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Real-world objects are usually composed of a number of di eren t materials that often show subtle
changes even within a single material. Photorealistic rendering of such objects requires accurate
measuremernts of the re ection prop erties of each material, aswell as the spatially varying e ects.
We present an image-based measuring method that robustly detects the di eren t materials of real
objects and ts an average bidirectional re ectance distribution function (BRDF) to each of them.
In order to model local changes as well, we project the measured data for each surface point into
a basis formed by the recovered BRDF s leading to a truly spatially varying BRDF represertation.
Real-world objects often also have ne geometric detail that is not represented in an acquired
mesh. To increase the detail, we derive normal maps even for non-Lambertian surfaces using
our measured BRDF s. A high quality model of a real object can be generated with relativ ely
little input data. The generated model allows for rendering under arbitrary viewing and lighting
conditions and realistically reproduces the appearance of the original object.

Catgoriesand SubjectDescriptors:l.3.7 [Computer Graphics]: Three-DimensionaGraphicsandRealism—
Color, Shading Shadowingand Texture; 1.4.1 [Image Processingand Computer Vision]: Digitization and
ImageCapture

General Terms: Measurement
Additional Key Words and Phrases: BRDF measurement, spatially varying BRDF s, normal map
acquisition, photometric stereo, shape from shading

1. INTRODUCTION

Theuseof realisticmodelsfor all component®f imagesynthesiss afundamentaprereq-
uisite for photorealisticcendering. This includesmodelsfor the geometry light sources,
andcamerasaswell asmaterialsandmicro structure.As moreandmorevisual complec-

ity is demandedit is lessandlessfeasibleto generateahesemodelsmanually Automatic

Author's address:Hendrik P. A. Lensch,Max-Planck-Institutfir Informatik, Stuhlsatzenhaus\ges85, 66123
Saarbriickn,Germam, lensch@mpi-sinpg.de.

Permissiorto male digital/hardcopy of all or part of this materialwithout fee for personalor classroomuse
providedthatthecopiesarenotmadeor distributedfor pro t orcommerciabdwantagethe ACM copyright/sener
notice, thetitle of the publication,andits dateappearandnoticeis giventhatcopying is by permissionof the
ACM, Inc. To copy otherwise,to republish,to poston seners,or to redistritute to lists requiresprior speci c
permissiorand/orafee.

¢ 2003ACM 0730-0301/2003/0100-00G6.00

ACM Transaction®n GraphicsVol. 22,No. 3, April 2003,Pagesl-27.



2 Hendrik P. A. Lensch et al.

and semi-automatienethodsfor model acquisitionare thereforebecomingincreasingly
important.

In this paperwe concentraten the acquisitionof realisticmaterials.In particular we
describeanacquisitionprocesdor spatiallyvarying BRDFsthatis ef cient, reliable,and
requiredittle manualintervention. Othermethodslescribedn theliterature(seeSection3
for anoverview) eitherfocuson homogeneoumaterials or make assumptionsnthetype
of materialto be measurede.g.humanfaces).In our work, we measurespatiallyvarying
BRDFswithout makingary additionalassumptionsi-urther we usethederivedre ection
propertiesto computenormalmapseven for non-Lambertiarsurfaces. In particular our
contritutionsare

—efcient, reliable,andmostlyautomatiacalibrationschemesor thelight sourceposition
relative to thegeometry

—arohustandef cient BRDF tting processhatclustergheacquiredsamplesnto groups
of similar materialsand ts aLafortunemodel[Lafortuneetal. 1997]to eachgroup,

—a methodthat projectsevery sampletexel into a basisof BRDFs obtainedfrom the
clusteringprocedureThis projectionaccuratelyrepresentthe materialat thatpointand
resultsin acompactrepresentatioof atruly spatiallyvaryingBRDR

—analgorithmthatuseghereconstructe@RDF atevery pointtogethemwith themeasured
re ectancesampledo optimizethe orientationof the surfacenormalyielding a normal
map.

We requireonly a relatively small numberof high dynamicrangephotographgabout
15-25imagesfor oneobject),therebyspeedingip theacquisitionphase.

As aresultof the tting, clustering,andprojectionprocesswe obtaina compactrep-
resentatiorof spatially varying materialsthat is well suitedfor renderingpurposeqsee
Figure11 for anexample). The methodworks both for objectsconsistingof a mixture of
distinctmaterials(e.g. paintandsilver, seeFigure 13), or for smoothtransitionshetween
materialproperties.

2. OVERVIEW AND MOTIVATION

Geometryandre ection propertieshave to be acquiredin orderto realisticallyreproduce
arealworld object. The basicideashave beenpresentedn [Lenschetal. 2001]which are

furtherre ned andextendedn this paper In particular this includesextendedsectionson

the setupanddataresampling.Furthermorewe addednew techniquedor calibratingthe

light sourcepositionandfor the acquisitionof normalmaps.

Thereconstructiomf spatiallyvaryingBRDFsrequireso samplea 6D functionin some
way. A very nawve approachwould be to measurehe BRDF of every single point on
the surfaceseparatelye.g. usinga goniore ectometer It is clearthatthis methodwould
be tediousif not impossible. A more suitableapproachhasbeentaken by Debevec et
al. [2000] who constructedhe light stage wherea point light sourcespinsaroundthe
objectwhile a video cameratakes several hundredsof imagesfor a x ed view. Hereby
the BRDF of eachvisible surfacepointis capturedfor exactly oneviewing directionasa
functionof incidentlighting.

In this paperwe presenta techniquefor measuringspatially varying BRDFs for ary
viewing directionusingfar fewer images. The ideaof our algorithmis basedon the fact
that mostman-madgand even mary natural)objectsconsistof mixturesof only a very
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Image-Based Reconstruction of Spatial Appearance and Geometric Detail 3

small setof materials. We heaily exploit the coherencen the re ection propertiesof
surfacepointsbelongingto the samematerialin orderto drasticallyreducethe numberof
BRDF sampleqi.e., the numberof images)thathave to be collected. The BRDFsof the
basicmaterialsaremeasuredimilar to theimage-basedeasuremertechniqueproposed
by Marschneetal.[1998;1999].

What remainsis to representhe subtle variation and detailswhich are presenteven
within the samematerial. Real objectsexhibit a lot of local variationsin the material
propertiegsuchasimperfectionswithin the material,dust,or smoothtransitionsto other
materials). Therefore a single, constanBRDF per clusterwill not resultin realisticap-
pearanceln orderto modelthesesubtledetailsit is necessaryo assigna separatd8RDF
to eachpoint on the surface. Given the sparsanput data,a direct measuremerf these
pertexel BRDFsis unfortunatelyimpossible. However, onecouldthink of the BRDF of a
singlepoint asa mixture of the BRDFsreconstructedior the basismaterials.In this case,
oneonly hasto determinehow muchthe basicmaterialscontritute to the BRDF of each
surfacepoint. Thistaskcanbe performedevenwith sparsénput data.

Interre ectionswithin the objectarenotyet consideredn our algorithm. Our approach
trieshoweverto nd the optimalapproximationto the measurediata,andin mary cases
comesup with areasonablapparenBRDF evenfor concae regions.

