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Intr oduction

Vision, althoughwidely acceptedas the mostpowerful sensorialmodality, facesthe
problemof anextremelyhighdegreeof vaguenessanduncertaintyin its low level pro-
cessessuchasedgedetection,optic �o w analysisandstereoestimation[1]. Thisarises
from a numberof factors.Someof themareassociatedwith imageacquisitionandin-
terpretation:owing to noisein theacquisitionprocessalongwith thelimited resolution
of cameras,only roughestimatesof semanticinformation(e.g.,orientation)arepossi-
ble. Theseverenessof theseproblemsincreasesfor highersemanticinformation,such
ascurvatureor junctiondetectionandinterpretation.Furthermore,illumination varia-
tion heavily in�uencesthemeasuredgrey level valuesandis hardto modelanalytically
(see,e.g.,[9]). Extractinginformationacrossimageframes,e.g., in stereoandoptic
�o w estimation,faces(in additionto the above mentionedproblems)the correspon-
denceandapertureproblemwhich interferein a fundamentalandespeciallyawkward
way (see,e.g.,[2, 10]).

However, by integrating information over context the humanvisual systemsac-
quiresvisualrepresentationswhichallowsfor actionswith highprecisionandcertainty
within the3D world evenunderratheruncontrolledconditions[16, 8]. Thepower of
modality fusionarisesfrom thehugenumberof intrinsic relationsin visualdata.The
aimof theEuropeanprojectECOVISION (see[4]) is to usesuchcontext knwoledgeto
achieverobustandmorecompletedescriptionsof thevisualscene.

In this paper, we addressa speci�c context in which aspectsof 2D and3D feature
processingbecomecombined.In humanvision local visualentitiesbecomeorganised
into morecomplex entities.This processesis usuallycalledgrouping(see,e.g.,[19]).
In computervisionsuchgroupingprocessesaremostlytreatedwithin theimagedomain
[18, 3]. Also in this paper, we startwith a groupingprocessin the2D imagedomain.
However, thisprocessbecomescombinedwith stereoprocessingsuchthatcoherent3D
groupsemerge.Theconstraintonwhichthiscombinationis basedis thefollowing (see
also�gure 6):

1



Left image Right image

Epipolar line

L r

L l

l l

l r

Figure1: StereoCollinearityConstraint

StereoCollinearity Constraint: Primitivesconstitutinga groupin the left im-
agehavestereocorrespondencesin onegroupin theright image.

In this paper, we usethis constraintto improvestereoprocessing.Stereois neces-
sarilyambiguouswhenbasedon local comparisonssincethecorrespondenceproblem
leadsto mismatches.Usingmultiplemodalities(suchascolouror optic �o w) improves
but cannot solve thisproblem(see[7, 12, 17]).

In thispaper, weintroduceanarti�cial visualsystemin whichdiffererentprocesses
arerealizedthatsupporteachother:

2D Feature Extraction: We have developedan imagerepresentationin form
of 2D Primitives. ThesePrimitivesaremulti-modallocal descriptorsthatcarry
informationaboutvisualaspectssuchasorientation,contrasttransition,colour
andoptic �o w in a condensedway (see�gure 2 and[13]).

2D Grouping: The 2D Primitivesare local descriptorsthat becomeorganised
into higherentitiesin form of collineargroups.In thegroupingprocessa linking
structureis establisedthat makesuseof a criterion that utilisescollinearity as
well assimilarity in colourandcontrasttransition.

3D FeatureExtraction by Stereo: We usethe2D-Primitivesto �nd stereocor-
respondences.In this way we compute3D Primitivesfrom the 2D Primitives.
The 3D Primitivescarry informationabout3D positionand3D orientationin
additionto theinformationcoveredby thegenerating2D Primitives.

Interaction of Stereoand Grouping: Finally, thegroupstructuresareusedfor
improving stereoleadingto coherentgroupsin 3D usingtheStereoCollinearity
Constraint.

Thepaperis structuredasfollows: In section1 we brie�y describeour processing
of multi-modalPrimitives. A moredetaileddescriptioncanbe found in e.g.,in [13].
The2D groupingprocessis describedin section2. Themulti-modalstereois described
in section3 (further detailscanbe found in [12, 17]) andthe integrationof grouping
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Figure 2: Top left: Schematicrepresentationof a basicfeaturevector. Positionis
codedby

�������
	

, orientationby � (or direction as � respectively), phaseby 
 (or �

whenassociatedwith a direction),andcolor by
������������	

. Bottom left: Framein an
image.Right: Extractedfeaturevectors.

andstereois describedin secction4. Resultson arti�cial andrealscenesaregivenin
section5.

