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ABSTRACT

This paperpresentsnovel algorithmsexploiting multiple
camerainputs and segmentatiortechniqueswhich canbe
applied to image fusion, disparity detectionand object
extraction. Differently focusedimages,stereopairs and
both of them are usedfor fusion, disparity detectionand
objectextraction respectively Firstly, imagefusionis done
by segmentiorof eachimageanddeterminatiorof focused
regions per segment. An efficient decision criterion is
developedakinga methodof auto-focusnto consideration.
Secondly disparity detectionis executedby recursively
applyingsegmentatioanddisparitydetectiorper segment.
A new clusteringcriterion is proposedn orderto achieve
goodsegmentatiomndhigh compressiomatio of disparity
mapssimultaneously Finally, objectextractionis carried
outby utilizing boththefusionresultandthe disparitymap.
Experimentarecarriedout, andtheyshowuseffectiveness
of the proposedalgorithms.

1. INTRODUCTION

Recentlycontent-basethanipulatiorof photographixideo
becomedhot topicsin multimediaservices. The MPEG4
tries to standardizeregion representatiorin 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
superimposedn a CG background.

Segmentatiofobjectextractiontechnique$3]-[7] play
an importantrole in theseapplications. The chroma-key
is simple but it limits image capturingenvironment. Sin-
gle cameraapproachesio not alwayswork well due to
lack of information utilizable. Multiple cameraprepara-
tion is promising becauset providesadditional cluesto
refinesegmentationimplies 3D structurerecoveryandhas
robustnesagainstoises.

Imagefusion [8]-[11] anddisparitydetection[12]-[14]
are related works which utilize multiple camerainputs.
Theimagefusion (in a narrowsense)reatesan enhanced
image without blurred regionsout of differently focused
images. The disparity detectionattemptsto achievepixel
correspondenc@isparity) betweenstereopairs,leadingto
structurerecoveryor efficientcompressionBoththeresults
include usefulinformation, focusanddisparity which can
be usedto improvesegmentatioperformance.

This paper deals with the above issuesin a single
framework; segmentatiottechniquesare appliedto multi-
ple cameranputs. Multiple camerasirelocatedn thesame
position for imagefusion and horizontally different posi-
tionsfor disparitydetection.K-meansclustering[5, 6, 7] is
adoptedasthe segmentatioschemedueto its stability and
extensibility Imagefusion algorithm determinesocused
regionsper clusterbasedon a developedmeasuretaking
a methodof auto-focusinto account. Disparity detection
introducesa new clusteringcriterion, which providesgood
segmentatiorresults and high compressiorefficiency of
disparity mapssimultaneously Objectextractionis final-
ized using both the resultsin shrink/expansiorstrategy
Section2 describeproposedalgorithms Section3 presents
experimentatesultsandSectiond concludeghis paper

2. ALGORITHMS

2.1. Multiple Cameralnputs

Four different camerasare preparedas shownin Fig.1(a).
Eachof two pairsof camerasharepticalaxes.Eachpair
presentslifferentimages;afront objectis focusedor arear
objectis focused. Thesepairs are locatedin horizontally
differentpositions.
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Figurel: Detailsof the proposedalgorithms;(a) multiple camerainputs, (b) imagefusion, (c) disparity detectionand (d)

objectextraction.

2.2. Image Fusion

Imagefusionis doneasshownin Fig.1(b). Firstly, thefive-
dimensionalK-meansclusteringusing (Y, Cr, Cb) com-
ponentsand (z,y) coordinateq5] is appliedto eachof
differently focusedimages. A distancemeasured,, is
definedby

2 = wel(Y —¥,)+(Cr — Cr,)?+(Cb— Cb,)?]
+ wi-[(z—2,)2+(y —yn)?] @

where (Y,,, Cr,,,Cb,) is an averagevalue of clustern,
(z,, ¥, ) isagravityof thecluster and(wg, w1) areweight-
ing factors. Startingfrom an initial cluster(e.g.block), a
clusterminimizing Eq. (1) is searchedor eachpixel. This
operationis repeatedn severaltimes,andthe clusteringis
finalized.

