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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
measurements of the re�ection prop erties of each material, as well as the spatially varying e�ects.
We present an image-based measuring metho d 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 pro ject the measured data for each surface point into
a basis formed by the recovered BRDF s leading to a truly spatially varying BRDF representation.
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-Lam bertian surfaces using
our measured BRDF s. A high qualit y model of a real object can be generated with relativ ely
little input data. The generated model allows for rendering under arbitrary viewing and ligh ting
conditions and realistically reproduces the appearance of the original object.

CategoriesandSubjectDescriptors:I.3.7 [Computer Graphics]: Three-DimensionalGraphicsandRealism—
Color, Shading, Shadowingand Texture; I.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 componentsof imagesynthesisis a fundamentalprereq-
uisite for photorealisticrendering.This includesmodelsfor the geometry, light sources,
andcameras,aswell asmaterialsandmicro structure.As moreandmorevisualcomplex-
ity is demanded,it is lessandlessfeasibleto generatethesemodelsmanually. Automatic
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andsemi-automaticmethodsfor modelacquisitionare thereforebecomingincreasingly
important.

In this paperwe concentrateon theacquisitionof realisticmaterials.In particular, we
describeanacquisitionprocessfor spatiallyvaryingBRDFsthat is ef�cient, reliable,and
requireslittle manualintervention.Othermethodsdescribedin theliterature(seeSection3
for anoverview) eitherfocusonhomogeneousmaterials,or makeassumptionson thetype
of materialto bemeasured(e.g.humanfaces).In our work, we measurespatiallyvarying
BRDFswithoutmakingany additionalassumptions.Further, weusethederivedre�ection
propertiesto computenormalmapseven for non-Lambertiansurfaces.In particular, our
contributionsare

—ef�cient, reliable,andmostlyautomaticcalibrationschemesfor thelight sourceposition
relative to thegeometry,

—arobustandef�cient BRDF�tting processthatclusterstheacquiredsamplesinto groups
of similarmaterialsand�ts aLafortunemodel[Lafortuneetal. 1997]to eachgroup,

—a methodthat projectsevery sampletexel into a basisof BRDFs obtainedfrom the
clusteringprocedure.Thisprojectionaccuratelyrepresentsthematerialat thatpointand
resultsin acompactrepresentationof a truly spatiallyvaryingBRDF,

—analgorithmthatusesthereconstructedBRDFateverypointtogetherwith themeasured
re�ectancesamplesto optimizetheorientationof thesurfacenormalyielding a normal
map.

We requireonly a relatively small numberof high dynamicrangephotographs(about
15-25imagesfor oneobject),therebyspeedingup theacquisitionphase.

As a resultof the �tting, clustering,andprojectionprocess,we obtaina compactrep-
resentationof spatiallyvarying materialsthat is well suitedfor renderingpurposes(see
Figure11 for anexample).Themethodworksbothfor objectsconsistingof a mixtureof
distinctmaterials(e.g.paintandsilver, seeFigure13), or for smoothtransitionsbetween
materialproperties.

2. OVERVIEW AND MOTIVATION

Geometryandre�ection propertieshave to beacquiredin orderto realisticallyreproduce
a realworld object.Thebasicideashave beenpresentedin [Lenschet al. 2001]whichare
furtherre�ned andextendedin this paper. In particular, this includesextendedsectionson
thesetupanddataresampling.Furthermore,we addednew techniquesfor calibratingthe
light sourcepositionandfor theacquisitionof normalmaps.

Thereconstructionof spatiallyvaryingBRDFsrequiresto samplea6D functionin some
way. A very naive approachwould be to measurethe BRDF of every single point on
thesurfaceseparately, e.g.usinga goniore�ectometer. It is clearthat this methodwould
be tediousif not impossible. A more suitableapproachhasbeentaken by Debevec et
al. [2000] who constructedthe light stage wherea point light sourcespinsaroundthe
objectwhile a video cameratakesseveral hundredsof imagesfor a �x ed view. Hereby,
theBRDF of eachvisible surfacepoint is capturedfor exactly oneviewing directionasa
functionof incidentlighting.

In this paperwe presenta techniquefor measuringspatially varying BRDFs for any
viewing directionusingfar fewer images.The ideaof our algorithmis basedon the fact
that mostman-made(andeven many natural)objectsconsistof mixturesof only a very
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small set of materials. We heavily exploit the coherencein the re�ection propertiesof
surfacepointsbelongingto thesamematerialin orderto drasticallyreducethenumberof
BRDF samples(i.e., thenumberof images)thathave to becollected.TheBRDFsof the
basicmaterialsaremeasuredsimilar to theimage-basedmeasurementtechniqueproposed
by Marschneretal. [1998;1999].

What remainsis to representthe subtlevariation and detailswhich are presenteven
within the samematerial. Real objectsexhibit a lot of local variationsin the material
properties(suchasimperfectionswithin thematerial,dust,or smoothtransitionsto other
materials).Therefore,a single,constantBRDF per clusterwill not result in realisticap-
pearance.In orderto modelthesesubtledetailsit is necessaryto assigna separateBRDF
to eachpoint on the surface. Given the sparseinput data,a direct measurementof these
per-texel BRDFsis unfortunatelyimpossible.However, onecouldthink of theBRDF of a
singlepoint asa mixtureof theBRDFsreconstructedfor thebasismaterials.In this case,
oneonly hasto determinehow muchthebasicmaterialscontribute to theBRDF of each
surfacepoint. This taskcanbeperformedevenwith sparseinputdata.

Interre�ectionswithin theobjectarenot yet consideredin our algorithm.Our approach
trieshowever to �nd theoptimalapproximationto themeasureddata,andin many cases
comesupwith a reasonableapparentBRDFevenfor concave regions.

Thepresentationof theoverall procedureis organizedasfollows. Previouswork con-
cerningBRDFmeasurementsandappearanceacquisitionis reviewedin thefollowing sec-
tion. Section4 describesin detailtheacquisitionsetupandtheindividualacquisitionsteps:
capturingof HDR images,imageto modelregistration,calibrationof thepointlight source,
andsoon. Thecaptureddatais thenresampledandreorganizedto allow ef�cient accessto
all datathatbelongsto asinglepointon thesurface(seeSection5).

From the resampleddatathe spatiallyvarying BRDFsarereconstructedin two subse-
quentsteps,a clusteringanda projectionstep. There�ection propertiesof eachmaterial
canberepresentedwell by a singleBRDF (Section6). Thus,thesebasicmaterialsof the
objecthave to be foundandseparated.In Section7 we explain how to groupthesurface
pointsinto clustersconsistingof thesamebasicmaterials.

Local variation resultingin a per-texel BRDF is describedas a weightedsum of the
BRDFsof thebasicmaterials.A setof basicmaterialsis determinedfor every cluster, but
theweightsof thesematerialscanvary from point to point. Theseweightsaredetermined
by projectingthe measureddataof eachpoint into the basisof clusteredmaterials(see
Section8).

Theacquiredre�ectancesamplescanfurtherbeusedto alsoobtaina morepreciseesti-
mateof thesurfacenormalateverypoint comparedto thenormalprovidedby thetriangle
mesh. In Section9 the measuredBRDFsareusedto derive normalmapsbasedon the
shadinginformationevenfor non-Lambertianmaterials.

