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Abstract

In this paper we surwey the techniquedor image-basedendering. Unlike traditional 3D computergraphicsin
which 3D geometryof the scends known, image-basedenderingtechniquesendernovel views directly from input
images. Previous image-basedenderingtechniquescan be classifiedinto three catgyoriesaccordingto how much
geometricinformationis used: renderingwithout geometry renderingwith implicit geometry(i.e., correspondence),
andrenderingwith explicit geometry(eitherwith approximateor accurategeometry) We discusghe characteristicef
thesecategoriesandtheir representatie methods.The continuumbetweernimagesandgeometryusedin image-based
renderingtechniquesuggestshatimage-basedenderingwith traditional 3D graphicscanbe unitedin a joint image
andgeometryspace.

Keywords: Image-basedenderingsurey.

1 Intr oduction

Image-basednodelingand renderingtechniqueshave recentlyreceved much attentionas a powerful alternatve to
traditional geometry-basetkchniquedor image synthesis. Insteadof geometricprimitives, a collection of sample
imagesareusedto rendemovel views. Previouswork onimage-basedendering(IBR) revealsa continuumof image-
basedepresentation®2, 15 basednthetradeof betweerhow mary inputimagesareneededndhowv muchis known
aboutthe scenegeometry

For didacticpurposesye classifythe variousrenderingtechniquegandtheir associatedepresentationshto three
cateyories,namelyrenderingwith nogeometryrenderingwith implicit geometryandrenderingwith explicit geometry
Thesecateories,depictedn Figurel, shouldactuallybeviewedasacontinuumratherthanabsolutediscreteones since
therearetechniqueshatdefy strict categorization.

At oneendof therenderingspectrumtraditionaltexture mappingrelieson very accurateggeometrionodelsbut only
afew images.In animage-basedenderingsystemwith depthmaps suchas3D warping[25], andlayered-deptimages
(LDI) [38], LDI tree[5], etc.,themodelconsistof asetof imageof ascenandtheirassociatedepthmaps.Whendepth
is availablefor every pointin animage theimagecanberenderedrom ary nearbypointof view by projectingthepixels
of theimageto their proper3D locationsandre-projectingthemonto a new picture. For mary syntheticervironments
or objects,it is not difficult to keepthe depthinformation during the renderingprocess. However, obtainingdepth
informationfrom realimagess hardevenfor the state-of-arwision algorithms.
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Figurel: Cateyoriesusedin this paperwith representaie members.



Someimage-basedenderingsystemsdo not requireexplicit geometricmodels. Rather they requirefeature(such
aspoints)correspondenckeetweenmages.For example,view interpolation[6] generatesovel views by interpolating
opticalflow betweercorrespondingoints. Ontheotherhand,view morphing[37] generatesi-betweercameranatrices
alongtheline of two original cameracentershasedn point correspondence€omputervision techniquesreusually
usedto generatesuchcorrespondences.

At the other extreme, light field renderingusesmary imagesbut doesnot requireary geometricinformation or
correspondencd.ight field rendering 23] generates new imageof a sceneby appropriatelyfiltering andinterpolating
a pre-acquiredsetof samples.Lumigraph[12] is similar to light field renderingbut it appliesapproximatedyeometry
to compensatéor non-uniformsamplingin orderto improve renderingperformance Unlike light field andlumigraph
wherecamerasare placedon a two-dimensionalrid, the concentricmosaicsrepresentatiofi39] reduceghe amount
of databy capturinga sequencef imagesalonga circle path. Light field renderinghowever, hasa tendeng to rely
on oversamplingto counterundesirablealiasingeffectsin outputdisplay Oversamplingmeansmore intensie data
acquisitionmorestorageandmoreredundany.

How mary imagesarenecessaryor anti-aliasedendering?This samplingquestionneedgo be answeredy every
image-basedenderingsystem.Samplinganalysisin image-basedendering however, is a difficult problembecausédt
involvesthe unraveling relationshipamongthreeelements:ithe depthandtextureinformationof the scenethe number
of sampleimages,andthe renderingresolution. The answerto the samplinganalysisprovides designprinciplesfor
image-basedenderingsystemsin termsof trade-of betweertheimagesandthe geometryinformationneeded.

