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Abstract

In this papey we presenian “appearance-basedirtual view generatiormethodfor temporally-\arying
eventstakenby multiple camera®f the“3D Room”, developedby our group. With this method we can
generatémagesfrom ary virtual view point betweentwo selectedreal views. The virtual appearance
view generatioimethods basednsimpleinterpolatiorbetweenwo selectedriews. Thecorrespondence
betweenheviews areautomaticallygeneratedrom the multiple imagesby useof the volumetricmodel
shapereconstructiorframevork. Sincethe correspondencesre obtainedby the recorered volumetric
model,even occludedregionsin theviews canbe correctlyinterpolatedn the virtual view images.The
virtual view imagesequencearepresentedor demonstratinghe performancef thevirtual view image
generationn the3D Room.

This researchwassupportedy Roboticsinstituteinternalfunds. Also, partial supportwasprovidedby Intel Corporation,
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1 Intr oduction

The technologyof 3D shapereconstructiorfrom multiple view imageshasrecentlybeenintenselyre-

searchednainlybecausef advanceof computatiorpowerandcapacityof datahandling.Researcin 3D

shapereconstructiorirom multiple view imageshascornventionallybeenappliedin robotvisionandma-

chinevision systemsin which thereconstructe@D shapéds usedfor recognizingherealscenestructure
andobjectshape For thosekinds of applicationsthe 3D shapétself is thetarget of thereconstruction.

New applicationsof 3D shapereconstructiorhave recentlybeenintroduced oneof which is arbitrary
view generatiorirom multiple view images.Thenew view imagesaregeneratedby renderingpixel colors
of inputimagesn accordancith thegeometryof thenew view andthe 3D structuremodelof thescene.
The 3D shapeeconstructiotechniguesanbeappliedto recorerthe 3D modelthatis usedfor generating
new views. Suchaframevork for generatinghew views via recovery of a3D modelis generallycalledas
“model-basedendering”.

On the contrary image-basedendering(IBR) hasrecentlybeendevelopedfor generatingnewn view
imagesfrom multiple view imageswithout recosering the 3D shapeof the object. BecauseBR is
essentiallpbasedn 2D imageprocessingcut, warp,pastegetc.),theerrorsin 3D shapeaeconstructiomo
not affect the quality of the generatechew imagesasmuchasfor model-basedendering. This implies
thatthequality of theinputimagescanbewell preseredin thegeneratedhen view images.

Inthispaperwepresenanavirtual view generatiomethodoasewnthelBR framevork for temporally-
varying eventstakenby multiple cameraimagesof the “3D Room”[10], which we have developedfor
digitizing dynamicevents,asis andin their entirety With this methodwe cangeneratemagedrom ary
virtual appearanceiewpointwhichis specifiedoy therelative positionof theview pointsof inputimages.
This way of specifyingthe virtual view pointis not controlledby the explicit 3D positionin the object
spacehut ratherby locationrelative to theinput cameras.

The virtual appearanceiews are generatedn accordancevith the correspondencketweenmages.
Even thoughthe image generationprocedureis basedon a simple 2D image morphing process.the
generatedirtual view imagesreasonablyepresen8D structureof the scenebecausef the 3D structure
informationincludedin the correspondencketweenthe images. The correspondencbetweenimages
areautomaticallydetectedy the 3D reconstructioralgorithm[14] which we developedfor our previous
multiple camerasystems.The 3D structurerecorery helpsto avoid the occlusionproblembetweerthe
imagesusedto generatevirtual view images.

We demonstratéhe performancef the proposedramevork for virtual view generatiorfrom multiple
camerady shaving severalvirtual imagesequencesf adynamicevent.

2 RelatedWork

Recentresearchn both computervision andgraphicshasmadeimportantstepstoward generatinghew
view images. This work canbe brokendown into two basicgroups: generatingnew view imagesfrom
3D structuremodelsthatarereconstructedrom rangeimages(so called“model-basedendering”),and
generatingnew view imagesdirectly from multiple images(so called “image-basedendering”). 3D
structurereconstructiorusingvolumetricintegrationof rangeimages,suchasHilton et. al. [7], Curless
andLevoy [3], andWheeleret.al.[21], ledto severalrobustapproachet recoreringglobal 3D geometry
Most of this work relieson directrange-scanningardwarewhich is too slow andcostly for a dynamic
multiple sensormodelingsystem. Our methoddoesnot use a range-scanndout appliesimage-based
steredor generatiorof rangeimageq14]. Debevecet.al. [5] useahumaneditingsystemwith automatic
modelrefinemento recorer 3D geometryanda view-dependentexture mappingschemeo the model.



