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Abstract

In this paper, we survey the techniquesfor image-basedrendering. Unlike traditional3D computergraphicsin
which 3D geometryof thesceneis known, image-basedrenderingtechniquesrendernovel views directly from input
images. Previous image-basedrenderingtechniquescan be classifiedinto threecategoriesaccordingto how much
geometricinformationis used: renderingwithout geometry, renderingwith implicit geometry(i.e., correspondence),
andrenderingwith explicit geometry(eitherwith approximateor accurategeometry).Wediscussthecharacteristicsof
thesecategoriesandtheir representative methods.Thecontinuumbetweenimagesandgeometryusedin image-based
renderingtechniquessuggeststhat image-basedrenderingwith traditional3D graphicscanbeunitedin a joint image
andgeometryspace.

Keywords: Image-basedrendering,survey.

1 Intr oduction
Image-basedmodelingand renderingtechniqueshave recentlyreceived much attentionas a powerful alternative to
traditional geometry-basedtechniquesfor imagesynthesis. Insteadof geometricprimitives, a collection of sample
imagesareusedto rendernovel views. Previouswork on image-basedrendering(IBR) revealsa continuumof image-
basedrepresentations[22, 15] basedonthetradeoff betweenhow many inputimagesareneededandhow muchis known
aboutthescenegeometry.

For didacticpurposes,we classifythevariousrenderingtechniques(andtheir associatedrepresentations)into three
categories,namelyrenderingwith nogeometry, renderingwith implicit geometry, andrenderingwith explicit geometry.
Thesecategories,depictedin Figure1,shouldactuallybeviewedasacontinuumratherthanabsolutediscreteones,since
therearetechniquesthatdefystrict categorization.

At oneendof therenderingspectrum,traditionaltexturemappingreliesonveryaccurategeometricmodelsbut only
afew images.In animage-basedrenderingsystemwith depthmaps,suchas3D warping[25], andlayered-depthimages
(LDI) [38], LDI tree[5], etc.,themodelconsistsof asetof imagesof asceneandtheirassociateddepthmaps.Whendepth
is availablefor everypoint in animage,theimagecanberenderedfrom any nearbypointof view by projectingthepixels
of theimageto their proper3D locationsandre-projectingthemontoa new picture. For many syntheticenvironments
or objects,it is not difficult to keepthe depthinformation during the renderingprocess. However, obtainingdepth
informationfrom realimagesis hardevenfor thestate-of-artvisionalgorithms.
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Figure1: Categoriesusedin thispaper, with representativemembers.
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Someimage-basedrenderingsystemsdo not requireexplicit geometricmodels.Rather, they requirefeature(such
aspoints)correspondencebetweenimages.For example,view interpolation[6] generatesnovel views by interpolating
opticalflow betweencorrespondingpoints.Ontheotherhand,view morphing[37] generatesin-betweencameramatrices
alongtheline of two original cameracenters,basedon point correspondences.Computervision techniquesareusually
usedto generatesuchcorrespondences.

At the otherextreme,light field renderingusesmany imagesbut doesnot requireany geometricinformationor
correspondence.Light field rendering[23] generatesanew imageof asceneby appropriatelyfiltering andinterpolating
a pre-acquiredsetof samples.Lumigraph[12] is similar to light field renderingbut it appliesapproximatedgeometry
to compensatefor non-uniformsamplingin orderto improve renderingperformance.Unlike light field andlumigraph
wherecamerasareplacedon a two-dimensionalgrid, the concentricmosaicsrepresentation[39] reducesthe amount
of databy capturinga sequenceof imagesalonga circle path. Light field rendering,however, hasa tendency to rely
on oversamplingto counterundesirablealiasingeffects in outputdisplay. Oversamplingmeansmore intensive data
acquisition,morestorage,andmoreredundancy.

How many imagesarenecessaryfor anti-aliasedrendering?This samplingquestionneedsto beansweredby every
image-basedrenderingsystem.Samplinganalysisin image-basedrendering,however, is a difficult problembecauseit
involvestheunraveling relationshipamongthreeelements:thedepthandtextureinformationof thescene,thenumber
of sampleimages,andthe renderingresolution. The answerto the samplinganalysisprovidesdesignprinciplesfor
image-basedrenderingsystems,in termsof trade-off betweentheimagesandthegeometryinformationneeded.

