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Abstract

The useof detailedgeometricmodelsis a critical factorfor achiezing realismin mostcom-
putergraphicsapplications.In the pastfew years,we have obsered anincreasingdemand
for faithful representationef real scenesprimarily driven by applicationswhosegoalis to
createextremelyrealisticexperiencedy building virtual replicasof real environments.Po-
tentialusesof thistechnologyincludeentertainmentyrainingandsimulation,specialeffects,
forensicanalysis,and remotewalkthroughs. Creatingmodelsof real sceneds, however, a
comple taskfor which the useof traditional modelingtechniquess inappropriate. Aim-
ing to simplify the modelingandrenderingtasks,severalimage-basetechniqueshave been
proposedn recentyears. Among these,the combineduseof laserrange ndersand color
imagesappearsisonethemostpromisingapproachedueto its relative independencef the
sampledgeometryand shortacquisitiontime. Renderingf scenesnodeledwith sucha
techniquecanpotentially exhibit an unprecedentedegreeof photorealism.But beforeone
canactuallyrendernew views of thesevirtualizedervironments several challengesieedto
beaddressedThistutorial providesanovervien of themainissuesassociateavith the mod-
eling andrenderingof real ervironmentssampledwith laserrange nders,anddiscusseshe
maintechniquesisedto addresghesechallenges.
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Resumo

O usode modelosgeonttricosdetalhado$ um fator cr'tico paraobten@o de realismona
maioriadasaplica®desem computa@o gra ca. Recentementeéem-seobsenado umade-
mandacrescentgor representgies dedignasde cenageais. Issosedeve, principalmente,
aointeressepor aplicadesqueobjetivama criadio de experiénciasextremamenteeal sticas
atrarésda constry@o de réplicasvirtuais de ambientegeais. Exemplosde tais aplica®es
incluementretenimentatreinamentae simula@o, efeitosespeciaisaréliseforénsica.e ex-
ploragio de ambientesemotos.Entretantoa criacgdo de modelosde ambienteseaisé uma
tarefa nao trivial paraa qual o usode técnicasde modelagentradicionaisé inapropriado.
Objetivandosimpli car o processale modelagene renderingnessesasosyariastécnicas
baseadaso usodeimagendorampropostasiosiltimosanos.Entreessasp usocombinado
dedigitalizadores3D a basede lasere de fotogra as coloridastem se mostradocomouma
dasabordagensmaispromissoraslevido a suarelatva indepen@énciaemrelac@oassuper -
ciesaseremamostradas avelocidadedo processaleamostragemA visualiza@ode cenas
reconstr{dasutilizando essatécnicapermite, teoricamentea obte@o de um graude foto-
realismosemprecedentesMas antesgue se possaexplorar esseambientesirtuais, varias
etapagprecisanserobseradase variosdesa ossuperadosEstetutorial apresentas princi-
paisaspectoselacionadosmodelagene renderingdeambienteseaisamostradopor meio
dedigitalizadores3D a basedelasere discuteasprincipaistécnicaautilizadas.

1 Intr oduction

Modelsof real-world objectsandscenesrebecomingfundamentatomponent®f mod-
ern computergraphicsapplications,playing an importantrole in helpingto createrealis-
tic virtual experiences. Applicationssuchas entertainmentfraining and simulation, spe-
cial effects,analysisof forensicrecords telepresenceandremotewalkthroughscangreatly
bene t from the availability of suchmodels. However, the modeling of real sceness a
non-trivial taskfor which the useof traditionalmodelingtechniquess inappropriate.Try-
ing to overcomethis problem,severalimage-basetechniquesave beenproposedn recent
years[7, 17, 30, 55, 71, 72, 88]. Amongthese the useof laserrange nderscombinedwith
color photographseemso be onethe mostpromisingapproacheslueto its relative inde-
pendencef the sampledgeometryandshortacquisitiontime. Renderingof scenesecon-
structedusingthis approactcanpotentiallydisplayanunparallelediegreeof photorealism.

Samplinga real ervironmentis just the beginning of the scenereconstructiomprocess,
andbeforeonecanexplorethesevirtualizedspacesseveral challengeseedto be addressed.
For example,to cover the entire environment, multiple datasetsre usually acquiredfrom
differentviewpoints,andneedo beintegrated.Measurementgroducedy laserrange nders
are inherentlynoisy, and somepreprocessings requiredto “clean” the data. Rangeand
color information are often capturedusing different devices, and must be registered. The
outputproducedby the previous stagess still a point cloud, and surfacereconstructioris
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requiredif the modelsareto be displayedaspolygonalmeshesln mary situationsdespite
databeing collectedfrom several viewpoints, it may still not be possible,or practical, to

guaranteeappropriatesamplingfor all surfaces: occlusionsand accessibilitylimitations to

certainregionsof the scenemay causesomeareasot to be sampledresultingin incomplete
models.In thesecasesit is desirableto reconstructhe missinggeometryandtexture from

theincompletedataavailable. Anotherchallengenvolvesthe managemenf largeamounts
of samples.Datasetwith several hundredmegabytesin sizearecommon,andout-of-core,
simpli cation, andparallelizationtechniquesreusedto achie/e interactve renderingsThe

ability to edit the resultingscenesds also highly desirable. Ideally, one shouldbe ableto

manipulateindividual objects,positioning,scaling,saving, loading,and combiningthemto

createnew scenesasif they werecorventional3D models.

This tutorial discusseshe major issuesassociatedvith the modelingand renderingof
realervironmentssampledusinglaserrange nders,anddiscusseshe maintechniquesised
to addresghe mary associatedhallenges.It startsby describingthe stepsinvolvedin 3D
modelacquisitionpipeline,which includesrangeacquisition(Section2), texture acquisition
(Section3d), andreconstructiorof non-sampledreagSectiond). Sceneeditingis alsodis-
cussedn Section4. Section5 presentgenderingstratgiesfor handlingmassie amounts
of sampledata. Section6 discussesomeof the researcichallengesahead:the issuesof
inconsistentllumination amongsetsof photographdlighting changesandreconstructiorof
non-stochastitextures.Finally, Section7 summarizeshekey ideasdiscussedh this surey.

2 RangeAcquisition

In this section we describeherangeacquisitionphaseof themodelacquisitionpipeline.
First, we give a brief overview of rangeacquisitionmethods. Then, we describehow to
registermultiple rangedataset$n a commoncoordinatesystem.Finally, we describehow to
Iter theacquisitionartifactsin therangedatasets.

2.1 RangeAcquisition Methods

Thereare mary different methodsfor rangeacquisition(Figure 1). Curless[29] and
Rusinkievicz [91, 92] classifythesemethodsnto threemain cateyories: contact,transmis-
sive, andre ective methods.