Section10 brie�y describesour renderingmethod.In Section11 we presentour results
andthenweconcludein Section12.

3. RELATED WORK

Therepresentationof real-world materialshasrecentlyreceivedmuchattentionin thecom-
putergraphicscommunity. Theapproachescanbegroupedinto threecategories:light �eld
andimagedatabasemethodswith staticillumination,densesamplingof thelight andview-
ing directionsto generatea tabular representationof the BRDF, and�nally the �tting of
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re�ection models,oftenbasedonasparsesetof samples.This lastapproachis theonewe
takeandextendto spatiallyvaryingBRDFs.

3.1 Light Field Techniques

In the�rst category, therehasbeenanumberof approachesrangingfrom arelatively sparse
setof imageswith a geometricmodel[Debevecet al. 1996]over theLumigraph[Gortler
et al. 1996]with moreimagesanda coarsermodelto thelight �eld [Levoy andHanrahan
1996]with no geometryanda denseimagedatabase.Recentlysurfacelight �elds [Wood
et al. 2000;Miller et al. 1998]have becomepopular, which featurebotha densesampling
of thedirectionalinformationanda detailedgeometry. In our work we useanalgorithm
similar to thefunctionquantizationapproachproposedby Woodet al. [2000] to resample
the imagedatainto a compactrepresentationwhich we extendedto modeleffectsdueto
theincidentlight.

3.2 Sampling the Re�ection Field

In contrastto light �eld approaches,bidirectionaltexturefunctions[Danaetal. 1999]also
allow for changesin thelighting conditions,althoughat very high storagecosts.Another
lighting dependenttexturecalledpolynomialtexturemapshasbeenproposedby Malzben-
der et al. [2001]. In order to allow sparsersamplingLiu et al. [2001] synthesizednew
samplesby reconstructingthesurfacestructureof theobservedmaterial.

Debevec et al. [2000] describea methodfor acquiringthe re�ectance�eld of human
faces.In onepart of their work they �t a specializedre�ection modelfor humanskin to
themeasureddata(consistingof about200images).Bothspecularanddiffuseparameters
of the re�ection modelcanvary rapidly acrossthe surface,but otherparameterslike the
de-saturationof the diffusecomponentat grazinganglesareconstantandonly apply to
humanskin. In our work we try to avoid makingassumptionson thekind of materialwe
aremeasuringby usinggeneralBRDFmodels.

Matusik et al. [2002] acquirethe re�ectance�eld of differentslightly transparentob-
jects,but storethedatain imagespace.Theacquireddatais directly usedfor rendering.
This techniquewasextendedto transparentandrefractive objects[Matusik et al. 2002].
Furukawaetal. [2002]alsoacquiredthere�ectance�eld of differentobjectsandproposed
variouscompressiontechniques,againwithout �tting aBRDFmodelto thedata.

3.3 BRDF Measurement

The traditionalapproachto measurere�ectancepropertiesis to usespecializeddevices
(goniore�ectometers),thatpositionbothalight sourceandasensorrelativeto thematerial.
Thesedevicescanonly obtainonesamplefor eachpairof light andsensorpositionandare
thereforerelatively slow.

More recently, image-basedapproacheshave beenproposed.Thesemethodsareable
to acquirea large numberof samplesat once. For example,Ward Larson[1992] usesa
hemisphericalmirror to sampletheexitanthemisphereof light with asingleimage.Instead
of usingcurvedmirrors,it is alsopossibleto usecurvedgeometryto obtaina largenumber
of sampleswith a singleimage. This approachis takenby Lu et al. [1998], who assume
a cylindrical surface,andMarschneret al. [1998;1999]who obtainthegeometryusinga
rangescanner. Ourmethodis similar in spirit to themethodof Marschneretal.,but weare
alsodealingwith spatiallyvaryingBRDFsandweare�tting are�ection modelratherthan
usinga tabular form in orderto achieve acompactrepresentation.
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A numberof researchershave describedmethodsfor �tting re�ection modelsto mea-
suredsampledata[Debevec et al. 2000; Koenderinket al. 1996; Lafortuneet al. 1997;
McAllister 2002;Satoet al. 1997;WardLarson1992;Yu et al. 1999]. Of thesemethods,
theonesby WardLarson[1992] andLafortuneet al. [1997] do not considerspatialvari-
ations. Satoet al. [1997] �t a Torrance-Sparrow model[TorranceandSparrow 1967] to
thedata,andconsiderhigh-frequency variationsfor thediffusepartbut only per-triangle
variationsfor thespecularpart.This is alsothecasefor thework by Yu etal. [1998;1999],
which alsotakesindirectillumination into account.Boivin andGagalowicz [2001] recon-
struct arbitrary re�ection propertiesfor whole patchesin a sceneusing just one image.
McAllister [2002] �ts a spatiallyvaryingLafortunemodelto very denselysampledplanar
materials.Theachievedresultsareimpressive but thetechniquerequires�at surfacesand
anautomatedsetupto geta densesamplingof there�ection properties.In [Ramamoorthi
andHanrahan2001] and[Gibsonet al. 2001] inverserenderingalgorithmsareproposed
that reconstructthere�ection propertiesandthe incidentlight �eld at thesametime. Ra-
mamoorthiandHanrahan[2001] aswell asWestinet al. [1992] projectBRDF datainto a
sphericalharmonicsbasisinsteadof �tting anexplicit re�ection model.

We usein our work the Lafortunemodelbecauseit is compact,andcapableof repre-
sentinginterestingBRDFpropertiessuchasoff-specularpeaksandretro-re�ection.

3.4 Normal Maps

Re�ection propertiestogetherwith measuredphotometricdatacanalsobeusedto derive
geometricinformationof theoriginal object.Photometricstereoapproaches(see [Zhang
et al. 1999] for anoverview) have beendevelopedto extractgeometricinformationfrom
a set of pictureswith different lighting conditions. The shadinginformation is usedto
computesurfacenormalsanddepthvalues.

Rushmeieret al. calculatenormaldirectionsat every visible surfacepoint from a set
of imagesshowing thesameview of anobjectilluminatedby a point light sourceplaced
at differentbut known positionsfor eachimage[Rushmeieret al. 1997;Rushmeieret al.
1998;Bernardiniet al. 2001].Besidesthenormaldirectionthediffusecolor (albedomap)
is reconstructedby solving a linear systemof equationfor eachpoint. The technique
assumeshowever the surfaceto be purely diffuse(Lambertian)andsimply discardsthe
brightestradiancesamplesat eachpoint to circumventspecularhighlights. Herebyvalu-
abledatais ignored. Additionally, asthesurfacegetsmoreandmoreglossyit is hardto
guaranteethat all remainingsamplesshow a purely diffuse re�ection which is required
to computethe correctnormaldirection. In our work we usemeasurednon-Lambertian
re�ection propertiesto computenormalmapsfor arbitrarymaterials.

4. ACQUISITION

We obtainthe3D modelswith a structuredlight 3D scanneranda computertomography
scannerbothgeneratingdensetrianglemeshes.Thetrianglemeshesaresmoothed[Garland
andHeckbert1997;Kobbelt1996],manuallycleaned,anddecimated.

