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Abstract

Different data acquisition methodsare tailored at ex-
tractingparticular characteristicfroma sceneandby com-
bining their resultsa more robust scenedescriptioncan be
created. A methodto fuseperceptualgroupingsextracted
fromcolor-basedsegmentatiorand depthinformationfrom
steleo using supervisedclassificationis presented. The
meging of datafromthesetwo acquisitionmodulesallows
for a spatially coheentblendof smoothregionsand detail
in animage. Depthcuesare usedto limit theareaof inter-
estin thesceneandto improve perceptualgroupingsolving
subsgmentatiorand overseggmentationof the original im-
ages. Thecompleity of the algorithmdoesnot exceedthat
of the individual acquisitionmodules.Theresultingscene
descriptioncanthenbefedto anobjectrecagnition module
for scenanterpretation.

Keywords: data fusion, color-based sgmentation,
depthfromsteleo.

1. Intr oduction

Thefusion of 3D informationfrom differentacquisition
methodsallows for more robust scenedescriptions. The
shortcomingsof individual low level processingnodules
canbe overcomein an integratedervironment. However,
the inherentvariability of the acquisitionmethodsandthe
dataformatsandnoiselevelsthey producemake sensoifu-
sionachallengingask.In thefield of computewision sev-
eral attemptshave beenmadeat couplingdatafrom differ-
ent sensors.Integration modelsproposedn the literature
vary in the numberandtype of sensorinputs,in the level
at which fusion takes place,andin the rulesusedfor data
fusion.

In [10] anintegrationframenork thatencompasse®ur
vision modulesis presented. The memging of datafrom
stereo,shapefrom shading,perceptualorganization,and
line labellingis usedto estimateaccuratedepthmapsof a
scene. Other contritutions considerthe fusion of 2D and
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3D datain theform of intensityimagesandstereoor range
data[1, 9], or only 3D dataacquiredfrom sterecandrange
data[7, 8]. Methodsthatmemgedatafrom sterecandshape
from shadingnclude|[2, 3, 5].

Most of the methodsthat fuse depth information are
designedo work at a point or pixel level, whereashose
methodghatincludeperceptuagroupingin 2D imagesare
mostly directedtowardsfusing higherlevel primitives[10],
or morespecifically atlabellingprimitivessuchascontours
or edgeshasedon their low-level propertiesj.e., depthes-
timates. In [1, 8] emphasids madein that an integration
architectureshould be madeat both the pixel and higher
perceptuagroupinglevels.

The methodsusedfor fusing different types of data
vary extensiely, from ad-hocimplementationsthat use
empirical thresholdsto selectwhich sensorcontritutesto
sceneformation, to the more elegant techniquesof Ex-
tendedKalman Filtering to updatedepthestimateq7, 8],
or Bayesiametworksto integratetop-dovn andbottom-up
visualprocessefl1]. Someexploit thefactthatoneof the
dataacquisitiormodulesanbeviewedasamultiresolution
systemandhave embeddedheir datafusiontechniquesn
betweereachlevel of resolution[10].

We presenta methodto fuse perceptualgroupingsex-
tractedfrom color-basedseggmentationand depthinforma-
tion from stereousingsupervisedlassificatiorproviding a
robustsolutionto the sub-andoversggmentatiorproblems
characteristiof mostcolor-basedseggmentatioralgorithms.
Our contritution is mostly relatedto the work presentedn
[9, 10], but hasa critical difference. In [10], sggmenta-
tion resultsof grey-scaleimagesareused,namelythe seg-
mentedboundariesto limit the enforcemenbf smoothing
constraintsn thestereanodule andto preventthepropaga-
tion of depthvaluesacrossuniformregions.We believe that
the flow of informationshouldbe consideredn the oppo-
site direction. This is, depthcuesshouldbe considerechs
an aid to perceptuagroupingratherthanusingperceptual
boundariego limit theadjustmentf depthestimates.

