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Abstract

In this paperwe presentnovel re ectancemeasuementproceduesthat require fewer total measuementshan
standad uniformsamplingappoades.First, we acquire denselysamplede ectancedatafor a large collection
of differentmaterials.Usingthesedenselysampledneasuementsveanalyzethegenerl surfacere ectancefunc-
tion to determinethe local signal variation at ead pointin the function's domain.We thenusewaveletanalysis
to derivea commonbasisfor all of the acquired re ectancefunctionsas well as a correspondinghon-uniform
samplingpatternthat corresponddo all non-zeo waveletcoefcients. Secondye showthatthere ectanceof an

arbitrary material canberepresentedas a linear combinationof the surfacere ectancefunctions.Furthermoe,

our analysisprovidesa reducedsetof samplingpointsthat permitsusto robustly estimatethe coefcients of this
linear combinationTheseproceduesdramaticallyshortentheacquisitiontimefor isotropicre ectancemeasue-

ments\We presenta detaileddescriptionand analysisof our measuementapproacesand samplingstrategies.

1. Intr oduction

Modelingandmeasurindnow light is re ectedfrom surfaces
is a centralthemein both computergraphicsand computer
vision. The BidirectionalRe ectanceDistribution Function
(BRDF) describege ection underthe assumptiorthat all
light transportoccursat a single surface point. Measured
BRDF dataallows the generationof photorealisticimages
and is importantfor mary image analysistasks. Further
more,measure@RDF datacanalsobeusedto re ne BRDF
models,and theseimproved modelscan aid the measure-
mentprocess.

A generalBRDF describese ected radianceas a four-
dimensionalfunction of incidentand exitant directions.In
this paperwe focus on the importantsubclasf isotropic
BRDFs, for which rotationsaboutthe surface normal can
be ignored.Isotropic BRDFs can be describedby a three-
dimensionafunction of theincidentanglefrom the surface
normalandthere ectedradianceovertheentirehemisphere.
A uniform samplingof this functionrequiresahugeamount
of measurement&or example anangularesolutionof 0:5
requiresmorethan46 million measurements.

Theclassicalevice for measurind3RDFsis thegoniore-
ectometer, which is composedf a photometerand light
sourcethat are moved relative to a surface sampleunder
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computercontrol. By design,suchdevices measurea sin-
gle radiancevalueat atime, makingthis processsery time-
consumingTherehave beenefforts to make this acquisition
processmore ef cient by measuringnary BRDF samples
atonce.This canbe achiezed by usinga digital cameraand
mirrors?2 3 or sphericalsamplef the measurednaterial4.
However, optical elementsusually do not allow the mea-
suremenbf re ectanceat neargrazinganglesandthey can
be a sourceof indirectillumination, which cancorruptthe
measurement8RDF measurementssing sphericalspeci-
mensmay be dif cult for somematerialsandthis approach
requiresthe materialto be homogeneoudn eithercase,a
densesamplingof the BRDF still requiresnumeroushigh-
dynamicrangephotographsndalot of time.

Our work tries to reducethe numberof BRDF measure-
mentsby answeringhesequestions(1) Whatis therequired
samplingfrequeng over the domainof theisotropicBRDF
functionto adequatelymeasuret? (2) Whatis the optimal
setof basisfunctionsthat representary isotropic BRDF?
(3) Can new BRDFs be representeds a linear combina-
tions of thesebasisfunctions?The answerto theseques-
tionsleadsto optimalBRDF samplingprocedure$or gonio-
re ectometersanddigital camerascanners.

Our techniquesare basedon the measuremerand anal-
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ysis of a relatively large collection of densely sampled
isotropicBRDFsfrom mary differentmaterial$s. Our rst
proposedmeasuremenprocedureis basedon the wavelet
analysisof the spaceof measure®RDFs.We obsere that
the BRDF functionsin our sethave varyingfrequeng con-
tent at variouspointsin their domain.For example, spec-
ular highlights have complicatedlocal spectrumghat con-
tain high frequencieswhereaoff-specularsignalsaretypi-
cally smoothwith simplelocal spectrumsWe exploit these
propertiesof BRDF spectrumgo 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-
queng thatadequatelyepresentary BRDFE Thistechnique
requiresaround69,000measurementat speci ¢ points of
theBRDF domain.