The presentatiorof the overall procedurds organizedasfollows. Previous work con-
cerningBRDF measuremen@ndappearancacquisitionis reviewedin thefollowing sec-
tion. Sectiord describesn detailtheacquisitionsetupandtheindividual acquisitionsteps:
capturingof HDR imagesjmageto modelregistration calibrationof the pointlight source,
andsoon. Thecaptureddatais thenresampleandreomganizedto allow ef cient accesso
all datathatbelonggto a singlepoint onthesurface(seeSection5).

From the resamplediatathe spatially varying BRDFsarereconstructedn two subse-
guentsteps,a clusteringanda projectionstep. The re ection propertiesof eachmaterial
canberepresenteavell by a singleBRDF (Section6). Thus,thesebasicmaterialsof the
objecthave to befound andseparatedin Section7 we explain how to groupthe surface
pointsinto clustersconsistingof the samebasicmaterials.

Local variationresultingin a pertexel BRDF is describedas a weightedsum of the
BRDFsof thebasicmaterials.A setof basicmaterialss determinedor every cluster but
theweightsof thesematerialscanvary from pointto point. Theseweightsaredetermined
by projectingthe measurediataof eachpoint into the basisof clusteredmaterials(see
Section8).

Theacquiredre ectancesamplesanfurtherbe usedto alsoobtaina morepreciseesti-
mateof the surfacenormalat every point comparedo thenormalprovided by thetriangle
mesh. In Section9 the measuredBRDFs are usedto derive normalmapsbasedon the
shadingnformationevenfor non-Lambertiammaterials.

Section10brie y describesurrenderingmethod.In Sectionl1 we presenbur results
andthenwe concludein Section12.

3. RELATED WORK

Therepresentationf real-world materialshasrecentlyrecevedmuchattentionin thecom-
putergraphicscommunity Theapproachesanbegroupednto threecategories:light eld

andimagedatabasenethodswith staticillumination,densesamplingof thelight andview-
ing directionsto generatea takular representationf the BRDF, and nally the tting of
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4 Hendrik P. A. Lensch et al.

re ection models oftenbasedn asparsesetof samplesThis lastapproactis theonewe
take andextendto spatiallyvaryingBRDFs.

3.1 Light Field Techniques

Inthe rst catayory, therehasbeenanumberof approachesangingfrom arelatively sparse
setof imageswith a geometricmodel[Debevecet al. 1996] over the Lumigraph[Gortler
etal. 1996]with moreimagesanda coarsemodelto thelight eld [Levoy andHanrahan
1996]with no geometryanda denseémagedatabaseRecentlysurfacelight elds [Wood
etal. 2000;Miller etal. 1998]have becomepopular which featurebotha densesampling
of the directionalinformationanda detailedgeometry In our work we usean algorithm
similar to the functionquantizatiorapproactproposedy Wood et al. [2000] to resample
theimagedatainto a compactrepresentatiomvhich we extendedto modeleffectsdueto
theincidentlight.

3.2 Sampling the Re ection Field

In contrasto light eld approachedjidirectionaltexturefunctions[Danaetal. 1999]also
allow for changesn thelighting conditions,althoughat very high storagecosts.Another
lighting dependentexture calledpolynomialtexturemapshasbeenproposedy Malzben-
der et al. [2001]. In orderto allow sparsersamplingLiu et al. [2001] synthesizechew
sampledy reconstructinghe surfacestructureof the obserned material.

Deberec et al. [2000] describea methodfor acquiringthe re ectance eld of human
faces.In onepartof their work they t a specializede ection modelfor humanskin to
themeasuredlata(consistingof about200images).Both speculaanddiffuseparameters
of there ection modelcanvary rapidly acrossthe surface,but otherparameterdik e the
de-saturatiorof the diffuse componentat grazinganglesare constantand only apply to
humanskin. In our work we try to avoid makingassumption®n the kind of materialwe
aremeasuringyy usinggeneraBRDF models.

Matusik et al. [2002] acquirethe re ectance eld of differentslightly transparenbb-
jects, but storethe datain imagespace.The acquireddatais directly usedfor rendering.
This techniquewas extendedto transparentind refractive objects[Matusik et al. 2002].
Furukava etal.[2002] alsoacquiredhere ectance eld of differentobjectsandproposed
variouscompressiotiechniquesagain without tting a BRDF modelto the data.

3.3 BRDF Measurement

The traditional approachto measuree ectancepropertiesis to usespecializeddevices
(goniore ectometers)thatpositionbothalight sourceanda sensorelative to thematerial.
Thesedevicescanonly obtainonesamplefor eachpair of light andsensoipositionandare
thereforerelatively slow.

More recently image-base@pproachesave beenproposed.Thesemethodsare able
to acquirea large numberof samplesat once. For example,Ward Larson[1992] usesa
hemisphericamirror to sampleheexitanthemispheref light with asingleimage.Instead
of usingcurvedmirrors, it is alsopossibleto usecurvedgeometryto obtainalargenumber
of sampleswith a singleimage. This approachs takenby Lu et al. [1998], who assume
acylindrical surface,andMarschneret al. [1998; 1999] who obtainthe geometryusinga
rangescannerOur methodis similarin spiritto themethodof Marschneetal., but we are
alsodealingwith spatiallyvaryingBRDFsandwe are tting are ection modelratherthan
usingatahularform in orderto achiere acompactepresentation.
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Image-Based Reconstruction of Spatial Appearance and Geometric Detail 5

A numberof researcherbave describednethodsfor tting re ection modelsto mea-
suredsampledata[Debevec et al. 2000; Koenderinket al. 1996; Lafortuneet al. 1997;
McAllister 2002; Satoet al. 1997;Ward Larson1992; Yu et al. 1999]. Of thesemethods,
the onesby Ward Larson[1992] and Lafortuneet al. [1997] do not considerspatialvari-
ations. Satoet al. [1997] t a Torrance-Sparme model[Torranceand Sparrav 1967]to
the data,and considerhigh-frequeng variationsfor the diffuse partbut only pertriangle
variationsfor thespeculapart. Thisis alsothe casefor thework by Yu etal. [1998;1999],
which alsotakesindirectillumination into account.Boivin andGagalowicz [2001] recon-
structarbitrary re ection propertiesfor whole patchesn a sceneusingjust oneimage.
McAllister [2002] ts aspatiallyvarying Lafortunemodelto very denselysampledblanar
materials.The achievzedresultsareimpressie but thetechniquerequiresat surfacesand
anautomatedetupto geta densesamplingof there ection properties.In [Ramamoorthi
andHanrahar?001] and[Gibsonet al. 2001] inverserenderingalgorithmsare proposed
thatreconstructhe re ection propertiesandtheincidentlight eld atthesametime. Ra-
mamoorthiandHanraharf2001] aswell asWestinet al. [1992] projectBRDF datainto a
sphericaharmonicdasisinsteadof tting anexplicit re ection model.

We usein our work the Lafortunemodelbecauset is compact,and capableof repre-
sentinginterestingBRDF propertiessuchasoff-speculampeaksandretro-re ection.

3.4 Normal Maps

Re ection propertiegogethemwith measureghotometricdatacanalsobe usedto derive
geometriadnformationof the original object. Photometricsterecapproachegsee [Zhang
etal. 1999]for anovervien) have beendevelopedto extractgeometricinformationfrom
a setof pictureswith differentlighting conditions. The shadinginformationis usedto
computesurfacenormalsanddepthvalues.

