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Abstract

Theuseof detailedgeometricmodelsis a critical factorfor achieving realismin mostcom-
putergraphicsapplications.In thepastfew years,we have observedan increasingdemand
for faithful representationsof realscenes,primarily drivenby applicationswhosegoal is to
createextremelyrealisticexperiencesby building virtual replicasof realenvironments.Po-
tentialusesof this technologyincludeentertainment,trainingandsimulation,specialeffects,
forensicanalysis,andremotewalkthroughs.Creatingmodelsof real scenesis, however, a
complex task for which the useof traditionalmodelingtechniquesis inappropriate.Aim-
ing to simplify themodelingandrenderingtasks,several image-basedtechniqueshave been
proposedin recentyears. Among these,the combineduseof laserrange�ndersandcolor
imagesappearsasonethemostpromisingapproachesdueto its relative independenceof the
sampledgeometryandshortacquisitiontime. Renderingsof scenesmodeledwith sucha
techniquecanpotentiallyexhibit anunprecedenteddegreeof photorealism.But beforeone
canactuallyrendernew views of thesevirtualizedenvironments,severalchallengesneedto
beaddressed.This tutorialprovidesanoverview of themainissuesassociatedwith themod-
eling andrenderingof realenvironmentssampledwith laserrange�nders,anddiscussesthe
maintechniquesusedto addressthesechallenges.
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ModelingandRenderingof RealEnvironments

Resumo

O usode modelosgeoḿetricosdetalhadośe um fator cŕ�tico paraobtenç̃ao de realismona
maioriadasaplicaç̃oesem computac¸ão grá�ca. Recentemente,tem-seobservadoumade-
mandacrescentepor representac¸ões�dedignasdecenasreais.Issosedeve, principalmente,
aointeresseporaplicaç̃oesqueobjetivamacriaç̃aodeexperîenciasextremamentereaĺ�sticas
atravésda construc¸ão de réplicasvirtuais de ambientesreais. Exemplosde tais aplicaç̃oes
incluementretenimento,treinamentoe simulaç̃ao,efeitosespeciais,ańaliseforênsica,e ex-
ploraç̃aodeambientesremotos.Entretanto,a criaç̃aodemodelosdeambientesreaisé uma
tarefa não trivial paraa qual o usode técnicasde modelagemtradicionaisé inapropriado.
Objetivandosimpli�car o processodemodelageme renderingnessescasos,váriastécnicas
baseadasnousodeimagensforampropostasnosúltimosanos.Entreessas,o usocombinado
dedigitalizadores3D a basede lasere de fotogra�as coloridastemsemostradocomouma
dasabordagensmaispromissorasdevido �a suarelativa independ̂enciaemrelaç̃ao �assuper�-
ciesaseremamostradase �avelocidadedoprocessodeamostragem.A visualizaç̃aodecenas
reconstrú�dasutilizandoessatécnicapermite,teoricamente,a obteç̃ao de um graude foto-
realismosemprecedentes.Masantesquesepossaexploraressesambientesvirtuais,várias
etapasprecisamserobservadaseváriosdesa�ossuperados.Estetutorialapresentaosprinci-
paisaspectosrelacionados�amodelagemerenderingdeambientesreaisamostradospormeio
dedigitalizadores3D abasedelaserediscuteasprincipaistécnicasutilizadas.

1 Intr oduction

Modelsof real-world objectsandscenesarebecomingfundamentalcomponentsof mod-
ern computergraphicsapplications,playing an importantrole in helping to createrealis-
tic virtual experiences.Applicationssuchas entertainment,training and simulation,spe-
cial effects,analysisof forensicrecords,telepresence,andremotewalkthroughscangreatly
bene�t from the availability of suchmodels. However, the modelingof real scenesis a
non-trivial taskfor which the useof traditionalmodelingtechniquesis inappropriate.Try-
ing to overcomethis problem,several image-basedtechniqueshave beenproposedin recent
years[7, 17, 30, 55, 71, 72, 88]. Amongthese,theuseof laserrange�nderscombinedwith
color photographsseemsto be onethe mostpromisingapproachesdueto its relative inde-
pendenceof thesampledgeometryandshortacquisitiontime. Renderingsof scenesrecon-
structedusingthisapproachcanpotentiallydisplayanunparalleleddegreeof photorealism.

Samplinga real environmentis just the beginning of the scenereconstructionprocess,
andbeforeonecanexplorethesevirtualizedspaces,severalchallengesneedto beaddressed.
For example,to cover the entireenvironment,multiple datasetsareusuallyacquiredfrom
differentviewpoints,andneedto beintegrated.Measurementsproducedby laserrange�nders
are inherentlynoisy, and somepreprocessingis requiredto “clean” the data. Rangeand
color informationareoften capturedusingdifferentdevices,andmustbe registered. The
outputproducedby the previous stagesis still a point cloud, andsurfacereconstructionis
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requiredif themodelsareto bedisplayedaspolygonalmeshes.In many situations,despite
databeing collectedfrom several viewpoints, it may still not be possible,or practical, to
guaranteeappropriatesamplingfor all surfaces:occlusionsandaccessibilitylimitations to
certainregionsof thescenemaycausesomeareasnot to besampled,resultingin incomplete
models.In thesecases,it is desirableto reconstructthemissinggeometryandtexture from
theincompletedataavailable.Anotherchallengeinvolvesthemanagementof largeamounts
of samples.Datasetswith severalhundredmegabytesin sizearecommon,andout-of-core,
simpli�cation, andparallelizationtechniquesareusedto achieve interactive renderings.The
ability to edit the resultingscenesis alsohighly desirable. Ideally, oneshouldbe able to
manipulateindividual objects,positioning,scaling,saving, loading,andcombiningthemto
createnew scenes,asif they wereconventional3D models.

This tutorial discussesthe major issuesassociatedwith the modelingandrenderingof
realenvironmentssampledusinglaserrange�nders,anddiscussesthemaintechniquesused
to addressthe many associatedchallenges.It startsby describingthe stepsinvolved in 3D
modelacquisitionpipeline,which includesrangeacquisition(Section2), textureacquisition
(Section3), andreconstructionof non-sampledareas(Section4). Sceneediting is alsodis-
cussedin Section4. Section5 presentsrenderingstrategiesfor handlingmassive amounts
of sampledata. Section6 discussessomeof the researchchallengesahead:the issuesof
inconsistentilluminationamongsetsof photographs,lighting changes,andreconstructionof
non-stochastictextures.Finally, Section7 summarizesthekey ideasdiscussedin thissurvey.

2 RangeAcquisition

In thissection,wedescribetherangeacquisitionphaseof themodelacquisitionpipeline.
First, we give a brief overview of rangeacquisitionmethods. Then, we describehow to
registermultiple rangedatasetsin acommoncoordinatesystem.Finally, wedescribehow to
�lter theacquisitionartifactsin therangedatasets.

2.1 RangeAcquisition Methods

Thereare many different methodsfor rangeacquisition(Figure 1). Curless[29] and
Rusinkiewicz [91, 92] classifythesemethodsinto threemaincategories:contact,transmis-
sive,andre�ective methods.