Next, we shav thatnev BRDFscanbe accuratelyrepre-
sentedusingalinearcombinationof 100BRDFsin theorig-
inals set. It follows that one needsonly 100 measurements
to derive coefcients for the linear combination.This mod-
eling procedurerequireshaving the original denselysam-
pled BRDFsto synthesizehe nev BRDFs. We shav that
thenoiseanderrorcharacteristicef the BRDFssynthesized
usingthis methodarevery good.

2. Background and Previous Work

Comparedto the vast literature on BRDF models, there
are relatively few publications about BRDF measure-
ments.Traditionally BRDF datais measuredising gonio-
re ectometers$” 1. Oneof the rst methodsto usea digital
camerais the pioneeringwork of Ward2. His measurement
device consistf a hemisphericamirror anda camerawith

a sheye lens. Moving the light sourceand material over
all incidentanglesenableghe measuremenof anisotropic
BRDF data.

Dana et al# developeda systemto measurespatially
varying BRDFs,alsocalledBidirectional Texture Functions
(BTFs). Using a digital camera,a robot arm, and a light
source,they take approximately200 re ectance measure-
mentsover varying incidentandre ected anglesfor a pla-
narmaterialsample Thedatafor about60 measureanateri-
alsis availableasthe CUReTdatabase Morerecently they
proposedan improved measuringdevice for BTFs usinga
parabolicmirrors.

Marschneetal 14 13 constructe@nef cient measurement
systemfor isotropic BRDFs by using a sphericalmaterial
sample.A x ed cameratakesimagesof the sampleunder
varying illumination from an orbiting light source.We use
a similar setup,discussedn Section3, to measurea large
databas®f isotropicBRDFs.Lu et al.2 usea similar scan-
ning device with cylindrical samplegeometryto measure
the anisotropicBRDF of velvet. Marschneret al. extended
theirmethodto surfacegeometryacquiredwith alaserrange

scannerincludinghumanface$4. Noneof thesemeasuring
approachesake the local spectralcharacteristicef BRDFs
into accountConsequentlythey all requireadenseuniform
samplingoverthe BRDF domain,whichis time anddatain-
tensve.

To shortenthe acquisitionprocedureandto Iter outthe
inherenmnoiseof themeasuremergrocessmeasuredRDF
datais typically t to analyticBRDF modelsusingvarious
optimizationtechnique® 8 414, Satoet all® t a spatially
varyingBRDF modelto therelatively sparsémagedataof a
rotatingobjectwith known geometryfrom laserrangemea-
surementsLenschet al.ll improve this approachby clus-
tering sparselysampledre ectancemeasurementstting a
Lafortune BRDF mode? to the data,and then computing
basisBRDF functionsfor materialclustersusing principal
function analysis(PFA). Yu et al.24 t an analytic BRDF
modelto sceneghatincludeglobal effects,suchasindirect
illumination. However, analyticBRDF functionsareonly an
approximatiorof realre ectance,andthe resultinganalytic
modelis only anapproximatet tothemeasure@RDF val-
ues.

There are a variety of BRDF representationshat have
beenusedfor tting measuredlata.Westinetal.23 proposed
sphericalharmonicsto t simulatedBRDF data.Lafortune
et al8 developeda compactBRDF model basedon co-
sine lobesthat is able to represeniff-specularpeaksand
retro-re ection. Schroederat al.20 use sphericalwavelets
to representa slice of the BRDF with constantviewing
direction. Other efcient representationinclude Zernicke
polynomialg, purelypositive matrixfactorizatiod, andsin-
gularvaluedecompositio{SVD)®.

Lalonde and Fournief: 10 use a wavelet decomposition
andawaveletcoefcient treeto represenBRDFs.Themajor
adwantageof waveletsis theability to performlocal analysis
— thatis, to analyzea localizedareaof a larger signal. As
wewill shav in Sectiond, we employ a similar wavelettree
representatiofor our large collectionof measuredsotropic
BRDFs.

