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ABSTRACT

This paperpresentsnovel algorithmsexploiting multiple
camerainputsandsegmentationtechniques,which canbe
applied to image fusion, disparity detection and object
extraction. Differently focusedimages,stereopairs and
both of them are usedfor fusion, disparity detectionand
objectextraction,respectively. Firstly, imagefusionis done
by segmentionof eachimageanddeterminationof focused
regionsper segment. An efficient decision criterion is
developedtakingamethodof auto-focusinto consideration.
Secondly, disparity detectionis executedby recursively
applyingsegmentationanddisparitydetectionpersegment.
A new clusteringcriterion is proposedin orderto achieve
goodsegmentationandhigh compressionratio of disparity
mapssimultaneously. Finally, objectextractionis carried
outby utilizing boththefusionresultandthedisparitymap.
Experimentsarecarriedout,andtheyshowuseffectiveness
of theproposedalgorithms.

1. INTRODUCTION

Recently, content-basedmanipulationof photographicvideo
becomeshot topics in multimediaservices. The MPEG4
tries to standardizeregion representationin compressed
video bitstreams[1]. The VRML incorporatesnatural
imageswith region information (alpha maps),which are
mappedon geometricobjects [2]. A virtual studio is
an anotherexample, in which photographicobjects are
superimposedonaCGbackground.

Segmentation(objectextraction)techniques[3]-[7] play
an importantrole in theseapplications. The chroma-key
is simplebut it limits imagecapturingenvironment. Sin-
gle cameraapproachesdo not always work well due to
lack of information utilizable. Multiple cameraprepara-
tion is promising becauseit providesadditional clues to
refinesegmentation,implies3D structurerecovery, andhas
robustnessagainstnoises.

Imagefusion [8]-[11] anddisparitydetection[12]-[14]
are related works which utilize multiple camerainputs.
The imagefusion (in a narrowsense)createsan enhanced
image without blurred regionsout of differently focused
images. The disparitydetectionattemptsto achievepixel
correspondence(disparity)betweenstereopairs,leadingto
structurerecoveryor efficientcompression.Boththeresults
includeuseful information,focusanddisparity, which can
beusedto improvesegmentationperformance.

This paper deals with the above issuesin a single
framework;segmentationtechniquesareappliedto multi-
plecamerainputs.Multiple camerasarelocatedin thesame
position for imagefusion and horizontally different posi-
tionsfor disparitydetection.K-meansclustering[5, 6, 7] is
adoptedasthesegmentationschemedueto its stability and
extensibility. Imagefusion algorithmdeterminesfocused
regionsper clusterbasedon a developedmeasuretaking
a methodof auto-focusinto account. Disparity detection
introducesa newclusteringcriterion,which providesgood
segmentationresults and high compressionefficiency of
disparitymapssimultaneously. Objectextractionis final-
ized using both the results in shrink/expansionstrategy.
Section2 describesproposedalgorithms,Section3 presents
experimentalresults,andSection4 concludesthispaper.

2. ALGORITHMS

2.1. Multiple Camera Inputs

Four different camerasarepreparedasshownin Fig.1(a).
Eachof two pairsof camerassharesopticalaxes.Eachpair
presentsdifferentimages;a front objectis focusedor a rear
object is focused. Thesepairsare locatedin horizontally
differentpositions.



��� �������	� 
 � fusion

fusion

fusion
disparity
detection

front

rear

front

rear

region 
synthesis

fusion

(d) object extraction

masking
region

selection
object

focus map

disparity map

left

rightdisparity
estimation

clusteringleft

right
disparity 

map

(c) disparity detection

(b) image fusion

clusteringfront

rear

enhanced
image

cluster
selection

clustering

(a) multiple camera inputs

left / right

front / rear

Figure1: Detailsof the proposedalgorithms;(a) multiple camerainputs,(b) imagefusion, (c) disparitydetectionand(d)
objectextraction.

2.2. Image Fusion

Imagefusionis doneasshownin Fig.1(b).Firstly, thefive-
dimensionalK-meansclusteringusing
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coordinates[5] is applied to eachof
differently focused images. A distancemeasure �� is
definedby
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areweight-
ing factors. Startingfrom an initial cluster(e.g.block), a
clusterminimizing Eq. (1) is searchedfor eachpixel. This
operationis repeatedin severaltimes,andtheclusteringis
finalized.

Next, by mapping the clusteringresults to the other
image,
=
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is calculatedon both images,where C is a setof clusters
neighboringto cluster: . By comparingEq.(2) betweenthe
two correspondingclusters,the clusterwith largervalueis
chosenandanenhancedimageis created.