This structurerecavery methoddoesnot mapwell to our objectivesbecaus@f thehumanmodelingtime.

Image-basedenderinghas also seensignificantdevelopment. Katayamaet. al. demonstratedhat
imagesfrom a denseset of viewing positionson a planecan be directly usedto generatémagesfor
arbitraryviewing positions[11]. Levoy andHanrahar[12] andGortleretal. [6] extendthis conceptto
constructa four-dimensionalffield representingll light rays passingthrougha 3D surface. New view
generatioris posedascomputingthe correct2D crosssectionof thefield of light rays. A majorproblem
with theseapproaches thatthousandsf realimageanayberequiredio generateen viewsrealistically
thereforemakingthe extensionto dynamicscenamodelingimpractical. View interpolation[2, 20] is one
of the first approacheshat exploited correspondencdsetweenimagesto projectpixelsin real images
into a virtual imageplane. This approacHinearly interpolateghe correspondencesy flow vectors,to
predictintermediateviewpoints. View morphing[16] is anextensionof imagemorphing[1], thatcorrectly
handlesthe 3D geometryof multiple views. The methodpresentedn our paperis basedon this view
interpolationframevork.

Thereareotherbodiesof work involving multiple camerasystems. Our grouphasdevelopeda system
usinga numberof camerador digitizing whole real world eventsincluding 3D shapeinformation of
dynamicscened9, 14, 19]. Davis et. al. [4] have developeda multiple camerasystemfor human
motioncapturingwithoutary sensor®nthehumanbody Jainet. al. [8] proposedMultiple Perspectie
Interactve (MPI) Video, which attemptsto give viewers control of what they see,by computing3D
ervironmentsfor view generationby combininga priori ervironment modelsand the dynamic pre-
determinednotionmodels.Evenin thesinglecameracase 3D structurerecovery from amoving camera
involvesusinga numberof imagesaroundtheobject[15, 17].

3 3D Room

The“3D room”is afacility for “4D" digitization- capturingandmodelinga realtime-varyingeventinto

computersas 3D representationgrhich dependon time (1D). On the walls and ceiling of the room, a

large numberof camerasare mounted,all of which are synchronizedvith a commonsignal. Our 3D

Room[10] is 20 feet (L) x 20 feet (W) x 9 feet(H). As shown in figures1 and 2, 49 camerasare

currentlydistributedinsidetheroom: 10 cameragremountedon eachof the four walls,and9 cameras
ontheceiling. A PCclustercomputersystem(currentlyl7 PCs)candigitize all the video signalsfrom

the camerassimultaneouslyin real time as uncompressednd losslesscolor imagesat full video rate

(640 x 480 x 2 x 30 bytesperseconds).Figure3 shaws the diagramof the digitization system. The

imagegshuscapturedareusedfor generatinghevirtual view imagesequencem this paper

4 Appearance-basedirtual view generationfrom multiple cameraimages

Figure4 shows the overview of the procedurgor generatingvirtual view imagesfrom multiple image
sequencesollectedin the3D Room.

Theinputimagesequenceprovide depthimagesequenceby applyingmultiple baselinesteredrame
by frame. The depthimagesof all camerasare megedinto a sequencef 3D shapemodels,usinga
volumetricmeiging algorithm.

For controllingtheappearance-basegitual view pointin the3D Room,two interpolatingcamerasre
selected Theintermediatémageshetweerthe selectedwo imagesaregeneratedby interpolationof the
selectedmagedrom thecorrespondendeetweertheimages.Thecorrespondingointsarecomputedyy
usingthe 3D shapemodel. Theweightingvaluebetweertheimagescontrolstheappearancef thevirtual



9 cameras on the ceiling

10 cameras on each wall (40 in total)

Figurel: Camerglacemenin the3D Room.

Figure2: Panoramicview of the3D Room.
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Figure4: Overvien of theprocedurdor generatingvirtual view imagesfrom multiple cameran the 3D
Room.

view point.
In this way, virtual view imagesequencesanbe generatedIn the following subsectionsye explain
thedetailsof the procedure.