Theremainderof this paperis organizedasfollows. Threecategoriesof image-basedrenderingsystems,with no,
implicit, andexplicit geometricinformationrespectively, arepresentedin Sections2, 3, and4. The issueof trade-off
betweenimagesandgeometricinformationneededfor image-basedrenderingis discussedin Section5. Wealsodiscuss
compactrepresentationandefficient renderingtechniquesin Section6, andprovideconcludingremarksin Section7.

2 Renderingwith no geometry
In this section,we describerepresentative techniquesfor renderingwith unknown scenegeometry. Thesetechniques
rely on thecharacterizationof theplenopticfunction.

2.1 Plenopticmodeling
Theoriginal7D plenopticfunction[1] is definedastheintensityof light rayspassingthroughthecameracenteratevery
location � ��� � � � � �	� 
 ateverypossibleangle � � � ��
 , for everywavelength
 , at every time � , i.e.,

������� � � � � � � � � � � � � ��� 
	� � 
 � (1)

AdelsonandBergen[1] consideredoneof the tasksof earlyvision asextractinga compactandusefuldescription
of theplenopticfunction’s localproperties(e.g.,low orderderivatives). It hasalsobeenshown by [44] thatlight source
directionscanbeincorporatedinto theplenopticfunctionfor illumination control. By droppingout two variables,time� (thereforestaticenvironment)and light wavelength 
 (hencefixed lighting condition),McMillan andBishop [28]
introducedplenopticmodelingwith the5D completeplenopticfunction,

������� � ��� � ��� � ��� � � � �	
 � (2)

Thesimplestplenopticfunctionis a2D panorama(cylindrical [7] or spherical[43]) whentheviewpoint is fixed,

������� � � � �	
 � (3)

Andaregularimage(with alimited field of view) canberegardedasanincompleteplenopticsampleatafixedviewpoint.
Image-basedrendering,therefore,becomesoneof constructingacontinuousrepresentationof theplenopticfunction

from observeddiscretesamples(completeor incomplete).How to sampletheplenopticfunctionandhow to reconstruct
a continuousfunction from discretesamplesare importantresearchtopics. For example, the samplesusedin [28]
arecylindrical panoramas.Disparity of eachpixel in stereopairsof cylindrical panoramasis computedandusedfor
generatingnew plenopticfunctionsamples.Similar work on regularstereopairscanbefoundin [20].
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Figure2: Representationof a light 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/Sphericalpanorama

Figure3: A taxonomyof plenopticfunctions.

2.2 Light field and lumigraph
It wasobservedin bothlight-field rendering[23] andlumigraph[12] systemsthataslongaswestayoutsidetheconvex
hull (or simply a boundingbox) of an object,1 we cansimplify the 5D completeplenopticfunction to a 4D lightfield
plenopticfunction, ������� � ��� ��� � � � 
 � (4)

where � ��� � 
 and � � � � 
 parameterizetwo parallelplanesof theboundingbox,asshown in Figure2. To haveacomplete
descriptionof the plenopticfunction for the boundingbox, six setsof suchtwo-planesareneeded.More restricted
versionsof lumigraphhave alsobeendevelopedby Sloanet al. [41] andKatayamaet al [19]. The cameramotion is
restrictedto astraightline.

In thelight field system,a capturingrig is designedto obtainuniformly sampledimages.To reducealiasingeffect,
the light field is pre-filteredbeforerendering.A vectorquantizationschemeis usedto reducetheamountof dataused
in light field rendering,yet achieving randomaccessandselective decoding.On theotherhand,the lumigraphcanbe
constructedfrom a setof imagestaken from arbitrarily placedviewpoints. A re-binningprocessis thereforerequired.
Geometricinformationis usedto guidethechoicesof thebasisfunctions.Becauseof theuseof geometricinformation,
samplingdensitycanbereduced.

2.3 Concentric mosaics
Obviouslythemoreconstraintswehaveonthecameralocation � � � � � � � � � 
 , thesimplertheplenopticfunctionbecomes.
If wewantto captureall viewpoints,weneedacomplete5D plenopticfunction.As soonaswestayin aconvex hull (or
converselyviewing from aconvex hull) freeof occluders,wehavea4D lightfield. If wedonotmoveatall, wehavea2D
panorama.An interesting3D parameterizationof theplenopticfunction,calledConcentricMosaics[39] , is proposed
by ShumandHe wherethecameramotionis constrainedalongconcentriccircleson a plane.A taxonomyof plenoptic
functionsis shown in Figure3.

