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Abstract

Different data acquisitionmethodsare tailored at ex-
tractingparticularcharacteristicsfroma sceneandbycom-
bining their resultsa more robustscenedescriptioncanbe
created. A methodto fuseperceptualgroupingsextracted
fromcolor-basedsegmentationanddepthinformationfrom
stereo using supervisedclassificationis presented. The
mergingof datafromthesetwo acquisitionmodulesallows
for a spatiallycoherentblendof smoothregionsanddetail
in an image. Depthcuesare usedto limit theareaof inter-
estin thesceneandto improveperceptualgroupingsolving
subsegmentationand oversegmentationof the original im-
ages.Thecomplexity of thealgorithmdoesnot exceedthat
of the individual acquisitionmodules.Theresultingscene
descriptioncanthenbefedto anobjectrecognitionmodule
for sceneinterpretation.

Keywords: data fusion, color-based segmentation,
depthfromstereo.

1. Intr oduction

Thefusionof 3D informationfrom differentacquisition
methodsallows for more robust scenedescriptions. The
shortcomingsof individual low level processingmodules
canbe overcomein an integratedenvironment. However,
the inherentvariability of the acquisitionmethodsandthe
dataformatsandnoiselevelsthey producemake sensorfu-
sionachallengingtask.In thefield of computervisionsev-
eralattemptshave beenmadeat couplingdatafrom differ-
ent sensors.Integrationmodelsproposedin the literature
vary in the numberandtype of sensorinputs, in the level
at which fusion takesplace,andin the rulesusedfor data
fusion.

In [10] an integrationframework thatencompassesfour
vision modulesis presented. The merging of data from
stereo,shapefrom shading,perceptualorganization,and
line labelling is usedto estimateaccuratedepthmapsof a
scene.Othercontributionsconsiderthe fusion of 2D and

3D datain theform of intensityimagesandstereoor range
data[1, 9], or only 3D dataacquiredfrom stereoandrange
data[7, 8]. Methodsthatmergedatafrom stereoandshape
from shadinginclude[2, 3, 5].

Most of the methodsthat fuse depth information are
designedto work at a point or pixel level, whereasthose
methodsthatincludeperceptualgroupingin 2D imagesare
mostlydirectedtowardsfusinghigherlevel primitives[10],
or morespecifically, at labellingprimitivessuchascontours
or edgesbasedon their low-level properties,i.e., depthes-
timates. In [1, 8] emphasisis madein that an integration
architectureshouldbe madeat both the pixel and higher
perceptualgroupinglevels.

The methodsused for fusing different types of data
vary extensively, from ad-hoc implementationsthat use
empirical thresholdsto selectwhich sensorcontributesto
sceneformation, to the more elegant techniquesof Ex-
tendedKalmanFiltering to updatedepthestimates[7, 8],
or Bayesiannetworksto integratetop-down andbottom-up
visualprocesses[11]. Someexploit thefactthatoneof the
dataacquisitionmodulescanbeviewedasamultiresolution
systemandhave embeddedtheir datafusion techniquesin
betweeneachlevel of resolution[10].

We presenta methodto fuse perceptualgroupingsex-
tractedfrom color-basedsegmentationanddepthinforma-
tion from stereousingsupervisedclassificationproviding a
robustsolutionto thesub-andoversegmentationproblems
characteristicof mostcolor-basedsegmentationalgorithms.
Our contribution is mostlyrelatedto thework presentedin
[9, 10], but hasa critical difference. In [10], segmenta-
tion resultsof grey-scaleimagesareused,namelytheseg-
mentedboundaries,to limit theenforcementof smoothing
constraintsin thestereomodule,andtopreventthepropaga-
tion of depthvaluesacrossuniformregions.Webelievethat
the flow of informationshouldbe consideredin the oppo-
sitedirection. This is, depthcuesshouldbe consideredas
an aid to perceptualgroupingratherthanusingperceptual
boundariesto limit theadjustmentof depthestimates.