Next, by mappingthe clusteringresultsto the other
image,

3 [(Va—Y,)?+(Crp = Cr)? +(Chy — Cb,)? 1 (2)
n'€EN
is calculatedon bothimages,where N is a setof clusters
neighboringo clustern. By comparingeg. (2) betweerthe
two correspondinglusters the clusterwith largervalueis
choserandanenhancedmageis created.

Note that Eq. (2) approximatedocal variancearound
thecluster which someauto-focugechniqueslsouse. An
alternativeapproach,directly comparingvariancesinside
a cluster itself, doesnot always work well becausethe
clusteringgatherssmoothedegionsin principle.

2.3. Disparity Detection

Disparitydetectioris executeasillustratedin Fig.1(c). The
K-meansclusteringanddisparityestimationper clusterare
appliediteratively, andaone-dimensionalisparityvectoris
achieved A newclusteringecriterionis definedby extending
Eq.(2):

d2
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whered, is adisparityvector (Y3 , Crj , Cbj; ) isapixel
valueindicatedby the %, in the otherimage,andw, is a
newweightingfactor.

Dissimilar to the previousworks, using only five pa-
rametergY, Cr,Cb, z,y) [5] or appendingnotionvectors
(vg, vy [7], directutilization of (Y ,Cr} ,Cbj; ) leads
to drasticreductionof predictionerrors. This modification
contributeso compressiorapplicationswe do not haveto
encodeboth the stereopairs. Instead,only disparity maps
areappendedo eitherimageaslong as efficient disparity
mapsareobtained.

+

+

2.4. Object Extraction

Objectextractionis implementedby using both the focus
anddisparityinformationin additionto segmentatioresults.
Fig.1(d)depictsthe block diagram.



Firstly,imagefusionis appliedto eachof two differently
focusedmagesanddisparitydetectionis donebetweerthe
two fusedimages. Taking intersectionof the focus map
(front/rear)andthedisparitymap(inside/outsidéherange),
an extractingmaskis provided. Applying this maskto
one of the fusedimages,initial object extractionis done
roughlyalthoughsomecorrectclustersarelost. In parallel,
regionsynthesiss doneby gatheringclusterswhich have
similar statisticalproperties.The numberof maskedpixels
is then countedin eachregion determinedby the region
synthesisFinally, theregionswhich containmaskecpixels
morethanpre-determinedatio areselectecandcomposea
final object. Thisshrinkandexpansiorstrategyis analogous
to theopening in mathematicamorphology{15].

3. EXPERIMENTAL RESULTS

Experimentsrecarriedoutusingrealimages.Fig.2demon-
stratesan imagefusion result; (a) and (b) areoriginal and
they arefusedto (c). Notice that blurred regionsare re-
placedby theotherfocusedones.Fig.3givesratedistortion
relationshipjn which the horizontalaxis meansbitratesof
disparitymapscompressetby losslesDPCM, the vertical
axis doesSNR valuesof disparitycompensategrediction
imagesto the other and the block refersto conventional
block matching. We usedthreedifferentstereosequences;
originally capturecbnesandtwo MPEG sequenceffun_fair
and trainandtunnel). By changingweighting factors,
(wo, w1, wy), in Eq. (3), it is recognizedthat (0,1,1) per-
formsbestslightly followed by (1,1,1)butthe conventional
method, (1,1,0), doesnot work well from the viewpoint
of compressiorefficiency As (0,1,1) sometimesresults
in noisy segments(1,1,1) seemgo bethe bestchoicebe-
causdt providesgoodsegmentatiomesultsand prediction
efficiency simultaneously Fig.4 presentbjectextraction
results;(a) and (b) are obtainedby usingonly focusinfor-
mationor only disparity information, respectivelyand (c)
is achievedby using both of the clues. Somemisjudged
regionsobservedin (a) and (b) disappeaiin (c) andthe
extractionperformancas definitelyimproved.