1 FeatureProcessing

In this sectionwe brie�y describethe codingof information(orientation,phaseand
color) in termsof multi-modalPrimitives.
Position, Orientation and Phase: We usea systematicmathematicaldescriptionof
geometricandstructuralinformationof grey level imagesbasedon themonogenicsig-
nal [6]. Themonogenicsignalperformsa split of identity, i.e., it orthogonallydivides
the signal into energetic information (indicating the likelihood of the presenceof a
structure),its orientation� andits structure(expressedin the phase
 ). Featuresare
extractedatenergy maximain local imagepatcheswherethepositionis parameterized
by � (see�gure 2).

Thephasecanbeusedto interpretthekind of contrasttransitionat this maximum
[11], e.g.,a phaseof � � correspondsto a dark–brightedge,while a phaseof 0 corre-
spondsto a bright line ondarkbackground.Thecontinuumof contrasttransitionat an
intrinsicone-dimensionalsignalpatchcanbeexpressedby thecontinuumof phases.
Color: Thedistributionof phasesin naturalimageshasbeeninvestigatedin [14]. There
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exist clearpeaksat 
������! and 
��#"$���% which show thatedges(i.e., intrinsic 1-
dimensionalsignalswith odd symmetry)arethe dominantone-dimensionalstructure
in naturalimageswhile line structures(i.e., intrinsic 1-dimensionalsignalswith even
symmetry)arelessdominant.Our modelfor an intrinsically one–dimensionalsignal
patch(see�gure 2) thereforedescribesedges.1

To integratethe modality color at intrinsically one–dimensionalimagestructures
weperformanaveragingin theRGBcolorspaceover theleft andright part(' left' and
'right' de�ned by theassociatedline segment)of theimagepatch(see�gure 2).
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, representingthe red,
greenandbluevaluesof theleft andright sideof theedge.

Therefore,thebasicfeaturevectorrepresentedby ourPrimitiveshastheform
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2 Establishing Groups by a multi-modal Collinearity
Criterion

We want to de�ne groupsof locally consistentPrimitives in the image. We are in-
terestedin Primitivesoutlining major structuresof the scenery, andsubsequentlyof
the imagesprocessed.We assumethat any structureof thescenehaving a projective
manifestationin theimagehasarepresentationinvolving a setof consistentPrimitives
(in thefollowing calledgroup).FromthisassumptionfollowsnaturallythatPrimitives
showing inconsistency with theirneighbourhoodmightbeconsideredasambigiousin-
formationlikely to becausedby erroneousfeatureextraction.In this section,we want
to de�ne themeaningof thisconsistencyin themulti-modalspaceof thefeatures.

In this work, we considerPrimitivesde�ning local orientedstructures(e.g.,lines
and stepedges). Therefore,we are looking for constellationsde�ning global con-
tours. Consistency betweentwo Primitivesis de�ned by two criterions: Collinearity
andModality Consistency (usingthemodalitiescolourandcontrasttransition).Incon-
sistency accordingto thesetwo criterionsindicatesthat the two Primitivesareeither
expressionsof independentstructuresor causedby the erroneousfeatureextraction
process.In thefollowing formulaswe will considera pair of Primitives +0/

�

+
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�2143
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+
/

	

, 3 beinga largeenoughneighbourhood.We will considerthecoordinate
systemcenteredin +5/ andorientedso that �

�

+5/

	

�76 . We want to de�ne relation-
shipsbetween+5/ and +

� de�ning possiblestructuresfor +5/ andwe codethemaslinks
8

�

+
/
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betweenthem. We associatea con�dence
&!9
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�

+
/

�

+

�

	;:

to a link which is an
estimateof theprobabilityfor thetwo primitivesto bepartof thesamestructure.

2.1 Collinearity Criterion

Ourcollinearitycriterionis basedon two factors:Proximityandgoodcontinuation.