Contactmethodstouchthe surfaceof the objectwith a probe,andrecordthe position.
Contactmethodse.g., coordinatemeasuringnachine CMMs), canbe very accurate put
they areslow, canbeclumsyto manipulatepsuallyrequireahumanoperatoyandmustmake
contactwith the surface ,which maybe undesirabldor fragile objects[29].

Transmissie methodsprojectenegy waves onto an object, and recordthe transmitted
enepgy. For example,industrialcomputertomograply (CT) projectsx-raysonto an object,
andmeasureshe amountof radiationthat passeshroughit. Theresultis a high resolution
volumetricmodelof the object. Transmissie methodsarelargely insensitve to there ective
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Figure 1. Classi cation of range acquisition methods. Adaptedfrom Curless[29] and
Rusinkievicz [92]. In this tutorial, we focuson opticaltime of ight methods.

propertieof theobject,andthey cancapturedetailsnotvisible from theoutside.Ontheother
hand transmissie methodsareexpensve, sensitve to largevariationin materialdensity and
pontentiallyhazardou$29].

Re ective methodsmay be non-opticalor optical. Non-opticalmethodsinclude sonar
andmicrowave radar which measurehe distanceto an objectby sendinga pulseof sound
or microvave enegy to theobject,andrecordingthethetime it takesfor the pulseto bounce
backfrom the object. Sonarsaretypically inexpensve, but they areneithervery accuratenor
very fast,andmicrowave radarsaretypically usedfor long rangeremotesensing.

Opticalmethodsmaybepassie or active. Passve methodslo notinteractwith theobject
beingscannedandincludecomputewrisiontechniguesuchasshape-from-shadinfgr single
images stereotriangulationfor pairsof images,andoptical o w andfactorizationmethods
for video streams. Although passve methodsrequirelittle specialpurposehardware, they
rarely construciaccuratenodels,andtheir mainapplicationis objectrecognition[29, 92].
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Active optical methodsprojectlight onto an objectin a structuredmanner and deter
mine the objects shapefrom the re ections. Active optical methodsinclude depthfrom
defocus[79], photometricstereo[90], projected-lighttriangulation[47, 91], andtime of
ight [1, 2]. Active methodshave several advantagesover passve methods:active meth-
ods perform betterin the absenceof texture, are computationallyinexpensve and robust,
and producedenseand accuratesetsof rangesampleg91]. In this tutorial, we focuson
time-of- ight laserrangescanning.

2.2 Registration of Multiple RangeDatasets

A singlescanusuallycontainsholesdueto occlusion,andsamplesiearandfar objectsat
differentresolutions.Thus,to geta morecompletemodel,or to obtaina moreuniform reso-
lution, we needto scanthe ervironmentfrom multiple locations.Automaticallydetermining
the bestsetof locationsfor scannings a hardproblem[38, 85]. The simplestapproachs
to selectthe scanningocationsmanually trying to minimize the numberof scansecessary
for agoodcoverageof the ervironment,andmakingsurethatthereis someoverlapbetween
thescangd24]. After we have a setof scanswe needto align themin acommoncoordinate
system.Mostapproachegst nd aninitial globalalignmentandthenre ne it.

Thereare several approachegor nding aninitial alignmentbetweena pair of scans.
High-endsystemssuchascoordinatemeasuringnachineCMM), emplogy accuratdrack-
ing, but thesesystemsare often very expensve. Somelow-end systemsnd the initial
alignmentby performingthe scanningusing a turntable,which tendsto constrainthe use
of this approachto small objects. Otherlow-end systemg24] rely on a humanoperatoy
who usesan interactive tool to selectmatchingfeatureson eachscan. From the match-
ing featuresarigid transformationis computedthat alignsthe two scang52]. Automatic
featuredetection,althoughdesirable,is a hard problem,andis currently an active areaof
researcj27, 44, 54, 89, 127).

Theinitial globalalignmentis typically not very accurateandneedsto bere ned. The
most commonapproachto re ne the initial alignmentis the iterative closestpoint (ICP)
algorithmandits variants[14, 18, 94, 128. The ICP algorithmconsistsof two main steps.
Giventwo setsof points,the rst stepis to identify pairsof candidategorrespondingpoints,
andthe secondstepis to computea transformatiorthat minimizesthe distancebetweenthe
two setsof candidatepointsin the least-squaresense.Thesestepsarerepeatedintil some
convergencecriterionis met.

ICP typically providesvery accuratealignmentsandcorvergesfast,but it maygetstuck
in local minima. Anotherpotentialproblemwith ICPis thatsequentiahlignmentof multiple
scansmaysuffer from accumulatiorof pairwiseerrors.To avoid this problem,somesystems
useanchorscansandalign additionalscango theanchorscans Othersystemsmploy error
diffusion to evenly distribute the error amongthe scans. Bernardiniand Rushmeief13]
review severalapproacheso avoid accumulatiorof pairwiseerrors.
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@ (b) © (d) (e)

Figure2: Thenoiseremoval process.(a) In 2D, a moving leastsquaresurve (black) [6] is
computedrom noisy samplepoints(gray). (b) Noisy scanof a 3D object. (c)-(e) Progres-
sively smoothewersionsof (b). Imagescourtesyof ShachafFleishmanTel Aviv University

2.3 RangeData Filtering

The raw dataprovided by a 3D scannemay containseveral artifacts, including noise,
differencein resolutionbetweemearandfar surfaces,anddistortionsdueto intensitybias.
Many researcherbave studiedtheartifactsrelatedto triangulationscanner$49, 80, 95, 103
110. Herewe focuson artifactsrelatedto opticaltime-of-light scanner$2, 24].

A typicaltime-of- ight scannersuchasthe DeltaSphere-300[2], returnsa setof points,
eachpoint consistingof its sphericalcoordinatedr; g; f ) andthe intensityi of the enegy
returnedfrom that point. We thus usethe term “rtpi sample”to refer to a point sample
capturedby suchascanner

One artifact relatedto optical time-of- ight scannerss intensity bias: pointswith too
low or too high intensity tend to have unreliableradius. One approachto minimize the
intensity bias of the scannetis to scana calibration pattern,and build a correctiontable.
Corréaet al. [24] usea calibrationimagethat changedinearly from black to white, andis
surroundedy a white background Theimageis placedona at surface,andthenscanned.
From the scan,a bias correctiontablethatis usedfor correctingsubsequenscansis built.
Thenoisedistribution in the scanis assumedo be of zeromean. The biasin the scanis in
ther partof anrtpi sample,notin f or q. The backgrounds consideredo be the ground
truth, andthe best(in theleastsquaresenseplanethat ts the backgroundointsis found.
A biasis computedor every intensityvaluei 2 [0; 255 asthe averageheightH; (relative to
the plane)of the sampledpointswith intensityi. After building the biascorrectiontable,the
radiusr of every pointis correctecby computingr®= r H;.