Rushmeieret al. calculatenormal directionsat every visible surface point from a set
of imagesshaving the sameview of an objectilluminatedby a point light sourceplaced
at differentbut known positionsfor eachimage[Rushmeieretal. 1997; Rushmeieet al.
1998;Bernardinietal. 2001]. Besideghe normaldirectionthe diffusecolor (albedomap)
is reconstructedy solving a linear systemof equationfor eachpoint. The technique
assumesowever the surfaceto be purely diffuse (Lambertian)and simply discardsthe
brightestradiancesamplesat eachpoint to circumwent specularighlights. Herebyvalu-
abledatais ignored. Additionally, asthe surfacegetsmoreandmoreglossyit is hardto
guarantedhat all remainingsamplesshawv a purely diffuse re ection which is required
to computethe correctnormaldirection. In our work we usemeasurechon-Lambertian
re ection propertieso computenormalmapsfor arbitrarymaterials.

4. ACQUISITION

We obtainthe 3D modelswith a structuredight 3D scanneianda computertomograply
scannebothgeneratinglensdrianglemeshesThetrianglemeshesresmoothedGarland
andHeckbert1997;Kobbelt1996], manuallycleanedanddecimated.

All imagesareacquiredin a measuremeriab (seeFigure 1) usinga KodakDCS 560
professionatligital camera An HMI metalhalidebulb senesaspointlight sourcefor the
BRDF measurementslheinterior of the photostudiois coveredwith darkanddiffusely
re ecting felt to minimize the in uence of the ervironmenton the measurementsThe
detailsof thelab ervironmentaredescribedlsavhere[Goeselestal. 2000].
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6 Hendrik P. A. Lensch et al.

Fig. 1. Theacquisitionsetupin a photostudiocoveredwith darkfelt (from left to right): pointlight sourcemetal
spheredor light sourcetracking,objectto be measureddigital still camera.

a) b) ©)

Fig. 2. Imageseriescapturedor onecameral/lightingoosition. a) Silhouetteémageandreconstructegilhouette.
b) Two imagesfor recovering the light sourceposition (seeSection4.1). c¢) Photographsampleswith varying
exposuretime for HDR imagereconstruction.

Several views of eachobjectare capturedwith differentcameraandlight sourceposi-
tions. Light sourceandcameraare positionedmanually which is however easilypossible
sinceonly a few differentviews are required. Several constraintsshouldbe met when
selectingheviews to obtainthe bestquality:

—all surfacepointsshouldbevisible in morethanoneimage,

—the position of the cameraand the light sourceshouldbe variedin orderto provide
differentpairsof viewing andlighting directions,and

—atleastonehighlight shouldbe obseredin eachmaterial.

Theseconsiderationsnay slightly increasethe numberof imagesthat arerequiredto re-
produceobjectswith a larger numberof differentbasismaterials.In our experienceheir
numberis typically small.

For eachview we acquirethreesetsof images:oneimageof the objects silhouetteto
registerthe 3D modelwith the image (Figure 2a), and two imagesto recover the light
sourcepositionasexplainedin Section4.1 (Figure2b). We thenacquirea high dynamic
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spheres spheres
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highlights

point light

X camera/ringflash ¥ camera

Fig. 3. Left gure: thering ash mountedon the camerayields a highlight in the centerof the spheres.Right
gure: raysfrom thecamerato thelight sourcehighlightswill bere ectedto thepointlight.

rangeimageof the objectlit by the point light sourceby taking a seriesof photographs
with varyingexposuretime [DebevecandMalik 1997;Robertsoretal. 1999](Figure2c).
We useanentroy-baseddarkframesubtractioralgorithm[Goeseleetal. 2001]to remove
darkcurrentCCD noise.

Onceper sessiora high dynamicrangeimageof a gray cardwith known cameraand
light positionis takenin orderto allow for an absolutecalibrationof the re ectance. In
addition, a seriesof calibrationimagesof a checlerboardpatternis taken wheneer the
lens settingsare changed. The calibrationmethodproposedoy Zhang[1999] is usedto
recover theintrinsic camergparameters.

To registerthe imageswith the 3D modelwe usea silhouette-basecthethod[Lensch
et al. 2000; 2001] thatyields the camerapositionrelative to the objectfor a single view.
Given the 3D modelof the objectthe registrationis performedby aligning the captured
silhouettewith the silhouettefrom a virtual view of the 3D model. The nal view is found
by minimizing thedifferencebetweerthetwo silhouettes.

4.1 Recovering the Light Source Position

In orderto recover the positionof the point light sourcea geometricapproachwasused
which requiresno userinteraction. Six steelspheregmanufcturedfor a ball bearing
with 6 m precision)of known, equaldiameterare used(seeFigure1). A metal xture
manufcturedusinga CNC milling machineensureghatthe spheresarelying exactly on
astraightline atanequalandknown distance.

For eachview two imagesof the spheresare acquired. Oneview shows only the re-
ection of the point light sourcein the spheregFigure 2b top). For the secondview a
ring ash mountedon the camerdens producesa highlight on the centerof eachsphere
(Figure2b bottom). The exactcentersf thesere ectionsin theimagesaredeterminedy
automaticallytting ellipsesto the highlights.

Giventheintrinsic parametersf the camerathe pixel coordinateof there ections of
thering ash de ne raysin spaceon Whichthecenterqssphere of thespheresrelocated
(seeFigure3). If thecameras in theorigin this canbedescribedy

Psphere = i Ti; 1)

wheref7 is the normalizedray directiontowardsthe highlight in spherei, ; is theray
parameter A secondconstraintis thatall spheresare offset by the samedistanceby the
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8 Hendrik P. A. Lensch et al.

vectord, i.e.,
Psphere = Pspherep * | & (2)
CombiningEquationl and?2 yields
i T = Pspher@*1 @ (3)
, i 0= Psphere i i (4)

Thefactthat i dislocatedonaline throughpsphere) with directionfj canalsobe
expressedlifferentlyas

3 psphere) +fi (i =70 )

We obtainsomescaledsolutionfor Psphere andd asthe leastsquaresolutionof the

systemof linearequationformedby all highlightswhenconstrainingpnecomponentf @
to beoné'. Sincethe distancebetweerthe spheregjdijj is actuallyknowvn we canrescale
the solutionto obtainthe nal positionsof thespheres.

Now we sendraysfrom the camerato the positionsof the light sourcehighlightsand
re ect theraysoff thespheresThelight sourcepositionis locatedattheintersectiorof the
rays(seeFigure3). To increasehe stability of this methodmorethanthethreenecessary
spheresreusedanda leastsquaresapproximatioris computed Thelight sourceposition
couldbe determinedvith up to 2cm precisionwhereboththe cameraandthelight source
wereapproximatelylm apartfrom the object.

After measuringhelight sourcepositionthe metalspheresrecoveredwith blackcloth
in orderto avoid disturbingthe acquisitionof the HDR images.