1Thereverseis alsotrueif cameraviewsarerestrictedinsideaconvex hull.
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Figure4: Renderinga lobby: rebinnedconcentricmosaic(a)at therotationcenter;(b) at theoutermostcircle; (c) at the
outermostcirclebut lookingat theoppositedirectionof (b); (d) parallaxchangebetweentheplantandtheposter.

By constrainingcameramotion to planarconcentriccircles,concentricmosaicscanbecreatedby compositingslit
imagestakenatdifferentlocationsof eachcircle. Concentricmosaicsindex all inputimageraysnaturallyin 3parameters:
radius,rotationangleandverticalelevation. Novel views arerenderedby combiningtheappropriatecapturedraysin
anefficient mannerat renderingtime. Althoughverticaldistortionsexist in therenderedimages,they canbealleviated
by depthcorrection.Concentricmosaicshave goodspaceandcomputationalefficiency. Comparedwith a lightfield or
lumigraph,concentricmosaicshavemuchsmallerfile sizebecauseonly a3D plenopticfunctionis constructed.

Mostimportantly, concentricmosaicsareveryeasytocapture.Capturingconcentricmosaicsisaseasyascapturinga
traditionalpanoramaexceptthatconcentricmosaicsrequiremoreimages.By simplyspinninganoff-centeredcameraon
a rotarytable,we canconstructconcentricmosaicsfor a realscenein 10 minutes.Like panoramas,concentricmosaics
do not requirethe difficult modelingprocessof recovering geometricandphotometricscenemodels. Yet concentric
mosaicsprovide a muchricher userexperienceby allowing the userto move freely in a circular region andobserve
significantparallaxandlighting changes.Theeaseof capturingmakesconcentricmosaicsveryattractiveandusefulfor
many virtual realityapplications.

Renderingof a lobbyscenefrom capturedconcentricmosaicsis shown in Figure4. A rebinnedconcentricmosaicat
therotationcenteris shown in Figure4(a),while two rebinnedconcentricmosaicstakenat exactly oppositedirections
areshown in Figure4(b)and(c), respectively. It hasalsobeenshown in [32] thatsuchtwo mosaicstakenfrom asingle
rotatingcameracansimulatea stereopanorama.In Figure4(d), strongparallaxcanbeseenbetweentheplantandthe
posterin therenderedimages.

2.4 Imagemosaicing
A completeplenopticfunctionatafixedviewpointcanbeconstructedfromincompletesamples.Specifically, apanoramic
mosaicis constructedby registeringmultipleregularimages.For example,if thecamerafocal lengthis known andfixed,
onecanprojecteachimageto its cylindrical mapandtherelationshipbetweenthecylidrical imagesbecomesa simple
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Figure5: Tessellatedsphericalpanoramacoveringthenorthpole(constructedfrom 54 images).

translation.For arbitrarycamerarotation,onecanfirst registertheimagesby recoveringthecameramovement,before
convertingto afinal cylindrical/sphericalmap.

Many systemshavebeenbuilt to constructcylindrical andsphericalpanoramasby stitchingmultipleimagestogether,
e.g.,[24, 42, 7, 28, 43] amongothers.Whenthecameramotion is very small, it is possibleto put togetheronly small
stripesfrom registeredimages,i.e.,slit images(e.g.,[46, 33]), to form a largepanoramicmosaic.Capturingpanoramas
is eveneasierif omnidirectionalcameras(e.g.,[30, 29]) or fisheye lens[45] areused.

SzeliskiandShum[43] presenteda completesystemfor constructingpanoramicimage mosaicsfrom sequencesof
images. Their mosaicrepresentationassociatesa transformationmatrix with eachinput image,ratherthanexplicitly
projectingall of the imagesontoa commonsurface(e.g.,a cylinder). In particular, to constructa full view panorama,
a rotational mosaicrepresentationassociatesa rotationmatrix (andoptionally a focal length)with eachinput image.
A patch-basedalignmentalgorithmis developedto quickly align two imagesgiven motion models. Techniquesfor
estimatingandrefiningcamerafocal lengthsarealsopresented.

