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Abstract
In this paperwe presentnovel re�ectancemeasurementproceduresthat require fewer total measurementsthan
standard uniformsamplingapproaches.First,weacquire denselysampledre�ectancedatafor a large collection
of differentmaterials.Usingthesedenselysampledmeasurementsweanalyzethegeneral surfacere�ectancefunc-
tion to determinethe local signalvariation at each point in the function's domain.We thenusewaveletanalysis
to derivea commonbasisfor all of the acquired re�ectancefunctionsas well as a correspondingnon-uniform
samplingpatternthat correspondsto all non-zero waveletcoef�cients. Second,weshowthat there�ectanceof an
arbitrary materialcanberepresentedasa linear combinationof thesurfacere�ectancefunctions.Furthermore,
our analysisprovidesa reducedsetof samplingpointsthat permitsusto robustlyestimatethecoef�cients of this
linear combination.Theseproceduresdramaticallyshortentheacquisitiontimefor isotropicre�ectancemeasure-
ments.Wepresenta detaileddescriptionandanalysisof our measurementapproachesandsamplingstrategies.

1. Intr oduction

Modelingandmeasuringhow light is re�ectedfrom surfaces
is a centralthemein both computergraphicsandcomputer
vision. TheBidirectionalRe�ectanceDistribution Function
(BRDF) describesre�ection underthe assumptionthat all
light transportoccursat a single surfacepoint. Measured
BRDF dataallows the generationof photorealisticimages
and is important for many image analysistasks.Further-
more,measuredBRDFdatacanalsobeusedto re�ne BRDF
models,and theseimproved modelscan aid the measure-
mentprocess.

A generalBRDF describesre�ected radianceasa four-
dimensionalfunction of incidentandexitant directions.In
this paperwe focuson the importantsubclassof isotropic
BRDFs, for which rotationsaboutthe surfacenormal can
be ignored.IsotropicBRDFscanbe describedby a three-
dimensionalfunctionof the incidentanglefrom thesurface
normalandthere�ectedradianceovertheentirehemisphere.
A uniformsamplingof this functionrequiresahugeamount
of measurements.For example,anangularresolutionof 0:5 �

requiresmorethan46million measurements.

Theclassicaldevice for measuringBRDFsis thegoniore-
�ectometer, which is composedof a photometerand light
sourcethat are moved relative to a surface sampleunder

computercontrol. By design,suchdevices measurea sin-
gle radiancevalueat a time,makingthis processvery time-
consuming.Therehavebeenefforts to make thisacquisition
processmoreef�cient by measuringmany BRDF samples
at once.This canbeachievedby usinga digital cameraand
mirrors22; 3 or sphericalsamplesof themeasuredmaterial14.
However, optical elementsusually do not allow the mea-
surementof re�ectanceat neargrazingangles,andthey can
be a sourceof indirect illumination, which cancorrupt the
measurements.BRDF measurementsusingsphericalspeci-
mensmaybedif�cult for somematerials,andthis approach
requiresthe materialto be homogeneous.In eithercase,a
densesamplingof the BRDF still requiresnumeroushigh-
dynamicrangephotographsanda lot of time.

Our work tries to reducethe numberof BRDF measure-
mentsby answeringthesequestions:(1) Whatis therequired
samplingfrequency over thedomainof theisotropicBRDF
function to adequatelymeasureit? (2) What is the optimal
set of basisfunctionsthat representany isotropic BRDF?
(3) Can new BRDFs be representedas a linear combina-
tions of thesebasisfunctions?The answerto theseques-
tionsleadsto optimalBRDFsamplingproceduresfor gonio-
re�ectometersanddigital camerascanners.

Our techniquesarebasedon the measurementandanal-
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ysis of a relatively large collection of densely sampled
isotropicBRDFsfrom many differentmaterials15. Our �rst
proposedmeasurementprocedureis basedon the wavelet
analysisof thespaceof measuredBRDFs.We observe that
theBRDF functionsin our sethave varyingfrequency con-
tent at variouspoints in their domain.For example,spec-
ular highlightshave complicatedlocal spectrumsthat con-
tain high frequencies,whereasoff-specularsignalsaretypi-
cally smoothwith simplelocal spectrums.We exploit these
propertiesof BRDF spectrumsto derive an ef�cient mea-
surementprocedurethat employs a non-uniformsampling
of the BRDF function.The samplingdensityat eachpoint
of the function's domainis proportionalto the signal fre-
quency thatadequatelyrepresentsany BRDF. Thistechnique
requiresaround69,000measurementsat speci�c pointsof
theBRDFdomain.