All imagesareacquiredin a measurementlab (seeFigure1) usinga KodakDCS 560
professionaldigital camera.An HMI metalhalidebulb servesaspoint light sourcefor the
BRDF measurements.Theinterior of thephotostudiois coveredwith darkanddiffusely
re�ecting felt to minimize the in�uence of the environmenton the measurements.The
detailsof thelabenvironmentaredescribedelsewhere[Goeseleetal. 2000].
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Fig. 1. Theacquisitionsetupin aphotostudiocoveredwith darkfelt (from left to right): point light source,metal
spheresfor light sourcetracking,objectto bemeasured,digital still camera.

a) b) c)

Fig. 2. Imageseriescapturedfor onecamera/lightingposition.a) Silhouetteimageandreconstructedsilhouette.
b) Two imagesfor recovering the light sourceposition(seeSection4.1). c) Photographsampleswith varying
exposuretime for HDR imagereconstruction.

Several views of eachobjectarecapturedwith differentcameraandlight sourceposi-
tions. Light sourceandcameraarepositionedmanually, which is however easilypossible
sinceonly a few different views are required. Several constraintsshouldbe met when
selectingtheviews to obtainthebestquality:

—all surfacepointsshouldbevisible in morethanoneimage,

—the position of the cameraand the light sourceshouldbe varied in order to provide
differentpairsof viewing andlighting directions,and

—at leastonehighlight shouldbeobservedin eachmaterial.

Theseconsiderationsmayslightly increasethenumberof imagesthatarerequiredto re-
produceobjectswith a largernumberof differentbasismaterials.In our experiencetheir
numberis typically small.

For eachview we acquirethreesetsof images:oneimageof theobject's silhouetteto
register the 3D model with the image(Figure 2a), and two imagesto recover the light
sourcepositionasexplainedin Section4.1 (Figure2b). We thenacquirea high dynamic
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Fig. 3. Left �gure: the ring �ash mountedon thecamerayieldsa highlight in the centerof the spheres.Right
�gure: raysfrom thecamerato thelight sourcehighlightswill bere�ectedto thepoint light.

rangeimageof the object lit by the point light sourceby taking a seriesof photographs
with varyingexposuretime [DebevecandMalik 1997;Robertsonet al. 1999](Figure2c).
Weuseanentropy-baseddarkframesubtractionalgorithm[Goeseleetal. 2001]to remove
darkcurrentCCDnoise.

Onceper sessiona high dynamicrangeimageof a gray cardwith known cameraand
light positionis taken in orderto allow for an absolutecalibrationof the re�ectance. In
addition,a seriesof calibrationimagesof a checkerboardpatternis taken whenever the
lenssettingsarechanged.The calibrationmethodproposedby Zhang[1999] is usedto
recover theintrinsiccameraparameters.

To register the imageswith the 3D modelwe usea silhouette-basedmethod[Lensch
et al. 2000;2001] that yields thecamerapositionrelative to the objectfor a singleview.
Given the 3D modelof the object the registrationis performedby aligning the captured
silhouettewith thesilhouettefrom avirtual view of the3D model.The�nal view is found
by minimizing thedifferencebetweenthetwo silhouettes.

4.1 Recovering the Light Source Position

In orderto recover the positionof the point light sourcea geometricapproachwasused
which requiresno user interaction. Six steelspheres(manufacturedfor a ball bearing
with 6� m precision)of known, equaldiameterareused(seeFigure1). A metal �xture
manufacturedusinga CNC milling machineensuresthat thespheresarelying exactly on
astraightline atanequalandknown distance.

For eachview two imagesof the spheresareacquired. Oneview shows only the re-
�ection of the point light sourcein the spheres(Figure2b top). For the secondview a
ring �ash mountedon the cameralensproducesa highlight on the centerof eachsphere
(Figure2bbottom).Theexactcentersof thesere�ectionsin theimagesaredeterminedby
automatically�tting ellipsesto thehighlights.

Giventheintrinsic parametersof thecamera,thepixel coordinatesof there�ectionsof
thering �ash de�ne raysin spaceonwhich thecenters~psphere;i of thespheresarelocated
(seeFigure3). If thecamerais in theorigin this canbedescribedby

~psphere;i = � i � ~f i ; (1)

where ~f i is the normalizedray directiontowardsthe highlight in spherei , � i is the ray
parameter. A secondconstraintis that all spheresareoffset by the samedistanceby the
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vector~d, i.e.,

~psphere;i = ~psphere;0 + i � ~d: (2)

CombiningEquation1 and2 yields

� i � ~f i = ~psphere;0 + i � ~d (3)

, � i � ~d = ~psphere;0 � � i � ~f i : (4)

Thefact that � i � ~d is locatedon a line through~psphere;0 with direction ~f i canalsobe
expresseddifferentlyas

~f i � ~psphere;0 + ~f i � (i � ~d) = ~0: (5)

We obtainsomescaledsolutionfor ~psphere;0 and ~d asthe leastsquaressolutionof the

systemof linearequationformedby all highlightswhenconstrainingonecomponentof ~d
to beone1. Sincethedistancebetweenthespheresjj ~djj is actuallyknown we canrescale
thesolutionto obtainthe�nal positionsof thespheres.

Now we sendraysfrom the camerato the positionsof the light sourcehighlightsand
re�ect theraysoff thespheres.Thelight sourcepositionis locatedat theintersectionof the
rays(seeFigure3). To increasethestability of this methodmorethanthethreenecessary
spheresareusedanda leastsquaresapproximationis computed.Thelight sourceposition
couldbedeterminedwith up to 2cmprecisionwhereboththecameraandthelight source
wereapproximately1mapartfrom theobject.

After measuringthelight sourcepositionthemetalspheresarecoveredwith blackcloth
in orderto avoid disturbingtheacquisitionof theHDR images.

5. RESAMPLING OF REFLECTANCE VALUES

After acquisitionof thegeometricmodel,high dynamicrangeimagerecovery, andregis-
tration, it is necessaryto merge the acquireddatafor further processing.For eachpoint
on the model's surfacewe collect all available information into a datastructurewe call
a lumitexel.

Onelumitexel,denotedby L , is generatedfor everyvisiblesurfacepoint. Eachlumitexel
storesthegeometricandphotometricdataof onepoint, i.e., its position~x andthenormal
~n in world coordinates.Linked to the lumitexel is a list of re�ectancesamplesR i , each
representingthe measuredre�ectancer of the surfacepoint capturedby oneimageplus
the directionof the light ~U and the viewing direction ~V which are further transformed
into the local coordinateframeof thesurfacepoint spannedby ~n anda deterministically
constructedtangentandbi-normalyielding~u and~v.