5. RESAMPLING OF REFLECTANCE VALUES

After acquisitionof the geometricmodel,high dynamicrangeimagerecovery, andregis-
tration, it is necessaryo memge the acquireddatafor further processing.For eachpoint
on the models surfacewe collect all availableinformationinto a datastructurewe call
alumitexel

Onelumitexel, denotedby L, is generatedor everyvisible surfacepoint. Eachlumitexel
storesthe geometricand photometricdataof onepoint, i.e., its positionx andthe normal
A in world coordinates.Linked to the lumitexel is a list of re ectancesamplesR;, each
representinghe measurede ectancer of the surfacepoint capturedoy oneimageplus
the direction of the light O andthe viewing directionV which are further transformed
into the local coordinateframe of the surfacepoint spannedy r anda deterministically
constructedangeniandbi-normalyielding tt andw.

A lumitexel canbeseenasavery sparselysampledBRDF. We de ne theerrorbetween
agivenBRDFf andalumitexel L as:

X
Er(L)= Li s H(F (et %) Uiz s 1i) + D(F (63w Uiz 511); (6)
Ri2L

1For stability reasonsonemay try two differentcomponent®f @ setto one,e.g. @; = 1 will notwork if the
sphere@reorientedparallelto theimageplane.
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wherejLj standgor thenumberof re ectancesampledinkedto thelumitexel, | (ry;r>) is
afunctionmeasuringheintensitydifferenceandD (r 1; r2) measurethecolor-difference.
We introducethe weights, to be ableto compensatéor noisy data(e.g.a slightly wrong
normal resultingin a wrong highlight). In orderto emphasizehe colordifferencewe
alwayssets 1. Notethatthe cosinebetweerthe normalandthelocallight directionu,

is alreadyincludedin ourre ectancesamples suchthattheBRDFf hasto be multiplied
by it.

5.1 Assembling Lumitexels

Collectingall re ectancesampledor alumitexel requiresaresamplingpf theinputimages
for the particularpoint on the surface.First, onehasto determinehe setof surfacepoints
for which a lumitexel shouldbe generated.In orderto obtain the highestquality with
respecto theinputimagesthe samplingdensityof the surfacepointsmustmatchthat of
theimages.

Fig. 4. The correspondencketweerpixel positionandpoint positionx on the objectis computedby tracinga
ray throughthe imageonto the object. At every x alocal normaln canbe computedrom the triangle’s vertex
normals.

Every triangleof the 3D modelis projectedinto eachimageusingthe previously deter
minedcamergparametersThe areaof the projectedriangleis measuredh pixelsandthe
triangleis assignedo theimagel pest in Whichits projectedareais largest.For every pixel
within thetrianglein | pest @lumitexel is generated.

The positionx of the surfacepoint for the lumitexel is given by the intersectionof the
ray from the camerathroughthe pixel with the mesh(seeFigure4). The normaln is
interpolatedusingthetriangle’s vertex normals.

A re ectancesampleR; is now constructedor eachimagel; in which x is visible
from the camergpositionandthe surfacepointis lit by the pointlight source.Thevectors
tj andw; canbedirectly calculated.The associatede ectanceis found by projectingx
ontotheimageplaneandretrieving the color ¢; atthatpoint usingbilinear interpolation.
Note,thatfor | hest NObilinearinterpolationis necessargndcyes; Canbeobtainedwithout
resamplingsincex exactly mapsto the original pixel by construction.There ectancer;
of there ectancesampleR; is obtainedby scalingc; accordingto the brightnessof the
light sourceandthe squaredistancefrom thelight sourceto x.

ACM Transaction®n Graphics\Vol. 22,No. 3, April 2003.
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5.2 Discarding Data at Depth Discontinuities

In orderto increasehe quality of theresamplediatait is sometimesiecessaryo discard
someof the input data. Especiallyneardepthdiscontinuitieshe resamplediatais prone
to registrationerrors. If the 3D modelis not perfectlyalignedwith the 2D imagethe part
of the surfacethatis visible in onepixel maynot correspondo the surfacepartpredicted
by the 3D model. In the caseof depthdiscontinuitiesthe visible part and the predicted
partwill notevenbe adjacentRe ectancesamplesvould thenbe assignedo completely
wrongsurfacepointsor lumitexels.

Furthermoresincea sensorelementof the cameraalwaysintegratesover a nite area,
there ectancevaluesreportedat depthdiscontinuitiesarenever reliableevenif theregis-
trationwith the 3D modelwereperfect. Thus, it is necessaryo discardtheimagedataat
depthdiscontinuities.

Thedepthdiscontinuitiesaredetectedisingthefollowing approachA depthmapof the
registered3D modelis renderedand subsequentlplurredusingan averaging lter . This
changeghe depthvaluesof pixels neardepthdiscontinuitieswhile pixels shaving a at
surfaceswill not be affected. Rggionswherethe Itered depthmapdeviatesmorethana
small thresholdfrom the original onewill not be consideredor further processing.The
thresholdcanbe computedgiventhe Iter sizeandthe differenceof two adjacentdepth
valuesthatshouldbe detectedasa discontinuity

Fig. 5. Left: Dark stripeson the dressandon the handare dueto depthdiscontinuities.Right: By discarding
samplesat depthdiscontinuitiesandshadev boundariesheseeffectshave beenremoved.

The sameapproachalsoappliesto the shadaving problem.Here,depthdiscontinuities
resultin shadev boundariesvhosepositioncanonly bedeterminedipto someuncertainty
Hence alsopixelsnearshadev boundariedave to be discarded They canbe determined
by a Itered shadev map.

ACM Transaction®n GraphicsVol. 22,No. 3, April 2003.
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Theresultsof remaving samplesat depthdiscontinuitiesaaredisplayedn Figure5. Note
thatthe dark stripeson thedressandacrosghe handhave beenremovedby this step.
La

6. BRDF FITTING

In this sectionwe rst detail the LafortuneBRDF model[Lafortuneet al. 1997]thatwe
t to our givenlumitexels. Thenwe explain how this t is performedusing Levenbeg-
Marquardtoptimization.

6.1 Lafortune Model

BRDFsarefour-dimensionafunctionsthatdependnthelocal viewing andlight direction.
Thedependencenwavelengthis oftenneglectedor simplythreedifferentBRDFsareused
for thered,green,andbluechannel We usethelatterapproach.

Insteadof representingmeasuredBRDF asa4D tablethemeasuregamplesarein our
caseapproximatedvith a parameterize@RDF model. This hastwo adwantages¥Firstly,
the BRDF requiresmuchlessstoragesinceonly the parametersre storedand secondly
we only requirea sparsesetof sampleghatwould not be sufcient to faithfully represent
acompletetalular BRDF

Many differentBRDF modelshave beenproposede.g.[Torranceand Sparrav 1967;
WardLarson1992])with differentstrengthsandweaknesse$Our methodmaybeusedto-
gethemwith ary parameterize@RDF model. We have choserthe computationallysimple
but generalandphysically plausibleLafortunemodel[1997]in its isotropicform, i.e., the
orientationof thetangentandbi-normalwithin thetangentiaplanehasnoin uence onthe
resultingre ectance:

X
f(th¥) = g+  [Cxi (UxVx + UyVy) + Copiu, vy [N 7)

I
This modelusesonly a handful of parametersa andv arethe local light and viewing
directions, 4 is the diffuse componentN; is the specularexponent,the ratio between
Cxi andC;; indicatesthe off-specularityof lobei of the BRDF. Thesignof Cy,; makes
thelobei eitherretro-re ective (positive Cy.i ) or forward-re ective (negative Cy.i ). The
albedoof thelobei is givenby the magnitudeof the parameter€y; andC,.. Fromnow
onwe will denotethe BRDF with f (&; t; %), wherea subsumesll the parametersf the
model,i.e., 4, Cxi, Cz;i, andN;. In the caseof only onelobea is 12-dimensiona(4

parametergor eachcolor channel).