Next, we show thatnew BRDFscanbeaccuratelyrepre-
sentedusinga linearcombinationof 100BRDFsin theorig-
inals set.It follows that oneneedsonly 100 measurements
to derive coef�cients for the linearcombination.This mod-
eling procedurerequireshaving the original denselysam-
pled BRDFs to synthesizethe new BRDFs.We show that
thenoiseanderrorcharacteristicsof theBRDFssynthesized
usingthismethodareverygood.

2. Background and PreviousWork

Comparedto the vast literature on BRDF models, there
are relatively few publications about BRDF measure-
ments.Traditionally, BRDF datais measuredusinggonio-
re�ectometers17; 1. Oneof the �rst methodsto usea digital
camerais thepioneeringwork of Ward22. His measurement
deviceconsistsof ahemisphericalmirror andacamerawith
a �sheye lens. Moving the light sourceand materialover
all incidentanglesenablesthe measurementof anisotropic
BRDFdata.

Dana et al.4 developed a systemto measurespatially
varyingBRDFs,alsocalledBidirectionalTextureFunctions
(BTFs). Using a digital camera,a robot arm, and a light
source,they take approximately200 re�ectancemeasure-
mentsover varying incidentandre�ected anglesfor a pla-
narmaterialsample.Thedatafor about60measuredmateri-
alsis availableastheCUReTdatabase2. Morerecently, they
proposedan improved measuringdevice for BTFs usinga
parabolicmirror3.

Marschneretal.14; 13 constructedanef�cient measurement
systemfor isotropic BRDFs by using a sphericalmaterial
sample.A �x ed cameratakes imagesof the sampleunder
varying illumination from an orbiting light source.We use
a similar setup,discussedin Section3, to measurea large
databaseof isotropicBRDFs.Lu et al.12 usea similar scan-
ning device with cylindrical samplegeometryto measure
the anisotropicBRDF of velvet. Marschneret al. extended
theirmethodto surfacegeometryacquiredwith alaserrange

scanner, includinghumanfaces14. Noneof thesemeasuring
approachestake the local spectralcharacteristicsof BRDFs
into account.Consequently, they all requireadense,uniform
samplingover theBRDFdomain,which is timeanddatain-
tensive.

To shortentheacquisitionprocedure,andto �lter out the
inherentnoiseof themeasurementprocess,measuredBRDF
datais typically �t to analyticBRDF modelsusingvarious
optimizationtechniques22; 8; 4; 14. Satoet al.19 �t a spatially
varyingBRDFmodelto therelatively sparseimagedataof a
rotatingobjectwith known geometryfrom laserrangemea-
surements.Lenschet al.11 improve this approachby clus-
tering sparselysampledre�ectancemeasurements,�tting a
LafortuneBRDF model8 to the data,and then computing
basisBRDF functionsfor materialclustersusingprincipal
function analysis(PFA). Yu et al.24 �t an analytic BRDF
modelto scenesthat includeglobaleffects,suchasindirect
illumination.However, analyticBRDFfunctionsareonly an
approximationof real re�ectance,andtheresultinganalytic
modelis only anapproximate�t to themeasuredBRDFval-
ues.

Thereare a variety of BRDF representationsthat have
beenusedfor �tting measureddata.Westinetal.23 proposed
sphericalharmonicsto �t simulatedBRDF data.Lafortune
et al.8 developed a compactBRDF model basedon co-
sine lobesthat is able to representoff-specularpeaksand
retro-re�ection. Schroederat al.20 use sphericalwavelets
to representa slice of the BRDF with constantviewing
direction. Other ef�cient representationsinclude Zernicke
polynomials7, purelypositivematrixfactorization16, andsin-
gularvaluedecomposition(SVD)6.

Lalonde and Fournier9; 10 use a wavelet decomposition
andawaveletcoef�cient treeto representBRDFs.Themajor
advantageof waveletsis theability to performlocalanalysis
– that is, to analyzea localizedareaof a larger signal.As
wewill show in Section4, weemploy asimilarwavelettree
representationfor our largecollectionof measuredisotropic
BRDFs.