Contactmethodstouchthe surfaceof the objectwith a probe,andrecordthe position.
Contactmethods,e.g.,coordinatemeasuringmachines(CMMs), canbe very accurate,but
they areslow, canbeclumsyto manipulate,usuallyrequireahumanoperator, andmustmake
contactwith thesurface,whichmaybeundesirablefor fragileobjects[29].

Transmissive methodsprojectenergy wavesonto an object,andrecordthe transmitted
energy. For example,industrialcomputertomography (CT) projectsx-raysonto an object,
andmeasurestheamountof radiationthatpassesthroughit. Theresultis a high resolution
volumetricmodelof theobject.Transmissivemethodsarelargely insensitive to there�ective
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Figure 1: Classi�cation of rangeacquisitionmethods. Adaptedfrom Curless[29] and
Rusinkiewicz [92]. In this tutorial,we focusonopticaltimeof �ight methods.

propertiesof theobject,andthey cancapturedetailsnotvisiblefrom theoutside.Ontheother
hand,transmissivemethodsareexpensive,sensitiveto largevariationin materialdensity, and
pontentiallyhazardous[29].

Re�ective methodsmay be non-opticalor optical. Non-opticalmethodsincludesonar
andmicrowave radar, which measurethedistanceto anobjectby sendinga pulseof sound
or microwaveenergy to theobject,andrecordingthethetime it takesfor thepulseto bounce
backfrom theobject.Sonarsaretypically inexpensive,but they areneitherveryaccuratenor
very fast,andmicrowave radarsaretypically usedfor long rangeremotesensing.

Opticalmethodsmaybepassiveor active. Passivemethodsdonot interactwith theobject
beingscanned,andincludecomputervisiontechniquessuchasshape-from-shadingfor single
images,stereotriangulationfor pairsof images,andoptical �o w andfactorizationmethods
for video streams.Although passive methodsrequirelittle specialpurposehardware, they
rarelyconstructaccuratemodels,andtheirmainapplicationis objectrecognition[29, 92].
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Active optical methodsproject light onto an object in a structuredmanner, and deter-
mine the object's shapefrom the re�ections. Active optical methodsinclude depthfrom
defocus[79], photometricstereo[90], projected-lighttriangulation[47, 91], and time of
�ight [1, 2]. Active methodshave several advantagesover passive methods:active meth-
ods perform betterin the absenceof texture, are computationallyinexpensive and robust,
and producedenseand accuratesetsof rangesamples[91]. In this tutorial, we focus on
time-of-�ight laserrangescanning.

2.2 Registration of Multiple RangeDatasets

A singlescanusuallycontainsholesdueto occlusion,andsamplesnearandfarobjectsat
differentresolutions.Thus,to geta morecompletemodel,or to obtaina moreuniform reso-
lution, we needto scantheenvironmentfrom multiple locations.Automaticallydetermining
the bestsetof locationsfor scanningis a hardproblem[38, 85]. The simplestapproachis
to selectthescanninglocationsmanually, trying to minimizethenumberof scansnecessary
for a goodcoverageof theenvironment,andmakingsurethatthereis someoverlapbetween
thescans[24]. After we have a setof scans,we needto align themin a commoncoordinate
system.Mostapproaches�rst �nd aninitial globalalignment,andthenre�ne it.

Thereare several approachesfor �nding an initial alignmentbetweena pair of scans.
High-endsystems,suchascoordinatemeasuringmachines(CMM), employ accuratetrack-
ing, but thesesystemsare often very expensive. Somelow-end systems�nd the initial
alignmentby performingthe scanningusinga turntable,which tendsto constrainthe use
of this approachto small objects. Other low-endsystems[24] rely on a humanoperator,
who usesan interactive tool to selectmatchingfeatureson eachscan. From the match-
ing features,a rigid transformationis computedthat alignsthe two scans[52]. Automatic
featuredetection,althoughdesirable,is a hardproblem,and is currentlyan active areaof
research[27, 44, 54, 89, 127].

The initial globalalignmentis typically not very accurate,andneedsto bere�ned. The
most commonapproachto re�ne the initial alignmentis the iterative closestpoint (ICP)
algorithmandits variants[14, 18, 94, 128]. The ICP algorithmconsistsof two mainsteps.
Giventwo setsof points,the�rst stepis to identify pairsof candidatescorrespondingpoints,
andthesecondstepis to computea transformationthatminimizesthedistancebetweenthe
two setsof candidatepointsin the least-squaressense.Thesestepsarerepeateduntil some
convergencecriterionis met.

ICP typically providesvery accuratealignments,andconvergesfast,but it maygetstuck
in localminima.Anotherpotentialproblemwith ICPis thatsequentialalignmentof multiple
scansmaysuffer from accumulationof pair-wiseerrors.To avoid thisproblem,somesystems
useanchorscans,andalignadditionalscansto theanchorscans.Othersystemsemploy error
diffusion to evenly distribute the error amongthe scans. Bernardiniand Rushmeier[13]
review severalapproachesto avoid accumulationof pair-wiseerrors.
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(a) (b) (c) (d) (e)

Figure2: Thenoiseremoval process.(a) In 2D, a moving leastsquarescurve (black) [6] is
computedfrom noisysamplepoints(gray). (b) Noisy scanof a 3D object. (c)-(e)Progres-
sively smootherversionsof (b). Imagescourtesyof ShacharFleishman,Tel Aviv University.

2.3 RangeData Filtering

The raw dataprovided by a 3D scannermay containseveral artifacts,including noise,
differencein resolutionbetweennearandfar surfaces,anddistortionsdueto intensitybias.
Many researchershavestudiedtheartifactsrelatedto triangulationscanners[49, 80, 95, 103,
110]. Herewe focusonartifactsrelatedto opticaltime-of-light scanners[2, 24].

A typical time-of-�ight scanner, suchastheDeltaSphere-3000[2], returnsasetof points,
eachpoint consistingof its sphericalcoordinates(r;q; f ) and the intensity i of the energy
returnedfrom that point. We thus usethe term “rtpi sample” to refer to a point sample
capturedby suchascanner.

Oneartifact relatedto optical time-of-�ight scannersis intensitybias: pointswith too
low or too high intensity tend to have unreliableradius. One approachto minimize the
intensity bias of the scanneris to scana calibrationpattern,and build a correctiontable.
Corr̂eaet al. [24] usea calibrationimagethat changeslinearly from black to white, andis
surroundedby a white background.Theimageis placedon a �at surface,andthenscanned.
From the scan,a biascorrectiontablethat is usedfor correctingsubsequentscansis built.
Thenoisedistribution in thescanis assumedto beof zeromean.Thebiasin thescanis in
the r part of an rtpi sample,not in f or q. The backgroundis consideredto be the ground
truth,andthebest(in theleastsquaressense)planethat �ts thebackgroundpointsis found.
A biasis computedfor every intensityvaluei 2 [0;255] astheaverageheightH i (relative to
theplane)of thesampledpointswith intensityi. After building thebiascorrectiontable,the
radiusr of everypoint is correctedby computingr0= r � H i .

