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Intr oduction

Vision, althoughwidely acceptedasthe most powerful sensoriaimodality, facesthe
problemof anextremelyhigh degreeof vaguenesanduncertaintyin its low level pro-
cessesuchasedgedetectionpptic o w analysisandsterecestimatior{1]. Thisarises
from anumberof factors.Someof themareassociateavith imageacquisitionandin-
terpretation:owing to noisein theacquisitionprocessalongwith thelimited resolution
of cameraspnly roughestimate®f semantidnformation(e.g.,orientation)are possi-
ble. Theseverenes®f theseproblemsincreasegor highersemantidnformation,such
ascunatureor junction detectionandinterpretation.Furthermorejllumination varia-
tion heavily in uencesthemeasuredrey level valuesandis hardto modelanalytically
(see,e.q.,[9]). Extractinginformationacrossimageframes,e.g.,in stereoandoptic
o w estimation,faces(in additionto the abore mentionedproblems)the correspon-
denceandapertureproblemwhich interferein a fundamentabndespeciallyawkward
way (seee.g.,[2, 10]).

However, by integrating information over context the humanvisual systemsac-
quiresvisualrepresentationshich allowsfor actionswith high precisionandcertainty
within the 3D world evenunderratheruncontrolledconditions[16, 8]. The power of
modality fusion arisesfrom the hugenumberof intrinsic relationsin visualdata. The
aim of the EuropearprojectECOVISION (se€]4]) is to usesuchcontet knwoledgeto
achieve robustandmorecompletedescriptionof thevisualscene.

In this paper we address speci ¢ contet in which aspect®f 2D and3D feature
processindbecomecombined.In humanvision local visual entitiesbecomeorganised
into morecomplex entities. This processess usuallycalledgrouping(see.e.g.,[19]).
In computerisionsuchgroupingprocessearemostlytreatedwithin theimagedomain
[18, 3]. Also in this paper we startwith a groupingprocessn the 2D imagedomain.
However, this procesdbecomesombinedwith steregrocessinguchthatcoheren8D
groupsemege. Theconstrainbnwhichthis combinationis baseds thefollowing (see
also gure 6):
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Figurel: StereoCollinearity Constraint

StereoCollinearity Constraint: Primitivesconstitutinga groupin the left im-
agehave stereocorrespondences onegroupin therightimage.

In this paper we usethis constrainto improve steregprocessing Stereais neces-
sarily ambiguousvhenbasedn local comparisonsincethe correspondencgroblem
leadsto mismatchesUsingmultiple modalities(suchascolouror optic 0 w) improves
but cannot solve this problem(seeg[7, 12, 17)).

In this paperweintroduceanarti cial visualsystemn whichdiffererentprocesses
arerealizedthatsupporteachother:

2D Feature Extraction: We have developedan imagerepresentatiofn form
of 2D Primitives. ThesePrimitivesare multi-modallocal descriptorghat carry
informationaboutvisual aspectsuchasorientation,contrasttransition,colour
andoptic o w in acondensedvay (see gure 2 and[13]).

2D Grouping: The 2D Primitivesare local descriptorghat becomeorganised
into higherentitiesin form of collineargroups.In thegroupingprocesslinking
structureis establisedhat makes useof a criterion that utilises collinearity as
well assimilarity in colourandcontrastransition.

3D Feature Extraction by Stereo: We usethe 2D-Primitivesto nd stereocor-
respondencesin this way we compute3D Primitivesfrom the 2D Primitives.
The 3D Primitives carry information about3D position and 3D orientationin
additionto theinformationcoveredby the generatin@D Primitives.

Interaction of Stereoand Grouping: Finally, thegroupstructuresare usedfor
improving steredeadingto coherengroupsin 3D usingthe StereoCollinearity
Constraint.

The paperis structuredasfollows: In sectionl we brie y describeour processing
of multi-modal Primitives. A more detaileddescriptioncanbe foundin e.g.,in [13].
The 2D groupingprocesss describedn section?2. Themulti-modalstereds described
in section3 (further detailscanbe foundin [12, 17]) andthe integrationof grouping



Figure2: Top left: Schematicrepresentatiorf a basicfeaturevector Positionis
codedby , orientationby (or directionas respectiely), phaseby (or
whenassociatedvith a direction),and color by . Bottom left: Framein an
image.Right: Extractedfeaturevectors.

andstereois describedn secctiord. Resultson arti cial andreal scenesaregivenin
sectionb.