3. Data Acquisition

We have built a BRDF measuremendevice similar to the
onedescribedby Marschneret al.13 (seeFigure 1). Our de-
vice andits measurementrocessaredescribedn detail by
Matusiketal.15.

Our acquisition system, like Marschners, requires a
sphericalspecimenof eachmaterialthat is measuredWe
have acquiredisotropic BRDFs of morethan 100 different
materials,including metals,plastics,paintedsurfaces,and
fabrics. Figure 2 depictssomeof the materialsthat were
acquired.We usedthis corpusof sampledBRDFsto ana-
lyze the generalsignal characteristic®f isotropic BRDFs.
Thisanalysisjn turn, allowedusto derive optimalsampling
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Figure 1: A photographof our isotropic BRDF measure-
mentdevice.

Figure 2: Picturesof someacquiredmaterials.

stratgjiesfor subsequerBRDF measurementsindertheas-
sumptionthatour measured®RDFsarerepresentate of the
spaceof all isotropicBRDFs.

4. BRDF Representation

The naturalcoordinatesystem(in, Qout, f giff) for isotropic
BRDFsrequiresvery denseangularsamplingto accurately
represenspeculampeaks Whenthe samplingfrequeng for
ary angleis too low, a circular speculapeakmay become
anellipsetilted in differentdirectionsdependingon thein-
cominglight position.

To addressthis problemwe use the coordinatesystem
proposedby Rusinkiavicz!8 (Figure 3) which parameter
izesBRDFsbasedn the half-vectorbetweerincomingand
outgoinglight direction. The threeanglesusedto describe
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Figure 3: TheRusinkiavicz BRDF coordinatesystem.

isotropicBRDF are:gn, dq, andf 4. The anglef y, is irrele-
vantfor isotropicBRDFs.

We malke use of nonuniformsamplingto representhe
speculapeaksmoreef ciently. Speci cally, we samplegp,
more denselynearthe specularre ection and decreasehe
samplingdensityasthe angleincreasesWe illustratethisin
Figure4) for oneincidentlight direction.

In our BRDF measurementethod, eachimage of a
spherespecimenrepresentsmary BRDF sample&. We
put all measurementgorrespondingto the sameangles
(gn;qq;f g) into so called samplingbins. To minimize sys-
tematicnoise,we remove the lowestandhighest25% of the
valuesin eachsamplingbin andaveragetheremainingmea-
surementsThis also helpsto compensatdor small varia-
tionsin materialpropertiesover the specimen.

Figure4: Oursamplingdensityfor onesliceof aBRDF (g,
=45 ). The solid line denoteshe incidentlight direction.
The samplingdensityis the highest(white color) nearthe
speculare ection direction(dashedine).

We discretizeqy, g4, andf 4 into 90, 90, and 360 sam-
pling bins, respectiely. This resultsin a total of 90 x 90 x
360=2,916,00insfor eachcolorcomponentR,G,B).We
alsoenforcethe BRDF reciprocity constraintwhich in the
Rusinkievicz coordinatesystemtakestheform of:

f(ah;da;fa) = F(An:aa:fa+ p): 1)
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By taking adwantageof reciprocitywe needonly discretize
f 4 into 180bins. Overall, the Rusinkiavicz BRDF parame-
terizationreduceshe numberof samplingbins requiredto

represenspeculaBRDFswith agiven delity . We estimate
thatwe would needsamplesevery 0:25 in the naturalco-

ordinatesystem(23,328,000samplingbins for eachcolor

channel}o comparablyrepresenthe sameBRDFs.

Subsequerdnalysisof thelocalizedfrequeng contentof
our acquiredBRDF databasevill permitusto even further
reducethe samplingdensityof our BRDFs. The details of
this analysisandthe resultingimplicationsfor BRDF sam-
pling stratgiesaredescribedn thefollowing sections.