The remainderof this paperis organizedasfollows. Threecateyoriesof image-basedenderingsystemswith no,
implicit, andexplicit geometricinformationrespectiely, arepresentedn Sections2, 3, and4. The issueof trade-of
betweerimagesandgeometrianformationneededor image-basedenderings discussedh Sections. We alsodiscuss
compactepresentatioandefficientrenderingechniquesn Section6, andprovide concludingremarksn Section?.

2 Renderingwith no geometry

In this section,we describerepresentatie techniquegor renderingwith unknovn scenegeometry Thesetechniques
rely onthecharacterizatiowof the plenopticfunction.

2.1 Plenopticmodeling

Theoriginal 7D plenopticfunction[1] is definedastheintensityof light rayspassinghroughthe cameracenterat every
location(V;, V,,, V) atevery possibleangle(d, ¢), for every wavelength\, ateverytimet, i.e.,

P7:P(V927Vy7‘/Z505 (ba/\vt) (1)

AdelsonandBergen[1] consideredneof the tasksof early vision asextractinga compactandusefuldescription
of the plenopticfunction’s local propertiege.g.,low orderderivatives). It hasalsobeenshovn by [44] thatlight source
directionscanbeincorporatednto the plenopticfunctionfor illumination control. By droppingout two variablestime
t (thereforestatic ervironment)and light wavelength A (hencefixed lighting condition), McMillan and Bishop [28]
introducedplenopticmodelingwith the 5D completeplenopticfunction,

P5:P(Va:avy7‘/zaga ¢) (2)
Thesimplestplenopticfunctionis a2D panoramdcylindrical [ 7] or spherica[43]) whentheviewpointis fixed,
Py = P(0,9). 3

And aregularimage(with alimited field of view) canberegardedasanincompleteplenopticsampleatafixedviewpoint.

Image-basedenderingtherefore pecome®neof constructinga continuougepresentationf theplenopticfunction
from obseneddiscretesamplegcompleteor incomplete).How to samplethe plenopticfunctionandhow to reconstruct
a continuousfunction from discretesamplesare importantresearchtopics. For example,the samplesusedin [2§]
arecylindrical panoramas Disparity of eachpixel in stereopairsof cylindrical panoramass computedand usedfor
generatingnew plenopticfunctionsamples.Similar work on regularstereopairscanbefoundin [20].
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Figure2: Representatioof alight field.

Dimension| Year | Viewing space Name \
7 1991 free Plenopticfunction
5 1995 free Plenopticmodeling
4 1996 | boundingbox Lightfield/Lumigraph
3 1999 | boundingplane Concentricmosaics
2 1994 fixedpoint Cylindrical/Sphericapanorama

Figure3: A taxonomyof plenopticfunctions.

2.2 Light field and lumigraph

It wasobseredin bothlight-field rendering 23] andlumigraph[12] systemghataslong aswe stayoutsidethe convex
hull (or simply a boundingbox) of an object! we cansimplify the 5D completeplenopticfunctionto a 4D lightfield
plenopticfunction,

P4:P(U,U,S,t), (4)

where(u, v) and(s, t) parameterizéwo parallelplanesof the boundingbox, asshowvn in Figure2. To have acomplete
descriptionof the plenopticfunction for the boundingbox, six setsof suchtwo-planesare needed. More restricted
versionsof lumigraphhave alsobeendevelopedby Sloanet al. [41] andKatayamaet al [19]. The cameramotionis
restrictedto a straightline.

In thelight field systema capturingrig is designedo obtainuniformly sampledmages.To reducealiasingeffect,
thelight field is pre-filteredbeforerendering.A vectorquantizationrschemes usedto reducethe amountof dataused
in light field renderingyet achieving randomaccessandselectve decoding.On the otherhand,the lumigraphcanbe
constructedrom a setof imagestaken from arbitrarily placedviewpoints. A re-binningprocessds thereforerequired.
Geometridnformationis usedto guidethe choicesof the basisfunctions. Becausef theuseof geometridnformation,
samplingdensitycanbereduced.