6.2 Non-Linear Fitting

The LafortuneBRDF is non-linearin its parametersywhich meanshatwe have to usea
non-linearoptimizationmethodto t the parameterso the givendata. As in the original
work by Lafortuneetal.[1997],we usetheLevenbeg-Marquardbptimization[Pressetal.
1992]to determinghe parametersf the Lafortunemodelfrom our measurediata.

We ensurethatthe tting processvorkswell anddoesnot getstuckin undesiredocal
minima by initializing the tting routinewith parametershat correspondo an average
BRDF

ThelLevenbeg-Marquardibptimizationoutputsnotonly the best- t parametewvectora,
but alsoa covariancematrix of the parametersyhich providesa roughideaof the param-
etersthat could not be t well. This informationis usedin our splitting and clustering
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algorithm,asexplainedin the next section.

7. CLUSTERING

In this sectionwe will explain how we clusterthe given lumitexels so that eachcluster
C; corresponds$o one materialof the object. Given a setof BRDFsff;g, eachcluster
C; consistof alist of all thelumitexelsL; for which f; providesthe bestapproximation.
Determiningtheseclusterds a problemcloselyrelatedto vectorquantizatiorfGershoand
Gray 1992] andk-meansclustering[Lloyd 1982; MacQueenl 967], both of which work
in af ne spaces.Unfortunately we do not have an af ne spacewhen clusteringBRDF
samplessincethereis no meaningfuldistancemeasurdor BRDF sampleswith arbitrary
viewing and lighting directions. Thereforewe are emplo/ing a modi ed Lloyd [1982]
iterationmethod.

Thegeneraldeaisto rst t aBRDFf to aninitial clustercontainingall thedata.Then
we generateawo new BRDF modelsf; andf, usingthe covariancematrix from the t
(explainedin moredetail belowv) representindgwo new clusters. The lumitexelsL; from
the original clusterarethendistributedaccordingto the errorsE¢, (L;) andE;, (L) into
the new clusters.We thenrecursvely chooseanothercluster split it, andredistritute the
lumitexelsandsoon. Thisis repeatedintil the desirednumberof materialsis reachedas
detailedin Section7.4.

7.1 Lumitexel Selection

The tting proceduredescribedn Section6 performsa relatively large numberof opera-
tionsperre ectancesample.Thus,it is expensveto t aBRDF usingall lumitexels (and
all re ectancesamplesontainedn thelumitexels)generatedby theassemblingrocedure.
Instead,t is sufcient to consideronly a few thousandumitexels at the beginning. Later
on,we increasehe numberfor anaccuratet.

A rst, naive approachto choosingthis subseffor tting selectsevery n-th lumitexel
regardlessof its reliability or possiblecontribution. However, asstatedin [Yu etal. 1999]
and[Schirmacheret al. 1999], for a robust estimationof the speculampart of a BRDF it
is very importantto includere ectancesampleswithin the speculatobe of the material.
Unfortunately thesebrightestpixels statisticallyalsocarrythe largesterror.

Following theseideaswe selectmorelumitexelsin areaswherea highlightis likely to
occur Theseareasaredeterminedy the surfacenormal, the light sourcepositionanda
syntheticBRDF with a broadhighlight.

7.2 Splitting
Fitting just a singleBRDF to theinitial clusterof courseis not sufcient if theconcerned
objectconsistof morethanonematerial. Rather we have to recursvely split the clusters
to accountfor the differentmaterialscomprisingthe object. We decidewhich clusterto
split, by computingthefollowing errorfor all clustersC; :
X
E(G) = Er (Li): (8)
Li2C;

TheclusterC; with thelargesterrorwill besplitinto two new clusterseachwith adifferent
BRDF. Furthermaterialscanbe extractedby furthersplitting the clusters.

But how dowe splitacluster?TheBRDF t to aclusterrepresentthe averagematerial
of the lumitexelsin that cluster Fitting the BRDF usingthe Levenbeg-Marquardtalgo-
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Fig. 6. Split-reclustert proces§SRF). The initial BRDF is split into two new BRDFs using the covariance
matrix. Thelumitexelsfrom theinitial clusteraredistributedaccordingto their distanceo the BRDFs. Thenwe
t the BRDF againto eachnew cluster We now iteratethereclusteringand tting until theresultingBRDFsand
clustershave cornverged.

rithm (seeSection6) will alsoprovide us with the covariancematrix of the parameters.
The eigervectorbelongingto the largesteigevalueof this matrix representshe direction
in which the varianceof the samplesis highest,andis thereforea good choicefor the
directionin which the parametespacds to besplit.

Leta bethe t parametewectorof the BRDFf (&; t; ¥) for clusterC. Vectore denotes
the eigervectorbelongingto thelargesteigervalue of thecorrespondingovariancema-
trix. We thenconstructwo new BRDFs:

fi(a+ et;¥) and fy(a € t; v); 9)

where is a scalingfactorto adapt to a moderatevalue. Two new clustersC; andC,
aregeneratedy distributing every lumitexel L; of clusterC eitherto C; if E¢,(L;) <
E¢,(Li), or to C, otherwise. In the next step,f1 andf, are t to bestapproximatethe
lumitexelsin thenew clusters.

7.3 Reclustering

Becausedhe parameter®f a BRDF t to a multi-materialclusterare not necessarilythe
centerof the parameter®f the containedmaterialsanddueto improperscalingof and
otherreasonsik e noise,the performedsplit will not be optimal andthe two new clusters
may not be clearly separatede.g. in the caseof two distinct materialssomelumitexels
belongingto onematerialmaystill be assignedo the clusterof the othermaterial.

A betterseparatiorcanbe achiezed by iteratingthe procedureof distributing the lumi-
texelsL; basedonE¢, (L) andEs, (L), andthen tting the BRDFsagnin. Theiteration
stopswhenthe numberof lumitexelsin the generateatlusterdoesnot changeary more.
In our experimentghis reclusteringoperationleadsto a clearseparatiorof materialsand
is doneaftereachsplit. Thesplit-reclustert (SRF)processs visualizedin Figure®.

Whenmorethantwo clustershave beengeneratedby successie binarysplitsandanew
materialis clearly distinguishedjt is helpful to cleanthe other clusters,which werenot
involvedin the lastsplit, from all lumitexels belongingto the newly discoreredmaterial.
This canbe donein a globalreclusteringstepby redistrituting all initial lumitexelsL; to
theclusterC; with

j = amgminE;, (Li): (10)
k
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Fig. 7. Thecompletesplitting andreclusteringalgorithmincludingthe globalreclusteringwhichis similarto the
reclustert iteration,only thatall lumitexelsaredistributedamongall clusters.

Fig. 8. Theclusteringprocessatwork. In everyimagea new clusterwascreated.The objectwasreshadedising
only thesingleBRDFs t to eachclusterbeforethe projectioninto a basisof multiple BRDFs.