3. Data Acquisition

We have built a BRDF measurementdevice similar to the
onedescribedby Marschneret al.13 (seeFigure1). Our de-
vice andits measurementprocessaredescribedin detailby
Matusiketal.15.

Our acquisition system, like Marschner's, requires a
sphericalspecimenof eachmaterial that is measured.We
have acquiredisotropicBRDFsof morethan100 different
materials,including metals,plastics,paintedsurfaces,and
fabrics.Figure 2 depictssomeof the materialsthat were
acquired.We usedthis corpusof sampledBRDFs to ana-
lyze the generalsignalcharacteristicsof isotropicBRDFs.
Thisanalysis,in turn,allowedusto deriveoptimalsampling
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Figure 1: A photographof our isotropic BRDF measure-
mentdevice.

Figure2: Picturesof someacquiredmaterials.

strategiesfor subsequentBRDFmeasurements,undertheas-
sumptionthatourmeasuredBRDFsarerepresentativeof the
spaceof all isotropicBRDFs.

4. BRDF Representation

Thenaturalcoordinatesystem(qin, qout, f diff ) for isotropic
BRDFsrequiresvery denseangularsamplingto accurately
representspecularpeaks.Whenthesamplingfrequency for
any angleis too low, a circular specularpeakmay become
anellipsetilted in differentdirectionsdependingon the in-
cominglight position.

To addressthis problem we use the coordinatesystem
proposedby Rusinkiewicz18 (Figure 3) which parameter-
izesBRDFsbasedon thehalf-vectorbetweenincomingand
outgoinglight direction.The threeanglesusedto describe
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Figure3: TheRusinkiewicz BRDFcoordinatesystem.

isotropicBRDF are:qh, qd, andf d. The anglef h is irrele-
vantfor isotropicBRDFs.

We make useof nonuniformsamplingto representthe
specularpeaksmoreef�ciently . Speci�cally, we sampleqh
moredenselynearthe specularre�ection anddecreasethe
samplingdensityastheangleincreases.We illustratethis in
Figure4) for oneincidentlight direction.

In our BRDF measurementmethod,each image of a
spherespecimenrepresentsmany BRDF samples15. We
put all measurementscorrespondingto the sameangles
(qh;qd; f d) into so calledsamplingbins. To minimize sys-
tematicnoise,we remove thelowestandhighest25%of the
valuesin eachsamplingbin andaveragetheremainingmea-
surements.This also helpsto compensatefor small varia-
tionsin materialpropertiesover thespecimen.

Figure4: Oursamplingdensityfor onesliceof aBRDF(qin
= 45� ). The solid line denotesthe incident light direction.
The samplingdensityis the highest(white color) nearthe
specularre�ection direction(dashedline).

We discretizeqh, qd, and f d into 90, 90, and 360 sam-
pling bins, respectively. This resultsin a total of 90 x 90 x
360= 2,916,000binsfor eachcolorcomponent(R,G,B).We
alsoenforcethe BRDF reciprocityconstraint,which in the
Rusinkiewicz coordinatesystemtakestheform of:

f (qh;qd; f d) = f (qh;qd; f d + p): (1)
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By takingadvantageof reciprocitywe needonly discretize
f d into 180bins.Overall, theRusinkiewicz BRDF parame-
terizationreducesthe numberof samplingbins requiredto
representspecularBRDFswith agiven�delity . Weestimate
that we would needsamplesevery 0:25� in the naturalco-
ordinatesystem(23,328,000samplingbins for eachcolor
channel)to comparablyrepresentthesameBRDFs.

Subsequentanalysisof thelocalizedfrequency contentof
our acquiredBRDF databasewill permit us to even further
reducethe samplingdensityof our BRDFs.The detailsof
this analysisandthe resultingimplicationsfor BRDF sam-
pling strategiesaredescribedin thefollowing sections.