2.3 Concentric mosaics

Obviouslythemoreconstraintsve have onthecamerdocation(V,, V;, V), thesimplertheplenopticfunctionbecomes.
If we wantto captureall viewpoints,we needa completesD plenopticfunction. As soonaswe stayin a convex hull (or
converselyviewing from acornvex hull) freeof occludersye have a4D lightfield. If wedonotmoveatall, we havea2D
panoramaAn interesting3D parameterizationf the plenopticfunction, called ConcentricMosaics[39] , is proposed
by ShumandHe wherethe cameramotionis constrainedilongconcentriccircleson aplane.A taxonomyof plenoptic
functionsis shovn in Figure3.

IThereverseis alsotrueif cameraviews arerestrictednsidea corvex hull.
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Figure4: Renderingalobby: rebinnedconcentrianosaic(a) attherotationcenter;(b) atthe outermostircle; (c) atthe
outermostircle but looking atthe oppositedirectionof (b); (d) parallaxchangebetweerthe plantandthe poster

By constrainingcameramotionto planarconcentriccircles,concentricmosaicscanbe createdby compositingslit
imagedakenatdifferentlocationsof eaclcircle. Concentrianosaicsndex all inputimageraysnaturallyin 3 parameters:
radius,rotationangleandvertical elevation. Novel views arerenderecby combiningthe appropriatecapturedraysin
anefficient mannerat renderingtime. Althoughverticaldistortionsexist in therenderedmagesthey canbealleviated
by depthcorrection. Concentricnosaicshave goodspaceandcomputationakfficiency. Comparedwith alightfield or
lumigraph,concentrionosaicshave muchsmallerfile sizebecaus@nly a 3D plenopticfunctionis constructed.

Mostimportantly concentrianosaicsarevery easyto capture.Capturingconcentrianosaicss aseasyascapturinga
traditionalpanoramaxceptthatconcentrianosaicgequiremoreimages.By simply spinninganoff-centereccameran
arotarytable,we canconstruciconcentriomosaicdor arealscenean 10 minutes.Lik e panoramas;oncentrionosaics
do not requirethe difficult modelingprocessof recovering geometricand photometricscenemodels. Yet concentric
mosaicsprovide a muchricher userexperienceby allowing the userto move freely in a circular region and obsere
significantparallaxandlighting changesThe easeof capturingmakesconcentrionosaics/ery attractive andusefulfor
mary virtual reality applications.

Renderingf alobby scendrom capturedtoncentrianosaicds shavn in Figure4. A rebinnedconcentrianosaicat
therotationcenteris shovn in Figure4(a), while two rebinnedconcentricmosaicgaken at exactly oppositedirections
areshowvn in Figure4(b) and(c), respectrely. It hasalsobeenshowvn in [32] thatsuchtwo mosaicdakenfrom asingle
rotatingcameracansimulatea stereopanoramaln Figure4(d), strongparallaxcanbe seenbetweerthe plantandthe
posterin therenderedmages.

2.4 Image mosaicing

A completeplenopticfunctionatafixedviewpointcanbeconstructedromincompletesamples Specificallyapanoramic
mosaids constructedby registeringmultiple regularimages.For example if thecamerdocallengthis known andfixed,
onecanprojecteachimageto its cylindrical mapandthe relationshipbetweerthe cylidrical imagesbecomes simple



Figure5: Tessellatedphericapanoramaoveringthe northpole (constructedrom 54 images).

translation.For arbitrarycamerarotation,onecanfirst registerthe imagesby recoveringthe cameramovement,before
convertingto afinal cylindrical/sphericamap.

Marny systemsave beenbuilt to constructylindrical andsphericapanoramaby stitchingmultipleimagegogethey
e.g.,[24, 42, 7, 28, 43] amongothers.Whenthe cameramaotionis very small, it is possibleto put togetheronly small
stripesfrom registeredmagesj.e., slit images(e.g.,[46, 33]), to form alarge panoramianosaic.Capturingpanoramas
is eveneasielif omnidirectionakamerage.g.,[30, 29]) or fisheye lens[45] areused.