And again, the BRDFsof all involved clustershave to bere t. This global reclustering
is repeatedseveral timesto clearly separatedhe materials. We stop this iteration when
the percentagef changeis smallerthansome , or a maximumnumberof iterationsis

reachedThe completesplitting andreclusteringalgorithmis depictedn Figure7 andthe

processingn arealmodelis shovn in Figure8.

7.4 Termination of the Splitting Process

We still have to decidewhento stopthe splitting processTo do thiswe requiretheuserto
input the estimatechumberof material§M j. We stopthe splitting andclusteringprocess
afteratleastjM j clustershave beencreated More clusterscanbegeneratedo compensate
for the often noisy and not absolutelyaccuratere ectancesamples(e.qg. slightly wrong
normals,noisein theimagesmisrayistration,etc.).

This meanghatwe do not necessariljhave a oneto onemappingbetweeractualmate-
rials andclusters.Thisis notcrucialsincethe projection,whichwe will presenin thenext
sectionusesaweightedsumof several BRDFsto accuratelyrepresenevery lumitexel.

8. PROJECTION

Therepresentationf anobjectby acollectionof only afew clustersandBRDFsmalkesthe
virtual objectlook arti cial ascanbeseenin Figure9. Themainreasorfor thisis thatreal
surfacesexhibit changesn the re ective propertieseven within a singlematerial. These
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Fig. 9. Left: Theresultof the clusteringprocessstill doesnot look realisticsincethereis no variationof the ma-
terial within onecluster Right: Spatialvariationderived by projectingthere ectancesamplef eachlumitexel
in a basisformedby the clusterednaterials.

changegannotberepresentebly asingleBRDF perclustersinceall lumitexelswithin the
clusterareassignedhe sameBRDF parameters.

To obtaintruly spatiallyvarying BRDFswe must nd a speci ¢ BRDF for eachlumi-
texel. But the sparseénput datadoesnot allow to t areliableor even meaningfulBRDF
to asinglelumitexel becauseachlumitexel consistf only afew re ectancesamplesin
addition,we would needto acquirea highlightin every lumitexel to reliably determinethe
speculampart,asalreadyexplainedin Section7.1.

The solutionis to projecteachlumitexel into a basisof BRDFs(seeSection8.1). The
BRDF f ; of alumitexel L; is thenrepresentedby a linear combinationof m BRDFs
flrf2;-” .fm

fi=tfr+tofot+ i+ tnfm; (112)

withty;ts; 10ty beingpositive scalamweights.Thisforcesthespaceof solutions(i.e., the
possibleBRDFsfor a pixel) to be plausiblesincethe basisBRDFsarealreadyt reliably
to alargenumberof re ectancesamples.

Giventhe BRDFs,theweightshave to be determinedor eachlumitexel. Letrj_; ..ji ;
be the re ectancevaluesof the lumitexel L;. The weightsare found by a leastsquare
optimizationof thefollowing systemof equationsusingsinguIarvaluedecomposition:

fl(Ul,Vl) fz(Ul,Vl) f (Hl,Vl)
% rz E % fl(tlz Vz) fz(Uz Vz) f (Uz Vz) %%tz E
. (12)
rJLiJ fl(ujLij’VjLij)fz(ujLi;’VjLij) fm (UJLll Vi)

with f{t; %) := f (¢; ¥)u,. Comparedo thenon-lineartting of BRDF modelparameters

ACM Transaction®n Graphics\Vol. 22,No. 3, April 2003.



16 Hendrik P. A. Lensch et al.

(seeSection6.2),we now have alinearproblemto solve with a smallerdegreeof freedom
and even more constraints. Equation12 shavs only the systemfor one color channel,
whereaghe weightst; have to be the samefor all channels.In contrastto this, BRDF
parametersvould requirea distinctsetof parametergperchannel.

We nd theweightst; asthe non-ngative leastsquaresolutionof the systemof equa-
tions. Negative valuesare avoided becausdahey may resultin an oscillating BRDF that
represent®nly the given re ectancesamplesaccuratelybut will produceunpredictable
valuesfor otherviewing andlight directions.

8.1 Basis BRDFs

The next questionis how to determinethe set of basisBRDFs. Sincethe changesof
the surfacepropertieswithin onematerialtendto be small, a distinct setof basisBRDFs
is assignedo eachcluster It is thereforesufcient to storejust the scalarweightsper
lumitexel insteadof thefull setof BRDF parameters.

Findingtheoptimalsetof BRDFsf 1;f,;:::;fn, thatminimizestheerror
1 X
E(C)= =  Ef (L) (13)
ICI Li2C

for aclusterC, wheref ; denotegheleastsquareorojectionof thelumitexel L; asde ned
in Equationl1,is a problemof principalfunctionanalysis(PFA) (see[Woodetal. 2000]).
Principalfunctionanalysisis closelyrelatedto principal componentnalysis(PCA) with
theimportantdifferencethatfunctionsf ,, areoptimizedinsteadof vectors.Unfortunately
thePFA doesnotreduceao asimpleeigervalueproblemasPCAdoes.To minimizeE (C),
we again performaleastsquareoptimizationusingthe Levenbeg-Marquardimethod this
time tting m BRDFssimultaneouslyWithin eachiterationwe recomputehe projection
f i of lumitexel L; into thecurrentlyestimatedasis.

As for every optimizationproblemtheinitial parameter§BRDFs)arequiteimportant.
For agivenclusterC, we usethefollowing BRDFsasa basis:

—fc,theBRDF t totheclusterC,
—the BRDFsof spatiallyneighboringclustersto matchlumitexelsat clusterboundaries,
—the BRDFsof similar clusterswith respecto the material,and

—two BRDFsbasedon f ¢, onewith slightly increasedand one with decreasediiffuse
component 4 andexponentN .

In our experimentst turnedoutthatthisinitial basistogethemith theprojectionalready
producesery goodresultswith smallerrors.In mostcaseshe PFA computedalmostney-
ligible changedo theinitial BRDFs. This is to be expectedbecausdhe initially chosen
basisconstructedhroughsplitting andclusteringalreadyapproximateshe materialprop-
ertiesquitewell.

9. ACQUIRING NORMAL MAPS

Thereconstructedpatiallyvarying BRDFscanfurther be usedto addgeometricdetail in
theform of normalmaps.Theresolutionof theacquiredgeometryof anobijectis typically
limited by the applied 3D scanningdevice. Additional processingof the 3D datalike
combiningmultiple scanssmoothingthe surfaceto remove noiseandmeshsimpli cation
to reducethe compleity of themodelfurthererasesne scalegeometriadetail.
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Althoughour projectionmethodcompensatesomavhatfor imprecisenormals,onecan
obsere in Figures10 and 13 that much geometricdetail was lost during the geometry
acquisition,especiallyin the hair region.

Our methodof measuringe ection propertiesasdescribedn Section8 caneasilybe
extendedto measurenormalmapsevenfor surfaceshatarenot perfectlydiffuse.