The reasoningbehindthis assumptionis basedon the
factthatsegmentationof intensityimagesis proneto illumi-
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nationconditionsandsurfaceproperties,andtheperceptual
groupingsthusproducedby mostsegmentationalgorithm
might have considerableerror. On the other hand,depth
estimationat scenediscontinuitiesis lesssensitive to the
factorsmentionedabove andcanbeusedmorerobustly to
furthergroupsegmentsinto higherlevel perceptualentities
that could matchan objectmodel,or to discriminatefrom
noisyor undesirablesegmentedregions.

A descriptionof our dataacquisitionmodulesfollowed
by their integrationis presentednext. Experimentsoncom-
plicatedsceneshavebeenperformedandtheresultsarealso
shown.

2. Low level processingmodules

2.1. Depth fr om stereo

Imagesaretaken with a calibratedstereorig. They are
further rectifiedso that imagerows correspondto epipolar
lines in both the left andright imageplanes. Theserecti-
fied imagesarethe onesusedin the segmentationmodule
also.A stereomatchingalgorithmbasedon thesumof the
absolutedifferenceswith left-to-right andright-to-left cor-
respondencegivesthedisparitybetweencorrespondingpix-
elsat imagepoint
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canbe modifiedto give relative importanceto one
or anothercolor channel.

To eliminatenoiseand depthestimationerrorsdue to
occlusionsand reflectancevariations,the disparity values
resultingfrom matchingpoints in the left imageto points
in theright imagearecomparedto thedisparitiesobtained
when matchingin the oppositedirection, i.e., from right
to left. Only thosedisparity valuesthat coincidein both
directionsare usedfor segmentcharacterisation.The re-
sulting disparity map is a set of points for which a dis-
parity value

	DC � 	 ��� �C ��� �C �
is associatedto the image

coordinates
�
� �C ��� �C �

, and is inverselyproportionalto the
distanceE C at which objectsare locatedfrom the camera.
Givenbothcameracalibrationmatrices,thecomputationofFG C �H�
I C ��J C � E C �LK is straightforward.

Disparity mapsobtainedfrom stereomethodsbasedon
theareaof local regions(correlation,sumof squareddiffer-
ences,or sumof absolutedifferences)aredensewherethe
sceneis rich in detail,andsparsein smoothregions.

2.2. Perceptualgrouping

Color imagesaresegmentedvia a greedyalgorithmthat
useslocal variation information [6, 12]. A graph

9M��ON���P �
is generatedfor eitherthe left or right original im-

age,wherethenodes
� C�Q N

correspondto eachpixel, and
eachedgeR,S�T Q P is weightedby a colordistancemeasure
amongneighbouringpixels.

Thesegmentationalgorithmiteratesoveranincreasingly
sortedarrayof theelementsin

P
to separate

9
into a forest

of segmentedsurfacesbasedon a color smoothnesscrite-
rion, wherethe externalvariationmustbe larger than the
internalvariationbetweenregions. Then,a searchfor the
maximum spanningtreesin the remainingforest is per-
formed to allow for a compactrepresentationof the seg-
mentedregions.Thelabelof thesegmentassociatedto the
pixel with coordinates

���VUC ����UC �
in the segmentedimageisW S �YXD�
�ZUC ���UC � . Thedetailsof thealgorithmarepresented

in [12].

3. Integration of depth and color information
usingsupervisedclassification

Thesetof regions [ �]\ 6_^ � 6a`�b/b/b�6ac�d with goodcolor
continuity provided by our color segmentationalgorithm
canbe expressedas 6 S �e\D���VUC ����UC � ( W S �fXD�
�ZUC ���UC � d . Our
segmentationalgorithm differs from the one presentedin
[12] in that regions in [ are divided in two subsets. If( 6 S (�gihLj and k `S�l ( 6 S (;mnhLoqp 6 S Qsr , otherwise6 S QYt . [ � rvuwt

.
r

representsthe regions with
areagreaterthan h j andcompactnesssmallerthan h o ,

t
representsthedetailin theimage,andkS is theperimeterof6 S .To solve for subsegmentation,in eachregion x S the
setof points y S �Yz{��I C ��J C � E C � ( ��� �C ��� �C � Q x SD| is extracted
from thedepthmap,andfor eachpoint