SzeliskiandShum[43] presentec completesystemfor constructingpanomamicimage mosaicsrom sequencesf
images. Their mosaicrepresentatiomssociates transformatiormatrix with eachinput image,ratherthanexplicitly
projectingall of theimagesontoa commonsurface(e.g.,a cylinder). In particular to constructa full view panorama,
a rotational mosaicrepresentatiomssociates rotation matrix (and optionally a focal length) with eachinput image.
A patch-basedalignmentalgorithmis developedto quickly align two imagesgiven motion models. Techniquegor
estimatingandrefiningcamerdocal lengthsarealsopresented.

In orderto reduceaccumulatedegistrationerrors, global alignment(block adjustmeny is appliedto the whole
sequencef images,which resultsin an optimally registeredimage mosaic. To compensatdor small amountsof
motionparallaxintroducedy translation®f thecameraandotherunmodeledlistortions alocal alignmentdeghosting
technique[40] warpseachimagebasedon the resultsof pairwiselocal imageregistrations. Combiningboth global
andlocal alignmentsignificantlyimprovesthe quality of ourimagemosaicstherebyenablingthe creationof full view
panoramianosaicsvith hand-heldcameras.

A tessellatedphericalmapof thefull view panoramas shovn in Figure5. Threepanoramidmagesequencesf
a building lobby weretakenwith the cameraon a tripod tilted at threedifferentangles(with 22 imagesfor the middle
sequence?2imagedor theuppersequenceandl0imagedor thetop sequence)Thecameramotioncoversmorethan
two thirds of the viewing spherejncludingthetop.

3 Renderingwith implicit geometry

Thereis a classof techniqueghatrelieson positionalcorrespondencescrossa smallnumberof imagesto rendemew
views. This classhasthe term implicit to expressthe fact that geometryis not directly available; 3D informationis
computedonly usingthe usualprojectioncalculations.New views arecomputedbasedon directmanipulationof these
positionalcorrespondencewhich areusuallypoint features.

3.1 View interpolation

Fromtwo inputimagesgivendenseopticalflow betweerthem,ChenandWilliams’ view interpolationmethod[6] can
reconstrucarbitraryviewpoints. This methodworkswell whentwo inputviews arecloseby, sothatvisibility ambiguity
doesnot posea seriousproblem. Otherwise flow fields have to be constrainedo asto preventfoldovers. In addition,
whentwo views are far apart,the overlappingpartsof two imagesbecometoo small. ChenandWilliams’ approach



works particularlywell whenall the inputimagessharea commongazedirection,andthe outputimagesarerestricted
to have agazeanglelessthan90 degrees.

Establishingflow fields for view interpolationcan be difficult, in particularfor real images. Computervision
techniquesuchasfeaturecorrespondencer stereanustbeemployed. For synthetidmagesflow fieldscanbeobtained
from theknown depthvalues.

3.2 View morphing

Fromtwo inputimages SeitzandDyer’s view morphingtechniqud 37] reconstructary viewpoint ontheline linking

two optical centersof the original camerasintermediateviews areexactly linearcombinationsof two views only if the
cameramotionassociatewvith theintermediateviews areperpendiculato thecameraviewing direction. If thetwo input
imagesarenot parallel,a pre-warp stagecanbe employedto rectify two inputimagessothatcorrespondingcanlines
areparallel. Accordingly, a post-warp stagecanbe usedto un-rectify the intermediatémages.Scharsteirj36] extends
this framavork to cameramotionin aplane.He assumedhowever, thatthe camergparameterareknown.

3.3 Transfer methods

Transfermethodgatermusedwithin the photogrammetricommunity)arecharacterizethy theuseof arelatively small
numberof imageswith the applicationof geometricconstraintgeitherrecoreredat somestageor known a priori) to
reprojectimagepixels appropriatelyat a givenvirtual cameraviewpoint. The geometricconstraintanbe of the form
of known depthvaluesat eachpixel, epipolarconstaintsbetweerpairsof images or trifocal/trilinear tensos thatlink
correspondencesetweentriplets of images. The view interpolationand view morphingmethodsabove are actually
specificinstance®f transfemmethods.

Laveauand Faugerag21] usea collectionof imagescalledreferenceviews andthe principle of the fundamental
matrix to producevirtual views. The new viewpoint, which is chosenby interactively choosingthe positionsof four
controlimagepoints,is computedisingareversemappingor raytracingorocessFor every pixel in thenew targetimage,
a searchis performedto locatethe pair of imagecorrespondenceda two referenceviews. The searchs facilitatedby
usingthe epipolarconstraintsandthe computeddensecorrespondencdglsoknown asimagedisparities)oetweerthe
two referenceviews.