A lumitexel canbeseenasaverysparselysampledBRDF. Wede�ne theerrorbetween
agivenBRDFf anda lumitexel L as:

E f (L ) =
1

jLj

X

R i 2L

s � I (f (~ui ;~vi )ui;z ; r i ) + D(f (~ui ;~vi )ui;z ; r i ); (6)

1For stability reasonsonemay try two differentcomponentsof ~d setto one,e.g. ~dz = 1 will not work if the
spheresareorientedparallelto theimageplane.
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wherejLj standsfor thenumberof re�ectancesampleslinkedto thelumitexel, I (r 1; r 2) is
afunctionmeasuringtheintensitydifference,andD(r 1; r 2) measuresthecolor-difference.
We introducetheweights, to beableto compensatefor noisydata(e.g.a slightly wrong
normal resultingin a wrong highlight). In order to emphasizethe color-differencewe
alwayssets � 1. Notethatthecosinebetweenthenormalandthelocal light directionuz

is alreadyincludedin our re�ectancesamplesr suchthattheBRDFf hasto bemultiplied
by it.

5.1 Assembling Lumitexels

Collectingall re�ectancesamplesfor a lumitexel requiresaresamplingof theinput images
for theparticularpoint on thesurface.First,onehasto determinethesetof surfacepoints
for which a lumitexel shouldbe generated.In order to obtain the highestquality with
respectto theinput images,thesamplingdensityof thesurfacepointsmustmatchthatof
theimages.

n
x

Fig. 4. Thecorrespondencebetweenpixel positionandpoint position~x on theobjectis computedby tracinga
ray throughthe imageonto theobject. At every ~x a local normal~n canbecomputedfrom the triangle's vertex
normals.

Every triangleof the3D modelis projectedinto eachimageusingthepreviously deter-
minedcameraparameters.Theareaof theprojectedtriangleis measuredin pixelsandthe
triangleis assignedto theimageI best in which its projectedareais largest.For everypixel
within thetrianglein I best a lumitexel is generated.

Theposition~x of thesurfacepoint for the lumitexel is givenby the intersectionof the
ray from the camerathroughthe pixel with the mesh(seeFigure 4). The normal~n is
interpolatedusingthetriangle's vertex normals.

A re�ectancesampleR j is now constructedfor eachimageI j in which ~x is visible
from thecamerapositionandthesurfacepoint is lit by thepoint light source.Thevectors
~uj and~vj canbedirectly calculated.Theassociatedre�ectanceis foundby projecting~x
onto the imageplaneandretrieving thecolor cj at thatpoint usingbilinear interpolation.
Note,thatfor I best nobilinearinterpolationis necessaryandcbest canbeobtainedwithout
resamplingsince~x exactly mapsto theoriginal pixel by construction.There�ectancer j

of the re�ectancesampleR j is obtainedby scalingcj accordingto thebrightnessof the
light sourceandthesquareddistancefrom thelight sourceto ~x.
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5.2 Discarding Data at Depth Discontinuities

In orderto increasethequality of theresampleddatait is sometimesnecessaryto discard
someof the input data.Especiallyneardepthdiscontinuitiestheresampleddatais prone
to registrationerrors.If the3D modelis not perfectlyalignedwith the2D imagethepart
of thesurfacethat is visible in onepixel maynot correspondto thesurfacepartpredicted
by the 3D model. In the caseof depthdiscontinuitiesthe visible part andthe predicted
partwill not evenbeadjacent.Re�ectancesampleswould thenbeassignedto completely
wrongsurfacepointsor lumitexels.

Furthermore,sincea sensorelementof thecameraalwaysintegratesover a �nite area,
there�ectancevaluesreportedat depthdiscontinuitiesarenever reliableevenif theregis-
trationwith the3D modelwereperfect.Thus,it is necessaryto discardthe imagedataat
depthdiscontinuities.

Thedepthdiscontinuitiesaredetectedusingthefollowing approach:A depthmapof the
registered3D modelis renderedandsubsequentlyblurredusinganaveraging�lter . This
changesthe depthvaluesof pixels neardepthdiscontinuitieswhile pixels showing a �at
surfaceswill not beaffected. Regionswherethe �ltered depthmapdeviatesmorethana
small thresholdfrom the original onewill not be consideredfor further processing.The
thresholdcanbe computedgiven the �lter sizeandthe differenceof two adjacentdepth
valuesthatshouldbedetectedasadiscontinuity.

Fig. 5. Left: Dark stripeson the dressandon the handaredueto depthdiscontinuities.Right: By discarding
samplesatdepthdiscontinuitiesandshadow boundariestheseeffectshavebeenremoved.

Thesameapproachalsoappliesto theshadowing problem.Here,depthdiscontinuities
resultin shadow boundarieswhosepositioncanonly bedeterminedupto someuncertainty.
Hence,alsopixelsnearshadow boundarieshave to bediscarded.They canbedetermined
by a �ltered shadow map.
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Theresultsof removing samplesatdepthdiscontinuitiesaredisplayedin Figure5. Note
thatthedarkstripeson thedressandacrossthehandhave beenremovedby thisstep.

La

6. BRDF FITTING

In this sectionwe �rst detail the LafortuneBRDF model[Lafortuneet al. 1997] that we
�t to our given lumitexels. Thenwe explain how this �t is performedusingLevenberg-
Marquardtoptimization.

6.1 Lafortune Model

BRDFsarefour-dimensionalfunctionsthatdependonthelocalviewingandlight direction.
Thedependenceonwavelengthis oftenneglectedor simplythreedifferentBRDFsareused
for thered,green,andbluechannel.Weusethelatterapproach.

Insteadof representingameasuredBRDFasa4D tablethemeasuredsamplesarein our
caseapproximatedwith a parameterizedBRDF model. This hastwo advantages:Firstly,
the BRDF requiresmuchlessstoragesinceonly the parametersarestoredandsecondly,
we only requirea sparsesetof samplesthatwould not besuf�cient to faithfully represent
acompletetabularBRDF.

Many differentBRDF modelshave beenproposed(e.g. [TorranceandSparrow 1967;
WardLarson1992])with differentstrengthsandweaknesses.Ourmethodmaybeusedto-
getherwith any parameterizedBRDF model.We have chosenthecomputationallysimple
but generalandphysically plausibleLafortunemodel[1997] in its isotropicform, i.e., the
orientationof thetangentandbi-normalwithin thetangentialplanehasnoin�uenceonthe
resultingre�ectance:

f (~u; ~v) = � d +
X

i

[Cx;i (ux vx + uy vy ) + Cz;i uzvz ]N i : (7)

This modelusesonly a handfulof parameters:~u and~v are the local light andviewing
directions,� d is the diffuse component,N i is the specularexponent,the ratio between
Cx;i andCz;i indicatestheoff-specularityof lobei of theBRDF. Thesignof Cx;i makes
the lobe i eitherretro-re�ective (positive Cx;i ) or forward-re�ective (negative Cx;i ). The
albedoof thelobei is givenby themagnitudeof theparametersCx;i andCz;i . Fromnow
on we will denotetheBRDF with f (~a; ~u;~v), where~a subsumesall theparametersof the
model, i.e., � d, Cx;i , Cz;i , andN i . In the caseof only onelobe~a is 12-dimensional(4
parametersfor eachcolor channel).

6.2 Non-Linear Fitting

The LafortuneBRDF is non-linearin its parameters,which meansthat we have to usea
non-linearoptimizationmethodto �t theparametersto thegivendata.As in theoriginal
work by Lafortuneetal. [1997],weusetheLevenberg-Marquardtoptimization[Pressetal.
1992]to determinetheparametersof theLafortunemodelfrom ourmeasureddata.