5. WaveletAnalysisof BRDFs

Typical BRDFsexhibit high frequenciesin only very spe-
ci�c regions of their parameterspace(e.g., near specular
peaks).Only theseregionsrequiredenseradiancesampling.
Otherwise,BRDFsaresmoothandslowly varyingovermost
of their domain,and,thus,requirefewer samplesfor accu-
ratereconstructionin theseregions.As discussedin thepre-
vioussection,non-uniformsamplingcanbeusedto exploit
this “spatially varying” localizedspectrumproperty, which
is characteristicof BRDFs.The precisedensitiesand pat-
terns of this non-uniformsamplingis largely a matter of
guesswork, andit is likely that oneshoulderr on the side
of oversamplingthe function,aswe attemptedto do in our
acquisitionof exampleBRDFs.However, oncegivena large
set of oversampledrepresentative BRDFs it is possibleto
analyzetheentirecorpusin orderto revealthemaximumlo-
calizedsignalfrequenciesfor any pointin thedomain,which
in turn impliesthemaximumnecessarysamplingfrequency
for thatpoint.AssumingthatourexampleBRDFsarerepre-
sentativeof theentirespaceof isotropicBRDFs,wecanthen
samplethe BRDF of any new materialcorrectlyat a lower
non-uniformsamplingratewithoutany apriori knowledge.

StandardFourieranalysiscouldbeusedto determinethe
frequency spectrumof ourdatabase.However, themaximum
signal frequency would be very high sincethe Fourier ba-
sis functionsspanthe whole domainof the samplespace.
Consequently, a Fourieranalysiswould suggesta denseand
uniformsampling.Weinsteadusewaveletanalysisto obtain
the maximumsignal frequency for eachpart of the BRDF
domain.The advantageof wavelet analysisis its ability to
performlocalizedanalysisof a largersignalbecausetheun-
derlyingwaveletbasisfunctionsvary bothin thespatialand
in thefrequency domain21.

Wavelets have been used before to representBRDFs.
SchröderandSweldens20 usesphericalwaveletsto represent
2D slicesof a 4D re�ectancefunction.They canrepresenta
sliceof theBRDF with severalhundredsof coef�cients (the
restof thecoef�cients is setto zero).LalondeandFournier10

extendedthis work and represent4D re�ectancefunctions
using 4D basiswavelet functionsstoredin a wavelet tree.

They achieve a very compactrepresentationfor a single
BRDF. In our work we usea wavelet tree to analyzeand
representourentirecollectionof measuredBRDFfunctions.

Wavelet analysisrepresentsa particularBRDF function
asa linearcombinationof basisfunctionsof varyingscale.
At thesametime it speci�esthesignalfrequency over each
interval of the function's domainthat is requiredto repre-
sent the function. The signal frequency translatesdirectly
to the requiredsamplingfrequency for eachinterval21. In
general,this samplingfrequency is only adequatefor one
particularBRDF. We performeda wavelet analysisfor all
of the BRDFswe have measured.For eachinterval of the
BRDF domainwe found the maximumrequiredfrequency
neededin orderto reconstructany of themeasuredBRDFs.
Usingthis informationwe derive thesamplingdensity(and
correspondingsamplingpoints(qh;qd; f d)) whichshouldbe
measuredin orderto sampleany arbitraryBRDF correctly.
Our algorithmalsoreconstructsa denseBRDF representa-
tion from the measuredBRDF valuesat the speci�ed sam-
pling points.

We now discussthe detailsof our wavelet analysis.As
statedin Section4, eachmeasuredBRDF is represented
as a 90� 90 � 180 three-dimensionalarray of sampling
bins. Standardwavelet analysispackagesrequire data di-
mensionsthat are powers of two. We insert eachBRDFs
into a 256� 256� 256 arrayandpad the restof the array
with zeros.Next, we performa non-uniformwavelet trans-
form oneach3D arrayto obtainanarrayof 256� 256� 256
wavelet coef�cients. For eachBRDF, we keep the high-
estcoef�cients that allow us to reconstructthe BRDF with
3% precisionbecausethat is the estimatedaccuracy of our
measurements15. Therestof thecoef�cients aresetto zero.

Thenon-zerowaveletcoef�cients de�ne therequiredsig-
nal frequency in eachinterval of thedomainfor a particular
BRDF. Thesetof non-zerocoef�cients is generallydifferent
for eachmeasuredBRDF. However, thereis a large degree
of coherencebetweenthesesets.Whenwe take the union
of thesesetsfor all 100BRDFs,thesizeof thesetgrows to
approximately69,000commonwaveletcoef�cients – 4.7%
of theoriginal data.Theunionof non-zerocoef�cients cor-
respondsto a set of wavelet functions.We call this set of
wavelet functionstheCommonWaveletBasis(CWB)for all
isotropicBRDFs.This wavelet basisde�nes the maximum
signalfrequency overeachinterval of thefunction'sdomain
for all BRDFsin ourset.