Notethatif the cameras only weakly calibratedthe recoreredviewpoint will bethatof a projective structure(see
[11] for moredetails). This is becausehereis a classof 3-D projectionsandstructureghatwill resultin exactly the
samereferenceémages.Sinceanglesandareasarenot presered, theresultingviewpointmayappeamwarped.Knowing
theinternalparametersf the cameraemorvesthis problem.

If atrifocal tensor whichis a3 x 3 x 3 matrix, is known for a setof threeimages,then given a pair of point
correspondencas two of theseémagesathird correspondingoint canbedirectly computedn thethird imagewithout
resortingto ary projectioncomputation. This ideahasbeenusedto generatenovel views from eithertwo or three
referencémageq2].

Theideaof generatingiovel viewsfrom two or threereferencemagess ratherstraightforvard. First,the“reference”
trilinear tensoris computedfrom the point correspondencesetweenthe referenceimages. In the caseof only two
referencamagesoneof theimagesis replicatedandregardedasthe “third” image. If the cameraintrinsic parameters
areknown, thena new trilinear tensorcanbe computedrom the known posechangewith respecto the third camera
location. The new view cansubsequentlype generatedisingthe point correspondencesom thefirst two imagesand
thenew trilineartensor A setof novel views createdusingthis approaclcanbeseenn Figure6.

4 Renderingwith explicit geometry

In this classof techniquesthe representatiohasdirect 3D informationencodedn it, eitherin theform of depthalong
known lines-of-sight,or 3D coordinates.The moretraditional 3D texture-mappeanodelbelongsto this category (not
describedhere,sinceits renderingusesthe corventionalgraphicspipeline).

4.1 3D warping

Whenthedepthinformationis availablefor every pointin oneor moreimages 3D warpingtechniquege.g.,[27]) canbe
usedto rendemearlyviewpoints.An imagecanberenderedrom ary nearbypointof view by projectingthe pixelsof the
original imageto their proper3D locationsandre-projectingthemontothe new picture. The mostsignificantproblem
in 3D warpingis how to dealwith holesgeneratedn the warpedimage. Holesaredueto the differenceof sampling



Figure6: Exampleof visualizingusingthetrilinear tensor: Theleft-mosttwo imagesarethereferencemagesywith the
restsynthesizedt arbitraryviewpoints.

resolutionbetweertheinputandoutputimagesandthedisocclusiorwherepartof thescends seerby theoutputimage
but not by the inputimages.To fill in holes,the mostcommonlyusedmethodis to splata pixel in the inputimageto
severalpixelssizein theoutputimage.

4.1.1 Relieftexture

To improve therenderingspeedf 3D warping,thewarpingprocessanbefactorednto arelatively simplepre-warping

stepandatraditionaltexture mappingstep. Thetexture mappingstepcanbe performedby standardyraphicshardware.

This is the ideabehindrelief texture, a techniqueproposedby OliveiraandBishop[31]. Similar factoringapproach
hasbeenproposeddy Szeliskiin a two-stepalgorithm[38] wherethe depthis first forward warpedbeforethe pixel is

backward mappedntothe outputimage.

4.1.2 Multiple-center-of-projection images

The 3D warpingtechniquescanbe appliednot only to the traditional perspectie images,but also multi-perspectie
imagesaswell. For example,RademacheandBishop[35] proposedo rendemovel views by warpingmultiple-center
of-projectionimagesor MCOPimages.

4.2 Layereddepthimages

To dealwith thedisocclusiorartifactsin 3D warping,Shadeetal. proposed_ayeredDepthimage,or LDI [38], to store
not only whatis visible in theinputimage,but alsowhatis behindthe visible surface. In LDI, eachpixel in theinput
imagecontainsalist of depthandcolor valueswheretheray from the pixel intersectawith theervironment.