Note that Eq. (2) approximateslocal variancearound
thecluster, whichsomeauto-focustechniquesalsouse.An
alternativeapproach,directly comparingvariancesinside
a cluster itself, doesnot always work well becausethe
clusteringgatherssmoothedregionsin principle.

2.3. Disparity Detection

Disparitydetectionisexecutedasillustratedin Fig.1(c).The
K-meansclusteringanddisparityestimationperclusterare
appliediteratively, andaone-dimensionaldisparityvectoris
achieved.A newclusteringcriterionisdefinedbyextending
Eq.(1):
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where OP  is adisparityvector,
�/RQST L �<���UQ ST L �<�V�<Q ST L � is apixel

value indicatedby the OP  in the other image,and
;

2 is a
newweightingfactor.

Dissimilar to the previousworks, using only five pa-
rameters

�/W�<���X���Y���*�������
[5] or appendingmotionvectors� P�Z � P�[ � [7], direct utilization of

�/�QST L �<����Q ST L �<���<Q ST L � leads
to drasticreductionof predictionerrors. This modification
contributesto compressionapplications;we do not haveto
encodeboth the stereopairs. Instead,only disparitymaps
areappendedto either imageas long asefficient disparity
mapsareobtained.

2.4. Object Extraction

Objectextractionis implementedby usingboth the focus
anddisparityinformationinadditiontosegmentationresults.
Fig.1(d)depictstheblockdiagram.



Firstly, imagefusionisappliedtoeachof twodifferently
focusedimagesanddisparitydetectionis donebetweenthe
two fusedimages. Taking intersectionof the focus map
(front/rear)andthedisparitymap(inside/outsidetherange),
an extractingmask is provided. Applying this mask to
oneof the fusedimages,initial object extractionis done
roughlyalthoughsomecorrectclustersarelost. In parallel,
regionsynthesisis doneby gatheringclusterswhich have
similar statisticalproperties.Thenumberof maskedpixels
is then countedin eachregion determinedby the region
synthesis.Finally, theregionswhichcontainmaskedpixels
morethanpre-determinedratioareselectedandcomposea
finalobject.Thisshrinkandexpansionstrategyisanalogous
to theopening in mathematicalmorphology[15].

3. EXPERIMENTAL RESULTS

Experimentsarecarriedoutusingrealimages.Fig.2demon-
stratesan imagefusion result; (a) and(b) areoriginal and
they are fusedto (c). Notice that blurred regionsare re-
placedby theotherfocusedones.Fig.3givesratedistortion
relationship,in which thehorizontalaxismeansbitratesof
disparitymapscompressedby losslessDPCM, thevertical
axisdoesSNR valuesof disparitycompensatedprediction
imagesto the other, and the block refersto conventional
block matching.We usedthreedifferentstereosequences;
originallycapturedonesandtwo MPEGsequences(fun fair
and train and tunnel). By changing weighting factors,�<;

0
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, in Eq. (3), it is recognizedthat (0,1,1)per-

formsbestslightly followedby (1,1,1)but theconventional
method,(1,1,0), doesnot work well from the viewpoint
of compressionefficiency. As (0,1,1) sometimesresults
in noisy segments,(1,1,1)seemsto be the bestchoicebe-
causeit providesgoodsegmentationresultsandprediction
efficiencysimultaneously. Fig.4 presentsobjectextraction
results;(a) and(b) areobtainedby usingonly focusinfor-
mationor only disparity information,respectively, and(c)
is achievedby using both of the clues. Somemisjudged
regionsobservedin (a) and (b) disappearin (c) and the
extractionperformanceis definitelyimproved.

4. CONCLUSIONS

This paperpresentsefficientalgorithmsassumingmultiple
camerainputs. All of image fusion, disparity detection
andobjectextractionareformulatedin aconsistentmanner
usingclusteringtechniques.Experimentalresultsconvince
usof effectivenessof the proposedapproaches.Problems,
however, lie in depthdiscontinuity. In caseof imagefusion,
the numberof depth indices dependson the numberof
differently focusedimages. In caseof disparitydetection,
disparityis uniform insideacluster. As futureworks,these
problemsshouldbesolved.
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(c) integrated(a) front (b) rear

Figure2: Imagefusionresults;(a) focusedona front object,(b) focusedona rearobjectand(c) a fusionresult.
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Figure3: Rate-SNRrelationshipsbetweendisparitymapsanddisparitycompensatedpredictedimagesaccordingto weighting
factors
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in Eq.(3). Thehorizontalaxisrepresentsbitratesof disparitymapscompressedby losslessDPCM,and
theverticalaxisdoesSNRvaluesof disparitycompensatedpredictedimages.

(a) focus information (b) disparity information (c) using both information

Figure4: Objectextractionresultsaccordingto maskingstrategy;(a) focusinformation,(b) disparityinformationand(c)
bothof themareused.