1 FeatureProcessing

In this sectionwe brie y describethe coding of information (orientation,phaseand
color) in termsof multi-modalPrimitives.

Position, Orientation and Phase: We usea systematianathematicatlescriptionof
geometricandstructuralinformationof grey level imageshasedn themonogenicsig-
nal [6]. Themonogenicsignalperformsa split of identity, i.e., it orthogonallydivides
the signalinto enegetic information (indicating the likelihood of the presenceof a
structure),its orientation andits structure(expressedn the phase ). Featuresare
extractedat enegy maximain localimagepatchesvherethe positionis parameterized
by (seegure 2).

The phasecanbe usedto interpretthekind of contrastransitionat this maximum
[11], e.g.,a phaseof — correspondso a dark—brightedge,while a phaseof 0 corre-
spondgo a brightline on darkbackgroundThe continuumof contrastransitionat an
intrinsic one-dimensionadignalpatchcanbe expressedy the continuumof phases.
Color: Thedistributionof phase#n naturaimageshasbeeninvestigatedn [14]. There



exist clearpeaksat and which show thatedgeqi.e., intrinsic 1-
dimensionakignalswith odd symmetry)arethe dominantone-dimensionastructure
in naturalimageswhile line structureqi.e., intrinsic 1-dimensionakignalswith even
symmetry)arelessdominant. Our modelfor an intrinsically one—dimensionaignal
patch(see gure 2) thereforedescribegdges:

To integratethe modality color at intrinsically one—dimensionamagestructures
we performanaveragingin the RGB color spaceovertheleft andright part('left' and
'right' de ned by the associateine sgment)of theimagepatch(see gure 2).

We gettwo vectors and , representinghe red,
greenandbluevaluesof theleft andright sideof theedge.

Thereforethebasicfeaturevectorrepresentetdy our Primitiveshastheform

2 Establishing Groups by a multi-modal Collinearity
Criterion

We want to de ne groupsof locally consistentPrimitivesin the image. We arein-
terestedn Primitives outlining major structuresof the scenery and subsequentlypf
theimagesprocessedWe assumehat ary structureof the scenehaving a projective
manifestationin theimagehasarepresentatiomvolving a setof consistenPrimitives
(in thefollowing calledgroup).Fromthis assumptiorollows naturallythat Primitives
shaving inconsisteng with their neighbourhooanight be considerecisambigiousn-
formationlik ely to be causedy erroneoudeatureextraction. In this section we want
to de ne themeaningof this consistencyn the multi-modalspaceof thefeatures.

In this work, we considerPrimitivesde ning local orientedstructureqe.g.,lines
and step edges). Therefore,we are looking for constellationsde ning global con-
tours. Consisteng betweentwo Primitivesis de ned by two criterions: Collinearity
andModality Consisteng (usingthe modalitiescolourandcontrastransition).lncon-
sisteny accordingto thesetwo criterionsindicatesthat the two Primitivesare either
expressionf independenstructuresor causedby the erroneoudeatureextraction
processln thefollowing formulaswe will considera pair of Primitives suchas

, beingalargeenoughneighbourhoodWe will considerthe coordinate
systemcenteredn  and orientedso that . We wantto de ne relation-
shipsbetween and de ning possiblestructuredor andwe codethemaslinks

betweenthem. We associatea con dence to alink whichis an
estimateof the probabilityfor thetwo primitivesto be partof the samestructure.

2.1 Collinearity Criterion

Our collinearity criterionis basedn two factors:Proximity andgoodcontinuation.