4.1 3D shapemodelcomputation

Multiple baselinestereo(MBS) [13] is employedor obtaininga depthimagefor every cameran the3D
Room. Some(2-4) neighboringcamerasare selectedor computingthe MBS of every camera.All the
depthimagedfor all camerasaremeigedto generatehe volumetricmodel.

This volumetricmeiging generates 3D shapemodelof the objectthatis representedby a triangle
mesh.Thevolumeof interestis specifiedduringthevolumetricmeging sothatonly theobjectsof interest
canbeextracted. An exampleof thereconstructe@D shapemodelin, asatrianglemeshrepresentation
is shavnin figure5.

For reconstructinghe 3D shapemodelsfrom multiple images,eachcamerahasto befully calibrated
prior to thereconstructiomprocedure We useTsai's cameracalibrationmethod[18], which calculatesix
degreesf freedomof rotationandtranslatiorfor extrinsic parametersandfive intrinsic parametergvhich
arefocallength,aspectatio of pixel, opticalcenterposition,andfirst orderradiallensdistortion.

To estimatethe camergparametersf all camerasyve put pointlight sourcegLEDS) in the volumeof
interestandcaptureémagesfrom all cameras.The placemenbdf the pointlight sourcesn the volumeof
interestis shown in figure 6, wherethe platethathas8 x 8 LEDs at aninterval of 300mmis placedat
5 vertical positions,displaced300mmfrom eachother Theimagesof thesepoint light sourcegprovide
the relationshipof the 3D world coordinatego the 2D imagecoordinatedor every camera.The camera
parametergreestimatedrom this relationshipby a non-linearoptimization[18].

4.2 Correspondencdrom 3D model

The 3D shapanodelof the objectis usedto computecorrespondencdsetweerary pair of views. Figure
7 shavs the scheméor makingcorrespondencan accordancavith the 3D shapemodel. For a pointin
view 1, theintersectiorof the pixel ray with the surfaceof the 3D modelis computed.The 3D positionof
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Figure5: An exampleof the reconstructe®D shapemodel,usinga triangle meshrepresentationThe
numberof trianglesin themeshis 10,000.
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Figure6: Placemenof pointlight sourcedor calibrationof every cameran the3D Room.
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Figure7: Theschemdor makingcorrespondences accordancavith a 3D shapemodel.

theintersectingpointis projectedontothe otherimage,view 2. The projectedpointis the corresponding

pointof thepixel in view 1.
In figure7, theray of the point« intersectshe surfaceat A, andis thenprojectedontothepointa’. In

thiscasethepointa’ in view 2 is thecorrespondingoint for the pointa in view 1.

If thereis no intersectionon the surface(like the point s in view 1), the pixel doesnot have ary
correspondingpoint.

For eachpoint that hascorrespondingpoint, the disparity vector of correspondences defined. The
disparityvectord, for thepointa is theflow vectorfrom « to «’. Thedisparityvectord’, for the pointa’

is theflow vectorfrom ' to a.

4.3 Virtual view generation

For controllingtheappearance-baseuttual view pointin the3D Room,two camerasireselectednitially .
Theintermediatdmageshetweerthe selectedwo imagesaregeneratedy interpolationof the selected
imagesrom the correspondenceetweerthem. The correspondends computedoy usingthe 3D shape
modelasdescribedabove. Theweightingvaluebetweertheimagescontrolsthe virtual view pointin the
senseof theappearance.

The interpolationis basedon the relatedconceptsof “view interpolation”[2] and“view morphing”
[1], in which the positionandcolor of every pixel areinterpolatedrom the correspondingpointsin two

images.Thefollowing equationsareappliedto theinterpolation:

P, =wP + sz’, (1)
1;(P;) = wil (P) 4 wal'(P'), (2
where
w1+ wp =1,

P andP’ arethe positionof the correspondingointsin the two views (view 1 andview 2), I(P) and
I'(P') arethecolorsof thecorrespondingoints,andP; and/ (P;) aretheinterpolategositionandcolor.