1Although thereis signi�cantly moreedgelike structuresthanline like structuresin naturalimageswe
canalsomakeuseof anextra line modelto describeintrinsicallyone-dimensionalimagepatcheswith phase
closeto 0 or < . The introductionof this modelmakes only small differencefor stereomatching(but is
importantin othercontexts). Weneglect this issuehere.
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Figure3: ProximityCriterion: Surfaceplot of theproximity functionwith theposition
of thesecondPrimitive relative to the�rst

2.1.1 Proximity

Our proximity criterion take evaluatehow given the positionof the primitive +

� rel-
atively to the primitive +

/ a link
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is likely to exist. The ideahereis that the
closerthesecondprimitiveis to the�rst, thecloserit hasto beto theline de�nedby the
orientationof +

/ : parallelsegmentscannotbecollinearfor example.Also at this very
local level we only want to considerlow curvaturesbetweenthe two primitives. To
take theseaspectsinto accountwe de�ne a distancefunctionbetweentwo Primitives
by
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(1)

with `a�cb%6 beingthesteepnessparameter. A distanceof 1 in theaxismeanstwice
thesizeof thepatchgeneratingthePrimitives,andzeromeaningthegeneratingimage
patchesof the two Primitives are in contactor overlapping. Figure 3 displaysthe
distancefunction.

2.1.2 GoodContinuation Criterion

If we considerthetwo modalities+d/ and +

� , thecontinuityin termsof orientationcan
bede�ned asa minimal curve joining +d/ and +

� . This curve ideally joins thepositions
A andB andis tangentto theorientationof +

/ and +

� in thosepoints.
In thefollowing we considerthecoordinatesysteme

��fg��h

(seealso�gure 4) such
as:
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Figure4: GoodContinuationcriterion:hereweseethatwecande�ne anuniquecircle
from the positionsof +5/ and +

� and the orientationof +
/ . This circle gives us an
estimatefor theorientationof +

�
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i

e beingthelocationof the�rst Primitive + / ,

i

f

thevectorfrom + / to +

�

i

h

normalto
f

Theaxisarenormalizedsothatadistanceof 1 is thedistancebetween+0/ and +

� in the
image.

Consequently, thepositionof + / is de�ned by thevector �

�
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We cande�ne a uniquecircle from the positionsof + / and +

� andthe
orientation �

/ of + / . This circle givesus an estimatefor the orientationof +

� (see
�gure 4). Actually it mus hold �

�

�j"$�

/ . An estimationof the likelihoodof the
curve de�ned by the two Primitivesis thende�ned usingthedifferencebetweenthis
estimatedorientationandthemeasuredone(see�gre 4).
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2.2 Modality Continuity Criterion

Theconsistency over thecolor andphasemodalitiesis calculatedusingthesimilarity
functionsfor phaset[u;vxw
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andcolour t[u;vzy
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alreadyusedin [12, 17].
Hereweassumethatmodalitiesarecontinuousoveragiven3D feature.Consequently,
they shouldbe continuousover their manifestationin the image. We saythat a link
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existswhenthesimilaritiesin themodalitiesarehigh enough.Consequently
wede�ne anestimatefor theconsistency of thepair
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An exampleof thelinks con�dencesfor our testsequencescanbeseenin �gure 5.

3 Multi-modal stereo

To create3D informationfrom the2D Primitivesby stereoweneedto matchPrimitives
in theleft andright image.In [12, 17] wehavederivedamatchingfunctionmakesuse
of informationin all modalities.A pair or Prmitives

�
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t

�

+

�

	�	

representsa Primitive
in the left imageand its correspondentin the right image( t

�

+

�

	

being the matched
Primitive in the right image). From sucha correspondencewe can computea 3D
Primitive } by areconstructionfunction ~ (see,e.g.,[5]):
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(5)

Moreover, everyPrimitivehasa list of potentialstereo-correspondencescontaining
all Primitivesof the secondimageintersectingthe epipolarline drawn from the �rst
Primitive. Thei-th entryof thelist is denotedby t

B

�

+

•

	

. In [12, 17] only thebestcor-
respondenceis usedto generatethe3D-entity. Thedecisionbetweenseveralpotential
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Figure5: The potentiallinks betweenthe primitivesareshown by the orangelines.
Thedarker theline, thehigherthecon�dencein thelink.

matchesis madecomparingsimilaritiesin localmodalitymeasurementsof bothprimi-
tives.We will call this estimationof thequalityof a matchtheinternalcon�denceand
noteit

&%9

t

�

+

	C:

: it is all thatcanbeestimatedusingthelocally availableinformationof
thePrimitive.

StereoMatchingbasedontheinternalcon�denceis naturallyambiguous,for exam-
ple repetitive structuresmayoccurin a sceneleadingto similar Primitivesfor distinct
sceneelements.Also dueto projectivedistortionbetweenbothimagestheactualsim-
ilarity might be misleading:for exampledifferencesin orientationandcolourcanbe
expectedin both imagesaccordingto the differentperspective views of the left and
right image.This differenceof coursecannotbeanticipatedin a local way leadingto
sub-optimalsimilarity estimation.Consequently, the internalcon�denceon its own is
anaturallyinaccurateandambiguousmeasure.