Anotheracquisitionartifactis noise whichmanifesttself asrandomerrorsin theposition
of surfacepoints (Figure 2). Oneapproacho dealwith noiseis to averagesamplesrom
overlappingscang13]. Anotherapproachs to resamplehe pointsbasedn alocal estimate
of the underlyingsurface. For example, Alexa et al. [6] and Correaet al. [24] apply the
moving leastsquaes(MLS) projectionof Levin [63] to Iter thenoisyscans.
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3 Texture Acquisition

Section2 describedhe acquisitionof the geometricpropertiesof a model. This section
focusonobjecttexture(colors)acquistion.deally, we wouldlik e to have acompletedescrip-
tion of how a surfacepointre ects light dependingn its normal,theincidentlight direction,
the emeping light direction,andthe light's wavelength. Sucha descriptionis known asthe
bidirectionalre ectancedistribution function (BRDF) of a surface.MeasuringBRDFsaccu-
ratelyis ahardproblem[60, 125. Herewe describea simpleapproachhatcapturesparse
samplef BRDFs,suitablefor diffuseervironmentg24, 71].

Thesimplestapproactor acquiringthetextureof anenvironmentis to take picturesof it,
andthenmapthesephotographsntothepreviously acquiredgeometry To mapaphotograph
to the geometry we needto know the cameraprojectionparametergintrinsic parameters),
and the position and orientationof the camerawhen the photographwas taken (extrinsic
parameters)Realcameraglo not performa perfectperspectie projectionasa pinholecam-
eradoes,andpresentmary kinds of distortions,e.g.,radial distorsion. Onesolutionto this
problemis to modelthe actionof the distorsionsandto nd aninversemapping.A widely
usedmodelwasproposedy Tsai[108]. Tsai's cameramodelhas ve intrinsic parameters,
namelythe focal length,the rst-order coefcient of radialdistortion,the coordinate®f the
imagecenter anda scalefactor Oneway to calibratetheseintrinsic parameterss to take a
photograptof a planarcheclerboardpatternwith known geometryandthen nd theimage
locationof thecheclerboardcornerswith subpidel accurag. Implementinghesealgorithms,
which requirefull non-linearoptimization,is fairly complex. Luckily, high quality imple-
mentationsareavailablefrom Willson [121] andBouguet[15].

After calibratingthe intrinsic cameraparametersthe processof acquiringthe images
goesasfollows. First, we take photograph®f the ervironment, keepingthe samecamera
settingsfor all photographso avoid having to recalibratetheintrinsic parametersThen,for
eachphotographwe rst remove its radial distortion,usinga warp basedon the coefcient
foundabove, andthen nd the position(translationjandorientation(rotation)of the camera
whenwe took the photographrelative to anarbitraryglobal coordinatesystem.

It is hardto automaticallysolve the image-geometryegistrationproblem. By specify-
ing pairs of correspondingpoints betweenthe imagesand the geometry it is possibleto

nd the extrinsic cameraparameterg121]. The approachtaken by McAllister et al. [71]
is to keepthe centerof projection(COP)of the cameracoincidentwith the COP of the 3D
scannerwhile acquiringpanoramidmages.This simpli es theregistrationproblemby only
requiringthecomputatiorof arotation. Furthermorethis enforceghatno occlusionartifacts
arise. Correaet al. [24] usesan interactve programto specify correspondingpoints, typi-
cally requiringonly 7 to 10 correspondences obtaina goodcalibrationof the cameraOne
adwantageof this approachis thatit allows the userto take picturesfrom ary position.

Onceall the parameterdave beenfound,it is straightforvardto mapthe colorsfrom the
photograpkhto the scan(or scans}hatit covers. For each3D pointin a scancoveredby the
photographwe nd its 2D projectiononthecameraglane andassigrthecorrespondingixel
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(a) photograph (b) scan

Figure3: Thetexture-geometryegistrationprocess.

colorto it (Figure3). To supportview-dependeneffects(suchashighlights),we canstore
multiple color samplegerpoint, andatruntime nd thecolor of a point by interpolatingthe
closestcolor sample431].

4 Reconstructionof Non-SampledAr easand SceneEditing

Evenafterascenehasbeenscannedrom severalviewpoints,it maystill notbepossible,
or practicalto guarante@ completecoverageof all surfaces.Occlusionsandscanneacces-
sibility limitationsto certainareasof the environmentmayleadto incompleteor incorrectly
reconstructednodels. Figure4a shaws the renderingof a real ervironmentcreatedusing
1,805,13%ampledrom tenrangeimages.Notethemissingportionsof thecarpetchair, and
severalpiecesof furniture. Theseproblemsgresultfrom thelimited vertical eld of view used
duringthe scanningof the sceneandfrom occlusionsamongobjects. For this example,the
scenas beingobseredfrom aviewpointchoserto stresgheexposureof non-sampledreas.
The existenceof holesintroducesmajor renderingartifactsandcreatinghigh-qualityrecon-
structiondrom incompletedatais achallengingask[126]. Arbitrary geometriaelationships
amongobjectsin a scenanake the automaticcomputatiorof viewpointsthatguaranteeap-
propriatesamplingof all surfacesessentiallympossible.Solvingthis problemwould require
knowing the scenemodel,which is whatthe reconstructiorprocesss trying to produce.As
aresult,thedecisionof whereto positionthe scanners usuallyleft to theuser
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(a) original scans (b) reconstructednodel

Figure4: A realervironmentmodelwith 1.8 million samplesrom 10 rangeimages.

Given the dif culty to avoid the occurrenceof undesirableholesin the reconstructed
models,oneis left with two alternaties: keepacquiringmorescansor try to reconstructhe
missinginformationusingthe incompletedataavailable. Neitheralternatve aloneis com-
pletelysatistctoryin general Holescausedy accessibilityimitationscannotbe lled with
theacquisitionof new scansandtheability to performreconstructiofrom incompletedatais
highly dependentn theinput data.ldeally, bothapproacheshouldbe usedin combination.
Sinceacquiringandmeiging new scands arelatively straightforvardtask,we will focuson
reconstructiorof missinginformationfrom incompletedata.