In order to reduceaccumulatedregistrationerrors,global alignment(block adjustment) is appliedto the whole
sequenceof images,which resultsin an optimally registeredimagemosaic. To compensatefor small amountsof
motionparallaxintroducedby translationsof thecameraandotherunmodeleddistortions,alocalalignment(deghosting)
technique[40] warpseachimagebasedon the resultsof pairwiselocal imageregistrations. Combiningboth global
andlocal alignmentsignificantlyimprovesthequality of our imagemosaics,therebyenablingthecreationof full view
panoramicmosaicswith hand-heldcameras.

A tessellatedsphericalmapof the full view panoramais shown in Figure5. Threepanoramicimagesequencesof
a building lobby weretakenwith thecameraon a tripod tilted at threedifferentangles(with 22 imagesfor themiddle
sequence,22 imagesfor theuppersequence,and10 imagesfor thetopsequence).Thecameramotioncoversmorethan
two thirdsof theviewing sphere,includingthetop.

3 Renderingwith implicit geometry
Thereis a classof techniquesthatrelieson positionalcorrespondencesacrossa smallnumberof imagesto rendernew
views. This classhasthe term implicit to expressthe fact that geometryis not directly available; 3D information is
computedonly usingtheusualprojectioncalculations.New views arecomputedbasedon directmanipulationof these
positionalcorrespondences,whichareusuallypoint features.

3.1 View interpolation
Fromtwo input images,givendenseopticalflow betweenthem,ChenandWilliams’ view interpolationmethod[6] can
reconstructarbitraryviewpoints.Thismethodworkswell whentwo inputviewsarecloseby, sothatvisibility ambiguity
doesnot posea seriousproblem.Otherwise,flow fieldshave to beconstrainedsoasto prevent foldovers. In addition,
whentwo views arefar apart,the overlappingpartsof two imagesbecometoo small. ChenandWilliams’ approach
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worksparticularlywell whenall the input imagessharea commongazedirection,andtheoutputimagesarerestricted
to haveagazeanglelessthan90degrees.

Establishingflow fields for view interpolationcan be difficult, in particular for real images. Computervision
techniquessuchasfeaturecorrespondenceor stereomustbeemployed. For syntheticimages,flow fieldscanbeobtained
from theknown depthvalues.

3.2 View morphing
Fromtwo input images,SeitzandDyer’s view morphingtechnique[37] reconstructsany viewpoint on theline linking
two opticalcentersof theoriginal cameras.Intermediateviewsareexactly linearcombinationsof two viewsonly if the
cameramotionassociatedwith theintermediateviewsareperpendicularto thecameraviewing direction.If thetwo input
imagesarenot parallel,a pre-warpstagecanbeemployedto rectify two input imagessothatcorrespondingscanlines
areparallel.Accordingly, a post-warpstagecanbeusedto un-rectifytheintermediateimages.Scharstein[36] extends
this framework to cameramotionin aplane.Heassumes,however, thatthecameraparametersareknown.

3.3 Transfer methods
Transfermethods(atermusedwithin thephotogrammetriccommunity)arecharacterizedby theuseof arelatively small
numberof imageswith theapplicationof geometricconstraints(eitherrecoveredat somestageor known a priori ) to
reprojectimagepixelsappropriatelyat a givenvirtual cameraviewpoint. Thegeometricconstraintscanbeof theform
of known depthvaluesat eachpixel, epipolarconstraintsbetweenpairsof images,or trifocal/trilinear tensors thatlink
correspondencesbetweentriplets of images. The view interpolationandview morphingmethodsabove areactually
specificinstancesof transfermethods.

LaveauandFaugeras[21] usea collectionof imagescalledreferenceviews andthe principle of the fundamental
matrix to producevirtual views. The new viewpoint, which is chosenby interactively choosingthe positionsof four
controlimagepoints,is computedusingareversemappingor raytracingprocess.For everypixel in thenew targetimage,
a searchis performedto locatethepair of imagecorrespondencesin two referenceviews. Thesearchis facilitatedby
usingtheepipolarconstraintsandthecomputeddensecorrespondences(alsoknown asimagedisparities)betweenthe
two referenceviews.