Theinterpolationweightingfactorsarerepresentely wi andw, (w1 + wo = 1).
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Figure8: Consistentorrespondencandpseudaorrespondences thepointaisin anoccludedegion,
thereis no correspondingpointin view B. The pseudacorrespondencieom the pointais providedby the
3D shapeof the object,by virtually projectingthe surfacepointontotheview B (representedsb’). The
pointb’ is notonly thepseudaorrespondingointfrom a, but alsotherealcorrespondingointfrom b in

theview A.



This interpolationmethodrequiresconsistentorrespondencbetweentwo images. However, there
is the casethat someregionsin oneimagecannotbe seenin anotherimage,asshown in figure 8. In
this case jnterpolationof the color betweertwo views by the methoddescribedy equationg1) and(2)
is impossible. As aresult,thereis no descriptionof the color of the occlusionregion in the generated
interpolatedmages.

To avoid suchproblemsin view interpolation,we introducethe conceptof a “pseudocorresponding
point” whichcanbecomputedor the 3D shapeof thesceneln figure8, apointa in view 1isre-projected
ontod’ in view 2 by usingthe reconstructeéghape gven thoughthe point on the object surfacecannot
be seenin view 2. The point ¢’ is the pseudocorrespondingpoint for a, that correspondgo « only
in the geometricakense. The pseudocorrespondingpoint enableghe interpolationof the position by
applyingtheequation(1) for occludedooints. Theinterpolationof thecoloris still impossiblebecaus¢he
color of the pseudacorrespondingpointis not actuallycorrespondingn termsof the color of theimage.
Accordingly, thecoloris notinterpolatedor the pseudacorrespondencdyt just selectedo bethecolor
of the occludedpoint. Thisis expressedy thefollowing equation.

{ I(P) if Pisnotseenn view 2
L(P,) = 3
I'(P") if P'isnotseenin view 1

By usingthe pseudacorrespondingpoint, we cangeneratentermediateview imageswithout missing
partsof occlusionregions.

Pseudcacorrespondingointscanbe detectedonly if the 3D structureof the sceneis available. This
suggestshat 3D shapereconstructiorplaysanimportantrole in view interpolationbetweenwo views,
eventhoughtheinterpolationprocedurenvolvesonly 2D imageprocessingvithoutary concepiof a3D
structure.

In figure 9, the effect of the pseudocorrespondences presented.If only the two input imagesare
givenwithout ary 3D shapeinformation, the pointsin the occlusionregionsin view 1 (circled areas)
cannothave ary correspondingpoints,becausano informationis availablefor makingthe pointsin the
occlusiornregionsthatcorrespondo theimageof theview 2. Thereforethecolorsin theocclusionregion
completelyvanishin theinterpolatedview imagesasshavn in figure9(a). Onthe contrary the complete
3D shapemodel,which is reconstructedby the volumetricmeging of the depthimagesat all cameras,
enablesusto computethe pseudocorrespondenceven for the occlusionregion. Becausef the pseudo
correspondenceshe occlusionregion canbe successfullyinterpolatedn the virtual view asshavn in

figure9(b).

4.4 View interpolation algorithm

For implementingheinterpolationby the pseudacorrespondenceye takethe two-stepalgorithm,where
two warpedmagesof two interpolatingrealimagesarefirst generatedh accordancevith thedisparityof
correspondencandthenthetwo warpedimagesareblended.Figure10 shavs this algorithm.

As describedn sectiord.2, disparityvectorimagesd («, v) andd’(«, v) arecomputedor two interpo-
lating images/ (u, v) and I'(u, v) of view 1 andview 2, respectiely. For eachinterpolatingimage,the
warpedmageis generatedby shiftingthe pixel in theweighteddisparityvector Therelationbetweerthe
warpedimagesl,, (u, v) and!!,(u, v) andinputimaged (u, v) and!’(u, v) is

I, (u+ widy (u,v), v+ wid,(u,v)) = I(u,v),
(4)
I{u(u + wzd; (U, ’U), v+ wzd; (uv U)) = I/(’LL, ‘U)'



(b) Using pseudo correspondence

Figure9: Effect of the pseudocorrespondencim view interpolation. If we only have two views, there
is no way to computethe correspondenceasorrectlyfor the occlusionregionsin view 1 (circled areas).
Thereforethecolorsin thisregionsdo notexist in theinterpolatedriew imagega). Ontheotherhand the
3D shapemodelprovidesthe pseudacorrespondingpointsfor the occlusionregionsin view 1. Therefore
thecolorsin thoseregionsappeain theinterpolatedview imageg(b).
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Figure10: Interpolationbetweenwo views. Eachimageis warpedby the weighteddisparity of corre-
spondencesThewarpedmagesarethenblendedor generatingheinterpolatedmage.
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Sincethe disparity valueis not limited to an integer but a floating point value, the shifted pixel canbe
placedonary pointthatis notcoincidentwith thepixel samplingpoint. Thecolorvalueonthepixel point
is computedy bilinearly interpolatingfrom the neighboringshiftedcolor values.