Next, we discusshow to de�ne the BRDF sampling
points, how to computethe CWB coef�cients using the
BRDF valuesat thesesamplingpoints,andhow to recon-
structthefull BRDFfrom theCWB. First,wenotethateach
BRDF G(qh;qd; f d) canbe representedasa weightedsum
of theCWB functionsHi(qh;qd; f d) asfollows:

G(qh;qd; f d) =
n

å
i= 1

Hi(qh;qd; f d) � Ci ; (2)
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whereC is a vectorof coef�cients for the CWB functions
thatneedto becomputed.We alsonotethatall of theCWB
functionsareknown (for thesake of simplicity we useHaar
wavelets)andthey canbeevaluatedatany point (qh;qd; f d).
Each BRDF value G(qh;qd; f d) producesone linear con-
strainton thevaluesof thewaveletcoef�cients C. Giventhe
approximately69,000non-zerocoef�cients as constraints
allows us to computeall wavelet coef�cients C by solving
asystemof linearequations.

Next, we needto selectthe samplingpoints (qh;qd; f d)
thatproducethe linearly independentequations,and,there-
fore, allow us to computethewaveletcoef�cients. We note
that thereis no uniquesetof samplingpoints;thus,we just
selectone possibleset that leadsto linearly independent
equations.First,wecomputeoneconstraintfor eachoriginal
samplingpoint for a total of 1,458,000equations.Many of
thesearelinearly dependent.We determinea setof 69,000
equationsthat are linearly independent.Given theseequa-
tionsandthecorrespondingBRDF valueswe solve the fol-
lowing systemof equations:

G = H � C: (3)

Matrix H is large (69,000 � 69,000) but typically very
sparse– usually thereare around40 nonzeroelementsin
a row. This is a resultof the small supportof the wavelets
at higher levels in the wavelet tree. We use the MAT-
LAB sparsematrix routineto directlyperformtheoperation
HT=CT for eachcolorchannel(R, G, andB).

Unfortunately, the coef�cients for waveletsat the lowest
levels (level 0, 1, and2) arenot estimatedrobustly. There
are8, 84, and384 of them,respectively. However, we can
estimatethesecoef�cients usingadifferentmethod.Wecol-
lapsethe sparse69,000BRDF valuesfrom a 256 � 256 �
256grid to a16� 16� 16grid by averagingthevalues.This
grid becomescompletely�lled andwe performthewavelet
transformonthis low resolutiongrid. Thecoef�cients of the
low resolutiongrid approximatethelow level coef�cients of
thehigh resolutiongrid well.

In orderto reconstructaBRDFweusetheestimatedcoef-
�cients of theCWB andwe setcoef�cients for thewavelets
notin theCWBtozero.Thenweperformtheinversewavelet
transformto computetheBRDF valuesat theoriginal sam-
pling grid locations.

6. Pull-PushReconstructionof BRDFs

In the previous sectionwe have shown how to reconstruct
a BRDF on a uniform grid using69,000BRDF samplesat
speci�ed locations.In this section,we presentanalternative
reconstructionmethodthat in practiceyields lower recon-
structionerrors.

SincewearegivensparseBRDFsampleswecantreatthe
problemof reconstructingthefull grid BRDF asa scattered
datainterpolationproblem.Onesimpleandfastmethodsis

the pull-pushmethod5. This methodrelieson the pyramid
datastructureof aprogressively downsampledBRDF.

The algorithmconsistsof two steps.(1) The pull stepis
appliedhierarchicallyfrom the highestto the lowest reso-
lution in the BRDF pyramid. Eachlower resolutionof the
pyramidis obtainedfrom thehigherresolutionversion.First,
the higher resolutionBRDF is convolved with a low pass
�lter . Then, the result of this convolution is downsampled
by a factorof two to obtainthe lower resolutionBRDF. (2)
The pushstep is also appliedhierarchicallyto the BRDF
pyramid. It startsat the lowestresolutionandprogressesto
the highest,original, resolution.Low resolutiondatacom-
putedduring thepull phaseis usedto �ll in thegapsat the
higherresolution.If the higherresolutionBRDF valuehas
high enoughcon�dencethen the lower resolutionvalue is
not used.Otherwise,thehigherandlower resolutionvalues
areblendedtogether. The implementationdetailsof the al-
gorithmaredescribedby Gortleretal.5.