Notethat if thecamerais only weaklycalibrated,therecoveredviewpoint will bethatof a projective structure(see
[11] for moredetails). This is becausethereis a classof 3-D projectionsandstructuresthatwill result in exactly the
samereferenceimages.Sinceanglesandareasarenotpreserved,theresultingviewpointmayappearwarped.Knowing
theinternalparametersof thecameraremovesthisproblem.

If a trifocal tensor, which is a � �!� �!� matrix, is known for a set of threeimages,then given a pair of point
correspondencesin two of theseimages,athird correspondingpointcanbedirectlycomputedin thethird imagewithout
resortingto any projectioncomputation. This idea hasbeenusedto generatenovel views from either two or three
referenceimages[2].

Theideaof generatingnovelviewsfromtwoor threereferenceimagesis ratherstraightforward. First,the“reference”
trilinear tensoris computedfrom the point correspondencesbetweenthe referenceimages. In the caseof only two
referenceimages,oneof theimagesis replicatedandregardedasthe“third” image. If thecameraintrinsic parameters
areknown, thena new trilinear tensorcanbecomputedfrom theknown posechangewith respectto the third camera
location. Thenew view cansubsequentlybegeneratedusingthepoint correspondencesfrom thefirst two imagesand
thenew trilinear tensor. A setof novel viewscreatedusingthisapproachcanbeseenin Figure6.

4 Renderingwith explicit geometry
In this classof techniques,therepresentationhasdirect3D informationencodedin it, eitherin theform of depthalong
known lines-of-sight,or 3D coordinates.Themoretraditional3D texture-mappedmodelbelongsto this category (not
describedhere,sinceits renderingusestheconventionalgraphicspipeline).

4.1 3D warping
Whenthedepthinformationis availablefor everypoint in oneor moreimages,3D warpingtechniques(e.g.,[27]) canbe
usedto rendernearlyviewpoints.An imagecanberenderedfrom any nearbypointof view by projectingthepixelsof the
original imageto their proper3D locationsandre-projectingthemontothenew picture. Themostsignificantproblem
in 3D warpingis how to dealwith holesgeneratedin the warpedimage. Holesaredueto the differenceof sampling
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Figure6: Exampleof visualizingusingthetrilinear tensor:Theleft-mosttwo imagesarethereferenceimages,with the
restsynthesizedatarbitraryviewpoints.

resolutionbetweentheinputandoutputimages,andthedisocclusionwherepartof thesceneis seenby theoutputimage
but not by the input images.To fill in holes,themostcommonlyusedmethodis to splata pixel in the input imageto
severalpixelssizein theoutputimage.

4.1.1 Relief texture
To improvetherenderingspeedof 3D warping,thewarpingprocesscanbefactoredinto arelatively simplepre-warping
stepanda traditionaltexturemappingstep.Thetexturemappingstepcanbeperformedby standardgraphicshardware.
This is the ideabehindrelief texture, a techniqueproposedby Oliveira andBishop[31]. Similar factoringapproach
hasbeenproposedby Szeliskiin a two-stepalgorithm[38] wherethedepthis first forwardwarpedbeforethepixel is
backwardmappedontotheoutputimage.

4.1.2 Multiple-center-of-projection images
The 3D warping techniquescanbe appliednot only to the traditionalperspective images,but alsomulti-perspective
imagesaswell. For example,RademacherandBishop[35] proposedto rendernovel viewsby warpingmultiple-center-
of-projectionimages,or MCOPimages.

4.2 Layereddepth images
To dealwith thedisocclusionartifactsin 3D warping,Shadeetal. proposedLayeredDepthImage,or LDI [38], to store
not only what is visible in the input image,but alsowhat is behindthevisible surface. In LDI, eachpixel in the input
imagecontainsa list of depthandcolor valueswheretheray from thepixel intersectswith theenvironment.

ThoughLDI hasthe simplicity of warpinga singleimage,it doesnot considerthe issueof samplingrateor how
denselyshouldtheLDI be. Changet al. [5] proposedLDI treessothat thesamplingratesof thereferenceimagesare
preservedby adaptively selectinganLDI in theLDI treefor eachpixel. While renderingwith theLDI tree,only thelevel
of LDI treethatis thecomparableto thesamplingrateof theoutputimageneedto betraversed.