We ensurethat the �tting processworkswell anddoesnot getstuckin undesiredlocal
minima by initializing the �tting routinewith parametersthat correspondto an average
BRDF.

TheLevenberg-Marquardtoptimizationoutputsnotonly thebest-�t parametervector~a,
but alsoa covariancematrix of theparameters,which providesa roughideaof theparam-
etersthat could not be �t well. This information is usedin our splitting andclustering
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algorithm,asexplainedin thenext section.

7. CLUSTERING

In this sectionwe will explain how we clusterthe given lumitexels so that eachcluster
Ci correspondsto onematerialof the object. Given a setof BRDFsf f i g, eachcluster
Ci consistsof a list of all thelumitexelsL i for which f i providesthebestapproximation.
Determiningtheseclustersis aproblemcloselyrelatedto vectorquantization[Gershoand
Gray 1992] andk-meansclustering[Lloyd 1982;MacQueen1967],both of which work
in af�ne spaces.Unfortunately, we do not have an af�ne spacewhenclusteringBRDF
samplessincethereis no meaningfuldistancemeasurefor BRDF sampleswith arbitrary
viewing and lighting directions. Thereforewe are employing a modi�ed Lloyd [1982]
iterationmethod.

Thegeneralideais to �rst �t aBRDFf to aninitial clustercontainingall thedata.Then
we generatetwo new BRDF modelsf 1 andf 2 using the covariancematrix from the �t
(explainedin moredetail below) representingtwo new clusters.The lumitexels L i from
theoriginal clusterarethendistributedaccordingto theerrorsE f 1 (L i ) andE f 2 (L i ) into
thenew clusters.We thenrecursively chooseanothercluster, split it, andredistribute the
lumitexelsandsoon. This is repeateduntil thedesirednumberof materialsis reached,as
detailedin Section7.4.

7.1 Lumitexel Selection

The�tting proceduredescribedin Section6 performsa relatively largenumberof opera-
tionsperre�ectancesample.Thus,it is expensive to �t a BRDF usingall lumitexels(and
all re�ectancesamplescontainedin thelumitexels)generatedby theassemblingprocedure.
Instead,it is suf�cient to consideronly a few thousandlumitexelsat thebeginning. Later
on,we increasethenumberfor anaccurate�t.

A �rst, naive approachto choosingthis subsetfor �tting selectsevery n-th lumitexel
regardlessof its reliability or possiblecontribution. However, asstatedin [Yu et al. 1999]
and[Schirmacheret al. 1999], for a robust estimationof the specularpart of a BRDF it
is very importantto includere�ectancesampleswithin thespecularlobeof thematerial.
Unfortunately, thesebrightestpixelsstatisticallyalsocarrythelargesterror.

Following theseideaswe selectmorelumitexels in areaswherea highlight is likely to
occur. Theseareasaredeterminedby thesurfacenormal,the light sourcepositionanda
syntheticBRDFwith abroadhighlight.

7.2 Splitting

Fitting just a singleBRDF to theinitial clusterof courseis not suf�cient if theconcerned
objectconsistsof morethanonematerial.Rather, we have to recursively split theclusters
to accountfor the differentmaterialscomprisingthe object. We decidewhich clusterto
split, by computingthefollowing errorfor all clustersCj :

E (Cj ) =
X

L i 2 C j

E f (L i ): (8)

TheclusterCj with thelargesterrorwill besplit into two new clusterseachwith adifferent
BRDF. Furthermaterialscanbeextractedby furthersplitting theclusters.

But how dowesplit acluster?TheBRDF�t to aclusterrepresentstheaveragematerial
of the lumitexels in that cluster. Fitting the BRDF usingthe Levenberg-Marquardtalgo-
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Fig. 6. Split-recluster-�t process(SRF).The initial BRDF is split into two new BRDFsusing the covariance
matrix. Thelumitexelsfrom theinitial clusteraredistributedaccordingto their distanceto theBRDFs.Thenwe
�t theBRDFagain to eachnew cluster. Wenow iteratethereclusteringand�tting until theresultingBRDFsand
clustershaveconverged.

rithm (seeSection6) will alsoprovide us with the covariancematrix of the parameters.
Theeigenvectorbelongingto thelargesteigenvalueof this matrix representsthedirection
in which the varianceof the samplesis highest,and is thereforea good choicefor the
directionin which theparameterspaceis to besplit.

Let~a bethe�t parametervectorof theBRDF f (~a; ~u; ~v) for clusterC. Vector~e denotes
theeigenvectorbelongingto thelargesteigenvalue� of thecorrespondingcovariancema-
trix. We thenconstructtwo new BRDFs:

f 1(~a + � � ~e; ~u;~v) and f 2(~a � � � ~e; ~u; ~v); (9)

where� is a scalingfactorto adapt� to a moderatevalue. Two new clustersC1 andC2

aregeneratedby distributing every lumitexel L i of clusterC either to C1 if E f 1 (L i ) <
E f 2 (L i ), or to C2 otherwise. In the next step,f 1 andf 2 are�t to bestapproximatethe
lumitexelsin thenew clusters.

7.3 Reclustering

Becausethe parametersof a BRDF �t to a multi-materialclusterarenot necessarilythe
centerof theparametersof thecontainedmaterialsanddueto improperscalingof � and
otherreasonslike noise,theperformedsplit will not beoptimalandthetwo new clusters
may not be clearly separated,e.g. in the caseof two distinct materialssomelumitexels
belongingto onematerialmaystill beassignedto theclusterof theothermaterial.

A betterseparationcanbeachievedby iteratingtheprocedureof distributing the lumi-
texelsL i basedon E f 1 (L i ) andE f 2 (L i ), andthen�tting theBRDFsagain. Theiteration
stopswhenthenumberof lumitexels in thegeneratedclusterdoesnot changeany more.
In our experimentsthis reclusteringoperationleadsto a clearseparationof materialsand
is doneaftereachsplit. Thesplit-recluster-�t (SRF)processis visualizedin Figure6.

Whenmorethantwo clustershavebeengeneratedby successivebinarysplitsandanew
materialis clearly distinguished,it is helpful to cleanthe otherclusters,which werenot
involved in the lastsplit, from all lumitexelsbelongingto thenewly discoveredmaterial.
This canbedonein a global reclusteringstepby redistributing all initial lumitexelsL i to
theclusterCj with

j = argmin
k

E f k (L i ): (10)
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Fig. 7. Thecompletesplittingandreclusteringalgorithmincludingtheglobalreclustering,which is similar to the
recluster-�t iteration,only thatall lumitexelsaredistributedamongall clusters.

Fig. 8. Theclusteringprocessatwork. In every imagea new clusterwascreated.Theobjectwasreshadedusing
only thesingleBRDFs�t to eachclusterbeforetheprojectioninto abasisof multipleBRDFs.

And again, the BRDFsof all involved clustershave to be re�t. This global reclustering
is repeatedseveral times to clearly separatethe materials. We stop this iteration when
the percentageof changeis smallerthansome� , or a maximumnumberof iterationsis
reached.Thecompletesplitting andreclusteringalgorithmis depictedin Figure7 andthe
processingona realmodelis shown in Figure8.