4.1 The ReconstructionPipeline

Wang and Oliveira [116] proposeda pipeline for improving scenereconstructiorthat
cansigni cantly reduceartifactscausedy missingdata. It consistsof a segmentationstep
followed by the reconstructiorof absentgeometricandtextural information (Figure5). As
output, the pipeline producesa modi ed scenemodel with most of the original holesre-
moved. Figure4b illustratesthe reconstructiorproducedby the methodfor the sameinput
sampleausedto createFigure4a Notethe considerablémprovementbetweerthe two ren-
derings.Theability to reconstrucmissinginformationrequiressomeassumptionsboutthe
structureof theenvironment.Althoughscenesendto differ signi cantly from oneto another
two obsenationsseemto hold true: rst, indoorscenesisuallycontaina signi cant number
of large planarsurfaces,suchaswalls, ceiling, and oor; secondsymmetrypenadesboth
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Figure5: The sggmentatiorandreconstructiompipeline
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human-creatednd naturalervironments[48, 69, 119. Theseobsenationswere exploited
in the designof new algorithmsandtoolsthatsigni cantly simplify the reconstructiortask.
Sinceabsentareagnay possiblycontainarbitrarygeometryandtexture, reconstructiorirom
incompletedatais inherentlyambiguous.Thus,althoughmosttasksin the pipelineareper
formed automatically they require someamountof userintenention. This is acceptable
giventhe costsanddif culties still associateavith the scanningof realervironments.

Segmentationand Reconstructionof Planar Surfaces

Giventhe existenceof several algorithmsfor registrationof range,andrangeandcolor
data[14, 81, 87], it is assumedhatthe datapresentedisinput to the pipeline have already
beenregistered(both rangeand color). The reconstructiorprocessstartsby dividing the
original dataseinto planarandnon-planarsurfacesusinga 3D Houghtransform[119]. The
separatiorof theoriginal dataseinto two non-overlappinggroupsgreatlysimpli es theover
all reconstructioriask. For example,holesin planarsurfacescanbeeasilyrestored Also, by
removing the samplesassociatedvith planarareasmore expensve algorithmscanbe used
to reconstructheremainingsurfaces(representetty smallerdatasets)ln orderto avoid the
undesireceffectof nding spuriousgplaneshy theHoughtransform thenormalof every point
is computedbeforevote accumulatiorandeachpointonly votesfor afew Houghcells[116].
Thesecellsareidenti ed basedon the normalat the point, which, in turn, is computedcon-
sideringthe point's neighborhood.The nal parametergor the planeare obtainedthrough
a tting processisingsingularvaluedecompositior{SVD). Oncelarge planarsurfaceshave
beenautomaticallyidenti ed usingthe procedurgust describedthe useris requiredto spec-
ify boundariedor the underlyingplanarareas.This is doneinteractively in 3D throughthe
useof agraphicaluserinterface.Notethatthespeci cationof suchboundariess oftenneces-
sarydueto theambiguityintroducedby the existenceof missingdata.For example,consider
thesmallportion of the carpetvisible in Figure4a It would notbe possibleto automatically
recover the original boundarie®f the carpetfrom the availableinformation. Theboundaries
speci ed by theusersde ne polygonsthatwill replacethe original samplesThetexture as-
sociatedwith a planarsurfaceis extractedby orthographicallyprojectingthe corresponding
color samplesontothe planeof the polygon. For the caseof stochastidextures,a smallsam-
ple is obtainedandusedasinput for atexture synthesisalgorithm[34]. Theoriginal samples
arethendiscardedandthe new synthesizedexture is mappedontothe correspondingpoly-
gon. This proceduravasusedto reconstructhe carpetin Figure4b. Althoughnotidentical,
the new texturesarestatisticallysimilar to the original ones.Sinceonly the new texturesare
presentedo the viewer, the actualdifferencesetweerthemarelik ely to passunnoticed.

Replacingmary thousandf sampleswith textured-mappedgolygonsallows for ef -
cientrenderingon currentgraphicshardware. 2D textureswith symmetricpatternscanalso
be reconstructe@longthe planarsurfacesbranchof the pipeline. In this case,a 2D Hough
transformappliedto texel colorsis usedto identify axesof symmetryandto mirror informa-
tionfrom onesideto anothef116]. Remainingholesare lled usingapush-pullstratey [43].
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(a) original scan (b) symmetryplane (c) reconstructednodel

Figure6: Symmetry-baseteconstruction.

Segmentationand Reconstructionof Non-Planar Surfaces

Samplescorrespondindo non-planarsurfacesreceive a differenttreatment.Sincemost
objectsreston at surfaces,oncethe large planarareashave beenremoved, it becomesel-
atively easierto identify andisolateindividual objects. Thus, the non-planatranchof the
reconstructiorpipelinestartsby clusteringspatiallyclosesamplesThisis accomplishedis-
ing anincrementakurfaceconstructionalgorithmbasedon proximity of pointsin 3D [42].
Onceclustershave beenidenti ed, eachoneis treatedndependentlyf therestof thedataset.
This is desirablesinceeachclusterusuallyhasa relatively small sizewhencomparedo the
entiredatasetaind someof the algorithmsusedfor clusterreconstructiorrun in polynomial
time onthe numberof theinput samples.

Eachclusterundegoesa 3D symmetrycheckbasedn avariationof the 3D Houghtrans-
form [116]. Thecheckconsistsof computing for eachpair of pointsin thecluster its bisec-
tor plane(i.e., the planeperpendiculato the line de ned by the two pointsand equidistant
to both), which recevesa vote. At the end,ary planewith a signi cantly larger numberof
votesis electedasrepresentatie of approximatesymmetry[116]. Dependingontheamount
of missingdataandtheir distribution overthe object's surface it maynotbe possibleto accu-
ratelyrecover theactualsymmetryplaneof theoriginal object. In this case userintervention
is requiredto appropriatelyrepositionthe computedblane.Userinterventionis alsorequired
to selectamongsereral candidateplaneswith approximatelythe samenumberof votes. In
the caseof rotationally symmetricobjects,the axis of revolution canbe obtainedasthe in-
tersectionjn the leastsquaresensepf all the candidatesIn practice,however, rotationally
symmetricobjectsare easierreconstructedy mirroring dataacrossseveral of their sym-
metry planes.Figure6ashaws a chairautomaticallysegmentedrom the datasetlepictedin
Figureda. Figure6b shavsthesymmetryplanecomputedisingthe procedurgustdescribed.
Notethat,despitethe large missingareason the surfaceof the chair, the algorithmstill man-
agesto computea goodsymmetryplane. This canbe explainedby the relative insensitvity
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Figure7: Identifying holes.

of the Houghtransformto noisy andmissingdata. Finding an approximatesymmetryplane
doesnot requirea consensushut simply nding a planewith the largestnumberof votes.
Onceapproximatesymmetryhasbeenidenti ed, surfacereconstructiorproceed$y mirror-
ing samplesacrosghe symmetryplane(axis)[116]. Figure6c shavsthereconstructedhair
obtainedfrom the original samplesusingsymmetry-basedeconstruction.The existenceof
smallholesin theresultingmodelis dueto thelack of samplesn bothsidesof the symmetry
plane. While suchholesarerelatively smallandcould have been lled duringthe meshing
processall surfacereconstructioralgorithms[9, 11, 33, 42, 51] assumehatthe surfacesto
berestorechave beenappropriatelysampledand,therefore do not handlelocal variationsin
samplingdensity Theoccurrencef suchvariationsmanifestdtself assmallholesvisible in
Figure6c, andfurtherprocessings requiredto eliminatetheseartifacts.