The reasoningbehindthis assumptions basedon the
factthatsegmentatiorof intensityimagess proneto illumi-
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nationconditionsandsurfacepropertiesandtheperceptual
groupingsthus producedby most segmentationalgorithm
might have considerableerror  On the other hand, depth
estimationat scenediscontinuitiesis lesssensitve to the

factorsmentionedabore andcanbe usedmorerobustly to

furthergroupsegmentsinto higherlevel perceptuakntities
that could matchan objectmodel, or to discriminatefrom

noisyor undesirablesggmentedegions.

A descriptionof our dataacquisitionmodulesfollowed
by theirintegrationis presentedhext. Experimenton com-
plicatedscenesiave beenperformedandtheresultsarealso
shawn.

2. Low level processingnodules
2.1 Depth from stereo

Imagesaretakenwith a calibratedstereorig. They are
furtherrectifiedso thatimagerows correspondo epipolar
linesin both the left andright imageplanes. Theserecti-
fied imagesarethe onesusedin the sgmentatiormodule
also. A stereomatchingalgorithmbasedon the sumof the
absolutedifferenceswith left-to-right andright-to-left cor-
respondencgivesthedisparitybetweercorrespondingix-
elsatimagepoint (u, v)

d(u,v) = argmin | > |Ti(u,v) = I(u+d,v)| | , (1)

(u,v)

whereI(u,v) = w,R(u,v) + wyG(u,v) + wpB(u,v) is
afunctionof the color reflectanceandtheweightsw,., wy,
andw, canbe modifiedto give relative importanceto one
or anothercolor channel.

To eliminate noise and depth estimationerrorsdue to
occlusionsand reflectancevariations,the disparity values
resultingfrom matchingpointsin the left imageto points
in therightimageare comparedo the disparitiesobtained
when matchingin the oppositedirection, i.e., from right
to left. Only thosedisparity valuesthat coincidein both
directionsare usedfor sggmentcharacterisation.The re-
sulting disparity map is a set of points for which a dis-
parity value d; = d(u¢,v) is associatedo the image
coordinates(u¢, v¢), andis inversely proportionalto the

distancez; at which objectsarelocatedfrom the camera.

Givenbothcamerecalibrationmatricesthe computatiorof
B; = (x4, v:,2;)T is straightforvard.

Disparity mapsobtainedfrom stereomethodsbhasedon
theareaof local regions(correlation sumof squarediiffer-
encespor sumof absolutedifferencespredensewherethe
scends rich in detail,andsparsan smoothregions.

2.2 Perceptualgrouping

Colorimagesaresggmentedvia a greedyalgorithmthat
useslocal variation information [6, 12]. A graphG =
(V, E) is generatedor eitherthe left or right original im-
age,wherethenodesv; € V correspondo eachpixel, and
eachedgee;;, € E isweightedby a color distancameasure
amongneighbouringpixels.

Thesggmentatioralgorithmiteratesoveranincreasingly
sortedarrayof theelementsn E to separaté; into aforest
of sggmentedsurfacesbasedon a color smoothnessrite-
rion, wherethe external variation must be larger thanthe
internalvariation betweenregions. Then, a searchfor the
maximum spanningtreesin the remainingforestis per
formedto allow for a compactrepresentatiorf the seg-
mentedregions. Thelabelof the segmentassociatedo the
pixel with coordinateu?, v¢) in the sggmentedimageis
l; = s(uf,vf). Thedetailsof thealgorithmarepresented
in[12].

3. Integration of depth and color information
using supervised classification

Thesetof regionsR = {R;, R ... R3} with goodcolor
continuity provided by our color sgmentationalgorithm
canbe expressedasR; = {(uf,v{)|l; = s(uf,v)}. Our
segmentationalgorithm differs from the one presentedn
[12] in that regionsin R are divided in two subsets. If
|R;| > ta andp?/|R;| < tc = R; € Q, otherwise
R; e I'' R = QUT. Q representshe regionswith
areagreaterthant, andcompactnessmallerthantq, T’
representghedetailin theimage,andp; is the perimeterof
R;.