4 Combining Grouping and Stereo

In this paper, we want to improve the decisionbasedof local informationby taking
into accounttheconsistency over thePrimitive'sneighbourhoodutilising thegrouping
processde�ned in section2. Thecoreideais to comparehow similar neighbourhood
of the potentialmatchesareto the neighbourhoodof the original Primitive to de�ne
an external con�dencein the match(written

&�ƒ

Q
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9

t
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	C:

). The neighbourhoodis here
consideredasthenetwork of links associatedto thePrimitive.
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Figure6: The BSCEcriterion: Given a stereocorrespondencet
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, theBSCEcan
becalculatedfor a primitive +

� in theneighbourhood,dependingon
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. Thebold line representtheeventwe want to con�rm, andthe
dashedlinestheexternaleventswhich, in conjonction,con�rms it.

4.1 Stereo-ConsistencyElement

We consideredthat consistency in Primitives was not incidentalbut a consequence
of the scenestructureand thereforethis consistency shouldbe conserved by stereo
(except,of coursein caseof occlusion). We want to de�ne a stereocorrespondence
mechanismhandlingthis externalcon�dencebasedon thefollowing principles:

Postponementof early hard Decision: Differing from ( † ) we want postpone
thedecisionof asuccesfulmatchandallow for multiplecorrespondencesleading
to mutiple potential3D matches.The �nal decisionis doneafter thegrouping
processconsideringtheStereoCollinearityConstraint.

Uniquenessleadsto Competition: As stereocorrespondencesaremutuallyex-
clusivecompetitionneedsto beincludedin any correction/adaptationprocess.

Weighting according to Group Consistency: Over onePrimitive neighbour-
hood,therelative weightof thestereocorrespondenceof a neighbouris propor-
tional to the consistency of the Primitive with this neighbour(i.e. to the link
con�dence).

Weighting according to StereoConsistency:Thein�uence of aPrimitiveover
its neighboursis proportionalto the con�dence in its stereo-correspondences
(consequentlyaPrimitivewith only poorstereocorrespondenceswill do little to
helpstereodecisions).

We now de�ne the minimal stereoevent involving a primitive neighbourhood:
Given two Primitives +{‡

/ and +‚‡

� in the left frame suchas a link
8

�
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�

	

can be
de�ned betweenthem,if we considerthehypothesisthat t

B

�

+
‡

/

	

is thecorrectstereo-
correspondencefor +{‡

/ in theright image:
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Figure7: SinceonePrimitivecanhavemultiple matchesit canbeveri�ed by multiple
BSCEs.ThedottedandboldstructureseachrepresentoneBSCE.

if thereexistsa link
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betweenthis stereo-correspondenceandthe
public stereo-correspondencet
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of thesecondprimitive +{‡

�
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is con�rmed

else this hypothesisis contradicted.

We call this theBasicStereoConsistencyEvent(BSCE)(see�gure 6).

4.2 BSCEcon�dence

We want to associatea con�denceto theBSCEevent. Herewe arenot working with
certainties,but with potentiallinks andstereo-correspondences.Consequentlywewant
a continuousformulationof the BSCE,giving us a con�dencein its realization. We
proposein this sectionto draw this from thepreviouscon�dencesof thebasicevents
involved.

First,we de�ne a setof functionthatareusedatdifferentplaces:
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Thegeometricmeanrepresentsa harderconnectionbetweeneventsthanthearith-
metic mean. The multiplication works like a “logical and” ( • ) while the arithmetic
meanis a softerconnection.We apply the arithmeticmeanwhendifferentcuesco-
operate“democratically”while thegeometricmeanis usedwhenthenon-occurenceof
oneeventsupressesall others.

Now thecon�denceassociatedto a BSCEcanbeestimatedfrom theknown con�-
dencesasfollows:
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where
ˆ

'

representsthegeometricmean.
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4.3 NeighbourhoodConsistencyCon�dence

Equation
��—�	

givesus how a Primitive stereocorrespondenceis consistentwith our
beliefson anotherPrimitive stereoproperties.We now wantto estimatehow this cor-
respondenceis consistentwith thewholeneighbourhoodof thePrimitive. Now if we
considera primitive +

‡

/ andanassociatedstereo-correspondencet

B

�

+

‡

/

	

, we caninte-
gratethis BSCEcon�denceover the neighbourhoodof the primitive ( 3™˜…š

‰

). We call
thiscon�dencetheexternalcon�dencein thestereo-correspondence:
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(7)

This givesusa con�denceon how consistentis a stereo-correspondencewith the
stereoof the Primitive neighbourhood.Note that equation7 representsa non–local
stereosimilarity!