Anotheracquisitionartifactis noise,whichmanifestitself asrandomerrorsin theposition
of surfacepoints (Figure2). Oneapproachto dealwith noiseis to averagesamplesfrom
overlappingscans[13]. Anotherapproachis to resamplethepointsbasedona localestimate
of the underlyingsurface. For example,Alexa et al. [6] and Corrêa et al. [24] apply the
moving leastsquares(MLS)projectionof Levin [63] to �lter thenoisyscans.
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3 TextureAcquisition

Section2 describedtheacquisitionof thegeometricpropertiesof a model. This section
focusonobjecttexture(colors)acquistion.Ideally, wewouldliketo haveacompletedescrip-
tion of how asurfacepoint re�ects light dependingon its normal,theincidentlight direction,
theemerging light direction,andthe light's wavelength.Sucha descriptionis known asthe
bidirectionalre�ectancedistribution function(BRDF)of asurface.MeasuringBRDFsaccu-
rately is a hardproblem[60, 125]. Herewe describea simpleapproachthatcapturessparse
samplesof BRDFs,suitablefor diffuseenvironments[24, 71].

Thesimplestapproachfor acquiringthetextureof anenvironmentis to takepicturesof it,
andthenmapthesephotographsontothepreviouslyacquiredgeometry. To mapaphotograph
to the geometry, we needto know the cameraprojectionparameters(intrinsic parameters),
and the position and orientationof the camerawhen the photographwas taken (extrinsic
parameters).Realcamerasdonot performa perfectperspective projectionasa pinholecam-
eradoes,andpresentmany kindsof distortions,e.g.,radialdistorsion.Onesolutionto this
problemis to modeltheactionof thedistorsions,andto �nd aninversemapping.A widely
usedmodelwasproposedby Tsai [108]. Tsai's cameramodelhas� ve intrinsic parameters,
namelythefocal length,the�rst-order coef�cient of radialdistortion,thecoordinatesof the
imagecenter, anda scalefactor. Oneway to calibratetheseintrinsic parametersis to take a
photographof a planarcheckerboardpatternwith known geometry, andthen�nd the image
locationof thecheckerboardcornerswith subpixel accuracy. Implementingthesealgorithms,
which requirefull non-linearoptimization,is fairly complex. Luckily, high quality imple-
mentationsareavailablefrom Willson [121] andBouguet[15].

After calibratingthe intrinsic cameraparameters,the processof acquiringthe images
goesasfollows. First, we take photographsof the environment,keepingthe samecamera
settingsfor all photographsto avoid having to recalibratetheintrinsic parameters.Then,for
eachphotograph,we �rst remove its radialdistortion,usinga warpbasedon thecoef�cient
foundabove,andthen�nd theposition(translation)andorientation(rotation)of thecamera
whenwe took thephotographrelative to anarbitraryglobalcoordinatesystem.

It is hardto automaticallysolve the image-geometryregistrationproblem. By specify-
ing pairs of correspondingpoints betweenthe imagesand the geometry, it is possibleto
�nd the extrinsic cameraparameters[121]. The approachtaken by McAllister et al. [71]
is to keepthecenterof projection(COP)of thecameracoincidentwith theCOPof the3D
scanner, while acquiringpanoramicimages.This simpli�es theregistrationproblemby only
requiringthecomputationof arotation.Furthermore,thisenforcesthatnoocclusionartifacts
arise. Corr̂eaet al. [24] usesan interactive programto specifycorrespondingpoints, typi-
cally requiringonly 7 to 10correspondencesto obtainagoodcalibrationof thecamera.One
advantageof thisapproachis thatit allows theuserto takepicturesfrom any position.

Onceall theparametershavebeenfound,it is straightforwardto mapthecolorsfrom the
photographto thescan(or scans)that it covers. For each3D point in a scancoveredby the
photograph,we�nd its 2D projectiononthecameraplane,andassignthecorrespondingpixel
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(a)photograph (b) scan

Figure3: Thetexture-geometryregistrationprocess.

color to it (Figure3). To supportview-dependenteffects(suchashighlights),we canstore
multiplecolor samplesperpoint,andat runtime�nd thecolorof apointby interpolatingthe
closestcolor samples[31].

4 Reconstructionof Non-SampledAr easand SceneEditing

Evenafterascenehasbeenscannedfrom severalviewpoints,it maystill notbepossible,
or practical,to guaranteeacompletecoverageof all surfaces.Occlusionsandscanneracces-
sibility limitationsto certainareasof theenvironmentmayleadto incompleteor incorrectly
reconstructedmodels. Figure4a shows the renderingof a real environmentcreatedusing
1,805,139samplesfrom tenrangeimages.Notethemissingportionsof thecarpet,chair, and
severalpiecesof furniture.Theseproblemsresultfrom thelimited vertical�eld of view used
during thescanningof thesceneandfrom occlusionsamongobjects.For this example,the
sceneis beingobservedfrom aviewpointchosento stresstheexposureof non-sampledareas.
Theexistenceof holesintroducesmajor renderingartifactsandcreatinghigh-qualityrecon-
structionsfrom incompletedatais achallengingtask[126]. Arbitrary geometricrelationships
amongobjectsin a scenemake theautomaticcomputationof viewpointsthatguaranteesap-
propriatesamplingof all surfacesessentiallyimpossible.Solvingthisproblemwouldrequire
knowing thescenemodel,which is whatthereconstructionprocessis trying to produce.As
a result,thedecisionof whereto positionthescanneris usuallyleft to theuser.
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(a)original scans (b) reconstructedmodel

Figure4: A realenvironmentmodelwith 1.8million samplesfrom 10 rangeimages.

Given the dif�culty to avoid the occurrenceof undesirableholes in the reconstructed
models,oneis left with two alternatives:keepacquiringmorescansor try to reconstructthe
missinginformationusingthe incompletedataavailable. Neitheralternative aloneis com-
pletelysatisfactoryin general.Holescausedby accessibilitylimitationscannotbe�lled with
theacquisitionof new scans,andtheability to performreconstructionfrom incompletedatais
highly dependenton theinput data.Ideally, bothapproachesshouldbeusedin combination.
Sinceacquiringandmerging new scansis a relatively straightforwardtask,we will focuson
reconstructionof missinginformationfrom incompletedata.