In Section5 thenormaln andadeterministicallyconstructedangentandbi-normalare
usedto transformthe lighting and viewing direction, U andV from world coordinates
into the local coordinateframe, yielding & and v at eachsurfacepoint. In the caseof
isotropic materialsthe direction of the normalis sufcient to de ne this transformation
sincethe BRDF is independentf the orientationof thetangentwithin thetangentiablane
by de nition. Thus,thetransformatiorinto the local coordinateframecanbe carriedout
by justtwo rotationsaboutthey andz axis:

a
1

Ry( JR:( )U; and (14)
= Ry( IR )V, (15)

<
|

where and areazimuthandzenithof thenormal.

As alreadymentionedin Section5 an initial estimateof the normal at every surface
point/lumitexel is provided by thetrianglemesh.Basedon theseinexactnormalsthe basic
materialsof the objectareseparatedby the clusteringprocesgSection 7). Subsequently
for eachlumitexel the weighting coefcients for the basismaterialsare determinedby
projectionto obtainstartingvaluesfor thesecoefcients.

Given that enoughre ectancesamplesare provided at every point (more thantwo) it
is possibleto extractthe directionof the normal( ; ) for every lumitexel. Thisis done
by minimizing the error betweenthe measurede ectancesamples; andthe evaluated
re ectancevalues

f (Ry( JRz( )ORy( IR )W), (16)

for which onceagain the Levenbeg-Marquardtalgorithmis applied.Both the directionof
the normalandthe optimal weightsfor the basisBRDFscanbe found in the samestep.
However, sincetheoveralldistribution of thenormalsis alteredby computingnormalmaps
onehasto recomputehe BRDF for the single clustersafterwardsandhasto performthe
projectiononceagain. If desiredtheproces®f normal tting, recomputatiornftheBRDF,
andprojectioncanbeiterated.In our experiencehisis normallynotnecessaty

The quality of theresultsis presentedn Figure 10 wherenormal mapshave beenre-
coveredfor all materials. Unfortunately the methodproducessomeartifactsin concae
regionswhereinterre ectionsbecomeimportant(lower right of Figure 10). Sinceinter
re ectionsarenotyet consideredn our algorithmthe normaldirectionsarenoisy andthe
BRDFsarenotvery accurate A featuresensitve smoothingof the normalsfollowedby a
BRDF projectionmayslightly improve theresults.

Sincea non-linearoptimizationis performedfor every lumitexel the recovery of the
normalmapis a time-consumingstep. For the bird modelit took aroundthreehoursbut
wascompletelyautomatic.
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Fig. 10. Left: Normalsof the original mesh.Right: Normalsoptimizedusingspatiallyvarying BRDFs

10. RENDERING

As explainedin Sections.1,we know the positionof everylumitexel, aswell asthetriangle
it belongsto andthe 2D coordinatesvithin thattriangle.

This informationcanthenbe usedto generateanindex texture for the full object. For
every texel, thattexture containsanindex to the clusterit belongsto. Thenwe generate
weighttexture mapfor every clusterthat storesthe weightsresultingfrom the projection
into the basisBRDFs. The parametergor the basisBRDFsof every clusterarestoredin
a smalltable. Additionally, we may have a normalmapthatwasreconstructedisingthe
techniquerrom Section9.
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Raytracingsuchan objectis very simple, sincefor every point on the objectthat is
raytracedve cansimplylook uptheclusterthetexel belonggo. Thenwe evaluatethebasis
BRDFsfor thelocal light andviewing directionandcomputethe weightedsumusingthe
weighttexture map. Sorenderingsimply is a matterof evaluatinga few LafortuneBRDFs
perpixel, andweightingtheresults.

If nonormalmapwasreconstructednip-mappingcaneasilybeused.Sincetheweighted
sumis justalinearoperationtheweightsof neighboringtexels cansimply beaveragedo
generateghe next coarsemip-maplevel.

Another moreaccuratanethodis to explicitly construciumitexelsat coarsemip-map
levelsthatcombinethere ectancesampleof the ner ones.Thelinearweightsarecom-
putedto bestt thesdargercollectionsof radiancesamplesThisalsoallowsto reconstruct
normalmapsfor every mip-maplevel.

If theoriginalimagesareof highresolutiorandhenceheobjectis sampledrerydensely
point-basedenderingusingforward projectionis aviablealternatve. It completelyavoids
the generatiorof texture mapsandthe resultingdatacan be usedwith almostno further
processingThis methodis usedto displayour results.

11. RESULTS

We appliedour algorithmto four differentobjectsconsistingof differentmaterialswith

varying re ection propertiesin both the diffuseandthe speculampart. The modelof the
angelswas generatedy extracting an isosurficeof a computertomograply scan. The
geometryof all other modelswas capturedusing a structuredlight 3D scanner Some
statisticsaboutthe meshesandthe numberof acquiredviews arelistedin Tablel. Acquisi-
tion of 20 views (eachneedingaboutl5 photographs)akesapprox.2.5h. Thisis the only
stepthatrequiresuserinput. The high dynamicrangecorversionandtheregistrationwith

the 3D modeltakesabout5h but is a completelyautomatedask. The clusteringandthe
nal projectiontakesaboutl.5hfor all models,andis again automatic.An additional3h
(angels)3h (bird), 4h (bust),2.5h (elk) wereneededor thenormal tting. While timings
for the corversionis dependentn the numberof inputimagesthe clusteringtime mainly
dependon the numberof texelsin the selectedsubset.The remainingstepsof projection
andnormal tting dependonthe numberof overallre ectancesamples.

In Figure8 you canseehow ve successie split operationgartition the lumitexels of
thebird into its ve materials.The splitswereperformedasdescribedn Section7. Only
the perclusterBRDFsdeterminedoy the clusteringprocessareusedfor shadingmaking
the objectlook rathersynthetic. After performingthe projectionstepevery lumitexel is
representeth abasisof four BRDFs,now resultingin amuchmoredetailedandrealistic
appearanceseeFigure9.

Thebustin Figure11 shavs anothereconstructedbjectwith very differentre ection
properties.Thebronzelook is very well captured.

Anothermodelis shavn in Figure 12 wherethe reconstructiorof a woodenelk using
25 views is comparedo an actualphotograph. The registrationworked well enoughto
reproducehe ne detailwoodenstructure.Unfortunatelythe badquality of thegeometric
modelcausedsomenoticeablalifferencesttherim of theantler It alsocauseshedarler
striperight behindthe eye, whereapplyinga 10x10 lter to the shadev map could not
remove enoughpointsaroundthe shadev edge. Theseartifactswill disappeaif a better
quality geometrymodelsis available. Due to the slightly more comple« geometry25
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Fig.11. A bronzebustrenderedvith a spatiallyvaryingBRDF acquiredwith our reconstructiorethod(without
normal tting). Thereconstructe@RDFsallow for renderingthe modelwith arbitrarylighting.