4.4 Outlier Removal Process

In theoutlier removal processwe areafter thereliablematches(i.e.,we want to elim-
inatepossiblyfalsematches).Theoutlier removal processcanbeusedwherea small
numberof reliablefeaturesis usedto computethemotionbetweenframes(in thiscase
weneedreliable3D-2Dmatches).

Our actualsystemrankthepotentialcorrespondencesof a Primitive dependingon
their similarity (over all modalities)with this primitive, and the bestone (or public
one)is assumedto be the correctcorrespondence.We proposehereto thresholdthe
external con�denceof thosepotentialcorrespondencesin order to remove thosein
contradictionwith their neighbourhoodcurrentassumptions(i.e. neighbourspublic
correspondences).We expectthis way to remove wrong correspondences,otherwise
impossibleto discernfrom correctonesusinglocal modalities.Figures8 and9 show
theresultof theoutlier removal process.

5 Results

We have appliedthis outlier removal processto two stereosequences.The �rst one
(�g. 8) is asimplearti�cial scenegeneratedusingopenGL.Thesecondscenehasbeen
recordednearLippstadt(Germany) from a pair of calibratedcameras�x ed to a car
(with the cooperationof HELLA). This secondscene(�g. 9) representmoreaccu-
ratelythestandardconditionsin whichanaturalsystemhasto operate(low saturation,
highly texturedsurfaces,etc...). Both �gures show the left and right imageson the
top row. On themiddle row, the imagesshow theprimitivesextracted.Thered lines
reachto thepositionof their currentpublic correspondencein theright image.Those
pairs(from the public correspondencesof eachprimitive) areusedto reconstruct3D
entities. The lower �gure show a reprojectionof those3D entitieson the horizontal
plane(the horizontalaxis is theZ axis,andtheverticalaxis is theX axis here). The
left two picturesshow the original public correspondencesandreconstructionusing
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Figure8: Weapplyourexternalcon�dencethresholdingto thisarti�cial scene.Theleft
two imagesrepresenttheresultswithout thresholding,andtheright oneswith thresh-
olding. In bothcase,themiddleimageshow theprimitivesextractedby our program,
andthe lines reachto thepositionof their currentpublic correspondencein the right
image.Theloweroneshow aorthographicreprojectionof thereconstructed3D entities
(from thosepublicstereopairs).This showstheXZ (horizontal)plane.
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Figure9: This �gure show thesameresultsas8 with a naturalstereoscenethis time.
Themiddle imagesshow herea zoomin of theprimitives. Herethecorrespondences
of theprimitivescreatedby the texturearebeingremoved,while consistentlines are
beingpreserved.
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only internalcon�dence. Thetwo pictureson theright of the �gures show thepublic
correspondencesandtheresulting3D reconstructedentitiesaftera thresholdingof the
correspondencesovertheirexternalcon�dence(thethresholdis of 0.075in bothcases).

On the �gure 8 most of the wrong correspondencesare being removed through
this process.More interestinglyon the�gure 9, showing thedif�cult naturalscene,a
considerableamountof noiseis beingremoved. In the magni�ed view of the corre-
spondences,we canseethatmostrandomcorrespondencesfrom primitivesextracted
from texture artifact are being removed, while consistentcorrespondencesare pre-
served. Note that in both casethis improvementis gainedonly by thresholdingthe
externalcon�dence, andwithoutany additionalthresholdingontheactualsimilarity of
thePrimitives.

6 Summary and Outlook

In this paperwe have introduceda non-localstereosimilarity functionthatmakesuse
of a groupingprocess.We couldshow thata goodmatchingcouldbeachievedusing
a non-loaclcriterion. We coild furthershow thata largenumberof outlierscouldbe
removedby usingthecontextual informationcodedin thegroupingprocess.

Thecombinationof groupingprocessesprocessesin the3D andtime domainhas
beenrecognisedasa �eld which hasonly beenaddressedby a few scientists.on (see,
e,g.,[18]). However, we think thatgroupingcanhavea signi�cant impacton themod-
elling of processessuchasstereo,structurefrom motion andmotion estimation.We
seethecombinationof groupingprocesseswith low–level featureprocessing(suchas
stereo)asweashighercognitivefunctionssuchasobjectcategorisationasanemergent
�eld thatcanovercomeweaknessesof today'sarti�cial visualsysems(for anoverview
see[15]).
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