4.3 View-dependenttexturemaps
Texturemapsarewidelyusedin computergraphicsfor generatingphoto-realisticenvironments.Texture-mappedmodels
canbecreatedusingaCAD modelerfor asyntheticenvironment.For realenvironments,thesemodelscanbegenerated
usinga 3D scanneror applyingcomputervision techniquesto capturedimages.Unfortunately, vision techniquesare
not robustenoughto recover accurate3D models.In addition,it is difficult to capturevisualeffectssuchashighlights,
reflections,andtranspency usingasingletexture-mappedmodel.

7



Depth and
texture
information

Image
samples

Render ing
resolution

Figure7: Plenopticsampling.Quantitative analysisof the relationshipsamongthreekey elements:depthandtexture
information,numberof input images,andrenderingresolution.

To obtainthesevisualeffectsof a reconstructedarchitecturalenvironment,Debevecet al. [9] usedview-dependent
texturemappingto rendernew views,by warpingandcompositingseveralinput imagesof anenvironment.A three-step
view-dependenttexturemappingmethodwasalsoproposedlaterbyDebevecetal. [8] to furtherreducethecomputational
costandto have smootherblending.This methodemploys visibility preprocessing,polygon-view maps,andprojective
texturemapping.

5 Trade-off betweenimagesand geometry
Renderingwith nogeometryisexpensivein termsof acquiringandstoringthedatabase.Ontheotherhand,usingexplicit
geometry, while morecompact,maycompromiseoutputvisualquality. So,an importantquestionis, what is theright
mix of imagesamplingsizeandquality of geometricinformationrequiredto satisfya mix of quality, compactness,and
speed?Partof thatquestionmaybeansweredby analyzingthenatureof plenopticsampling.

5.1 Plenopticsamplinganalysis
Many image-basedrenderingsystems,especiallylight fieldrendering[23,12,39], haveatendency torelyonoversampling
to counterundesirablealiasingeffects in outputdisplay. Oversamplingmeansmoreintensive dataacquisition,more
storage,andmoreredundancy. Samplinganalysisin image-basedrenderingis a difficult problembecauseit involves
theunravelingrelationshipamongthreeelements:thedepthandtextureinformationof thescene,thenumberof sample
images,andtherenderingresolution,asshown in Figure7.

Chaietal. [4] recentlystudiedplenopticsampling, orhow many imagesareneededfor plenopticmodeling.Plenoptic
samplingcanbestatedas:

Howmanyimagesamples(e.g., froma 4D light field)andhowmuch geometricandtextural informationare
neededto generatea continuousrepresentationof theplenopticfunction?

Specifically, thefollowing two problemsarestudiedunderplenopticsampling:

" Minimum samplingratefor light field rendering;

" Minimum samplingcurve in thejoint imageandgeometryspace.

Chai et al. formulatethe questionof samplinganalysisasa high dimensionalsignalprocessingproblem. Rather
thanattemptingto obtaina closed-formgeneralsolutionto the # $ light field spectralanalysis,they only analyzethe
boundsof thespectralsupportof thelight field signals.A key observationto bepresentedin thispaperis thatthespectral
supportof a light field signalis boundedby only theminimumandmaximumdepths,irrespective of how complicated
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Figure8: Minimum sampling:(a) theminimumsamplingratein imagespace;(b) theminimumsamplingcurve in the
joint imageandgeometryspace;(c) minimumsamplingcurvesatdifferentrenderingresolutions.

the spectralsupportmight be becauseof depthvariationsin the scene.Given the minimum andmaximumdepths,a
reconstructionfilter with anoptimalandconstantdepthcanbedesignedto achieveanti-aliasedlight field rendering.

Theminimumsamplingrateof light field renderingis obtainedby compactingthe replicasof thespectralsupport
of thesampledlight field within thesmallestinterval after theoptimalfilter is applied. How small the interval canbe
dependson the designof the optimal filter. More depthinformationresultsin tighter boundsof the spectralsupport,
thusa smallernumberof images.Plenopticsamplingin the joint imageandgeometryspacedeterminestheminimum
samplingcurve which quantitatively describesthe relationshipbetweenthenumberof imagesandthe informationon
scenegeometryundera given renderingresolution. This minimal samplingcurve servesasthe designprinciplesfor
IBR systems.Furthermore,it bridgesthegapbetweenimage-basedrenderingandtraditionalgeometry-basedrendering.
Minimum samplingrateandminimumsamplingcurvesareillustratedin Figure8.