7.4 Termination of the Splitting Process

Westill have to decidewhento stopthesplittingprocess.To do thiswerequiretheuserto
input theestimatednumberof materialsjM j. We stopthesplitting andclusteringprocess
afterat leastjM j clustershavebeencreated.Moreclusterscanbegeneratedto compensate
for the often noisy andnot absolutelyaccuratere�ectancesamples(e.g. slightly wrong
normals,noisein theimages,misregistration,etc.).

This meansthatwe do not necessarilyhave a oneto onemappingbetweenactualmate-
rialsandclusters.This is notcrucialsincetheprojection,whichwewill presentin thenext
section,usesaweightedsumof severalBRDFsto accuratelyrepresentevery lumitexel.

8. PROJECTION

Therepresentationof anobjectby acollectionof only afew clustersandBRDFsmakesthe
virtual objectlook arti�cial ascanbeseenin Figure9. Themainreasonfor this is thatreal
surfacesexhibit changesin the re�ective propertieseven within a singlematerial. These
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Fig. 9. Left: Theresultof theclusteringprocessstill doesnot look realisticsincethereis no variationof thema-
terial within onecluster. Right: Spatialvariationderivedby projectingthere�ectancesamplesof eachlumitexel
in abasisformedby theclusteredmaterials.

changescannotberepresentedby asingleBRDFperclustersinceall lumitexelswithin the
clusterareassignedthesameBRDFparameters.

To obtaintruly spatiallyvaryingBRDFswe must�nd a speci�c BRDF for eachlumi-
texel. But thesparseinput datadoesnot allow to �t a reliableor evenmeaningfulBRDF
to asinglelumitexel becauseeachlumitexel consistsof only a few re�ectancesamples.In
addition,wewouldneedto acquireahighlight in every lumitexel to reliablydeterminethe
specularpart,asalreadyexplainedin Section7.1.

Thesolutionis to projecteachlumitexel into a basisof BRDFs(seeSection8.1). The
BRDF f � i of a lumitexel L i is then representedby a linear combinationof m BRDFs
f 1; f 2; : : : ; f m :

f � i = t1f 1 + t2f 2 + : : : + tm f m ; (11)

with t1; t2; : : : ; tm beingpositivescalarweights.Thisforcesthespaceof solutions(i.e.,the
possibleBRDFsfor a pixel) to beplausiblesincethebasisBRDFsarealready�t reliably
to a largenumberof re�ectancesamples.

GiventheBRDFs,theweightshave to bedeterminedfor eachlumitexel. Let r j =1 ::: jL i j
be the re�ectancevaluesof the lumitexel L i . The weightsare found by a leastsquare
optimizationof thefollowing systemof equationsusingsingular-valuedecomposition:

0

B
B
B
@

r 1

r 2

...
r jL i j

1

C
C
C
A

=

0

B
B
B
@

~f 1(~u1 ; ~v1) ~f 2(~u1 ; ~v1) � � � ~f m (~u1 ; ~v1)
~f 1(~u2 ; ~v2) ~f 2(~u2 ; ~v2) � � � ~f m (~u2 ; ~v2)

...
...

. . .
...

~f 1(~ujL i j ; ~vjL i j ) ~f 2(~ujL i j ; ~vjL i j ) � � � ~f m (~ujL i j ; ~vjL i j )

1

C
C
C
A

0

B
B
B
@

t1

t2

...
tm

1

C
C
C
A

; (12)

with ~f (~u;~v) := f (~u; ~v)uz . Comparedto thenon-linear�tting of BRDFmodelparameters
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(seeSection6.2),wenow havea linearproblemto solvewith asmallerdegreeof freedom
and even more constraints. Equation12 shows only the systemfor one color channel,
whereasthe weightst i have to be the samefor all channels.In contrastto this, BRDF
parameterswould requireadistinctsetof parametersperchannel.

We �nd theweightst i asthenon-negative leastsquaresolutionof thesystemof equa-
tions. Negative valuesareavoidedbecausethey may result in an oscillatingBRDF that
representsonly 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
thesurfacepropertieswithin onematerialtendto besmall,a distinctsetof basisBRDFs
is assignedto eachcluster. It is thereforesuf�cient to storejust the scalarweightsper
lumitexel insteadof thefull setof BRDFparameters.

Findingtheoptimalsetof BRDFsf 1; f 2; : : : ; f m , thatminimizestheerror

E � (C) =
1

jCj

X

L i 2 C

E f � i (L i ) (13)

for aclusterC, wheref � i denotestheleastsquareprojectionof thelumitexel L i asde�ned
in Equation11, is aproblemof principalfunctionanalysis(PFA) (see[Woodetal. 2000]).
Principalfunctionanalysisis closelyrelatedto principalcomponentanalysis(PCA) with
theimportantdifferencethatfunctionsf m areoptimizedinsteadof vectors.Unfortunately,
thePFA doesnotreducetoasimpleeigenvalueproblemasPCAdoes.TominimizeE � (C),
weagainperforma leastsquareoptimizationusingtheLevenberg-Marquardtmethod,this
time �tting m BRDFssimultaneously. Within eachiterationwe recomputetheprojection
f � i of lumitexel L i into thecurrentlyestimatedbasis.

As for every optimizationproblemthe initial parameters(BRDFs)arequite important.
For agivenclusterC, weusethefollowing BRDFsasabasis:

—f C , theBRDF �t to theclusterC,
—theBRDFsof spatiallyneighboringclustersto matchlumitexelsat clusterboundaries,
—theBRDFsof similar clusterswith respectto thematerial,and
—two BRDFsbasedon f C , onewith slightly increasedandonewith decreaseddiffuse

component� d andexponentN .

In ourexperimentsit turnedoutthatthis initial basistogetherwith theprojectionalready
producesverygoodresultswith smallerrors.In mostcasesthePFA computedalmostneg-
ligible changesto the initial BRDFs. This is to be expectedbecausethe initially chosen
basisconstructedthroughsplitting andclusteringalreadyapproximatesthematerialprop-
ertiesquitewell.

9. ACQUIRING NORMAL MAPS

ThereconstructedspatiallyvaryingBRDFscanfurtherbeusedto addgeometricdetail in
theform of normalmaps.Theresolutionof theacquiredgeometryof anobjectis typically
limited by the applied3D scanningdevice. Additional processingof the 3D data like
combiningmultiplescans,smoothingthesurfaceto removenoiseandmeshsimpli�cation
to reducethecomplexity of themodelfurthererases�ne scalegeometricdetail.
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Althoughourprojectionmethodcompensatessomewhatfor imprecisenormals,onecan
observe in Figures10 and 13 that much geometricdetail was lost during the geometry
acquisition,especiallyin thehair region.

Our methodof measuringre�ection propertiesasdescribedin Section8 caneasilybe
extendedto measurenormalmapsevenfor surfacesthatarenotperfectlydiffuse.