5. Wavelet Analysis of BRDFs

Typical BRDFs exhibit high frequenciesn only very spe-
cic regions of their parameterspace(e.g., near specular
peaks)Only theseregionsrequiredenseradiancesampling.
Otherwise BRDFsaresmoothandslowly varyingover most
of their domain,and, thus,requirefewer sampledor accu-
ratereconstructiorin theseregions.As discussedn the pre-
vious section,non-uniformsamplingcanbe usedto exploit
this “spatially varying” localizedspectrumproperty which
is characteristioof BRDFs. The precisedensitiesand pat-
terns of this non-uniformsamplingis largely a matter of
guesswork, andit is likely that one shoulderr on the side
of oversamplingthe function, aswe attemptedo do in our
acquisitionof exampleBRDFs.However, oncegivenalarge
setof oversampledepresentafie BRDFsit is possibleto
analyzetheentirecorpusin orderto revealthemaximumlo-
calizedsignalfrequenciegor ary pointin thedomainwhich
in turnimpliesthe maximumnecessargamplingfrequeng
for thatpoint. Assumingthatour exampleBRDFsarerepre-
sentatve of theentirespaceof isotropicBRDFs,we canthen
samplethe BRDF of ary new materialcorrectlyat a lower
non-uniformsamplingratewithout ary a priori knowledge.

Standard~ourier analysiscould be usedto determinethe
frequeng spectrunof our databasd-dowever, themaximum
signal frequeny would be very high sincethe Fourier ba-
sis functions spanthe whole domainof the samplespace.
Consequentlya Fourieranalysiswould suggest denseand
uniform sampling We insteadusewaveletanalysigo obtain
the maximumsignal frequeng for eachpart of the BRDF
domain.The advantageof wavelet analysisis its ability to
performlocalizedanalysisof alargersignalbecausehe un-
derlyingwaveletbasisfunctionsvary bothin the spatialand
in thefrequeny domair??.

Wavelets have been used before to representBRDFs.
SchrédeandSwelden&® usesphericalvaveletsto represent
2D slicesof a4D re ectancefunction. They canrepresent
slice of the BRDF with severalhundredsf coefcients (the
restof thecoefcients is setto zero).LalondeandFourniei0
extendedthis work and representiD re ectancefunctions
using 4D basiswavelet functionsstoredin a wavelet tree.

They achieve a very compactrepresentatiorfor a single
BRDEF In our work we usea wavelet treeto analyzeand
represenburentirecollectionof measure®RDFfunctions.

Wavelet analysisrepresents particular BRDF function
asa linear combinationof basisfunctionsof varying scale.
At the sametime it speci esthe signalfrequeng over each
interval of the function's domainthatis requiredto repre-
sentthe function. The signal frequeng translatedirectly
to the requiredsamplingfrequeny for eachintenal?!. In
general this samplingfrequeny is only adequatdor one
particularBRDF. We performeda wavelet analysisfor all
of the BRDFswe have measuredFor eachinterval of the
BRDF domainwe found the maximumrequiredfrequeng
neededn orderto reconstrucary of the measuredBRDFs.
Usingthis informationwe derive the samplingdensity(and
correspondingamplingpoints(gn; qq; f ¢)) which shouldbe
measuredn orderto sampleary arbitraryBRDF correctly
Our algorithmalsoreconstructs 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
asa 90 90 180 three-dimensionahrray of sampling
bins. Standardwavelet analysispackagesequire data di-
mensionsthat are powers of two. We insert eachBRDFs
into a256 256 256 arrayandpadthe restof the array
with zeros.Next, we performa non-uniformwavelettrans-
form oneach3D arrayto obtainanarrayof 256 256 256
wavelet coefcients. For eachBRDF, we keep the high-
estcoefcients thatallow usto reconstructhe BRDF with
3% precisionbecausehatis the estimatedaccurag of our
measurements Therestof the coefcients aresetto zero.