�
�ZUC ���UC � Q x S anew
point

��I C ��J C � E C � is addedto y,S , wherethe corresponding	$C �
�ZUC ���UC �
is obtainedfrom the averagedisparityfrom the

pointsin thewindow
�
� UC -w} b~b/b � UC 0=}$��� UC -�} b/b/b � UC 0�}��with entryin y'S . Theprocessis repeatediteratively until all

pixelsin x�S havea correspondingentryin y'S . This is, until
all pixelsin x�S havebeenassigneda depthestimate.

Smoothsurface segments � S+ are recursively generated
by startingat any point

FG C Q y S and growing outwards
while meetingthefollowing two criteriafor theneighbour-
ing points

FG C and
FG T :� FG C - FG T � g�h�� JumpEdgeCriterion (2)�������D� !���$�� ��D� &�~�� ��� ��D� � gwh�� CurvatureCriterion (3)

The normals �� C arecomputedminimizing the error of
fitting a local planarpatchin the vicinity of

FG C [4]. The



(a)Original left color image (b) Initial segmentationresults (c) Disparitymap

(d) Initial pruning (e)Datafusionresults (f) Graphsduefor recognition

Figure 1. Data fusion steps

region 6 S Q�r is thenreplacedin [ by thesegmentsin � S .
A new divisionof [ into

r
and

t
is necessary.

For thecaseof oversegmentationwe first generatea set
of initial classes� + ��\��
� �C ��� �C � 	 C � ( �
� �C ��� �C � Q x + d , andthe
setsof pointsto beclassified�� ��\��
� �C ��� �C � 	 C � ( �
� �C ��� �C � Q� � d .Thetaskathandis to associateeach

� � to its parentre-
gion x + basedon theirspatialproximity. Thisclassification
constitutesthemerging of smoothanddetail into spatially
coherententities.Consideronedetail region

� � . We must
computethedistancefrom thepoints

�
� �C ��� �C � 	$C � Q � � to
the classesin � . It is clear that the distribution of sam-
ple points in the classesin � doesnot follow any typical
probabilitydistribution,but in thoseareaswheretheimage
is rich in detail, the samplesresemblea uniform distribu-
tion if projectedon the imageplane. The minimum dis-
tancebetweenpointsbeingthepixel width andlength.This
observationsuggeststheuseof a parametricdistancemea-
surefor classification.Thenormalizeddistancefrom point�
� �C ��� �C � 	DC � Q � � to class� + is� ���¡  tr ¢¤£ �D�� � !�"¦¥� # %,¥� # � � & � !¨§"¦¥� #©§%,¥� # §� � & � � � !�"¦¥� # %,¥� # � � & � !¨§"¦¥� #©§%,¥� # §� � & ��ª

(4)
where

�,«� �C �:«� �C � «	DC �
is the meanvectorof class � + , and ¬ +the covariancematrix. The votes

N C �e����� + � 	DC + � areac-
cumulatedfor each

�
� �C ��� �C � 	$C � Q � � , andtheregion in
r

associatedto theclass� + with mostvotesis consideredthe
parentregionfor

� � .
Theresultis anew setof regions

r®
whereeachelementx S �e\ x S u � � b/b~b ��¯ d , representsa region in the scene

wherecolor continuityanddepthcontinuityaremergedto
constitutespatiallycoherententities.A setof characteristics
canbemeasuredoneachof theseregions,suchasposition,
normalorientation,curvature,levelof detail,area,compact-
ness,etc. The immediatestepto follow from theseresults

will be an attemptto learnandrecognizethesegroupsof
segmentsasobjects.

Thetime complexity of thedepthfrom stereomoduleis° � 	�± `~² � , where
±

is the width of the kernelwindow,
	

is
the maximumexpecteddisparity, and ² is the numberof
pixels in the image. If the edgesin

9
aresortedin linear

time,thesegmentationmoduleis boundedby
° � ² � .