7. Linear Combinationsof BRDFs

Matusik et al.15 performedPrincipal ComponentAnalysis
(PCA) over the set of more than 100 denselymeasured
BRDFs.They haveshown thateachof themeasuredBRDFs
canberepresentedwell by a linearcombinationof 45 prin-
cipal components.In this sectionwe show thatnew BRDFs
canberepresentedequallywell usingtheBRDFsin theorig-
inal set.It follows thatoneneedsonly to estimateappropri-
ateweightingfactorsfor eachof theoriginalBRDFsin order
to estimateany new BRDF. Sincethereareonly 100of these
coef�cients, the numberof BRDF samplesneededfor this
estimationshouldberelatively small.

We representeachdenselysampledBRDF as a high-
dimensionalvectorcomposedof all valuesfor R, G, andB.
Let P be the matrix of all BRDFsin the original set,C the
vectorof coef�cients for the linearcombinations,andB the
new BRDFwemeasure.It follows that:

P� C � B: (4)

This systemof equationsis over-constrainedsinceit has90
� 90 � 180 � 3 = 4,374,000equationsandonly 100 un-
knowns. However, a lot of theseequationsare linearly de-
pendent.Therefore,we needto selectonly a small set of
equationsthatallows usto robustlyestimatethecoef�cients
C.

Let X beamatrixcomposedof somesubsetof rowsof the
matrix P. A goodmeasureof how robustly we canestimate
C is the ratio betweenthehighestandlowesteigenvalueof
thematrix XTX. Thesystemis well conditionedif this ratio
is small. Since�nding an optimal set exhaustively is pro-
hibitive,we resortto a simplegreedystrategy. We startwith
an initial setof n constraints.We selecta constraintoutside
of thesetX andoneconstraintin thesetX. We swap them
only if theratio of theeigenvaluesdecreasesin matrix XTX
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with theconstrainsswapped.Werepeatthisproceduretill X
convergesto a stablesetandwe performthis procedurefor
differentsetsizesn.

This procedureguaranteesthat thesystemis numerically
well conditioned,which in turn makesit robust to perturba-
tionsof theconstraints.It alsoapproximatesa “most infor-
mative set” of measurements.In orderto expectgoodgen-
eralizationof the known BRDFs,we mustalsoensurethat
thesystemis well overconstrained.Fromlargedeviationthe-
ory, we canexpectthat thenumberof measurementsneces-
sarygrowswith thesquarerootof thenumberof unknowns.
Typically, a small multiple is suf�cient for linear systems.
We found out usingn = 800 linear constraintsensuresro-
bustcomputationof thecoef�cients while addingmorecon-
straintsdoesnot improve thesolution.This implies thatwe
can measureany BRDF using only 800 samples.At each
pointwemeasureeitherR, G, or B. Wenotethateachof the
800equationscorrespondsto a speci�c valueof (qh;qd; f d)
anddoesnotdependon thevalueof theBRDFat thatpoint.

Theprocedurepresentedhereis well de�ned,simple,and
fast.In orderto computethecoef�cients C we only needto
computea pseudo-inverseof the800� 100matrix andper-
form onevector-matrix multiply. In contrastto �tting sam-
plesto analyticalBRDFmodelsthisprocedureis notdepen-
dentonagoodinitial guess.

8. Results

To validateour methods,we denselymeasuredfour addi-
tional isotropicBRDFs: dark-redpaint, gold paint, orange
plastic,andaluminum-bronze.Thesematerialsaresubstan-
tially differentfrom any of thematerialsin theoriginal col-
lection.

First,we show thattheseBRDFscanberepresentedwell
usingonly thecoef�cients in theCWB (whichof coursehas
beencomputedwithout thesematerials).Figure5 compares
theoriginalBRDFsandtheBRDFsexpressedwith theCWB
for differentanglesof incident illumination. The errorsfor
eachof the BRDFsare:dark-redpaint - 0.7%,gold paint -
0.9%,orangeplastic- 2.1%,andaluminum-bronze- 1.2%.
Weconcludethatourcommonwaveletbasisrepresentsthese
new BRDFswell.