Thenon-zerovaveletcoefcients de ne therequiredsig-
nal frequeng in eachintenal of the domainfor a particular
BRDF. Thesetof non-zeracoefcients is generallydifferent
for eachmeasuredRDF. However, thereis a large degree
of coherencébetweenthesesets.Whenwe take the union
of thesesetsfor all 100 BRDFs,the sizeof the setgrows to
approximately69,000commonwavelet coefcients — 4.7%
of the original data.The union of non-zerocoefcients cor
respondgo a setof wavelet functions.We call this set of
waveletfunctionsthe CommorWaveletBasis(CWB)for all
isotropicBRDFs. This wavelet basisde nes the maximum
signalfrequeng over eachinterval of thefunction's domain
for all BRDFsin our set.

Next, we discusshow to de ne the BRDF sampling
points, how to computethe CWB coefcients using the
BRDF valuesat thesesamplingpoints,and how to recon-
structthefull BRDF from the CWB. First, we notethateach
BRDF G(0h; qq;f 4) canbe represente@dsa weightedsum
of the CWB functionsH;(dn; qq; f 4) asfollows:

n
G(Gh;da;fa) = & Hi(an;ae;fa) Cis 2
i=1
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whereC is a vector of coefcients for the CWB functions
thatneedto be computedWe alsonotethatall of the CWB
functionsareknown (for the sale of simplicity we useHaar
wavelets)andthey canbeevaluatedatary point(qn; qq;f q)-
Each BRDF value G(gn; dq;f4) producesone linear con-
strainton thevaluesof thewaveletcoefcients C. Giventhe
approximately69,000 non-zerocoefcients as constraints
allows us to computeall wavelet coefcients C by solving
asystemof linearequations.

Next, we needto selectthe samplingpoints (gn; dq;f q)
that producethe linearly independenequationsand, there-
fore, allow usto computethe wavelet coefcients. We note
thatthereis no uniquesetof samplingpoints;thus,we just
selectone possibleset that leadsto linearly independent
equationsFirst,we computeoneconstrainfor eachoriginal
samplingpoint for a total of 1,458,000equationsMarny of
thesearelinearly dependentWe determinea setof 69,000
equationgthat are linearly independentGiven theseequa-
tionsandthe correspondindRDF valueswe solve the fol-
lowing systemof equations:

G=H C: ©)

Matrix H is large (69,000 69,000) but typically very
sparse— usually there are around40 nonzeroelementsin

arow. This is a resultof the small supportof the wavelets
at higher levels in the wavelet tree. We use the MAT-

LAB sparsamatrix routineto directly performthe operation
HT=CT for eachcolorchanne(R, G, andB).

Unfortunately the coefcients for waveletsat the lowest
levels (level 0, 1, and 2) are not estimatedrobustly. There
are 8, 84, and 384 of them, respectiely. However, we can
estimatethesecoefcients usinga differentmethod We col-
lapsethe sparse59,000BRDF valuesfrom a256 256
256¢gridtoalé 16 16gridbyaveraginghevaluesThis
grid becomesompletely lled andwe performthe wavelet
transformon this low resolutiongrid. The coefcients of the
low resolutiongrid approximatehelow level coefcients of
thehighresolutiongrid well.

In orderto reconstruca BRDF we usetheestimatedatoef-
cients of the CWB andwe setcoefcients for thewavelets
notin theCWB to zero.Thenwe performtheinversewavelet
transformto computethe BRDF valuesat the original sam-
pling grid locations.

6. Pull-Push Reconstructionof BRDFs

In the previous sectionwe have shavn how to reconstruct
a BRDF on a uniform grid using 69,000BRDF samplesat

speci edlocations.In this section,we presentanalternatve

reconstructiormethodthat in practiceyields lower recon-
structionerrors.