Filling Small Holesby Surface Inter polation

In locally smoothsurfacesholescanbe lled usingsurfaceinterpolationmethodsWang
andOliveira [115] describea procedurefor automaticidenti cation and lling of holesin
point clouds. The methodconsistsof rst creatinga triangle meshusing a surface con-
structionalgorithm. Holesarethenautomaticallyidenti ed by analyzingthe resultingmesh
searchingfor cycles of non-sharededges(Figure 7). Note that sinceit is not possibleto
distinguishbetweeranundersampledregion anda real holein the surface,userinteraction
is requiredto guarantegroperreconstructionOncea hole hasbeenidenti ed, the missing
region canbeinterpolatedrom its neighborhood Samplesaroundthe hole, calledtheinter-
polationcontet (seedark gray regionsin Figure 7), areusedto performthe interpolation.
Whereassereral surface tting techniquescan be usedto reconstructmissingregions, for
mostof them, the resultingsurfacesdo not passthroughthe original sampleswhich tends
to introducediscontinuities. This is the case for instanceof the cornventionalleast-square
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methodfor surface tting. Avoiding discontinuitiesbetweenthe original and lled areass
importantin orderto guarante¢he quality of thereconstructednodels.Thehole lling strat-
egy proposedy WangandOliveira[115] consistof addingnev samplego undersampled
regionsby resamplinganinterpolatedsurfacereconstructedisingmoving leastsquare$59],
avariationof the original leastsquaresnethodthatguaranteetheinterpolationof the origi-
nal samples An importantrequirementuringtheintroductionof new sampless to enforce
thatthe samplingdensityinsidethe hole matcheshe sampledensityof theinterpolationcon-
text. Thisis necessaryo guaranteghat the surfacereconstructioralgorithmusedwill not
justleave evensmallerholes.

Surface tting proceduredreatthe surfacesto be reconstructedsheight elds (i.e., as
functionof thetype z= f(x;y)) [59]. Thus,for eachhole, reconstructiorandre-sampling
areperformedatits "local tangentplane®. Let N be the numberof samplesn theinterpola-
tion context ¢ of a hole h, andlet O be the point obtainedby averagingthe 3D coordinates
of all samplesdn c. Also, let M be an Nx3 matrix obtainedby subtractingO from all sam-
plesin c. A local coordinatesystemfor the tangentplanecan be obtainedby factoringM
usingsingularvaluedecompositionSucha factorizationproducesan orthonormabasiscor-
respondingo the eigervectorsof MMT [104]. The two eigervectorscorrespondindo the
two eigervectorswith largestabsolutevaluesspanthe desiredtangentplane,while the third
oneis perpendiculato the plane.Oncethe planehasbeencomputedthe sampledelonging
to thecorrespondingnterpolationcontext areprojectedontoit. The problemof decidingthe
re-samplingpositionsinside the holeis thenreducedto the 2D problemof nding a setof
(x;y) positionsinside the projectionof the hole that preseresthe samplingdensityof the
projectionof the interpolationcontect. Thesepositionsarecomputedandthe new samples
areobtainedby re-samplingheinterpolatedsurfaceatthesepoints. Oncethesesamplehave
beenadded,a new triangle meshis createdfor the objectusingthe surfacereconstruction
algorithmdescribedn [42].

In additionto reconstructinggeometryit is alsonecessaryo reconstructolor andtex-
ture. Themoving-least-squargsrocedureanalsobe usedfor thereconstructiorof smoothly
varyingcolors. This canbe achievzed simply by replacingheight(the z coordinatemeasured
with respecto the plane)with the red, greenandblue color channelspneat a time. Fig-
ure 8 shaws a scenadisplayingthe chairmodelin threedifferentstagef thereconstruction
pipeline.Theoriginal samplesareshavn ontheleft; theimagein themiddledepictsthechair
after symmetry-basedeconstructionpn the right, one seesthe resultafter the hole- lling
proceduréhasbeenapplied.A signi cantimprovemenicanbeobsenedwhencomparinghe
originalandthe nal models.

Scenekditing

The segmentationof individual objectssupportedby the pipeline depictedin Figure 5
providesthe userswith the ability to edit the original environments. This is an extremely
valuablefeature sinceit allowstheacquiredsceneso becompositedn mary differentways.
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(a)original samples (b) after symmetry-basede- (c) afterhole lling
construction

Figure8: Editedsceneshaving a chairin differentstagesf thereconstructiompipeline.

Like corventional 3D geometricmodels,thesereconstructeabjectscanbe translated yo-
tated,scaled andinstantiatedarbitrarily. In thereconstructiorshovn in Figure4b, the chair
in Figure6c wasinstantiatedhreetimesat differentpositionsandorientationsreplacingthe
originalones.In Figure8, theoriginal chairswerereplaceddy a singleinstanceof therecon-
structedchair, andthe carpetwasreplacedvith awooden-tatured oor. Thebottomshehes
andtheir contentavereeditedusingsomeimagingtoolsavailablein the systemdescribedy
WangandOliveira[116].

4.2 Other Reconstruction Approaches

An alternatve for lling holesas part of surfacereconstructiorfrom point cloudshas
beenproposedy Carr etal. [16], andconsistof usingpolyharmonicradialbasisfunctions
to obtainimplicit representationfer objectsurfaces.Suchatechniquehandledargenumbers
of samplesproducesvery impressve results,and canalsobe usedfor meshsimpli cation
andre-meshing. Mesh simpli cation is a highly desirablefeature,sinceit canbe usedto
signi cantly reducethe amountof primitivesusedto renderthe modelwhile preservingts
original appearanceOnedrawvbackof this approachs thatthe entirepoint cloud (extended
with someoff-surfacepoints[16]) representa singlesurface.As aresult,theentirescenes
treatedasa singlesurface which precludesceneediting. Handlingindividual objectswould
requirethe useof a sgmentationprocedureg(not part of the original algorithm)in orderto
isolatethe objects. This approactdoesnot handletexture reconstructionandwould needto
be combinedwith texture synthesigechniques.

Anotherapproachfor modelreconstructiorof 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 are usedto guide
theregistrationprocessTheintegrationof therangeimagess performedusinga probabilis-
tic optimizationprocedurehat deformsthe original rangesurfacesin orderto improve the
tting. Exceptfor requiringtheuserto de ne the correspondencet)e processs completely
automatic. Like in the approachproposedby Carr et al., the entire sceneis modeledasa
singlesurface,andno supportfor sceneaditingis provided. In orderto handlenoisydatasets,
theinput dataundego somesmoothingpre-processing;ausingall sharpedgesandcorners
to beroundedn thereconstructednodel.