4.1 The ReconstructionPipeline

Wang and Oliveira [116] proposeda pipeline for improving scenereconstructionthat
cansigni�cantly reduceartifactscausedby missingdata. It consistsof a segmentationstep
followedby the reconstructionof absentgeometricandtextural information(Figure5). As
output, the pipeline producesa modi�ed scenemodel with most of the original holesre-
moved. Figure4b illustratesthe reconstructionproducedby the methodfor the sameinput
samplesusedto createFigure4a. Notetheconsiderableimprovementbetweenthetwo ren-
derings.Theability to reconstructmissinginformationrequiressomeassumptionsaboutthe
structureof theenvironment.Althoughscenestendto differ signi�cantly from oneto another,
two observationsseemto hold true: �rst, indoorscenesusuallycontaina signi�cant number
of large planarsurfaces,suchaswalls, ceiling, and�oor; second,symmetrypervadesboth
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Figure5: Thesegmentationandreconstructionpipeline

10 RITA � VolumeIX � Número1 � Agosto2002



ModelingandRenderingof RealEnvironments

human-createdandnaturalenvironments[48, 69, 119]. Theseobservationswereexploited
in thedesignof new algorithmsandtools thatsigni�cantly simplify thereconstructiontask.
Sinceabsentareasmaypossiblycontainarbitrarygeometryandtexture,reconstructionfrom
incompletedatais inherentlyambiguous.Thus,althoughmosttasksin thepipelineareper-
formed automatically, they requiresomeamountof user intervention. This is acceptable
giventhecostsanddif�culties still associatedwith thescanningof realenvironments.

Segmentationand Reconstructionof Planar Surfaces

Given the existenceof several algorithmsfor registrationof range,andrangeandcolor
data[14, 81, 87], it is assumedthat thedatapresentedasinput to thepipelinehave already
beenregistered(both rangeand color). The reconstructionprocessstartsby dividing the
original datasetinto planarandnon-planarsurfacesusinga 3D Houghtransform[119]. The
separationof theoriginaldatasetinto two non-overlappinggroupsgreatlysimpli�es theover-
all reconstructiontask.For example,holesin planarsurfacescanbeeasilyrestored.Also, by
removing the samplesassociatedwith planarareasmoreexpensive algorithmscanbe used
to reconstructtheremainingsurfaces(representedby smallerdatasets).In orderto avoid the
undesiredeffectof �nding spuriousplanesby theHoughtransform,thenormalof everypoint
is computedbeforevoteaccumulationandeachpointonly votesfor a few Houghcells[116].
Thesecellsareidenti�ed basedon thenormalat thepoint, which, in turn, is computedcon-
sideringthe point's neighborhood.The �nal parametersfor the planeareobtainedthrough
a �tting processusingsingularvaluedecomposition(SVD). Oncelargeplanarsurfaceshave
beenautomaticallyidenti�ed usingtheprocedurejustdescribed,theuseris requiredto spec-
ify boundariesfor theunderlyingplanarareas.This is doneinteractively in 3D throughthe
useof agraphicaluserinterface.Notethatthespeci�cationof suchboundariesis oftenneces-
sarydueto theambiguityintroducedby theexistenceof missingdata.For example,consider
thesmallportionof thecarpetvisible in Figure4a. It would not bepossibleto automatically
recover theoriginal boundariesof thecarpetfrom theavailableinformation.Theboundaries
speci�edby theusersde�ne polygonsthatwill replacetheoriginal samples.Thetextureas-
sociatedwith a planarsurfaceis extractedby orthographicallyprojectingthecorresponding
colorsamplesontotheplaneof thepolygon.For thecaseof stochastictextures,asmallsam-
ple is obtainedandusedasinput for a texturesynthesisalgorithm[34]. Theoriginal samples
arethendiscardedandthenew synthesizedtexture is mappedonto thecorrespondingpoly-
gon. This procedurewasusedto reconstructthecarpetin Figure4b. Althoughnot identical,
thenew texturesarestatisticallysimilar to theoriginal ones.Sinceonly thenew texturesare
presentedto theviewer, theactualdifferencesbetweenthemarelikely to passunnoticed.

Replacingmany thousandsof sampleswith textured-mappedpolygonsallows for ef�-
cient renderingon currentgraphicshardware. 2D textureswith symmetricpatternscanalso
bereconstructedalongtheplanar-surfacesbranchof thepipeline. In this case,a 2D Hough
transformappliedto texel colorsis usedto identify axesof symmetry, andto mirror informa-
tion fromonesidetoanother[116]. Remainingholesare�lled usingapush-pullstrategy [43].
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(a)original scan (b) symmetryplane (c) reconstructedmodel

Figure6: Symmetry-basedreconstruction.

Segmentationand Reconstructionof Non-Planar Surfaces

Samplescorrespondingto non-planarsurfacesreceive a differenttreatment.Sincemost
objectsreston �at surfaces,oncethe largeplanarareashave beenremoved, it becomesrel-
atively easierto identify andisolateindividual objects. Thus,the non-planarbranchof the
reconstructionpipelinestartsby clusteringspatiallyclosesamples.This is accomplishedus-
ing an incrementalsurfaceconstructionalgorithmbasedon proximity of pointsin 3D [42].
Onceclustershavebeenidenti�ed, eachoneis treatedindependentlyof therestof thedataset.
This is desirablesinceeachclusterusuallyhasa relatively smallsizewhencomparedto the
entiredatasetandsomeof thealgorithmsusedfor clusterreconstructionrun in polynomial
timeon thenumberof theinput samples.

Eachclusterundergoesa3D symmetrycheckbasedonavariationof the3D Houghtrans-
form [116]. Thecheckconsistsof computing,for eachpair of pointsin thecluster, its bisec-
tor plane(i.e., theplaneperpendicularto the line de�ned by the two pointsandequidistant
to both),which receivesa vote. At theend,any planewith a signi�cantly largernumberof
votesis electedasrepresentative of approximatesymmetry[116]. Dependingon theamount
of missingdataandtheirdistributionover theobject'ssurface,it maynotbepossibleto accu-
ratelyrecover theactualsymmetryplaneof theoriginalobject.In thiscase,userintervention
is requiredto appropriatelyrepositionthecomputedplane.Userinterventionis alsorequired
to selectamongseveral candidateplaneswith approximatelythesamenumberof votes. In
thecaseof rotationallysymmetricobjects,theaxisof revolution canbeobtainedasthe in-
tersection,in the leastsquaresense,of all thecandidates.In practice,however, rotationally
symmetricobjectsare easierreconstructedby mirroring dataacrossseveral of their sym-
metryplanes.Figure6ashows a chairautomaticallysegmentedfrom thedatasetdepictedin
Figure4a.Figure6bshowsthesymmetryplanecomputedusingtheprocedurejustdescribed.
Notethat,despitethelargemissingareason thesurfaceof thechair, thealgorithmstill man-
agesto computea goodsymmetryplane.This canbeexplainedby therelative insensitivity
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Figure7: Identifyingholes.

of theHoughtransformto noisyandmissingdata.Findinganapproximatesymmetryplane
doesnot requirea consensus,but simply �nding a planewith the largestnumberof votes.
Onceapproximatesymmetryhasbeenidenti�ed, surfacereconstructionproceedsby mirror-
ing samplesacrossthesymmetryplane(axis)[116]. Figure6cshows thereconstructedchair
obtainedfrom theoriginal samplesusingsymmetry-basedreconstruction.Theexistenceof
smallholesin theresultingmodelis dueto thelackof samplesin bothsidesof thesymmetry
plane. While suchholesarerelatively small andcouldhave been�lled during themeshing
process,all surfacereconstructionalgorithms[9, 11, 33, 42, 51] assumethat thesurfacesto
berestoredhave beenappropriatelysampledand,therefore,donothandlelocal variationsin
samplingdensity. Theoccurrenceof suchvariationsmanifestsitself assmallholesvisible in
Figure6c, andfurtherprocessingis requiredto eliminatetheseartifacts.