1Althoughthereis signi cantly moreedgelike structureghanline like structuresn naturalimageswe
canalsomalke useof anextraline modelto describantrinsically one-dimensionamagepatcheswith phase
closeto 0 or . Theintroductionof this model makes only small differencefor stereomatching(but is
importantin othercontets). We negglectthisissuehere.
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Figure3: Proximity Criterion: Surfaceplot of the proximity functionwith theposition
of thesecondPrimitive relative to the rst

2.1.1 Proximity

Our proximity criterion take evaluatehow giventhe positionof the primitive  rel-
atively to the primitive  alink is likely to exist. Theideahereis thatthe
closerthesecondprimitiveisto the rst, thecloserit hasto betotheline de ned by the
orientationof : parallelsgmentscannotbe collinearfor example.Also atthis very
local level we only wantto considerlow curvaturesbetweenthe two primitives. To
take theseaspectsnto accountwe de ne a distancefunction betweentwo Primitives
by

@)

with beingthe steepnesparameter A distanceof 1 in the axis meanstwice
thesizeof the patchgeneratinghe Primitives,andzeromeaningthe generatingmage
patchesof the two Primitives are in contactor overlapping. Figure 3 displaysthe
distanceunction.

2.1.2 Good Continuation Criterion

If we considetthetwo modalities and , thecontinuityin termsof orientationcan
bede ned asaminimal curvejoining and . Thiscurweideallyjoinsthepositions
A andB andis tangento the orientationof and in thosepoints.

In thefollowing we considerthe coordinatesystem (seealso gure 4) such
as:



Figure4: GoodContinuatiorcriterion: herewe seethatwe cande ne anuniquecircle
from the positionsof = and andthe orientationof . This circle givesus an
estimateor the orientationof



beingthelocationof the rst Primitive
thevectorfrom to
normalto

Theaxisarenormalizedsothata distanceof 1 is thedistanceébetween and inthe
image.
Consequentlythe positionof  is de ned by the vector and by
We cande ne a uniquecircle from the positionsof and andthe
orientation of . This circle givesus an estimatefor the orientationof  (see
gure 4). Actually it mushold . An estimationof the likelihood of the
curve de ned by the two Primitivesis thende ned usingthe differencebetweerthis
estimatedrientationandthe measureane(see gre 4).

(2)
3)

2.2 Modality Continuity Criterion

The consisteng over the color andphasemodalitiesis calculatedusingthe similarity
functionsfor phase andcolour alreadyusedin [12, 17].
Herewe assumehatmodalitiesarecontinuousovera given3D feature.Consequently
they shouldbe continuousover their manifestationin the image. We saythata link

existswhenthe similaritiesin the modalitiesarehigh enough.Consequently
we de ne anestimatefor the consisteng of the pair by

(4)

An exampleof thelinks con dencesfor ourtestsequencesanbeseenn gure 5.

3 Multi-modal stereo

To create3D informationfrom the2D Primitivesby stereowe needto matchPrimitives
in theleft andrightimage.In [12, 17] we have deriveda matchingfunctionmakesuse
of informationin all modalities.A pair or Prmitives represents Primitive

in the left imageandits correspondenin the right image ( beingthe matched
Primitive in the right image). From sucha correspondencee can computea 3D

Primitive by areconstructiodfunction (see.e.g.,[5]):

(5)

Moreover, every Primitive hasalist of potentialstereo-correspondencesntaining
all Primitives of the secondmageintersectingthe epipolarline dravn from the rst
Primitive. Thei-th entryof thelist is denotecby . In [12, 17] only the bestcor
respondences usedto generatehe 3D-entity. The decisionbetweenseveral potential



Figure5: The potentiallinks betweenthe primitivesare shovn by the orangelines.
Thedarkertheline, the higherthecon dencein thelink.

matchess madecomparingsimilaritiesin local modality measuremenisf bothprimi-
tives.We will call this estimationof the quality of a matchtheinternal con denceand
noteit . it is all thatcanbe estimatedusingthe locally availableinformationof
the Primitive.

SteredMatchingbasedntheinternalcon denceis naturallyambiguousfor exam-
ple repetitive structuresnay occurin a scendeadingto similar Primitivesfor distinct
sceneclementsAlso dueto projective distortionbetweerbothimagesthe actualsim-
ilarity might be misleading:for exampledifferencedn orientationandcolour canbe
expectedin both imagesaccordingto the differentperspectie views of the left and
right image. This differenceof coursecannotbe anticipatedn alocal way leadingto
sub-optimalkimilarity estimation.Consequentiythe internalcon denceonits own is
anaturallyinaccurateandambiguougneasure.