5 Rendering

5.1 Interacti ve Exploration of Lar ge Environments

Researcherbave studiedthe problemof renderingcomplex modelsat interactve frame
ratesfor mary years. Clark [22] proposedmary of the techniquedor renderingcomple
modelsusedtoday including the useof hierarchicalspatialdatastructuresjevel-of-detalil
(LOD) managemenbierarchicaliew-frustumandocclusionculling, andworking-setman-
agemen{geometrycaching).Garlick etal. [41] presentedheideaof exploiting multiproces-
sorgraphicsworkstationgo overlapvisibility computationswith rendering.Airey et al. [4]
describeda systenthatcombined_OD managemenwith theideaof precomputingisibility
informationfor modelsmadeof axis-alignedpolygons.Funkhouseet al. [40] describedhe

rst publishedsystemthatsupportednodelslargerthanmainmemory andperformedspec-
ulative prefetching.Their systenmwasbasedon the from-region visibility algorithmof Teller
andSéquin[107], which requiredlong preprocessintjmes,andwaslimited to modelsmade
of axis-alignedcells. Aliaga et al. [8] presentedhe Massive Model RenderingMMR) sys-
tem, which employed mary acceleratiortechniquesincluding replacinggeometryfar from
theusers point of view with imagery occlusionculling, LOD managemengndfrom-region

prefetching.MMR wasthe rst publishedsystento handlemodelswith tensof millions of

polygonsatinteractve framerates.

Recently Wonkaet al. [123] presented from-region visibility preprocessinglgorithm
with occluderfusion. Thefactthattheir algorithmtook 9 hoursto preprocess modelwith
8 million triangles andwaslimited to 2.5D ervironmentshighlightsthedif culty of handling
complex models.Anotherexampleis thework of Durandet al. [32], which presents from-
region visibility preprocessinglgorithmthat could handle3D ervironments,asopposedo
2.5D[123]. But the algorithmtook 33 hoursto processa modelwith 6 million triangles.
Schau eretal. [101] alsopresentec from-region 3D visibility preprocessinglgorithm,but
their largesttestmodelhadonly 0.6 million triangles.

Thevastamountof workin theareeof real-timerenderingalgorithmsmakesit impossible
for usto be comprehensie. We point the readerdo the surwey of Cohenetal [23], andthe
booksby Lueblke etal [70] andMoller andHaines[73].
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5.2 Out-Of-Cor e Techniquesfor Model Management

Inthissectionwebrie y review theexistingwork onout-of-coretechniquegor computer
graphicsandscienti ¢ visualization.For a generaintroductionto the theoryandpracticeof
externalmemoryalgorithms we refertheinterestedeaderto Abello andVitter [3].

Cox and Ellsworth [28] proposea generalframavork for out-of-corescienti ¢ visual-
ization systemsbasedon application-controlledlemandpaging. LeutenggerandMa [62]
proposeto useR-trees[46] to optimizesearchingoperationson large unstructurediatasets.
Uenget al [111] usesan octreepartition to restructureunstructuredyrids to optimize the
computationof streamlines.Shenet al [102] and SuttonandHansen105] have developed
techniquedor indexing time-varying datasets.Shenet al [102] apply their techniquefor
volumerenderingwhile [105] focusse®n isosurficecomputations.ChiangandSilva [19]
worked on I/O-optimal algorithmsfor isosurficegeneration.An interestingaspectof their
work is that even the preprocessings assumedo be performedcompletelyon a machine
with limited memory Thoughtheirtechniquds quitefastin termsof actuallycomputingthe
isosuricestheassociatediskandpreprocessingverheads substantial Thisleadto further
research20] ontechniquesvhichareableto tradedisk overheador time in thequeryingfor
theactive cells. They developeda setof usefulmeta-cellpreprocessingechniquesExternal
memoryalgorithmsfor surfacesimpli cation have beendevelopedby Lindstrom[67] and
El-SanaandChiang[36]. Thetechniquepresentedh [67] is ableto simplify arbitrarily large
dataset®n machineswith justenoughmemoryto hold the output(i.e., the simpli ed) trian-
gle mesh.LindstromandSilva[68] extendedhework into acompletelymemoryinsensitve
technique.Wald et al. [113] developeda ray tracing systemthat useda clusterof 7 dual-
processoPCsto renderlow-resolutionimagesof modelswith tensof millions of polygons
atinteractive framerates. Their systemcould preprocesshe UNC power plantmodel[114]
in 2.5 hours (two ordersof magnitudefasterthan MMR [8]). Avila and Schroedef{10]
andEIl-SanaandChiang[36] developedsystemdor interactive out-of-corerenderingbased
on LOD managementhut thesesystemsadid not performocclusionculling. Varadharand
Manochg[112] describea systemfor interactive out-of-corerenderingthatuseshierarchical
LODs [37] andfrom-region prefetching but no occlusionculling. Cignonietal. [21] devel-
opedanout-of-corealgorithmfor simpli cation of large models.Their algorithm rst builds
araw (notindexed)octree-basedxternalmemorymesh(OEMM), andthentraversegheraw
OEMM twice to build anindexed OEMM.

5.3 Parallel Rendering and Lar ge-ScaleDisplays

When interactingwith large models, it is naturalto want to visualizethesemodelsat
high resolution. It is possibleto use parallelismto increaseperformanceand,in particu-
lar, increaseheresolutionof graphicsdisplays.A traditionalapproactto parallelrendering
hasbeento usea high-endparallelmachine. More recently with the explosive growth in
power of inexpensve graphicscardsfor PCs,andthe availability of high-speechetworks,
usinga clusterof PCsfor parallelrenderinghasbecomean attractve alternatve, for mary
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reasons[65, 96]. First, a clusterof commodityPCs,eachcostinga few thousanddollars,

typically hasa betterprice/performanceatio thana high-end highly-specializedgsupercom-
puterthat may costup to millions of dollars. Second high-wolume off-the-shelfpartstend

to improve at fasterratesthanspecial-purposbardware. We canupgradea clusterof PCs
muchmorefrequentlythana high-endsystemasnew inexpensve PCgraphicscardsbecome
availableevery 6-12months.Third, we caneasilyaddor remose machinedrom the cluster

andeven mix machineof differentkinds. We canalsousethe clusterfor tasksotherthan

rendering Finally, the aggrejatecomputing storageandbandwidthcapacityof a PCcluster
grows linearly with the numberof machinesn the cluster

Many approaches$o parallelrenderinghave beenproposed.Molnar et al. [74] classify
parallelizationstrateyiesin threecateyoriesbasedn wherein therenderingpipelinesorting
for visible-surbicedeterminatiortakesplace. Sortingmay happenduring geometryprepro-
cessingbetweergeometrypreprocessingndrasterizationor duringrasterizationThethree
catayoriesof parallelizationstratgiesaresort- rst, sort-middle andsort-last respectiely.