Filling Small Holesby SurfaceInter polation

In locally smoothsurfaces,holescanbe�lled usingsurfaceinterpolationmethods.Wang
andOliveira [115] describea procedurefor automaticidenti�cation and�lling of holesin
point clouds. The methodconsistsof �rst creatinga triangle meshusing a surfacecon-
structionalgorithm.Holesarethenautomaticallyidenti�ed by analyzingtheresultingmesh
searchingfor cycles of non-sharededges(Figure 7). Note that sinceit is not possibleto
distinguishbetweenanunder-sampledregion anda realhole in thesurface,userinteraction
is requiredto guaranteeproperreconstruction.Oncea holehasbeenidenti�ed, themissing
region canbeinterpolatedfrom its neighborhood.Samplesaroundthehole,calledtheinter-
polationcontext (seedark gray regionsin Figure7), areusedto performthe interpolation.
Whereasseveral surface�tting techniquescanbe usedto reconstructmissingregions, for
mostof them,the resultingsurfacesdo not passthroughthe original samples,which tends
to introducediscontinuities.This is the case,for instance,of the conventionalleast-square
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methodfor surface�tting. Avoiding discontinuitiesbetweenthe original and�lled areasis
importantin orderto guaranteethequalityof thereconstructedmodels.Thehole�lling strat-
egy proposedby WangandOliveira[115] consistsof addingnew samplesto under-sampled
regionsby resamplinganinterpolatedsurfacereconstructedusingmoving leastsquares[59],
a variationof theoriginal leastsquaresmethodthatguaranteestheinterpolationof theorigi-
nal samples.An importantrequirementduringtheintroductionof new samplesis to enforce
thatthesamplingdensityinsidetheholematchesthesampledensityof theinterpolationcon-
text. This is necessaryto guaranteethat the surfacereconstructionalgorithmusedwill not
just leaveevensmallerholes.

Surface�tting procedurestreatthe surfacesto be reconstructedasheight�elds (i.e., as
function of the type z = f (x;y)) [59]. Thus,for eachhole, reconstructionandre-sampling
areperformedat its ”local tangentplane“. Let N bethenumberof samplesin theinterpola-
tion context c of a holeh, andlet O be thepoint obtainedby averagingthe3D coordinates
of all samplesin c. Also, let M be an Nx3 matrix obtainedby subtractingO from all sam-
plesin c. A local coordinatesystemfor the tangentplanecanbe obtainedby factoringM
usingsingularvaluedecomposition.Sucha factorizationproducesanorthonormalbasiscor-
respondingto the eigenvectorsof MMT [104]. The two eigenvectorscorrespondingto the
two eigenvectorswith largestabsolutevaluesspanthedesiredtangentplane,while thethird
oneis perpendicularto theplane.Oncetheplanehasbeencomputed,thesamplesbelonging
to thecorrespondinginterpolationcontext areprojectedontoit. Theproblemof decidingthe
re-samplingpositionsinsidethe hole is thenreducedto the 2D problemof �nding a setof
(x;y) positionsinsidethe projectionof the hole that preserves the samplingdensityof the
projectionof the interpolationcontext. Thesepositionsarecomputed,andthenew samples
areobtainedby re-samplingtheinterpolatedsurfaceat thesepoints.Oncethesesampleshave
beenadded,a new trianglemeshis createdfor the objectusing the surfacereconstruction
algorithmdescribedin [42].

In additionto reconstructinggeometry, it is alsonecessaryto reconstructcolor andtex-
ture.Themoving-least-squaresprocedurecanalsobeusedfor thereconstructionof smoothly
varyingcolors.This canbeachievedsimply by replacingheight(thez coordinatemeasured
with respectto the plane)with the red, greenandblue color channels,oneat a time. Fig-
ure8 shows ascenedisplayingthechairmodelin threedifferentstagesof thereconstruction
pipeline.Theoriginalsamplesareshown ontheleft; theimagein themiddledepictsthechair
after symmetry-basedreconstruction;on the right, oneseesthe resultafter the hole-�lling
procedurehasbeenapplied.A signi�cant improvementcanbeobservedwhencomparingthe
originalandthe�nal models.

SceneEditing

The segmentationof individual objectssupportedby the pipelinedepictedin Figure5
provides the userswith the ability to edit the original environments. This is an extremely
valuablefeature,sinceit allowstheacquiredscenesto becompositedin many differentways.
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(a)original samples (b) after symmetry-basedre-
construction

(c) afterhole�lling

Figure8: Editedsceneshowing achairin differentstagesof thereconstructionpipeline.

Like conventional3D geometricmodels,thesereconstructedobjectscanbe translated,ro-
tated,scaled,andinstantiatedarbitrarily. In thereconstructionshown in Figure4b, thechair
in Figure6cwasinstantiatedthreetimesatdifferentpositionsandorientations,replacingthe
originalones.In Figure8, theoriginalchairswerereplacedby asingleinstanceof therecon-
structedchair, andthecarpetwasreplacedwith awooden-textured�oor . Thebottomshelves
andtheircontentswereeditedusingsomeimagingtoolsavailablein thesystemdescribedby
WangandOliveira[116].

4.2 Other ReconstructionApproaches

An alternative for �lling holesaspart of surfacereconstructionfrom point cloudshas
beenproposedby Carr et al. [16], andconsistsof usingpolyharmonicradialbasisfunctions
to obtainimplicit representationsfor objectsurfaces.Suchatechniquehandleslargenumbers
of samples,producesvery impressive results,andcanalsobe usedfor meshsimpli�cation
andre-meshing.Meshsimpli�cation is a highly desirablefeature,sinceit canbe usedto
signi�cantly reducethe amountof primitivesusedto renderthe modelwhile preservingits
original appearance.Onedrawbackof this approachis that theentirepoint cloud(extended
with someoff-surfacepoints[16]) representsa singlesurface.As a result,theentiresceneis
treatedasasinglesurface,whichprecludessceneediting.Handlingindividualobjectswould
requirethe useof a segmentationprocedure(not part of the original algorithm)in orderto
isolatetheobjects.This approachdoesnot handletexturereconstruction,andwould needto
becombinedwith texturesynthesistechniques.

Anotherapproachfor model reconstructionof indoor scenessampledby rangeimages
hasbeenproposedby Whitaker et al. [120]. In their system,the userde�nes correspon-
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dencesamongplanarsurfacesvisible in the several rangeimages,which areusedto guide
theregistrationprocess.Theintegrationof therangeimagesis performedusingaprobabilis-
tic optimizationprocedurethat deformsthe original rangesurfacesin orderto improve the
�tting. Exceptfor requiringtheuserto de�ne thecorrespondences,theprocessis completely
automatic.Like in the approachproposedby Carr et al., the entiresceneis modeledasa
singlesurface,andnosupportfor sceneeditingis provided. In orderto handlenoisydatasets,
the input dataundergo somesmoothingpre-processing,causingall sharpedgesandcorners
to beroundedin thereconstructedmodel.