Thetwo warpedimagesareblendednto theinterpolatedmageof the two inputimagesaccordingto
thefollowing equation.

wll(uv ’U),

if I(u,v)+# 0andl’(u,v) =0,

Ii(u7 'U) = ’U)z]/(U, 10)7 (5)
if I(u,v)=0andl'(u,v) #0,

wil (u,v) + w2l (u, v), otherwise,

If awarpedpixel coloris shiftedby the pseudacorrespondingpoint, the color valueis computedn only
onewarpedimage. This correspond$o thefirst two casesn this equation.

5 Examplesof the virtual view

The interpolatedview imagesusingvariousweightingfactorsfor the fixed instanceareshown in figure
11. Thisdemonstratethatthe virtual view smoothlymovesasthe weightfactoris changed.As canbe
seentheocclusionregionshave successfullypeeninterpolatedn thevirtual view images.

Figurel2shawsthevirtual view imagedor adynamicevent. Therealview imagesisedor interpolation
arealsoshaown with thevirtual view images.This figure alsodemonstratethatthe occlusionregion has
correctlybeeninterpolatedn theimagesequence.

Figure13 shavs anexampleof virtual view imagesequencéor a dynamiceventmodeledoy multiple
cameras.As seenin this figure, the virtual viewpoint can move betweenmultiple pairs of camerador
generatinghelongtrajectoryof thevirtual view.

6 Conclusionsand Futur e Work

We have presente@ methodfor virtual view imagegeneratiorfrom multiple imagesequencesollected
in the 3D Room. The virtual view generatiormethodis basedon view interpolationof two views from
correspondencedbatareprovidedby avolumetricmodelrecoseredfrom input multiple views. Occlusion
regionscanbeinterpolatedisingthe pseudaorrespondendaformationthatrepresentsnly geometrical
correspondence.

This framework for virtual view generatiorfalls into the IBR framevork becauseve do not use3D
structureinformationdirectly at the imagegeneratiorstage. However, the correspondencesedfor the
generationcannotbe obtainedwithout the 3D structureinformationwhich is recovered by volumetric
meging of thedepthimagegprovidedby aMultiple BaselineStereaalgorithm. In thissense3D recovery
is asignificantcomponenin generatingiew view imagesevenif thegeneratiorproceduras basecn 2D
imageprocessing.

In thepresentmethodwe donottakeinto accounthegeometricatorrectnessef theinterpolatedirtual
view becauseave currentlyonly usesimplecorrespondencdsetweenmages. However, asSeitzet .al.
[16] pointedoutin view morphing,suchsimplecorrespondendaterpolationcannotcorrectlyinterpolate
the geometryof the views. For morerealisticnew view generationsuchcorrectnessf the geometryhas
to beconsideredlso.
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Real View 1

Movement of
virtual view

Real View 2

Figurell: Generatedirtual view image<y interpolationof two realview imagesusingvariousweighting
factorsfor the fixed instance. The virtual view smoothlymovesasthe weightfactoris changed. The
occlusionregions(circledareashave successfullypeeninterpolatedn thevirtual view images.
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Movement of
Virtual Views

Figurel2: Generatedirtual view imagedor adynamicevent. Therealview imageausedfor interpolation
arealsoshowvn with thevirtual view images.The occlusionregion hascorrectlybeeninterpolatedn the
imagesequence.

14



Figurel3: Generatedirtual view imagedor adynamiceventfor four cameragcamerag#7,#8,#9,#10).

We currentlyinterpolatenew views from two views. This meanghatthevirtual cameracanonly move
ontheline betweertheviews. We planto extendour framework to theinterpolationof threecameraviews
to makethevirtual view move on the planeof thesethreecameras.
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