Sort- rst algorithms[53, 77, 97, 98] distribute raw primitives (with unknavn screen-
spacecoordinatespuring geometrypreprocessingTheseapproacheslivide the 2D screen
into disjoint regions (or tiles), andassigneachregion to a differentprocessagrwhich is re-
sponsiblefor all of the renderingin its region. For eachframe, a pre-transformatiorstep
determinegheregionsin which eachprimitive falls. Thena redistritution steptransferghe
primitives to the appropriaterenderers. Sort- rst approachesake advantageof frame-to-
framecoherencavell, sincefew primitivestendto move betweertiles from oneframeto the
next. Sort- rst algorithmscanalsouseary renderingalgorithm,sinceeachprocessohasall
theinformationit needsto do a completerendering. Furthermoreasrenderingalgorithms
adwance sort- rst approachesantake full advantageof them.Onedisadwantageof sort- rst
is thatprimitivesmay clusterinto regions,causingoad balancingproblemsbetweerrender
ers. Anotherdisadwantages thatmorethanonerenderemay processhe sameprimitive if
it overlapsscreerregion boundaries.

Sort-middlealgorithms[5, 39, 7€] distribute screen-spacggrimitivesbetweerthegeome-
try preprocessingndrasterizatiorstages Sort-middleapproacheassignanarbitrarysubset
of primitivesto eachgeometryprocessqrandaportionof thescreerto eachrasterizerA ge-
ometryprocessotransformsandlightsits primitives,andthensendshemto the appropriate
rasterizersUntil recently this approacthasbeenthe mostpopulardueto the availability of
high-endgraphicsmachines.Onedisadwantageof sort-middleapproachess that primitives
may be distributed unesenly over the screen,causingload imbalancebetweenrasterizers.
Sort-middlealsorequireshigh bandwidthfor the transferof databetweerthe geometrypro-
cessingandrasterizatiorstages.

Sort-lastapproache$s0, 75, 117] distribute pixels during rasterization.They assignan
arbitrarysubsebf the primitivesto eachrenderer A renderercomputesixel valuesfor its
subsetno matterwherethey fall in thescreenandthentransferthesepixels(coloranddepth
values)to compositingprocessorsSort-lastapproachescalewell with respecto thenumber
of primitives,sincethey rendereachprimitive exactly once. On the otherhand,they needa
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high bandwidthnetwork to handleall the pixel transfers.Anotherdisadwantageof sort-last
approachess that they only determinethe nal depthof a pixel during the composition
phaseandthereforemalke it dif cult (if notimpossible)to usecertainrenderingalgorithms,
e.g.,transparencandanti-aliasing.

5.4 Polygonal versusPoint versusimage-BasedRendering

Interactve renderingof realisticervironmentshasbeenafocusof computergraphicsre-
searchfor mary years[4, 40]. Traditionally researcherfiave modeledthe geometricand
photometricpropertiesof an ervironmentmanually andthe resulting3D modelshave been
frequentlypolygonalsoupsor meshesMore recently the advancedn 3D scanningechnol-
ogy have allowed researcherso capturethosepropertiesdirectly from real-world erviron-
ments[12, 64, 81, 106], andthe useof imagesandpointsinsteadof polygonsasrendering
primitiveshasbecomewidespread45, 84, 93, 82, 83, 86).

Onahighlevel, representinggeometrywith triangles,jmages andpointsarefundamen-
tally equivalent,andin principle,it shouldbe possibleto corvert from onerepresentatioto
anotherwith properalgorithms. Unfortunately our currentknowledgeis far from making
this possible. Becauseof the way computergraphicsdeveloped,polygonalrepresentations
arethe easiesto render with extensie hardware support,andthe onethat we knov most
aboutin termsof its algorithmicproperties.Becausédt hasbeena preferredrepresentation
for solong, quite a bit is known abouttransformingotherrepresentationmto polygonized
models.Ontheotherhand for dataacquisition pointsandimagesarethe mostnaturalsince
3D scannerandimagingequipmentin generaloutputcollectionsof pointsand/orimages.
Usingtechniqueslevelopedin computewision, it is possibleto transform(usuallyregistered
andcalibratedjmageryinto 3D points. Actually building modelsout of theraw inputis quite
hard (ascanbe seenfrom the materialcoveredin this paper). With the substantiabmount
of researchbeingdone,it is getting easierto corvert betweenrepresentationsSeveral ef-
forts areundervay to make it easyto usepointsandimagesasbasicprimitives,in a similar
way to how we usepolygonalmodels.For instancejt is now possibleto renderpointsquite
efciently [45, 84, 93], andthereareevensomesystemdor editing point setsdirectly [129].

5.5 CaseStudy: The iWalk System

TheiWalk system[25] lets a userwalk througha large modelat interactve framerates
usinga PCwith a smallamountof memory Figure3b shavs animagethatwasrenderedy
theiWalk system.The main partsof iWalk arethe out-of-corepreprocessinglgorithmand
the out-of-coremulti-threadedenderingapproach.

Theout-of-corepreprocessinglgorithmcreatesanon-diskhierarchicarepresentatioof
the input model. More speci cally, it createsan octree[99] whoseleaves containthe ge-
ometryof the input model. The algorithm rst breaksthe modelin sectionghat t in main
memory andthenincrementallybuilds the octreeon disk, onepassfor eachsection keeping
in memoryonly the sectionbeingprocessedTo storethe octreeon disk, the preprocessing
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algorithmsavesthegeometriccontentf eachoctreenodein aseparatele. Thepreprocess-
ing algorithmalsocreates hierarchy structue (HS) le. TheHS le hasinformationabout
the spatialrelationshipof the nodesn the hierarcly, andfor eachnodeit containghenodes
boundingbox andauxiliary dataneededor visibility culling. TheHS le is the maindata
structurethatour systemusesto controlthe o w of data. A key assumptiorwe malke is that
theHS le ts in memory Thatis usuallyatrivial assumptionFor example,the sizeof the
HS le for a13-million-trianglemodelis only 1 MB.