Fig. 12. A comparisorof a photograpHleft) of awoodenelk with the reconstructednodel(right). Four clusters
have beengeneratedvhich faithfully reproducehe appearanceNote how the woodenstructureis presered.
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model | T[] V] L] R[C[B]
angels| 47000 27 [ 1606223] 7.6 [ 9] 6
bird | 14000 25 | 1917043| 6.3 | 5 | 4
bust | 50000 ] 16 | 3627404| 42| 3| 4
elk 50000 [ 25 | 1659945| 5.4 [ 4 | 4

Tablel. This tablelists the numberof triangles(T) of eachmodel, the numberof views (V) we usedto recon-
structthe spatiallyvarying BRDFs,the numberof acquiredumitexels (L) andthe averagenumberof re ectance
samplegR) perlumitexel, the numberof partitionedmaterialclusters(C), andthe numberof basisBRDFs(B)
percluster

model | 1-RMS | C-RMS | P-RMS [ F-RMS | NF-RMS |

angels| .2953 1163 1113 1111 0.0703
bird 1513 .0627 .0387 .0387 0.0269
bust .1025 .0839 .0583 .0581 0.0113
elk .0768 .0556 .0275 .0274 0.0202

Tablell. Thistablelists for eachmodelthe RMS errorfor a singleaverageBRDF (1-RMS),the RMS errorwhen
usingperclusterBRDFs,the RMS errorafterprojectingevery lumitexel into the basisof BRDFs,the RMS error
after doing a PFA on the basisBRDFsand projectingevery lumitexel into the new basis,and nally the RMS
errorafter tting thenormals.

differentviews areactuallynotenoughto coverthe entiresurface.Thisis why someholes
appearcloseto thewheels.Clearly moreimageswould remove theseproblems.

In Figure 13 you canseeanothercomparisorbetweenan objectrenderedwith an ac-
quiredBRDF (usingthe projectionmethod)anda photograptof the object. They arevery
similar, but differencecanbeseerin highlightsandin placesvherenotenoughre ectance
samplesverecaptured.Capturingmoresampleswill increasehe quality. Thedifference
in the hair region in the right pictureis dueto missingdetail in the triangle mesh. This
detail canberecoveredby computingnormalmapsasexplainedin Section9, theresultis
shawvn in Figure13 bottom.

Anotherdifferenceis dueto the factthatthe diffuse color of onelumitexel may not be
representech ary of the constructeatlustersbhecausehe numberof lumitexelsbelonging
to thesamematerialcanbesosmallthatthey nearlyvanishin themassof lumitexelsof the
clusterthey arecurrentlyassignedo. This effectcanfor examplebeobseredatthemouth
of thelargerangelwhichin reality exhibits amuchmoresaturateded, seeFigure13.

In Tablell welist RMS errorscomputedetweerall there ectancesampleof amodel
andthe reconstructeRDFs. You can seethat the error considerablydecreasesvhen
goingfrom oneaverageBRDF to perclusterBRDFsandthento perpixel BRDFs(using
projection).As alreadymentionedhe PFA only slightly changeshe RMS error.

Generally it can be said that for all the modelsonly a few clusterswere neededto
accuratelyrepresentll the materialssincethe projectiontakes careof materialchanges.
In our experimentseven LafortuneBRDFs consistingof a singlelobe were sufcient to
form goodbasedor the clusteringandprojection.

The tting of normalmapsworksvery well usingthe reconstructe®RDFs. Fine geo-
metric detail could be recoveredandthe quality of the overall modelwasincreasedven
for non-Lambertiarsurfaces.Thisis alsoindicatedby theRMS errorin Tablell which has
beennoticeablyreduceddy thenormal tting step.
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Fig. 13. Left side: Photograptof model. Right side: Model with acquiredBRDF renderedrom the sameview

with similar lighting direction. The differencein the hair region is due to missingdetail in the triangle mesh.
Bottom: After computinga normalmapthe missingdetail hasbeenrecorsered. Note how the highlightsaround
the Christmadgreeandon theleft wing matcheghe original.

Onecanhowever obsere noisein regionswheretoo few re ectancesamplesor views
have beenacquired Althoughthreere ectancesampleshouldbeenougho determinehe
normaldirectionin theidealcase moresamplesave to be providedto getreliableresults.

Furthermorejn concae regionsof materialswith high re ectanceinterre ectionsbe-
comevery important. Sinceinterre ectionsare not yet consideredn our algorithmthe
presentednethodunfortunatelyproducesnoisy normalsandinaccurateBRDFsin those
regions. This problemmay be solved by applyingtechniquesapableof dealingwith in-
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terre ectionssuchas[Nayaretal. 1990;1991]or [ForsythandZissermarl989].

Due to the lack of a testobjectthat had a single basecolor but varying specularity
we experimentedwith arti cially generatediata. We generatedampledor ve different
LafortuneBRDFswith thesame

Kd
N

(0:15; 0:3; 0:1); anddifferentexponents
36:2,42:2;48:2; 54:2; 60:2,

where C, = Cy=0C;= P (N + 2)=2 correspondingo themodi ed Phongmodel
[Lewis 1993]. To eachre ectancesamplewe addedup to 5% noise. Overall therewere
about46000re ectancesamplegon averagell pertexel) with randomlighting directions
and ve differentviewing directions. Our clusteringalgorithmwasableto clearly distin-
guishthese ve materialsalthoughthey hadthe samecolor but differentspeculaidobes.
Theresultingky's andexponentshadlessthan0.2%error.

Reliable classi cation of thesematerialsrequireshowever that part of a highlight is
visible in at leastoneof there ectancesampleat every surfacepoint. Dependingon the
narravnessof the speculatobe andthe geometryof the object, a lot of imagesmay be
requiredto achieve this for real objects. For example,on the angelsmodelthe specular
partof the blue skirt wasoverestimatect sometexelsdueto undersamplediighlights.

12. CONCLUSIONS AND FUTURE WORK

We have presentedan algorithm and demonstratea systemfor reconstructinga high-
quality spatiallyvarying BRDF from complex solid objectsusingonly a small numberof
images.Thesamenputimagesarealsousedto imprave geometricdetail. Combiningthe
resultingopticalandgeometricdataallows for accuratelyshadedphotorealisticendering
of theseobjectsfrom new viewpointsandunderarbitrarylighting conditions.

Several objectsconsistingof differentmaterialshave beenacquiredto demonstrat¢éhe
quality andaccurag of our approach.The resultingspatiallyvarying BRDFsaccurately
representhe original materials. The normal tting algorithmrecoreredgeometricdetail
thatwasnot representedly the original meshobtainedfrom the 3D scanner

Thereconstructiorof a nev modelis arelatively simpletaskandrequiresonly a mod-
erateamountof humanwork, mainly during the acquisitionprocess.Exceptfor this, all
thedataprocessingnd tting algorithmsareautomatic.Fortunately the numberof input
views requiredby our algorithmis rathersmall.

Comparedo previousapproachefor representingeal-world objects lik e surfacelight
elds orre ection elds whichneededipto 600imagegWoodetal. 2000]our methodre-
quireslessinputdataandeventhesizeof theoutputdata( 25MB)is considerablymaller
All we have to storepertexel arethelinearblendingweightsfor the basicmaterials.

Representinghe spatiallyvaryingBRDFsastexture mapsallows to modify the object’s
geometryafter the acquisition. Sincethe BRDF is not changedwith the geometrythe
objectcan be alteredor animatedwhile preservingthe materialpropertiesand thus the
realisticappearance.

To speedup the renderingtime of objectswith spatially varying BRDFs we want to
investicate the possibility to do hardware acceleration.Here, it is again usefulto repre-
sentthe recovereddataastexture maps. Using techniquesrom [Kautz and Seidel2000]
or from [McAllister et al. 2002] the renderingshouldbe easilyimplementedon modern
graphicshardwaresincethe Lafortunemodelis fairly simpleto evaluate.
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