Next, we reconstructtheseBRDFsfrom 69,000samples
speci�edby thelinearconstraints.Theresultsof this recon-
structionsareshown in Figure6. Theerrorsfor eachof the
reconstructedBRDFscomparedto theoriginal BRDFsare:
dark-redpaint - 1.0%, gold paint - 1.3%, orangeplastic -
3.2%,andaluminum-bronze- 1.2%.Althoughtheerrorsare
relatively small we observe someringing artifactsthat are
typical for thenon-smoothHaarwavelets.Smoothwavelets
shouldyield betterlooking results.

We alsoreconstructthesameBRDFsusingthepull-push
algorithm.We usethe same69,000sparseBRDF samples.

This solution yields better results.The errors for eachof
thepull-pushreconstructedBRDFscomparedto theoriginal
BRDFsare:dark-redpaint- 0.6%,goldpaint- 0.9%,orange
plastic- 2.5%,andaluminum-bronze- 1.1%.Theresultsof
thepull-pushreconstructionsareshown in Figure7.

Next we show that the re�ectance of thesematerials
canbe representedwell usinga linear combinationof 100
BRDFsfrom theoriginalcollection(whichalsodid notcon-
tain theseBRDFs).In Figure8 weshow thecomparisonbe-
tweenthe original denselysampledBRDFsand the corre-
spondingreconstructedBRDFsusingjust 800 BRDF sam-
ples.Theerrorsfor eachof thereconstructedBRDFsasalin-
earcombinationof BRDFscomparedto theoriginalBRDFs
are:dark-redpaint- 1.8%,gold paint- 1.8%,orangeplastic
- 4.3%,andaluminum-bronze- 2.5%.

All methodshave their advantagesand disadvantages.
Both the CWB and the pull-push reconstructionrequire
69,000measurements.However, thesemethodsareindepen-
dent of any BRDF databaseand can be applied immedi-
ately. The linear combinationof BRDFsrequiresonly 800
measurements,but it relieson theavailability of theBRDF
database.

9. Conclusionsand Futur eWork

In this paperwe have presentedtwo novel approachesfor
measuringisotropicBRDFs.Theseproceduressigni�cantly
reducethe numberof requiredmeasurementsamples.The
re�ectancefunctionsreconstructedusingourproceduresap-
proximatetheexhaustively measuredre�ectanceswell.

Oneobvious extensionof this work is to apply a similar
approachto full 4D re�ectancefunctionsof anisotropicma-
terials.Thewaveletanalysisof thearbitraryre�ectancefunc-
tionsmightalso�nd usein ef�cient renderingalgorithms.

We usedthesimplestwavelet function(Haar)to perform
waveletanalysiswhich is not optimalfor BRDF representa-
tions.We plan to investigatethe useof otherwavelet basis
functionsto performouranalysis.
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Matusiketal / Ef�cient IsotropicBRDFMeasurement

Figure 5: Comparisonof BRDFs expressedin commonwavelet basis(left) with original denselysampledBRDFs (right).
Eachrow shows a differentBRDF (�rst row - dark-redpaint,secondrow - gold paint, third row - orangeplastic,fourth row -
aluminium-bronze).

Figure 6: Comparisonof wavelet reconstructedBRDFsusing69,000sparsesamples(left) with theoriginal denselysampled
BRDFs(right) (�rst row - dark-redpaint,secondrow - goldpaint,third row - orangeplastic,fourth row - aluminum-bronze).
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Matusiketal / Ef�cient IsotropicBRDFMeasurement

Figure7: Comparisonof pull-pushreconstructedBRDFsusing69,000sparsesamples(left) with theoriginaldenselysampled
BRDFs(right) (�rst row - dark-redpaint,secondrow - goldpaint,third row - orangeplastic,fourth row - aluminum-bronze).

Figure8: Comparisonof BRDFsreconstructedaslinearcombinationsof originalBRDFsusing800samples(left) with original
denselysampledBRDFs(right). Eachrow shows a differentBRDF (�rst row - dark-redpaint,secondrow - gold paint, third
row - orangeplastic,fourth row - aluminum-bronze).
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