At run time, iWalk usesan out-of-coremulti-threaded-enderingapproach.A rendering
threadusesthe PLP[57] algorithmto determinehe setof octreenodesthatarevisible from
the users point of view. For eachvisible node,therenderingthreadsendsa fetchrequesto
thefetchthreadswhichwill procesgherequestandbring the contentf thenodefrom disk
into amemorycache.lf thecaches full, theleastrecentlyusednodein the cacheis evicted
from memory To minimize the chanceof 1/O bursts,thereis a look-aheadhreadthatruns
concurrentlywith therenderinghread.Thelook-aheadhreadtriesto predictwheretheuser
is goingto bein the next few frames,usesPLP to determinethe nodesthat the userwould
seethen,andsendsprefetchrequestdo the prefetchthreads.|f thereareno fetchrequests
pending the prefetchthreadswill bringtherequestedhodesnto memory(up to certainlimit
perframebasedon the disk's bandwidth). This prefetchingschemeamortizeshe burstsof
I/O over framesthatrequirelittle or no1/O, andproducedasterandsmootheframerates.

Therenderinghreadandthelook-aheadhreadbothusePLP[57] to determinghenodes
thatarevisible from a given point. PLP is an approximatefrom-pointvisibility algorithm
thatmay be understoodisa setof modi cationsto the traditionalhierarchicalview frustum
culling algorithm[22]. First, insteadof traversingthe modelhierarcly in a prede nedorder
PLP keepsthe hierarcly leaf nodesin a priority queuecalled the front, and traversesthe
nodesfrom highestto lowestpriority. WhenPLP visits a node,it addsthe nodeto thevisible
set removesthe nodefrom the front, and addsthe unvisited neighborsof the nodeto the
front. Second,nsteadof traversingthe entire hierarcly, PLP works on a budget,stopping
thetraversalaftera certainnumberof primitiveshave beenaddedto the visible set. Finally,
PLP requireseachnodeto know not only its children, but also all of its neighbors. An
implementatiorof PLP maybe simpleor sophisticateddependingon the heuristicto assign
prioritiesto eachnode.Severalheuristicgprecomputdor eachnodeavaluebetweerD.0and
1.0 calledsolidity, which estimatesiow likely it is for the nodeto occludean objectbehind
it. At runtime,thepriority of anodeis foundby initializing it to 1.0,andattenuatingt based
onthesolidity of the nodesfoundalongthetraversalpathto thenode.

Thekey featureof PLPthatiWalk exploitsis thatPLPcangenerat@anapproximatevisible
setbasednly ontheinformationstoredin theHS le createdatpreprocessingme. In other
words,PLP canestimatehevisible setwithoutaccesgo the actualscenegeometry

Although PLPis in practicequite accuratdor mostframes,it doesnot guaranteémage
quality, andsomeframesmay shav objectionableartifacts. To avoid this potentialproblem,
the renderingthreadmay optionally use cPLP [58], a conserative extensionof PLP that
guaranteed00%accuratémages.Ontheotherhand,cPLPcannotdeterminghevisible set
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from the HS le only, andneedsto readthe geometryof all potentiallyvisible nodes.The
additionall/O operationsnake cPLPmuchslowverthanPLP

Corréaet al. [26] usediWalk to develop a sort- rst parallelsystemfor out-of-coreren-
deringof large modelson clusterbasediled displays. Their systemis ableto renderhigh-
resolutionmagesof largemodelsatinteractve frameratesusingoff-the-shelfPCswith small
memory Givenamodel,they useanout-of-corepreprocessinglgorithmto build anon-disk
hierarchicalrepresentatioffor the model. At run time, eachPCrendergheimagefor a dis-
playtile, usingiWalk's renderingapproachUsinga clusterof 16 PCs,eachwith 512MB of
main memory they wereableto renderl2-meagapixel imagesof a 13-million-trianglemodel
with 99.3%of accurag at 10.8 framesper second. Renderingsucha large modelat high
resolutionsandinteractve framerateswould typically requireexpensve high-endgraphics
hardware. Their resultsshowv thata clusterof inexpensve PCsis an attractive alternatve to
thosehigh-endsystems.

6 ChallengesAhead

Despitethe greatpotentialof theintegrateduseof laserscanningandcolor photographs,
several challengesstill needto be overcome,including handlinginconsistenillumination,
being able to dynamically changethe scenelighting conditions,and reconstructingnon-
stochastidextures.

In orderto handlepossibleocclusionsand cover the geometriccompleity usually as-
sociatedwith real ervironments,laserscansand photographaisually needto be acquired
from several differentpositions. The existenceof view-dependengéffectstendsto introduce
shadinginconsistences setsof picturestakenfrom differentviewpoints. As thesepictures
are combinedto model a scene,seamsdueto abruptchangesn shadingacrossthe same
surface canbe very distracting. A possibleway to addresshis problemis to extract sur
facere ectancepropertiesfor example,in the form of BRDFs,andusethemfor rendering.
While sometechniquesave beendevelopedfor extractingre ectancepropertiesfrom sets
of photographsssociateavith known geometry[61, 126, theseapproacheassumehatthe
propertiesandpositionsof thelights sourcesn thescends areknown. As aresult,they can-
not be usedfor arbitrary scenes.Alternatively, one can considerfactoringthe illumination
re ected by a surfaceinto its diffuseandspecularcomponentsThis kind of decomposition
hasbeenstudiedby severalresearcherms recentyears[56, 66, 78, 100, 127, but satisatory
resultsareonly achieved undercontrollableconditionsvery unlikely to be foundin realen-
vironments.Theability to dynamicallychangehe scendighting conditionsby, for example,
changingthe positionof the light sourcess a highly desirablefeaturecloselyrelatedto the
problemof factoringshadingbetweerits diffuseandspeculacomponents.

While severalalgorithmshave beendevelopedin recentyearsfor synthesizingstochastic
textures[34, 35, 11§ andfor texturesynthesion surfaceq109, 118 124, reconstructiorof
arbitrarytexturesis a hardproblemfor which no generakolutionis likely to exist. For these
casesthe useof a paintingsystemto performmanualretouchingnaybetheonly solution.
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7 Conclusion

Thistutorialis anintroductionto recentwork in themodelingandinteractve renderingof
realenvironments.Thesetopicslie in the frontier betweencomputergraphicsandcomputer
vision researchand have recentlybeenthe sourceof substantialwork. We expectthis to
continueto be the casefor yearsto come,andthatin the nearfuture we might startto see
completecommerciaBD photograph system$asednresearctsimilarto theonedescribed
here. The usefulnesof suchtechnologyis very broad,rangingfrom entertainmento the
analysisof forensicrecords andwe expectit to have tremendousmpactin everydaylife.

We would lik e to point out thatour tutorial is highly skewed towardsour researclareas,
and, thus, it is not representitie of all areasof work. For a more completedescriptionof
work in 3D modelacquisition we point the readerto the excellentsurwey of Bernardiniand
Rushmeief13]. For thoseinterestedn interactve renderingwe recommendhe suney by
Cohen-Oretal. [23], andthebooksby Lueble etal. [70] andMdller andHaines[73].
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