ThoughLDI hasthe simplicity of warpinga singleimage,it doesnot considerthe issueof samplingrate or how
denselyshouldthe LDI be. Changetal. [5] proposed.DI treessothatthe samplingratesof the referencemagesare
preseredby adaptvely selectinganLDI in theLDI treefor eachpixel. While renderingwith theLDI tree,only thelevel
of LDI treethatis the comparabléo the samplingrateof the outputimageneedto be traversed.

4.3 View-dependenttexture maps

Texturemapsarewidely usedn computegraphicgor generatingphoto-realistiernvironments.Texture-mappednodels

canbecreatedusinga CAD modelerfor a syntheticervironment. For realervironmentsthesemodelscanbe generated
usinga 3D scanneior applyingcomputervision techniquego capturedmages. Unfortunately vision techniquesare

not robustenoughto recover accurate8D models.In addition, it is difficult to capturevisual effectssuchashighlights,

reflectionsandtranspeng usinga singletexture-mappeanodel.
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Figure7: Plenopticsampling. Quantitatve analysisof the relationshipsamongthreekey elements:depthandtexture
information,numberof inputimagesandrenderingresolution.

To obtainthesevisual effectsof a reconstructe@rchitecturaknvironment,Debevecet al. [9] usedview-dependent
texturemappingto rendemew views, by warpingandcompositingseveralinputimagesof anervironment. A three-step
view-dependeniexturemappingmethodvasalsoproposedaterby Deberecetal. [8] to furtherreduceghecomputational
costandto have smoothetblending. This methodemploys visibility preprocessingyolygon-viev maps,andprojective
texture mapping.

5 Trade-off betweenimagesand geometry

Renderingvith nogeometryis expensvein termsof acquiringandstoringthedatabaseOntheotherhand usingexplicit
geometrywhile morecompact,may compromiseoutputvisual quality. So,animportantquestionis, whatis theright
mix of imagesamplingsizeandquality of geometrianformationrequiredto satisfya mix of quality, compactnessand
speedPart of thatquestionmay be answeredy analyzingthe natureof plenopticsampling.

5.1 Plenoptic sampling analysis

Many image-basetenderingsystemsespeciallyight fieldrenderind23, 12, 39], haveatendeng torely onoversampling
to counterundesirableliasingeffectsin outputdisplay Oversamplingmeansmoreintensve dataacquisition,more
storageandmoreredundang. Samplinganalysisin image-basedenderingis a difficult problembecauset involves
theunraveling relationshipamongthreeelementsthe depthandtextureinformationof the scenethe numberof sample
imagesandtherenderingresolution,asshavn in Figure?.

Chaietal. [4] recentlystudiedplenopticsampling or how mary imagesareneededor plenopticmodeling.Plenoptic
samplingcanbe statedas:

Howmanyimage samplege.g., froma 4D light field) andhowmud geometricandtextural informationare
neededo genegrtea continuougepresentatiorof the plenopticfunction?

Specifically thefollowing two problemsarestudiedunderplenopticsampling:
e Minimum samplingratefor light field rendering;
e Minimum samplingcurvein thejoint imageandgeometryspace.

Chaietal. formulatethe questionof samplinganalysisasa high dimensionakignal processingroblem. Rather
thanattemptingto obtaina closed-formgeneralsolutionto the 4D light field spectralanalysisthey only analyzethe
boundsof thespectrabupportof thelight field signals.A key obsenationto bepresentedh this paperis thatthespectral
supportof alight field signalis boundedby only the minimum andmaximumdepths,rrespectve of how complicated
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the spectralsupportmight be becauseof depthvariationsin the scene. Given the minimum and maximumdepths,a
reconstructiorilter with anoptimalandconstantdepthcanbedesignedo achieve anti-aliasedight field rendering.

The minimum samplingrate of light field renderingis obtainedby compactingthe replicasof the spectralsupport
of the sampledight field within the smallestinterval afterthe optimalfilter is applied. How smalltheinterval canbe
dependsn the designof the optimal filter. More depthinformationresultsin tighter boundsof the spectralsupport,
thusa smallernumberof images.Plenopticsamplingin the joint imageandgeometryspacedetermineghe minimum
samplingcurve which quantitatvely describeghe relationshipbetweenthe numberof imagesandthe informationon
scenegeometryundera given renderingresolution. This minimal samplingcurve senesasthe designprinciplesfor
IBR systemsFurthermoreit bridgesthegapbetweerimage-basedenderingandtraditionalgeometry-basecendering.
Minimum samplingrateandminimum samplingcurvesareillustratedin Figure8.