To solwve for subsgmentation,in eachregion §2; the
setof pointsr; = {(z;, i, 2:)|(ud,vf) € Q;} is extracted
from thedepthmap,andfor eachpoint(uf, v{) € Q; anev
point (z;,y;, 2;) is addedto r;, wherethe corresponding
d;(uf,v?) is obtainedfrom the averagedisparity from the
pointsin thewindow (uf —1...uf + 1,0 —1...0f + 1)
with entryin r;. Theprocesss repeatedteratively until all
pixelsin ©; have a correspondingntryin r;. Thisis, until
all pixelsin ©; have beenassigned depthestimate.

Smoothsurface segmentsSlj are recursvely generated
by startingat ary point p; € r; and growing outwards
while meetingthe following two criteriafor the neighbour
ing pointsp; andpy:

||B; — Brl| > t; JumpEdgeCriterion  (2)
cos™ (Al fig) A
TE—e v CunrvatureCriterion 3)

The normalsn; are computedminimizing the error of
fitting a local planarpatchin the vicinity of p; [4]. The
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Figure 1. Data fusion steps

regionR; € Q isthenreplacedn R by theseggmentsin S7.
A new division of R into © andT is necessary

For the caseof oversggmentationwe first generatea set
of initial classesy; = {(u¢,vd, d;)|(ud,v?) € Q;}, andthe
setsof pointsto beclassifiedy,, = {(u¢,v¢,d;)|(ud,vd) €
T}

Thetaskat handis to associateachl’,, to its parentre-
gion); basedntheir spatialproximity. This classification
constitutegshe memging of smoothanddetailinto spatially
coherenentities. ConsideronedetailregionI',,,. We must
computethe distancefrom the points (uf, v, d;) € v to
the classesdn w. It is clearthat the distribution of sam-
ple pointsin the classesn w doesnot follow ary typical
probability distribution, but in thoseareaswvheretheimage
is rich in detail, the samplesesemblea uniform distribu-
tion if projectedon the imageplane. The minimum dis-
tancebetweerpointsbeingthe pixel width andlength. This
obsenationsuggestshe useof a parametriadistancemea-
surefor classification.The normalizeddistancefrom point
(ud,vd,d;) € v, to classw; is

d“:tr(El_l((ug,vf,d,—)—(ﬁ?,f)g,gi))T((u?,vf,di)—(_f,f)g,tﬂ)))

. 4)
where (a¢, 3¢, d;) is the meanvectorof classw;, and ¥,
the covariancematrix. The votesV; = min;(d;) areac-
cumulatedor each(u?,v¢,d;) € vm, andtheregionin Q
associatedb the classw; with mostvotesis consideredhe
parentregionfor 'y, .

Theresultis anew setof regionsQ’ whereeachelement
Qg = {Q; UT,,...T,}, represents region in the scene
wherecolor continuity and depthcontinuity are mergedto
constitutespatiallycoherenentities.A setof characteristics
canbemeasurean eachof theseregions,suchasposition,
normalorientationcurvature Jevel of detail,areacompact-
ness.etc. Theimmediatestepto follow from theseresults

will be an attemptto learnand recognizethesegroupsof
segmentsasobjects.

Thetime compleity of the depthfrom stereomoduleis
O(dk?n), wherek is the width of the kernelwindow, d is
the maximumexpecteddisparity andn is the numberof
pixelsin theimage. If the edgesn G aresortedin linear
time, the segmentatiormoduleis boundedby O(n).