Thereareanumberof techniquesthatcanbeappliedto reducethesizeof therepresentation;they areusuallybasedon
localcoherency eitherin thespatialor temporaldomains.Thefollowing subsectionsdescribesomeof thesetechniques.

5.2 Multiple viewpoint rendering
An approachthatbridgesthenotionsof thelight field or lumigraphand3D scenegeometryis whatHalle callsmultiple
viewpointrendering[13]. Assumingthatthe3D sceneis completelyknown, multipleviewpointscanbeprecomputedat
known cameraviewpointsandpreprocessedto takeadvantageof theperspectivecoherence(i.e.,thesimilarity of images
of astaticsceneatdifferentviewpoints).Thetool usedfor suchapurposeis theEPI [3] representation.In thiscase,the
EPI is asliceof spatio-perspectivespacecutparallelto thedirectionof cameramotion.

5.3 View-dependentgeometry
Another interestingrepresentationthat tradesoff geometryand imagesis view-dependentgeometry, first usedin the
context of 3D cartoons[34]. Wecanpotentiallyextendthis ideato representrealor synthetically-generatedscenesmore
compactly. As describedin [18], view-dependentgeometryis usefulto accommodatethefactthatstereoreconstruction
errorsarelessvisible duringlocal viewpoint perturbations,but mayshow dramaticeffectsover largeview changes.In
areaswherestereodatais inaccurate,they suggestthatwemaywell representtheseareaswith view-dependentgeometry,
whichcomprisesasetof geometryextractedatvariouspositions(in [34], thissetis manuallycreated).View-dependent
geometrymayalsobeusedto capturevisualeffectssuchashighlightsandtransparency, which arelikely to belocally
coherentin imageand viewpoint spaces.This areashouldbe a fertile one for future investigation with potentially
significantpayoffs.

5.4 Dynamically reparameterizedlight field
Recently, Isaksenetal. [14] proposedthenotionof dynamicallyreparameterizedlight fieldsby addingtheability to vary
theapparentfocuswithin a light field usingvariableapertureandfocusring. Comparedwith theoriginal 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
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multiple focusplanesareusedfor a scene,a scoringalgorithmis usedbeforerenderingto determinewhich focusplane
is usedduringrendering.

While this methoddoesnot needto recover actualor approximategeometryof thescenefor focusing,it doesneed
to assignwhich focusplaneto beused.Thenumberof focalplanesneededis notdiscussed.

6 Discussion
Image-basedrenderingis anareathatstraddlesbothcomputervision andcomputergraphics.Thecontinuumbetween
imagesand geometryis evident from the image-basedrenderingtechniquesreviewed in this article. However, the
emphasisof this articleis moreon theaspectof renderingandnot somuchon image-basedmodeling.Otherimportant
topicssuchaslighting andanimationarealsonot treatedhere.

In this review, image-basedtechniquesaredividedbasedon how muchgeometricinformationhasbeenused,i.e.,
whetherthemethodusesexplicit geometry(e.g.,LDI), implicit geometryor correspondence(e.g.,view interpolation),
or no geometryat all (e.g., light field). Othermethodsof dividing image-basedrenderingtechniqueshave alsobeen
proposedby others,suchason thenatureof thepixel indexing scheme[15].

Thereremainmany challengesin image-basedrendering,including:

1. Efficient representation

Whatis very interestingis thetrade-off betweengeometryandimagesneededto usefor anti-aliasedimage-based
rendering.Many image-basedrenderingsystemshavemadetheirchoicesonwhetheraccurategeometryandhow
muchgeometricinformationshouldbeused.Plenopticsamplingprovidesa theoreticalfoundationfor designing
image-basedrenderingsystems.

Both light field renderingandlumigraphavoidedthe featurecorrespondenceproblemby collectingmany light
rayswith known cameraposes.With the help of a speciallydesignedrig, they arecapableof generatinglight
fields for objectssitting on a rotary table. Cameracalibrationwith marked featureswasusedin the lumigraph
systemto recover cameraposes.Unfortunately, theresultinglight field/lumigraphdatabaseis very largeevenfor
a smallobject(thereforesmall convex hull). Walkthroughof a realsceneusinglightfield hasnot yet beenfully
demonstrated.