Sincewe aregivensparseBRDF samplesve cantreatthe
problemof reconstructinghefull grid BRDF asa scattered
datainterpolationproblem.Onesimpleandfastmethodss
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the pull-pushmethod. This methodrelies on the pyramid
datastructureof a progressiely dovnsampledBRDFE

The algorithm consistsof two steps.(1) The pull stepis
appliedhierarchicallyfrom the highestto the lowestreso-
lution in the BRDF pyramid. Eachlower resolutionof the
pyramidis obtainedrom thehigherresolutionversion.First,
the higherresolutionBRDF is corvolved with a low pass
Iter . Then,the resultof this convolution is dovnsampled
by a factorof two to obtainthe lower resolutionBRDF. (2)
The pushstepis also applied hierarchicallyto the BRDF
pyramid. It startsat the lowestresolutionand progresse$o
the highest,original, resolution.Low resolutiondatacom-
putedduring the pull phaseis usedto Il in the gapsatthe
higherresolution.If the higherresolutionBRDF value has
high enoughcon dencethenthe lower resolutionvalue is
not used.Otherwise the higherandlower resolutionvalues
areblendedtogether The implementationdetailsof the al-
gorithmaredescribedy Gortleretal 5.

7. Linear Combinations of BRDFs

Matusik et al15 performedPrincipal ComponentAnalysis
(PCA) over the set of more than 100 denselymeasured
BRDFs.They have shavn thateachof themeasuredRDFs
canberepresenteavell by alinearcombinationof 45 prin-
cipal componentsin this sectionwe shav thatnev BRDFs
canberepresentedquallywell usingtheBRDFsin theorig-
inal set.lt follows thatoneneedsonly to estimateappropri-
ateweightingfactorsfor eachof theoriginal BRDFsin order
to estimateary new BRDF. Sincethereareonly 1000f these
coefcients, the numberof BRDF samplesneededor this
estimatiorshouldberelatively small.

We representeach denselysampledBRDF as a high-
dimensionalectorcomposedf all valuesfor R, G, andB.
Let P be the matrix of all BRDFsin the original set,C the
vectorof coefcients for the linearcombinationsandB the
nenv BRDF we measurelt follows that:

P C B @)

This systemof equationds over-constrainedinceit 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
equationghatallows usto robustly estimatethe coefcients
C.

Let X beamatrixcomposeaf somesubsebf rows of the
matrix P. A goodmeasurenf how robustly we canestimate
C is theratio betweenthe highestandlowesteigervalue of
thematrix X X. The systemis well conditionedf this ratio
is small. Since nding an optimal setexhaustvely is pro-
hibitive, we resortto a simplegreedystrategy. We startwith
aninitial setof n constraintsWe selecta constraintoutside
of the setX andoneconstraintin the setX. We swapthem
only if theratio of the eigevaluesdecreasem matrix XX
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with theconstrainswappedWe repeathis procedurdill X
corvergesto a stablesetandwe performthis procedureor
differentsetsizesn.

This procedurgguaranteethatthe systemis numerically
well conditionedwhichin turn makesit robustto perturba-
tions of the constraintslt alsoapproximates “most infor-
mative set” of measurementsn orderto expectgoodgen-
eralizationof the knovn BRDFs,we mustalsoensurethat
thesystemis well overconstrained=romlargedeviationthe-
ory, we canexpectthatthe numberof measurementseces-
sarygrows with the squareoot of thenumberof unknavns.
Typically, a small multiple is sufcient for linear systems.
We found out usingn = 800 linear constraintsensureso-
bustcomputatiorof the coefcients while addingmorecon-
straintsdoesnot improve the solution. This impliesthatwe
can measureary BRDF using only 800 samplesAt each
pointwe measureitherR, G, or B. We notethateachof the
800 equationsorresponds$o a speci ¢ valueof (gh; dq;f q)
anddoesnot dependn thevalueof the BRDF atthatpoint.

Theprocedureresentedhereis well de ned, simple,and
fast.In orderto computethe coefcients C we only needto
computea pseudo-imerseof the800 100matrix andper
form onevectormatrix multiply. In contrastto tting sam-
plesto analyticaBRDF modelsthis procedures notdepen-
dentonagoodinitial guess.

8. Results

To validate our methods we denselymeasuredour addi-

tional isotropic BRDFs: dark-redpaint, gold paint, orange
plastic,andaluminum-bronzeThesematerialsare substan-
tially differentfrom ary of the materialsin the original col-

lection.