Thetime requiredto computeequatiord is boundedby
O(m?/a?), wherem is the numberof pointsin the dispar
ity mapassociatetb regionsin ©, anda = |€2|. Giventhat
thedisparitymapis densen the perimeterof 2; andnegli-
gible insidesmoothregions,m ~ >°  p;k/2, andfrom the
compactnessonstraintp; < tc|R;|. The overall costof
the oversgmentatiorpartof thealgorithmis boundedoy

O(m?/a)~0(ap}k?*)<O(ak’tc|;1)<O(K*ten). ()

Thetime compleity of our algorithmis linear with re-
spectto thenumberof pixelsin theimage,andis asymptot-
ically comparableo that of the individual dataacquisition
modules.

4. Experiments

Severaltestcasesvereperformedandan examplethat
bestshavs the advantagesanddravbacksof our algorithm
is presented.The original left colorimagefrom the stereo
pairis shavn in Figurel1(a)(its b/w versionmay appeaitin
theconferenceroceedings)Boththeleft andrightimages
wererectifiedto meetthe parallelepipolarconstraint. The
resultsof the color sgmentationalgorithm appliedto the
rectifiedleft imageareshowvn in Figure1(b). Notethatla-
belsassignedo eachsegmentdo not resembleheintensity
valuesin the original image,aswould be expectedfrom a
color basedsegmentationalgorithm. This was doneonly



to easevisual identificationof large segmentsfrom small
or highly compactones.In this figure,the texturedregions
representhe small sgmentsthat needto be classifiedas
belongingto the nearbyobjects.

Figure 1(c) shaws the disparity map obtainedfrom the
stereomodule. It is mostclearfrom this imagehow depth
informationis denseat highly detailedareasin the scene,
whereasmoothregionsare poorly representedAlthough
the left-to-right right-to-left constraintcould have beenre-
laxed from equality to similarity when creatingthe depth
map, this was not implemented;letting the sggmentation
module overcomethe weaknessesf ary typical depth-
from-stereanodule.

An initial pruningof the sggmentedmageis donebased
purely on the meandisparity value of eachsegment. We
eliminatedfrom our three-dimensionategion of interest
thosesegmentghatfall too closeor toofarfrom thecamera
by computingtheir meandisparity Also thosesegments
with very low points-in-depth-mapo segmented-areaa-
tio werediscardedasthey do not containenoughdisparity
informationto accuratelyestimatetheir depth,andarenot
suitablefor laterattemptsat objectcharacterizationkigure
1(d)shovs how theboxesbehindthefour objectsof interest
arevirtually eliminated aswell asthetableandthevertical
barin theback.

Resultsfrom thedatafusionalgorithmareshavn in Fig-
ure1(e). Theimageshaws our four objectsof interesteas-
ily identifiable. Thesesegmentgroupsandtheir attributes
canbeusedto characterizeéhe objectsthey representFig-
ure1(f) shavsasetof graphgepresentinghe hypothesized
objectsthatareduefor recognition.

5. Conclusion

In this paper we have shovn how the shortcomingof
two individual low-level processingnodulescanbe over-
comein anintegratedervironment.Theinherentvariability
of the dataformatsis tackledby exploiting their individual
characteristics.While color-basedsegmentationmethods
arerobustin smoothregionsandtendto fail in areaswhere
detail is prominent,the oppositeis true for a depthfrom
stereomodule.We have providedthe necessarframenork
to exploit this situation by relabelingthose areaswhere
segmentationfails basedon depthcues,both in sub-and
overs@mentatiorsituations. A qualitatve exampleon how
our algorithmbehaesis presentedor acomplicatedscene
including differenttexturesaswell asoverlappingobjects
with very similar color reflectancelt is of majorrelevance
thatthetime compleity of our algorithmis linearwith re-
spectto the numberof pixelsin the image,and doesnot
exceedthatof theindividual acquisitionmodules.

The results of our algorithm are expressedas graphs
with thenodesepresentingpatiallycoherentegionsin the

scenevheresmoothnesanddetailis blendedogetherand
the edgesrepresentspatial connectity betweenregions.
Evidently, the next stepis to train a systemwith theseseg-

mentationresultsand to attemptrecognitionof the same
objectsat different positionsand orientationsand varying

illumination conditions.
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