In Section5 thenormal~n andadeterministicallyconstructedtangentandbi-normalare
usedto transformthe lighting and viewing direction, ~U and ~V from world coordinates
into the local coordinateframe, yielding ~u and~v at eachsurfacepoint. In the caseof
isotropicmaterialsthe directionof the normal is suf�cient to de�ne this transformation
sincetheBRDFis independentof theorientationof thetangentwithin thetangentialplane
by de�nition. Thus,the transformationinto the local coordinateframecanbecarriedout
by just two rotationsaboutthey andz axis:

~u = Ry (� � )Rz (� � ) ~U; and (14)

~v = Ry (� � )Rz (� � ) ~V ; (15)

where� and� areazimuthandzenithof thenormal.
As alreadymentionedin Section5 an initial estimateof the normal at every surface

point/lumitexel is providedby thetrianglemesh.Basedon theseinexactnormalsthebasic
materialsof theobjectareseparatedby theclusteringprocess(Section 7). Subsequently,
for eachlumitexel the weighting coef�cients for the basismaterialsare determinedby
projectionto obtainstartingvaluesfor thesecoef�cients.

Given that enoughre�ectancesamplesareprovided at every point (morethantwo) it
is possibleto extract thedirectionof thenormal(� ; � ) for every lumitexel. This is done
by minimizing the error betweenthe measuredre�ectancesamplesr i andthe evaluated
re�ectancevalues

f � (Ry (� � )Rz (� � ) ~Ui ; Ry (� � )Rz (� � ) ~Vi ); (16)

for whichonceagain theLevenberg-Marquardtalgorithmis applied.Both thedirectionof
the normalandthe optimal weightsfor the basisBRDFscanbe found in the samestep.
However, sincetheoveralldistributionof thenormalsis alteredby computingnormalmaps
onehasto recomputetheBRDF for thesingleclustersafterwardsandhasto performthe
projectiononceagain. If desired,theprocessof normal�tting, recomputationof theBRDF,
andprojectioncanbeiterated.In ourexperiencethis is normallynotnecessary.

The quality of the resultsis presentedin Figure10 wherenormalmapshave beenre-
coveredfor all materials.Unfortunately, the methodproducessomeartifactsin concave
regionswhereinterre�ectionsbecomeimportant(lower right of Figure10). Sinceinter-
re�ectionsarenot yet consideredin our algorithmthenormaldirectionsarenoisyandthe
BRDFsarenot very accurate.A featuresensitive smoothingof thenormalsfollowedby a
BRDFprojectionmayslightly improve theresults.

Sincea non-linearoptimizationis performedfor every lumitexel the recovery of the
normalmapis a time-consumingstep. For thebird modelit took aroundthreehoursbut
wascompletelyautomatic.
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Fig. 10. Left: Normalsof theoriginalmesh.Right: NormalsoptimizedusingspatiallyvaryingBRDFs

10. RENDERING

As explainedin Section5.1,weknow thepositionof everylumitexel,aswell asthetriangle
it belongsto andthe2D coordinateswithin thattriangle.

This informationcanthenbeusedto generatean index texture for the full object. For
every texel, that texturecontainsanindex to theclusterit belongsto. Thenwe generatea
weight texturemapfor every clusterthatstorestheweightsresultingfrom theprojection
into thebasisBRDFs. Theparametersfor thebasisBRDFsof every clusterarestoredin
a small table. Additionally, we mayhave a normalmapthatwasreconstructedusingthe
techniquefrom Section9.
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Raytracingsuchan object is very simple, sincefor every point on the object that is
raytracedwecansimplylook uptheclusterthetexel belongsto. Thenweevaluatethebasis
BRDFsfor thelocal light andviewing directionandcomputetheweightedsumusingthe
weighttexturemap.Sorenderingsimply is amatterof evaluatinga few LafortuneBRDFs
perpixel, andweightingtheresults.

If nonormalmapwasreconstructed,mip-mappingcaneasilybeused.Sincetheweighted
sumis justa linearoperation,theweightsof neighboringtexelscansimplybeaveragedto
generatethenext coarsermip-maplevel.

Another, moreaccuratemethodis to explicitly constructlumitexelsat coarsermip-map
levelsthatcombinethere�ectancesamplesof the�ner ones.Thelinearweightsarecom-
putedto best�t theselargercollectionsof radiancesamples.Thisalsoallowsto reconstruct
normalmapsfor everymip-maplevel.

If theoriginalimagesareof highresolutionandhencetheobjectis sampledverydensely,
point-basedrenderingusingforwardprojectionis aviablealternative. It completelyavoids
the generationof texture mapsandthe resultingdatacanbe usedwith almostno further
processing.Thismethodis usedto displayour results.

11. RESULTS

We appliedour algorithmto four differentobjectsconsistingof differentmaterialswith
varying re�ection propertiesin both the diffuseandthe specularpart. The modelof the
angelswasgeneratedby extractingan isosurfaceof a computertomography scan. The
geometryof all other modelswas capturedusing a structuredlight 3D scanner. Some
statisticsaboutthemeshesandthenumberof acquiredviewsarelistedin TableI. Acquisi-
tion of 20 views (eachneedingabout15 photographs)takesapprox.2.5h.This is theonly
stepthatrequiresuserinput. Thehigh dynamicrangeconversionandtheregistrationwith
the3D modeltakesabout5h but is a completelyautomatedtask. Theclusteringandthe
�nal projectiontakesabout1.5hfor all models,andis again automatic.An additional3h
(angels),3h (bird), 4h (bust),2.5h(elk) wereneededfor thenormal�tting. While timings
for theconversionis dependenton thenumberof input images,theclusteringtime mainly
dependson thenumberof texels in theselectedsubset.Theremainingstepsof projection
andnormal�tting dependon thenumberof overall re�ectancesamples.

In Figure8 you canseehow � ve successive split operationspartition the lumitexelsof
thebird into its � ve materials.Thesplitswereperformedasdescribedin Section7. Only
theper-clusterBRDFsdeterminedby theclusteringprocessareusedfor shading,making
the object look rathersynthetic. After performingthe projectionstepevery lumitexel is
representedin a basisof four BRDFs,now resultingin a muchmoredetailedandrealistic
appearance,seeFigure9.

Thebust in Figure11 shows anotherreconstructedobjectwith very differentre�ection
properties.Thebronzelook is verywell captured.

Anothermodelis shown in Figure12 wherethe reconstructionof a woodenelk using
25 views is comparedto an actualphotograph.The registrationworked well enoughto
reproducethe�ne detailwoodenstructure.Unfortunately, thebadqualityof thegeometric
modelcausedsomenoticeabledifferencesat therim of theantler. It alsocausesthedarker
stripe right behindthe eye, whereapplyinga 10x10 �lter to the shadow mapcould not
remove enoughpointsaroundtheshadow edge.Theseartifactswill disappearif a better
quality geometrymodelsis available. Due to the slightly more complex geometry25
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Fig.11. A bronzebustrenderedwith aspatiallyvaryingBRDFacquiredwith ourreconstructionmethod(without
normal�tting). ThereconstructedBRDFsallow for renderingthemodelwith arbitrarylighting.