4. CONCLUSIONS

This paperpresentsfficient algorithmsassumingmultiple

camerainputs. All of image fusion, disparity detection
andobjectextractionareformulatedin a consistentmanner
usingclusteringtechniques Experimentatesultsconvince
us of effectivenes®f the proposecapproachesProblems,
howeverlie in depthdiscontinuity In caseof imagefusion,

the number of depth indices dependson the number of

differently focusedimages. In caseof disparity detection,
disparityis uniform insidea cluster As future works,these
problemsshouldbe solved.

5. REFERENCES

[1] ISO/NIECJTC1/SC29/WG11/N999‘MPEG4: Testingand
EvaluationProcedure®ocument,”(1995).

[2] “The Virtual RealityModelingLanguage,Versionl.1Draft
(1995).

[3] R.M. HaralickandL. G. Shapiro:“Survey: ImageSegmen-
tation Techniques,’CVGIP, pp.100-1321985).

[4] M. Kunt, A. lkonomopoulosand M. Kocher: “Second-
Generationmage-Coding echniques”Proc.|[EEE, pp.549-
574(1985).

[5] N. Izumi, H. Morikawa and H. Harashima: “Combining
Color and Spatial Information for Segmentation,”IEICE
SpringConf.,D-680(1991,in Japanese).

[6] T.N.Pappas!An AdaptiveClusteringAlgorithm for Image
Segmentation,/EEE Trans.SP, pp.901-914Apr.1992).

[7] Y. YokoyamaandY. Miyamoto: “Image Segmentatiotior
VideoCodingUsingMotion Information”, IEICE Fall Conf.,
D-150(1994,in Japanese).

[8] P. J.BurtandR. J.Kolczynski: “EnhancedmageCapture
ThroughFusion”,Proc.4thICCV, pp.173-1821993).

[9] H. Li, B. S. Manjunathand S. K. Mitra: “Multisensor
ImageFusionusingthe WaveletTransform”,Proc.ICIP'94,
pp.51-55(1994).

[10] K. KodamaM. Naito,K. AizawaandM. Hatori: “Enhanced
Image Acquisition by Using Differently FocusedMultiple
Images” ITEC'95, 9-2(1995,in Japanese).

[11] I. Koren,a.LaineandF. Taylor: “ImageFusionusingSteer-
ableDyadicWaveletTransform,”Proc.ICIP’95, pp.232-235
(1995).

[12] U. R.DhondandJ. K. Aggarwal: “Structurefrom Stereo-
A Review”, IEEE Trans.SMC, pp.1489-151F1989).

[13] R.Skerjancandd.Liu: “A ThreeCameraApproachfor Cal-
culating Disparity and SynthesizingntermediatePictures,”
ImageCommun. pp.55-64(1991).

[14] M. OkutomiandT. Kanade:“A Multiple-BaselineStereo,”
IEEE Trans.PAMI, pp.353-3631993).

[15] R.Haralick,S.R. Sternbergand X. Zhuang: “Image Anal-
ysis usingMathematicaMorphology”, IEEE Trans.PAMI,
pp.532-55QJul.1987).



(a) front
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Figure2: Imagefusionresults;(a) focusedon afront object,(b) focusedon arearobjectand(c) afusionresult.

Figure3: Rate-SNRrelationshipbetweerdisparitymapsanddisparitycompensatedredictedmagesaccordingo weighting
factors(wo, w1, wp) in EQ.(3). Thehorizontalaxisrepresentsitratesof disparitymapscompressedly losslesDPCM, and
theverticalaxisdoesSNRvaluesof disparitycompensategredictedmages.

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

NEC original
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(c) using both information