4 Combining Grouping and Stereo

In this paper we want to improve the decisionbasedof local information by taking
into accounthe consisteng overthe Primitive's neighbourhooditilising the grouping
procesdle ned in section2. The coreideais to comparehow similar neighbourhood
of the potentialmatchesareto the neighbourhoodf the original Primitive to de ne
an external con dencein the match(written ). The neighbourhoods here
consideredsthe network of links associatedo the Primitive.
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Figure6: The BSCEcriterion: Given a stereocorrespondence , the BSCEcan
be calculatedor a primitive  in theneighbourhooddependingpn , ,
and . Thebold line representhe eventwe wantto con rm, andthe

dashedinestheexternaleventswhich, in conjonction,con rmsiit.

4.1 Stereo-ConsistencyElement

We consideredhat consisteng in Primitives was not incidentalbut a consequence
of the scenestructureand thereforethis consisteng shouldbe consered by stereo
(except, of coursein caseof occlusion). We wantto de ne a stereocorrespondence
mechanisnhandlingthis externalcon dencebasedn thefollowing principles:

Postponementof early hard Decision: Differing from ( ) we want postpone
thedecisionof asuccesfumatchandallow for multiple correspondencdsading
to mutiple potential3D matches.The nal decisionis doneafter the grouping
processonsideringhe StereoCollinearity Constraint.

Uniquenesdeadsto Competition: As stereocorrespondencegemutually ex-
clusive competitionneedso beincludedin ary correction/adaptatioprocess.

Weighting according to Group Consistency: Over one Primitive neighbour
hood,therelative weightof the stereocorrespondencef a neighbouris propor
tional to the consisteng of the Primitive with this neighbour(i.e. to the link
con dence).

Weighting accordingto StereoConsistency:Thein uence of a Primitive over

its neighboursis proportionalto the con dencein its stereo-correspondences
(consequentha Primitive with only poorstereacorrespondencesill do little to
helpstereadecisions).

We now de ne the minimal stereoevent involving a primitive neighbourhood:
Giventwo Primitives  and  in the left frame suchas a link can be
de ned betweerthem,if we considerthe hypothesighat is the correctstereo-
correspondenc®r  in therightimage:
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Figure7: SinceonePrimitive canhave multiple matchest canbeveri ed by multiple
BSCEs.Thedottedandbold structuresachrepresenbneBSCE.

if thereexistsalink betweerthis stereo-correspondenaadthe
public stereo-correspondence  of thesecondprimitive

then thehypothesis is con rmed
else this hypothesigs contradicted.

We call this the BasicStereo Consistenc¥vent(BSCE)(see gure 6).

4.2 BSCEcondence

We wantto associate con denceto the BSCE event. Herewe arenot working with
certaintiesput with potentiallinks andstereo-correspondenc&onsequentlyve want
a continuousformulation of the BSCE, giving us a con dencein its realization. We
proposein this sectionto draw this from the previous con dencesof the basicevents
involved.

First,we de ne a setof functionthatareusedat differentplaces:

-~ GeometridMlean
Arithmetic Mean

The geometricomeanrepresents harderconnectiorbetweenreventsthanthe arith-
metic mean. The multiplication works like a “logical and” ( ) while the arithmetic
meanis a softer connection. We apply the arithmeticmeanwhen differentcuesco-
operate‘democratically”while thegeometrianeanis usedwhenthenon-occurencef
oneeventsupresseall others.

Now the con denceassociatetih a BSCEcanbe estimatedrom theknown con -
dencessfollows:

(6)

where representthegeometriamean.
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4.3 NeighbourhoodConsistencyCon dence

Equation  givesus how a Primitive stereocorrespondences consistentwith our
beliefson anotherPrimitive stereoproperties.We now wantto estimatehow this cor
respondences consistentvith the wholeneighbourhoodf the Primitive. Now if we
consideraprimitive  andanassociatedtereo-correspondence  , we caninte-
gratethis BSCE con denceover the neighbourhooaf the primitive (). We call
this con dencethe externalcon dencein the stereo-correspondence:

— (7)

This givesus a con denceon how consistenis a stereo-correspondeneéth the
stereoof the Primitive neighbourhood.Note that equation?7 representa non—local
sterecsimilarity!