Thetime requiredto computeequation4 is boundedby° �
³ ` l�´ ` � , where
³

is thenumberof pointsin thedispar-
ity mapassociatedto regionsin

r
, and ´ � ( r ( . Giventhat

thedisparitymapis densein theperimeterof x�S andnegli-
gible insidesmoothregions,

³eµ]¶�· k)S ± l�¸ , andfrom the
compactnessconstraintk `S m¹h o ( 6 S ( . The overall costof
theoversegmentationpartof thealgorithmis boundedbyº � �8»�¼ · ��½ º ! · §¾ »¿�T » &¤À º ! · T »�Á�Â�Ã Ä ¿ Ã &�À º ! T »�Á�Â ¯ &¤Å (5)

The time complexity of our algorithmis linearwith re-
spectto thenumberof pixelsin theimage,andis asymptot-
ically comparableto thatof the individual dataacquisition
modules.

4. Experiments

Several testcaseswereperformed,andanexamplethat
bestshows theadvantagesanddrawbacksof our algorithm
is presented.Theoriginal left color imagefrom thestereo
pair is shown in Figure1(a)(its b/w versionmayappearin
theconferenceproceedings).Both theleft andright images
wererectifiedto meettheparallelepipolarconstraint.The
resultsof the color segmentationalgorithmappliedto the
rectifiedleft imageareshown in Figure1(b). Notethat la-
belsassignedto eachsegmentdonot resembletheintensity
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,thetexturedregions
representthe small segmentsthat needto be classifiedas
belongingto thenearbyobjects.

Figure1(c) shows the disparitymapobtainedfrom the
stereomodule. It is mostclearfrom this imagehow depth
informationis denseat highly detailedareasin the scene,
whereassmoothregionsarepoorly represented.Although
the left-to-right right-to-left constraintcouldhave beenre-
laxed from equality to similarity when creatingthe depth
map, this was not implemented;letting the segmentation
module overcomethe weaknessesof any typical depth-
from-stereomodule.

An initial pruningof thesegmentedimageis donebased
purely on the meandisparityvalueof eachsegment. We
eliminatedfrom our three-dimensionalregion of interest
thosesegmentsthatfall toocloseor toofar from thecamera
by computingtheir meandisparity. Also thosesegments
with very low points-in-depth-mapto segmented-areara-
tio werediscarded,asthey do not containenoughdisparity
informationto accuratelyestimatetheir depth,andarenot
suitablefor laterattemptsatobjectcharacterization.Figure
1(d)showshow theboxesbehindthefourobjectsof interest
arevirtually eliminated,aswell asthetableandthevertical
barin theback.

Resultsfrom thedatafusionalgorithmareshown in Fig-
ure1(e). Theimageshows our four objectsof interesteas-
ily identifiable. Thesesegmentgroupsandtheir attributes
canbeusedto characterizetheobjectsthey represent.Fig-
ure1(f) showsasetof graphsrepresentingthehypothesized
objectsthatareduefor recognition.

5. Conclusion

In this paper, we have shown how the shortcomingsof
two individual low-level processingmodulescanbe over-
comein anintegratedenvironment.Theinherentvariability
of thedataformatsis 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 providedthenecessaryframework
to exploit this situation by relabelingthoseareaswhere
segmentationfails basedon depthcues,both in sub- and
oversegmentationsituations.A qualitativeexampleonhow
ouralgorithmbehavesis presentedfor a complicatedscene
including differenttexturesaswell asoverlappingobjects
with verysimilar color reflectance.It is of majorrelevance
that thetime complexity of our algorithmis linearwith re-
spectto the numberof pixels in the image,and doesnot
exceedthatof theindividualacquisitionmodules.

The resultsof our algorithm are expressedas graphs
with thenodesrepresentingspatiallycoherentregionsin the

scenewheresmoothnessanddetailis blendedtogether, and
the edgesrepresentspatialconnectivity betweenregions.
Evidently, thenext stepis to train a systemwith theseseg-
mentationresultsand to attemptrecognitionof the same
objectsat differentpositionsandorientationsandvarying
illuminationconditions.
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