5 Rendering

5.1 Interacti ve Exploration of Lar geEnvir onments

Researchershave studiedtheproblemof renderingcomplex modelsat interactive frame
ratesfor many years. Clark [22] proposedmany of the techniquesfor renderingcomplex
modelsusedtoday, including the useof hierarchicalspatialdatastructures,level-of-detail
(LOD) management,hierarchicalview-frustumandocclusionculling, andworking-setman-
agement(geometrycaching).Garlicketal. [41] presentedtheideaof exploiting multiproces-
sorgraphicsworkstationsto overlapvisibility computationswith rendering.Airey et al. [4]
describedasystemthatcombinedLOD managementwith theideaof precomputingvisibility
informationfor modelsmadeof axis-alignedpolygons.Funkhouseret al. [40] describedthe
�rst publishedsystemthatsupportedmodelslargerthanmainmemory, andperformedspec-
ulative prefetching.Their systemwasbasedon thefrom-regionvisibility algorithmof Teller
andSéquin[107], which requiredlongpreprocessingtimes,andwaslimited to modelsmade
of axis-alignedcells. Aliaga et al. [8] presentedtheMassive Model Rendering(MMR) sys-
tem,which employedmany accelerationtechniques,includingreplacinggeometryfar from
theuser'spointof view with imagery, occlusionculling, LOD management,andfrom-region
prefetching.MMR wasthe�rst publishedsystemto handlemodelswith tensof millions of
polygonsat interactive framerates.

Recently, Wonkaet al. [123] presenteda from-region visibility preprocessingalgorithm
with occluderfusion. Thefact that their algorithmtook 9 hoursto preprocessa modelwith
8 million triangles,andwaslimited to 2.5Denvironmentshighlightsthedif�culty of handling
complex models.Anotherexampleis thework of Durandet al. [32], which presentsa from-
region visibility preprocessingalgorithmthatcouldhandle3D environments,asopposedto
2.5D [123]. But the algorithmtook 33 hoursto processa modelwith 6 million triangles.
Schau�eretal. [101] alsopresenteda from-region3D visibility preprocessingalgorithm,but
their largesttestmodelhadonly 0.6million triangles.

Thevastamountof work in theareaof real-timerenderingalgorithmsmakesit impossible
for us to becomprehensive. We point thereadersto thesurvey of Cohenet al [23], andthe
booksby Luebke etal [70] andMöller andHaines[73].
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5.2 Out-Of-Cor eTechniquesfor Model Management

In thissection,webrie�y review theexistingworkonout-of-coretechniquesfor computer
graphicsandscienti�c visualization.For a generalintroductionto thetheoryandpracticeof
externalmemoryalgorithms,we refertheinterestedreaderto Abello andVitter [3].

Cox andEllsworth [28] proposea generalframework for out-of-corescienti�c visual-
ization systemsbasedon application-controlleddemandpaging. LeuteneggerandMa [62]
proposeto useR-trees[46] to optimizesearchingoperationson largeunstructureddatasets.
Ueng et al [111] usesan octreepartition to restructureunstructuredgrids to optimize the
computationof streamlines.Shenet al [102] andSuttonandHansen[105] have developed
techniquesfor indexing time-varying datasets.Shenet al [102] apply their techniquefor
volumerendering,while [105] focusseson isosurfacecomputations.ChiangandSilva [19]
worked on I/O-optimal algorithmsfor isosurfacegeneration.An interestingaspectof their
work is that even the preprocessingis assumedto be performedcompletelyon a machine
with limited memory. Thoughtheir techniqueis quitefastin termsof actuallycomputingthe
isosurfaces,theassociateddiskandpreprocessingoverheadis substantial.Thisleadto further
research[20] ontechniqueswhichareableto tradediskoverheadfor timein thequeryingfor
theactive cells.They developeda setof usefulmeta-cellpreprocessingtechniques.External
memoryalgorithmsfor surfacesimpli�cation have beendevelopedby Lindstrom[67] and
El-SanaandChiang[36]. Thetechniquepresentedin [67] is ableto simplify arbitrarily large
datasetson machineswith just enoughmemoryto hold theoutput(i.e., thesimpli�ed) trian-
glemesh.LindstromandSilva [68] extendedthework into acompletelymemoryinsensitive
technique.Wald et al. [113] developeda ray tracingsystemthat useda clusterof 7 dual-
processorPCsto renderlow-resolutionimagesof modelswith tensof millions of polygons
at interactive framerates.Their systemcouldpreprocesstheUNC power plantmodel[114]
in 2.5 hours(two ordersof magnitudefasterthan MMR [8]). Avila and Schroeder[10]
andEl-SanaandChiang[36] developedsystemsfor interactive out-of-corerenderingbased
on LOD management,but thesesystemsdid not performocclusionculling. Varadhanand
Manocha[112] describea systemfor interactive out-of-corerenderingthatuseshierarchical
LODs [37] andfrom-region prefetching,but no occlusionculling. Cignoniet al. [21] devel-
opedanout-of-corealgorithmfor simpli�cation of largemodels.Theiralgorithm�rst builds
araw (not indexed)octree-basedexternalmemorymesh(OEMM), andthentraversestheraw
OEMM twice to build anindexedOEMM.

5.3 Parallel Renderingand Lar ge-ScaleDisplays

When interactingwith large models,it is naturalto want to visualizethesemodelsat
high resolution. It is possibleto useparallelismto increaseperformance,and, in particu-
lar, increasetheresolutionof graphicsdisplays.A traditionalapproachto parallelrendering
hasbeento usea high-endparallelmachine. More recently, with the explosive growth in
power of inexpensive graphicscardsfor PCs,andthe availability of high-speednetworks,
usinga clusterof PCsfor parallelrenderinghasbecomean attractive alternative, for many
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reasons:[65, 96]. First, a clusterof commodityPCs,eachcostinga few thousanddollars,
typically hasa betterprice/performanceratio thana high-end,highly-specializedsupercom-
puterthat may costup to millions of dollars. Second,high-volumeoff-the-shelfpartstend
to improve at fasterratesthanspecial-purposehardware. We canupgradea clusterof PCs
muchmorefrequentlythanahigh-endsystem,asnew inexpensivePCgraphicscardsbecome
availableevery 6-12months.Third, we caneasilyaddor remove machinesfrom thecluster,
andeven mix machinesof differentkinds. We canalsousethe clusterfor tasksotherthan
rendering.Finally, theaggregatecomputing,storage,andbandwidthcapacityof aPCcluster
grows linearlywith thenumberof machinesin thecluster.

Many approachesto parallelrenderinghave beenproposed.Molnar et al. [74] classify
parallelizationstrategiesin threecategoriesbasedon wherein therenderingpipelinesorting
for visible-surfacedeterminationtakesplace.Sortingmayhappenduringgeometryprepro-
cessing,betweengeometrypreprocessingandrasterization,or duringrasterization.Thethree
categoriesof parallelizationstrategiesaresort-�rst, sort-middle,andsort-last,respectively.