4.4 Outlier Removal Process

In the outlier removal processwve areafterthereliablematcheqi.e., we wantto elim-
inatepossiblyfalsematches).The outlier removal processcanbe usedwherea small
numberof reliablefeaturess usedto computethe motionbetweerframes(in this case
we needreliable3D-2D matches).

Our actualsystemrankthe potentialcorrespondences a Primitive dependingon
their similarity (over all modalities)with this primitive, and the bestone (or public
one)is assumedo be the correctcorrespondenceWe proposehereto thresholdthe
external con dence of thosepotentialcorrespondenceis orderto remove thosein
contradictionwith their neighbourhoodturrentassumptiongi.e. neighbourspublic
correspondences)e expectthis way to remove wrong correspondencestherwise
impossibleto discernfrom correctonesusinglocal modalities. Figures8 and9 shav
theresultof the outlier removal process.

5 Results

We have appliedthis outlier removal procesgo two stereosequencesThe rst one
(g. 8)isasimplearti cial scenegeneratedisingopenGL.Thesecondscenehasbeen
recordednearLippstadt(Germaty) from a pair of calibratedcamerasx edto a car
(with the cooperationof HELLA). This secondscene( g. 9) represenimore accu-
ratelythe standardconditionsin which a naturalsystemhasto operatglow saturation,
highly textured surfaces,etc...). Both gures shawv the left andright imageson the
top row. Onthemiddle row, theimagesshaow the primitivesextracted. Theredlines
reachto the positionof their currentpublic correspondencia theright image. Those
pairs (from the public correspondenceasf eachprimitive) are usedto reconstruc8D
entities. The lower gure shaw a reprojectionof those3D entitieson the horizontal
plane(the horizontalaxisis the Z axis, andthe vertical axisis the X axis here). The
left two picturesshow the original public correspondenceand reconstructiorusing

11
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Without thresholding: NSC threshold 0of 0.075

Figure8: We applyourexternalcon dencethresholdingo thisarti cial sceneTheleft
two imagesrepresenthe resultswithout thresholdingandthe right oneswith thresh-
olding. In both case the middleimageshaw the primitivesextractedby our program,
andthe lines reachto the positionof their currentpublic correspondenci the right
image.Theloweroneshowv aorthographiaeprojectiorof thereconstructe@D entities
(from thosepublic steregpairs). This shavs the XZ (horizontal)plane.
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Without thresholding: \NSC threshold of 0.075

Figure9: This gure showv the sameresultsas8 with a naturalstereoscenethis time.
The middleimagesshon herea zoomin of the primitives. Herethe correspondences
of the primitivescreatedby the texture are beingremoved, while consistentines are
beingpresered.
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only internalcon dence. The two pictureson the right of the gures shaw the public
correspondencemndtheresulting3D reconstructe@ntitiesafterathresholdingof the
correspondencewertheirexternalcon dence(thethresholds of 0.075in bothcases).

On the gure 8 mostof the wrong correspondenceare being removed through
this process.More interestinglyon the gure 9, shawving the dif cult naturalscenea
considerablemountof noiseis beingremoved. In the magni ed view of the corre-
spondencesye canseethat mostrandomcorrespondencesom primitivesextracted
from texture artifact are being removed, while consistentcorrespondenceare pre-
sened. Note thatin both casethis improvementis gainedonly by thresholdingthe
externalcon dence andwithoutary additionalthresholdingontheactualsimilarity of
the Primitives.

6 Summary and Outlook

In this paperwe have introduceda non-localstereosimilarity functionthatmakesuse
of a groupingprocess.We could shav thata goodmatchingcould be achieved using
a non-loaclcriterion. We coild further shav that a large numberof outlierscould be
removedby usingthe contectual informationcodedin the groupingprocess.

The combinationof groupingprocessegrocessef the 3D andtime domainhas
beenrecognisedisa eld which hasonly beenaddressethy afew scientists.on (see,
e,0.,[18]). However, we think thatgroupingcanhave a signi cant impacton the mod-
elling of processesuchasstereo,structurefrom motion and motion estimation. We
seethe combinationof groupingprocessesvith low—level featureprocessingsuchas
stereo)aswe ashighercognitive functionssuchasobjectcateyorisationrasanemegent

eld thatcanovercomewveaknessesf today'sarti cial visualsysemgfor anoverview
seg[15]).
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