First, we shav thattheseBRDFscanberepresenteavell
usingonly the coefcients in the CWB (which of coursehas
beencomputedvithout thesematerials) Figure5 compares
theoriginal BRDFsandthe BRDFsexpressedvith theCWB
for differentanglesof incidentillumination. The errorsfor
eachof the BRDFsare: dark-redpaint- 0.7%,gold paint-
0.9%, orangeplastic- 2.1%,andaluminum-bronze 1.2%.
We concludehatourcommonwaveletbasisrepresentthese
new BRDFswell.

Next, we reconstructheseBRDFsfrom 69,000samples
speci ed by thelinearconstraintsThe resultsof this recon-
structionsareshown in Figure 6. The errorsfor eachof the
reconstructe®@RDFscomparedo the original BRDFsare:
dark-redpaint - 1.0%, gold paint - 1.3%, orangeplastic -
3.2%,andaluminum-bronze 1.2%.Althoughtheerrorsare
relatively small we obsere someringing artifactsthat are
typical for the non-smoottHaarwavelets.Smoothwavelets
shouldyield betterlooking results.

We alsoreconstructhe sameBRDFsusingthe pull-push
algorithm.We usethe same69,000sparseBRDF samples.

This solution yields betterresults. The errorsfor eachof
thepull-pushreconstructeRDFscomparedo theoriginal
BRDFsare:dark-redpaint- 0.6%,gold paint- 0.9%,0range
plastic- 2.5%,andaluminum-bronze 1.1%.The resultsof
thepull-pushreconstructionareshavn in Figure?7.

Next we showv that the re ectance of these materials
canbe representedvell usinga linear combinationof 100
BRDFsfrom theoriginal collection(whichalsodid notcon-
taintheseBRDFs).In Figure8 we shav the comparisorbe-
tweenthe original denselysampledBRDFs and the corre-
spondingreconstructe@RDFsusing just 800 BRDF sam-
ples.Theerrorsfor eachof thereconstructeRDFsasalin-
earcombinationof BRDFscomparedo the original BRDFs
are:dark-redpaint- 1.8%,gold paint- 1.8%,orangeplastic
- 4.3%,andaluminum-bronze 2.5%.

All methodshave their advantagesand disadwantages.
Both the CWB and the pull-push reconstructionrequire
69,000measurementsiowever, thesemethodsareindepen-
dent of ary BRDF databaseand can be appliedimmedi-
ately The linear combinationof BRDFsrequiresonly 800
measurementdut it relieson the availability of the BRDF
database.

9. Conclusionsand Futur e Work

In this paperwe have presentedwo novel approachesor
measuringsotropicBRDFs.Theseproceduresigni cantly
reducethe numberof requiredmeasuremensamplesThe
re ectancefunctionsreconstructedisingour proceduresp-
proximatethe exhaustvely measurede ectanceswell.

One ohvious extensionof this work is to apply a similar
approacho full 4D re ectancefunctionsof anisotropioma-
terials.Thewaveletanalysisof thearbitraryre ectancefunc-
tionsmightalso nd usein ef cient renderingalgorithms.

We usedthe simplestwavelet function (Haar)to perform
waveletanalysiswhichis not optimalfor BRDF representa-
tions. We planto investigate the useof otherwavelet basis
functionsto performour analysis.
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Matusiketal / Ef cient Isotropic BRDFMeasuement

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

Figure 6: Comparisorof waveletreconstructedRDFsusing69,000sparsesampleqleft) with the original denselysampled
BRDFs(right) ( rst row - dark-redpaint,secondow - gold paint,third row - orangeplastic,fourth row - aluminum-bronze).
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Matusiketal / Ef cient Isotropic BRDFMeasuement

Figure 7: Comparisorof pull-pushreconstructe@RDFsusing69,000sparsesamplegleft) with the original denselysampled
BRDFs(right) ( rst row - dark-redpaint,secondow - gold paint,third row - orangeplastic,fourth row - aluminum-bronze).

Figure 8: Comparisorof BRDFsreconstructedslinearcombination®f original BRDFsusing800samplegleft) 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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