Sort-�rst algorithms[53, 77, 97, 98] distribute raw primitives (with unknown screen-
spacecoordinates)duringgeometrypreprocessing.Theseapproachesdivide the 2D screen
into disjoint regions(or tiles), andassigneachregion to a differentprocessor, which is re-
sponsiblefor all of the renderingin its region. For eachframe,a pre-transformationstep
determinestheregionsin which eachprimitive falls. Thena redistribution steptransfersthe
primitives to the appropriaterenderers.Sort-�rst approachestake advantageof frame-to-
framecoherencewell, sincefew primitivestendto movebetweentiles from oneframeto the
next. Sort-�rst algorithmscanalsouseany renderingalgorithm,sinceeachprocessorhasall
the informationit needsto do a completerendering.Furthermore,asrenderingalgorithms
advance,sort-�rst approachescantake full advantageof them.Onedisadvantageof sort-�rst
is thatprimitivesmayclusterinto regions,causingloadbalancingproblemsbetweenrender-
ers. Anotherdisadvantageis thatmorethanonerenderermayprocessthesameprimitive if
it overlapsscreenregionboundaries.

Sort-middlealgorithms[5, 39, 76] distributescreen-spaceprimitivesbetweenthegeome-
try preprocessingandrasterizationstages.Sort-middleapproachesassignanarbitrarysubset
of primitivesto eachgeometryprocessor, andaportionof thescreento eachrasterizer. A ge-
ometryprocessortransformsandlights its primitives,andthensendsthemto theappropriate
rasterizers.Until recently, this approachhasbeenthemostpopulardueto theavailability of
high-endgraphicsmachines.Onedisadvantageof sort-middleapproachesis thatprimitives
may be distributed unevenly over the screen,causingload imbalancebetweenrasterizers.
Sort-middlealsorequireshigh bandwidthfor thetransferof databetweenthegeometrypro-
cessingandrasterizationstages.

Sort-lastapproaches[50, 75, 117] distributepixelsduring rasterization.They assignan
arbitrarysubsetof theprimitivesto eachrenderer. A renderercomputespixel valuesfor its
subset,nomatterwherethey fall in thescreen,andthentransferthesepixels(coloranddepth
values)to compositingprocessors.Sort-lastapproachesscalewell with respectto thenumber
of primitives,sincethey rendereachprimitive exactly once.On theotherhand,they needa
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high bandwidthnetwork to handleall thepixel transfers.Anotherdisadvantageof sort-last
approachesis that they only determinethe �nal depthof a pixel during the composition
phase,andthereforemake it dif�cult (if not impossible)to usecertainrenderingalgorithms,
e.g.,transparency andanti-aliasing.

5.4 Polygonal versusPoint versusImage-BasedRendering

Interactive renderingof realisticenvironmentshasbeena focusof computergraphicsre-
searchfor many years[4, 40]. Traditionally, researchershave modeledthe geometricand
photometricpropertiesof anenvironmentmanually, andtheresulting3D modelshave been
frequentlypolygonalsoupsor meshes.More recently, theadvancesin 3D scanningtechnol-
ogy have allowed researchersto capturethosepropertiesdirectly from real-world environ-
ments[12, 64, 81, 106], andtheuseof imagesandpointsinsteadof polygonsasrendering
primitiveshasbecomewidespread[45, 84, 93, 82, 83, 86].

On a high level, representinggeometrywith triangles,images,andpointsarefundamen-
tally equivalent,andin principle,it shouldbepossibleto convert from onerepresentationto
anotherwith properalgorithms. Unfortunately, our currentknowledgeis far from making
this possible.Becauseof the way computergraphicsdeveloped,polygonalrepresentations
arethe easiestto render, with extensive hardwaresupport,andthe onethat we know most
aboutin termsof its algorithmicproperties.Becauseit hasbeena preferredrepresentation
for so long, quite a bit is known abouttransformingotherrepresentationsinto polygonized
models.On theotherhand,for dataacquisition,pointsandimagesarethemostnaturalsince
3D scannersandimagingequipmentin generaloutputcollectionsof pointsand/orimages.
Usingtechniquesdevelopedin computervision,it is possibleto transform(usuallyregistered
andcalibrated)imageryinto 3D points.Actually building modelsoutof theraw input is quite
hard(ascanbe seenfrom the materialcoveredin this paper).With the substantialamount
of researchbeingdone,it is gettingeasierto convert betweenrepresentations.Several ef-
forts areunderway to make it easyto usepointsandimagesasbasicprimitives,in a similar
way to how we usepolygonalmodels.For instance,it is now possibleto renderpointsquite
ef�ciently [45, 84, 93], andthereareevensomesystemsfor editingpoint setsdirectly [129].

5.5 CaseStudy: The iWalk System

The iWalk system[25] letsa userwalk througha largemodelat interactive framerates
usinga PCwith a smallamountof memory. Figure3b shows animagethatwasrenderedby
the iWalk system.Themainpartsof iWalk aretheout-of-corepreprocessingalgorithmand
theout-of-coremulti-threadedrenderingapproach.

Theout-of-corepreprocessingalgorithmcreatesanon-diskhierarchicalrepresentationof
the input model. More speci�cally, it createsan octree[99] whoseleavescontainthe ge-
ometryof the input model. Thealgorithm�rst breaksthemodelin sectionsthat �t in main
memory, andthenincrementallybuilds theoctreeondisk,onepassfor eachsection,keeping
in memoryonly thesectionbeingprocessed.To storetheoctreeon disk, thepreprocessing
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algorithmsavesthegeometriccontentsof eachoctreenodein aseparate�le. Thepreprocess-
ing algorithmalsocreatesa hierarchy structure (HS) �le. TheHS �le hasinformationabout
thespatialrelationshipof thenodesin thehierarchy, andfor eachnodeit containsthenode's
boundingbox andauxiliary dataneededfor visibility culling. TheHS �le is themaindata
structurethatour systemusesto control the�o w of data.A key assumptionwe make is that
theHS �le �ts in memory. That is usuallya trivial assumption.For example,thesizeof the
HS �le for a13-million-trianglemodelis only 1 MB.

At run time, iWalk usesanout-of-coremulti-threadedrenderingapproach.A rendering
threadusesthePLP[57] algorithmto determinethesetof octreenodesthatarevisible from
theuser's point of view. For eachvisible node,therenderingthreadsendsa fetchrequestto
thefetchthreads,whichwill processtherequest,andbringthecontentsof thenodefrom disk
into a memorycache.If thecacheis full, theleastrecentlyusednodein thecacheis evicted
from memory. To minimize thechanceof I/O bursts,thereis a look-aheadthreadthat runs
concurrentlywith therenderingthread.Thelook-aheadthreadtriesto predictwheretheuser
is going to be in thenext few frames,usesPLP to determinethenodesthat theuserwould
seethen,andsendsprefetchrequeststo the prefetchthreads.If thereareno fetch requests
pending,theprefetchthreadswill bring therequestednodesinto memory(up to certainlimit
per framebasedon thedisk's bandwidth).This prefetchingschemeamortizestheburstsof
I/O over framesthatrequirelittle or no I/O, andproducesfasterandsmootherframerates.