Becauseof thelargeamountof datausedto representthe4D function,lightfield compressionis necessary. It also
makessenseto compressit becauseof thespatialcoherency amongall capturedimages.

2. Renderingperformance

How would oneimplementthe “perfect” renderingengine?Onepossiblewould be to utilize currenthardware
acceleratorstoproduce,say, anapproximateversionof anLDI oraLumigraphby replacingit with view-dependent
texture-mappedsprites.Thealternative is to designnew hardwareacceleratorsthatcanhandlebothconventional
renderingand IBR. An examplein this direction is the useof PixelFlow to renderimage-basedmodels[26].
PixelFlow [10] is ahigh-speedimagegenerationarchitecturethatis basedon thetechniquesof object-parallelism
andimagecomposition.

3. Capturing

Panoramasarerelatively notdifficult to construct.Many previoussystemshavebeenbuilt to constructcylindrical
andsphericalpanoramasby stitchingmultiple imagestogether(e.g.,[24, 42, 7, 28, 43]). Whenthecameramotion
is verysmall,it is possibleto puttogetheronly smallstripesfrom registeredimages,i.e.,slit images(e.g.,[46, 33]),
to form a largepanoramicmosaic.Capturingpanoramasis eveneasierif omnidirectionalcameras(e.g.,[30, 29])
or fisheye lens[45] areused.

It is, however, verydifficult to constructacontinuous5D2 completeplenopticfunction[28, 17] becauseit requires
solving thedifficult featurecorrespondenceproblem. TheQuickTimeVR system[7] simply enablestheuserto
discretizethe3D spaceinto anumberof samplenodes.Theusercanonly jumpbetweensamples.

Image-basedrenderingcanhavemany interestingapplications.Two scenarios,in particular, areworthpursuing:
2To dateno onehasyet shown collectionof 7D completeplenopticfunctions,even thoughwanderingin a dynamicenvironmentwith varying

lighting conditionis avery interestingproblem.
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" Largeenvironments.

Many successfultechniques,e.g.,light field, concentricmosaics,haverestrictionsonhow muchausercanchange
hisviewpoint. For largeenvironment,QuickTimeVR is still themostpopularsystemdespitethevisualdiscomfort
causedby hot-spotjumpingbetweenpanoramas.Thiscanbealleviatedby having multiplepanoramicclustersand
enablingsingleDOFtransitioningbetweentheseclusters[16], but motionis neverthelessstill restricted.To move
aroundin a largeenvironment,onehasto combineimage-basedtechniqueswith geometry-basedmodels,in order
to avoid excessiveamountof datarequired.

" Dynamicenvironments.

Until now, mostof image-basedrenderingsystemshavebeenfocusedonstaticenvironments.With thedevelopment
of panoramicvideosystems,it is conceivablethatimage-basedrenderingcanbeappliedto dynamicenvironments
aswell. Two issuesmustbestudied:sampling(how many imagesshouldbecaptured),andcompression(how to
reducedataeffectively).

7 Concluding remarks
Wehavesurveyedrecentdevelopmentsin theareaof image-basedrendering,andin particular, categorizedthembasedon
theextentof useof geometricinformationin rendering.Geometryis usedasameansof compressingrepresentationsfor
rendering,with thelimit beingasingle3Dmodelwith asinglestatictexture.Whilethepurelyimage-basedrepresentations
havetheadvantageof photorealisticrendering,they comewith thehighcostsof dataacquisitionandstoragerequirements.

Demandsonrealisticrendering,compactnessof representation,speedof rendering,andcostsandlimitationsof com-
putervisionreconstructiontechniquesforcethepracticalrepresentationto befall somewherebetweenthetwo extremes.
It is clearfrom oursurvey thatIBR andthetraditional3D model-basedrenderingtechniqueshavecomplimentarycharac-
teristicsthatcanbecapitalized.As aresult,webelieve thatit is importantthatfuturerenderinghardwarebecustomized
to handleboththetraditional3D model-basedrenderingaswell asIBR.
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