Thereareanumberof techniqueshatcanbeappliedto reducethesizeof therepresentatiorthey areusuallybasedn
local cohereng eitherin the spatialor temporaldomains.Thefollowing subsectionslescribesomeof thesetechniques.

5.2 Multiple viewpoint rendering

An approachthatbridgesthe notionsof thelight field or lumigraphand3D scenegeometryis whatHalle calls multiple

viewpointrendering[13]. Assumingthatthe3D scends completelyknown, multiple viewpointscanbe precomputedt

known cameraviewpointsandpreprocessetb take advantageof the perspectie coherencéi.e., thesimilarity of images
of astaticsceneat differentviewpoints). Thetool usedfor sucha purposds the EPI[3] representationin this casethe

EPlis aslice of spatio-perspeate spacecut parallelto thedirectionof cameramotion.

5.3 View-dependentgeometry

Anotherinterestingrepresentatiothat tradesoff geometryandimagesis view-dependengeometry first usedin the
contet of 3D cartoong 34]. We canpotentiallyextendthisideato representealor synthetically-generatestenesnore
compactly As describedn [18], view-dependengeometryis usefulto accommodatéhefactthatstereoreconstruction
errorsarelessvisible duringlocal viewpoint perturbationsbut may shav dramaticeffectsover large view changesin
areasvherestereadatais inaccuratethey suggesthatwe maywell representheseareaswith view-dependengeometry
which comprises setof geometryextractedat variouspositions(in [34], this setis manuallycreated) View-dependent
geometrymay alsobe usedto capturevisual effectssuchashighlightsandtranspareng which arelikely to be locally
coherentin image and viewpoint spaces. This areashouldbe a fertile one for future investigation with potentially
significantpayofs.

5.4 Dynamically reparameterizedlight field

Recentlylsakseretal. [14] proposedhenotionof dynamicallyreparameterizelight fieldsby addingtheability to vary
theapparenfocuswithin alight field usingvariableapertureandfocusring. Comparedvith the original light field and
lumigraph,this methodcandealwith a muchlarger depthvariationin the sceneby combiningmultiple focal planes.
Therefore,it is suitablenot only for outside-looking-inobjects,but alsofor inside-looking-outenvironments. When



multiple focusplanesareusedfor a scenea scoringalgorithmis usedbeforerenderingto determinewhich focusplane
is usedduringrendering.

While this methoddoesnot needto recover actualor approximategeometryof the scenefor focusing,it doesneed
to assigrwhich focusplaneto beused.The numberof focal planesneededs notdiscussed.

6 Discussion

Image-basedenderingis an areathat straddleshoth computervision andcomputergraphics. The continuumbetween
imagesand geometryis evident from the image-basedenderingtechniqueseviewed in this article. However, the
emphasiof this articleis moreon theaspecbf renderingandnot somuchonimage-basedhodeling. Otherimportant
topicssuchaslighting andanimationarealsonottreatedhere.

In this review, image-basedechniquesaredivided basedon how muchgeometricinformationhasbeenused.,i.e.,
whetherthe methodusesexplicit geometry(e.g.,LDI), implicit geometryor correspondencee.g.,view interpolation),
or no geometryat all (e.g.,light field). Othermethodsof dividing image-basedenderingtechniqueshave alsobeen
proposedy others,suchason the natureof the pixel indexing schemg15].

Thereremainmary challengesn image-basedenderingjncluding:

1. Efficientrepresentation

Whatis very interestings thetrade-of betweergeometryandimagesneededo usefor anti-aliasedmage-based
rendering.Many image-basedenderingsystemsave madetheir choiceson whetheraccurategeometryandhow
muchgeometridnformationshouldbe used.Plenopticsamplingprovidesa theoreticafoundationfor designing
image-basedenderingsystems.