Therenderingthreadandthelook-aheadthreadbothusePLP[57] to determinethenodes
that arevisible from a given point. PLP is an approximate,from-point visibility algorithm
thatmaybeunderstoodasa setof modi�cations to thetraditionalhierarchicalview frustum
culling algorithm[22]. First, insteadof traversingthemodelhierarchy in a prede�nedorder,
PLP keepsthe hierarchy leaf nodesin a priority queuecalled the front, and traversesthe
nodesfrom highestto lowestpriority. WhenPLPvisitsanode,it addsthenodeto thevisible
set, removes the nodefrom the front, andaddsthe unvisited neighborsof the nodeto the
front. Second,insteadof traversingthe entirehierarchy, PLP works on a budget,stopping
thetraversalaftera certainnumberof primitiveshave beenaddedto thevisible set. Finally,
PLP requireseachnodeto know not only its children, but also all of its neighbors. An
implementationof PLPmaybesimpleor sophisticated,dependingon theheuristicto assign
prioritiesto eachnode.Severalheuristicsprecomputefor eachnodeavaluebetween0.0and
1.0calledsolidity, which estimateshow likely it is for thenodeto occludeanobjectbehind
it. At run time,thepriority of anodeis foundby initializing it to 1.0,andattenuatingit based
on thesolidity of thenodesfoundalongthetraversalpathto thenode.

Thekey featureof PLPthatiWalkexploitsis thatPLPcangenerateanapproximatevisible
setbasedonly ontheinformationstoredin theHS�le createdatpreprocessingtime. In other
words,PLPcanestimatethevisiblesetwithoutaccessto theactualscenegeometry.

AlthoughPLPis in practicequiteaccuratefor mostframes,it doesnot guaranteeimage
quality, andsomeframesmayshow objectionableartifacts.To avoid this potentialproblem,
the renderingthreadmay optionally usecPLP [58], a conservative extensionof PLP that
guarantees100%accurateimages.On theotherhand,cPLPcannotdeterminethevisible set

20 RITA � VolumeIX � Número1 � Agosto2002
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from the HS �le only, andneedsto readthe geometryof all potentiallyvisible nodes.The
additionalI/O operationsmake cPLPmuchslower thanPLP.

Corr̂eaet al. [26] usediWalk to develop a sort-�rst parallelsystemfor out-of-coreren-
deringof largemodelson cluster-basedtiled displays.Their systemis ableto renderhigh-
resolutionimagesof largemodelsatinteractiveframeratesusingoff-the-shelfPCswith small
memory. Givenamodel,they useanout-of-corepreprocessingalgorithmto build anon-disk
hierarchicalrepresentationfor themodel. At run time, eachPCrendersthe imagefor a dis-
play tile, usingiWalk's renderingapproach.Usinga clusterof 16 PCs,eachwith 512MB of
mainmemory, they wereableto render12-megapixel imagesof a 13-million-trianglemodel
with 99.3%of accuracy at 10.8 framesper second.Renderingsucha large modelat high
resolutionsandinteractive framerateswould typically requireexpensive high-endgraphics
hardware. Their resultsshow thata clusterof inexpensive PCsis anattractive alternative to
thosehigh-endsystems.

6 ChallengesAhead

Despitethegreatpotentialof theintegrateduseof laserscanningandcolor photographs,
several challengesstill needto be overcome,including handlinginconsistentillumination,
being able to dynamicallychangethe scenelighting conditions,and reconstructingnon-
stochastictextures.

In order to handlepossibleocclusionsandcover the geometriccomplexity usuallyas-
sociatedwith real environments,laserscansandphotographsusuallyneedto be acquired
from severaldifferentpositions.Theexistenceof view-dependenteffectstendsto introduce
shadinginconsistencesin setsof picturestakenfrom differentviewpoints.As thesepictures
are combinedto model a scene,seamsdue to abruptchangesin shadingacrossthe same
surfacecanbe very distracting. A possibleway to addressthis problemis to extract sur-
facere�ectanceproperties,for example,in theform of BRDFs,andusethemfor rendering.
While sometechniqueshave beendevelopedfor extractingre�ectancepropertiesfrom sets
of photographsassociatedwith known geometry[61, 126], theseapproachesassumethatthe
propertiesandpositionsof thelightssourcesin thesceneis areknown. As aresult,they can-
not be usedfor arbitraryscenes.Alternatively, onecanconsiderfactoringthe illumination
re�ected by a surfaceinto its diffuseandspecularcomponents.This kind of decomposition
hasbeenstudiedby severalresearchersin recentyears[56, 66, 78, 100, 122], but satisfatory
resultsareonly achievedundercontrollableconditionsvery unlikely to befoundin realen-
vironments.Theability to dynamicallychangethescenelighting conditionsby, for example,
changingthepositionof the light sourcesis a highly desirablefeaturecloselyrelatedto the
problemof factoringshadingbetweenits diffuseandspecularcomponents.

While severalalgorithmshavebeendevelopedin recentyearsfor synthesizingstochastic
textures[34, 35, 118] andfor texturesynthesisonsurfaces[109, 118, 124], reconstructionof
arbitrarytexturesis a hardproblemfor whichno generalsolutionis likely to exist. For these
cases,theuseof apaintingsystemto performmanualretouchingmaybetheonly solution.
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7 Conclusion

Thistutorial is anintroductionto recentwork in themodelingandinteractiverenderingof
realenvironments.Thesetopicslie in thefrontier betweencomputergraphicsandcomputer
vision research,andhave recentlybeenthe sourceof substantialwork. We expect this to
continueto be the casefor yearsto come,andthat in the nearfuture we might start to see
completecommercial3D photography systemsbasedonresearchsimilarto theonedescribed
here. The usefulnessof suchtechnologyis very broad,rangingfrom entertainmentto the
analysisof forensicrecords,andweexpectit to have tremendousimpactin everydaylife.

We would like to point out thatour tutorial is highly skewedtowardsour researchareas,
and,thus, it is not representitive of all areasof work. For a morecompletedescriptionof
work in 3D modelacquisition,we point thereaderto theexcellentsurvey of Bernardiniand
Rushmeier[13]. For thoseinterestedin interactive rendering,we recommendthesurvey by
Cohen-Oretal. [23], andthebooksby Luebke etal. [70] andMöller andHaines[73].
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RITA � VolumeIX � Número1 � Agosto2002 27



ModelingandRenderingof RealEnvironments

[71] D. K. McAllister, L. Nyland,V. Popescu,A. Lastra,andC. McCue.Real-timerender-
ing of realworld environments.In RenderingTechniques99, pages145–160,1999.

[72] L. McMillan andG. Bishop. Plenopticmodeling:An image-basedrenderingsystem.
In Proceedingsof SIGGRAPH95, pages39–46,1995.
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