Fig. 12. A comparisonof a photograph(left) of a woodenelk with thereconstructedmodel(right). Four clusters
havebeengeneratedwhich faithfully reproducetheappearance.Notehow thewoodenstructureis preserved.
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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 4.2 3 4
elk 50000 25 1659945 5.4 4 4

TableI. This tablelists thenumberof triangles(T) of eachmodel,the numberof views (V) we usedto recon-
structthespatiallyvaryingBRDFs,thenumberof acquiredlumitexels(L) andtheaveragenumberof re�ectance
samples(R) per lumitexel, thenumberof partitionedmaterialclusters(C), andthenumberof 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

TableII. This tablelists for eachmodeltheRMSerrorfor asingleaverageBRDF(1-RMS),theRMSerrorwhen
usingper-clusterBRDFs,theRMSerrorafterprojectingevery lumitexel into thebasisof BRDFs,theRMSerror
after doing a PFA on the basisBRDFsandprojectingevery lumitexel into the new basis,and�nally the RMS
errorafter�tting thenormals.

differentviewsareactuallynotenoughto cover theentiresurface.This is why someholes
appearcloseto thewheels.Clearly, moreimageswould remove theseproblems.

In Figure13 you canseeanothercomparisonbetweenan objectrenderedwith an ac-
quiredBRDF(usingtheprojectionmethod)andaphotographof theobject.They arevery
similar, butdifferencescanbeseenin highlightsandin placeswherenotenoughre�ectance
sampleswerecaptured.Capturingmoresampleswill increasethequality. Thedifference
in the hair region in the right pictureis dueto missingdetail in the trianglemesh. This
detailcanberecoveredby computingnormalmapsasexplainedin Section9, theresultis
shown in Figure13bottom.

Anotherdifferenceis dueto thefact that thediffusecolor of onelumitexel maynot be
representedin any of theconstructedclustersbecausethenumberof lumitexelsbelonging
to thesamematerialcanbesosmallthatthey nearlyvanishin themassof lumitexelsof the
clusterthey arecurrentlyassignedto. Thiseffectcanfor examplebeobservedat themouth
of thelargerangelwhich in realityexhibitsamuchmoresaturatedred,seeFigure13.

In TableII we list RMSerrorscomputedbetweenall there�ectancesamplesof amodel
and the reconstructedBRDFs. You canseethat the error considerablydecreaseswhen
goingfrom oneaverageBRDF to per-clusterBRDFsandthento per-pixel BRDFs(using
projection).As alreadymentionedthePFA only slightly changestheRMSerror.

Generally, it can be said that for all the modelsonly a few clusterswere neededto
accuratelyrepresentall the materialssincethe projectiontakescareof materialchanges.
In our experimentseven LafortuneBRDFsconsistingof a single lobe weresuf�cient to
form goodbasesfor theclusteringandprojection.

The�tting of normalmapsworksvery well usingthereconstructedBRDFs. Finegeo-
metricdetail couldbe recoveredandthequality of theoverall modelwasincreasedeven
for non-Lambertiansurfaces.This is alsoindicatedby theRMSerrorin TableII whichhas
beennoticeablyreducedby thenormal�tting step.
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Fig. 13. Left side: Photographof model. Right side: Model with acquiredBRDF renderedfrom thesameview
with similar lighting direction. The differencein the hair region is dueto missingdetail in the trianglemesh.
Bottom: After computinga normalmapthemissingdetailhasbeenrecovered.Notehow thehighlightsaround
theChristmastreeandon theleft wing matchestheoriginal.

Onecanhowever observe noisein regionswheretoo few re�ectancesamplesor views
havebeenacquired.Althoughthreere�ectancesamplesshouldbeenoughto determinethe
normaldirectionin theidealcase,moresampleshaveto beprovidedto getreliableresults.

Furthermore,in concave regionsof materialswith high re�ectanceinterre�ectionsbe-
comevery important. Sinceinterre�ectionsarenot yet consideredin our algorithmthe
presentedmethodunfortunatelyproducesnoisy normalsandinaccurateBRDFsin those
regions. This problemmaybesolvedby applyingtechniquescapableof dealingwith in-
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terre�ectionssuchas[Nayaretal. 1990;1991]or [ForsythandZisserman1989].
Due to the lack of a test object that had a single basecolor but varying specularity,

we experimentedwith arti�cially generateddata.We generatedsamplesfor � ve different
LafortuneBRDFswith thesame

kd = (0:15; 0:3; 0:1); anddifferentexponents

N = 36:2; 42:2; 48:2; 54:2; 60:2;

where� Cx = � Cy = Cz = N
p

(N + 2)=2� correspondingto themodi�ed Phongmodel
[Lewis 1993]. To eachre�ectancesamplewe addedup to 5% noise. Overall therewere
about46000re�ectancesamples(onaverage11pertexel) with randomlighting directions
and� ve differentviewing directions.Our clusteringalgorithmwasableto clearlydistin-
guishthese� ve materialsalthoughthey hadthe samecolor but differentspecularlobes.
Theresultingkd 's andexponentshadlessthan0.2%error.

Reliableclassi�cation of thesematerialsrequireshowever that part of a highlight is
visible in at leastoneof the re�ectancesampleat every surfacepoint. Dependingon the
narrownessof the specularlobe andthe geometryof the object,a lot of imagesmay be
requiredto achieve this for real objects. For example,on the angelsmodel the specular
partof theblueskirt wasoverestimatedat sometexelsdueto undersampledhighlights.

12. CONCLUSIONS AND FUTURE WORK

We have presentedan algorithm and demonstrateda systemfor reconstructinga high-
quality spatiallyvaryingBRDF from complex solid objectsusingonly a smallnumberof
images.Thesameinput imagesarealsousedto improve geometricdetail.Combiningthe
resultingopticalandgeometricdataallows for accuratelyshaded,photorealisticrendering
of theseobjectsfrom new viewpointsandunderarbitrarylighting conditions.

Severalobjectsconsistingof differentmaterialshave beenacquiredto demonstratethe
quality andaccuracy of our approach.The resultingspatiallyvaryingBRDFsaccurately
representthe original materials.The normal�tting algorithmrecoveredgeometricdetail
thatwasnot representedby theoriginalmeshobtainedfrom the3D scanner.

Thereconstructionof a new modelis a relatively simpletaskandrequiresonly a mod-
erateamountof humanwork, mainly during the acquisitionprocess.Exceptfor this, all
thedataprocessingand�tting algorithmsareautomatic.Fortunately, thenumberof input
views requiredby ouralgorithmis rathersmall.

Comparedto previousapproachesfor representingreal-world objects,like surfacelight
�elds or re�ection �elds whichneededupto 600images[Woodetal. 2000]ourmethodre-
quireslessinputdataandeventhesizeof theoutputdata(� 25MB) is considerablysmaller.
All wehave to storepertexel arethelinearblendingweightsfor thebasicmaterials.

RepresentingthespatiallyvaryingBRDFsastexturemapsallowsto modify theobject's
geometryafter the acquisition. Sincethe BRDF is not changedwith the geometrythe
object canbe alteredor animatedwhile preservingthe materialpropertiesand thus the
realisticappearance.

To speedup the renderingtime of objectswith spatially varying BRDFs we want to
investigatethe possibility to do hardwareacceleration.Here, it is again useful to repre-
sentthe recovereddataastexturemaps.Using techniquesfrom [Kautz andSeidel2000]
or from [McAllister et al. 2002] the renderingshouldbe easily implementedon modern
graphicshardwaresincetheLafortunemodelis fairly simpleto evaluate.
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