Both light field renderingand lumigraphavoidedthe featurecorrespondencproblemby collectingmary light
rayswith known cameraposes. With the help of a speciallydesignedig, they are capableof generatindight
fields for objectssitting on a rotary table. Cameracalibrationwith marked featureswasusedin the lumigraph
systemto recoser camergposes.Unfortunately theresultinglight field/lumigraphdatabasés very large evenfor
a small object(thereforesmall corvex hull). Walkthroughof a real sceneusinglightfield hasnot yet beenfully
demonstrated.

Becausef thelargeamountof datausedto representhe 4D function, lightfield compressiolis necessaryit also
malkessensdo compresst becausef the spatialcohereng amongall capturedmages.

2. Renderingperformance

How would oneimplementthe “perfect” renderingengine? One possiblewould be to utilize currenthardware
acceleratorto producesay anapproximateversionof anLDI oraLumigraphby replacingt with view-dependent
texture-mappedprites. The alternatve is to designnew hardwareacceleratorghatcanhandleboth conventional
renderingand IBR. An examplein this directionis the use of PixelFlow to renderimage-basednodels[26].
PixelFlow [10] is a high-speedmagegeneratiorarchitecturghatis basedon thetechnique®f object-parallelism
andimagecomposition.

3. Capturing

Panoramasrerelatively not difficult to construct.Many previoussystemshave beenbuilt to constructcylindrical
andsphericapanoramasy stitchingmultipleimagesogethere.g.,[24, 42, 7, 28, 43]). Whenthecameramotion
is verysmall,it is possiblgo puttogetheonly smallstripesfrom registeredmagesij.e., slitimagede.g.,[46, 33)),
to form alarge panoramianosaic.Capturingpanoramass eveneasielif omnidirectionakcamerage.g.,[30, 29))
or fisheye lens[45] areused.

It is, however, very difficult to construct continuoussD? completeplenopticfunction[28, 17] becausét requires
solving the difficult featurecorrespondencproblem. The QuickTime VR system[7] simply enableghe userto
discretizethe 3D spacento a numberof samplenodes.Theusercanonly jump betweersamples.

Image-basedenderingcanhave mary interestingapplications.Two scenariosin particular areworth pursuing:

2To dateno one hasyet shavn collectionof 7D completeplenopticfunctions,even thoughwanderingin a dynamicenvironmentwith varying
lighting conditionis a very interestingproblem.
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e Largeervironments.

Many successfulechniquese.g.,light field, concentrianosaicshave restrictionsonhow muchausercanchange
hisviewpoint. Forlargeenvironment,QuickTime VR is still themostpopularsystendespitehevisualdiscomfort
causedy hot-spofumpingbetweerpanoramasThis canbealleviatedby having multiple panoramiclustersand

enablingsingleDOF transitioningbetweertheseclusterq 16|, but motionis neverthelesstill restricted.To move

aroundin alargeervironment,onehasto combineimage-basetechniquesvith geometry-basethodels,in order
to avoid excessve amountof datarequired.

e Dynamicervironments.

Until now, mostof image-basetenderingsystem$avebeerfocusednstaticervironments With thedevelopment
of panoramiwideosystemsit is concevablethatimage-basedenderingcanbeappliedto dynamicervironments
aswell. Two issuegnustbe studied:sampling(howv mary imagesshouldbe captured)andcompressiorfhow to
reducedataeffectively).

7 Concluding remarks

We have suneyedrecentdevelopmentsn theareaof image-basedenderingandin particular cateyorizedthembasedn
theextentof useof geometridnformationin rendering.Geometryis usedasameansf compressingepresentationfor
renderingwith thelimit beingasingle3D modelwith asinglestatictexture. While thepurelyimage-basetepresentations
havetheadwantageof photorealisticenderingthey comewith thehigh costsof dataacquisitiorandstorageequirements.

Demand®nrealisticrenderingcompactnessf representatiorspeedf renderingandcostsandlimitationsof com-
putervisionreconstructioriechniquegorcethe practicalrepresentatioto befall somavherebetweerthetwo extremes.
It is clearfrom oursuney thatIBR andthetraditional3D model-basedenderingechniquefiave complimentarycharac-
teristicsthatcanbecapitalized As aresult,we believe thatit is importantthatfuturerenderinghardwarebe customized
to handleboththetraditional3D model-basedenderingaswell asIBR.
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