correctthe smoothnessf the
reconstructedepresentation.

Acknowledgement: We thank the compaty Riegl for
theimageswith known groundtruth usedfor sequencéa),
(b) and(c). This work describedn this paperwas part of
the EuropearprojectECOVISION.
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