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Abstract
Whentheshapeof an objectis known,its appearanceis determinedby thespatially-varyingre�ectancefunction
de�nedonits surface. Image-basedrenderingmethodsthatusegeometryseekto estimatethis functionfromimage
data.Mostexistingmethodsrecovera uniqueangularre�ectancefunction(e.g., BRDF)at each surfacepointand
provide re�ectanceestimateswith high spatial resolution.Their angular accuracy is limited by the numberof
availableimages,andasa result,mostof thesemethodsfocusoncapturingparametricor low-frequencyangular
re�ectanceeffects,or allowing only oneof lighting or viewpoint variation. We presentan alternativeapproach
that enablesan increasein the angular accuracy of a spatially-varyingre�ectancefunction in exchange for a
decreasein spatial resolution.By framing the problemas scattered-datainterpolation in a mixedspatial and
angulardomain,re�ectanceinformationis sharedacrossthesurface, exploiting thehigh spatial resolutionthat
imagesprovideto �ll theholesbetweensparselyobservedview andlighting directions.SincetheBRDFtypically
variesslowly from point to point over much of an object's surface, this methodenablesimage-basedrendering
from a sparsesetof imageswithout assuminga parametricre�ectancemodel.In fact, the methodcan evenbe
appliedin thelimiting caseof a singleinput image.

Categoriesand SubjectDescriptors(accordingto ACM CCS): I.2.10 [Arti�cial Intelligence]:Vision and Scene
UnderstandingI.3.7 [ComputerGraphics]:Three-DimensionalGraphicsandRealism

1. Intr oduction
Given a set of imagesof a scene,image-basedrendering
(IBR) methodsstrive to build a representationfor synthe-
sizingnew imagesof thatsceneunderarbitraryillumination
andviewpoint.Oneeffective IBR representationconsistsof
thescenegeometrycoupledwith a re�ectancefunctionde-
�ned on that geometry. At a given point undergiven illu-
minationconditions,there�ectancefunctionassignsa radi-
ancevalueto eachexitant ray, sooncethegeometryandre-
�ectancefunctionareknown, realisticimagescanbesynthe-
sizedunderarbitraryviewpoint and(possiblycomplex and
near-�eld) illumination.

This approachto IBR involves two stages:recovery of
both geometry and re�ectance. Yet, while great strides
have been made at recovering object shape(e.g., laser-
scannersandcomputervision techniques),lessprogresshas
beenmadeat recovering re�ectance properties.Recover-
ing re�ectanceis dif�cult becausethat is wherethe high-
dimensionalityof IBR is rooted.At eachsurfacepoint, re-
�ectanceis describedby a four-dimensionalfunctionof the
view and lighting directions,termedthe bi-directional re-

�ectance distribution function (BRDF). The BRDF gener-
ally changesspatially over an object's surface,and recov-
ering this spatially-varying BRDF (or 6D SBRDF) with-
out further assumptionsgenerallyrequiresa setof images
largeenoughto denselysamplehigh-frequency radiometric
events,suchassharpspecularhighlights,at eachpoint on
thesurface.This setconsistsof a nearexhaustive sampling
of imagesof thescenefrom all viewpointsandlighting di-
rections,whichcanbetens-of-thousandsof imagesor more.

In previouswork, recoveringspatialre�ectancehasbeen
madetractablein two differentways.The�rst is to approx-
imate re�ectanceusing an analytic BRDF model, thereby
simplifying theproblemfrom thatof recoveringa 4D func-
tion ateachpoint to thatof estimatingof ahandfulof param-
eters(e.g.,[MLH02,SWI97,YDMH99,Geo03]). Sincethey
only recover a few parametersat eachpoint, thesemethods
areableto provide re�ectanceestimatesfrom a smallnum-
berof images.They requiretheselectionof a speci�c para-
metric BRDF model a priori , however, which limits their
accuracy andgenerality.
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Thesecondcategoryof methodsavoidstherestrictionsof
parametricBRDFmodelsby: i) usingamuchlargernumber
of input images,andii) recovering only a subsetof the re-
�ectancefunction.For example,Woodetal. [WAA+ 00] use
over 600 imagesof anobjectunder�x ed(complex) illumi-
nationto estimatethe2D view-dependentre�ectancevaria-
tion, andDebevecetal. [DHT+ 00] use2048imagesto mea-
sure the 2D lighting-dependentvariation with �x ed view-
point.A full 4D (view andillumination)re�ectancefunction
is measuredby Matusik et al. [MPBM02], who usemore
than 12,000imagesof an object with known visual hull;
but eventhis largenumberof imagesprovidesonly a sparse
samplingof the appearancevariationat eachpoint, andas
a result,imagesof theobjectcanbesynthesizedusingonly
low-frequency illuminationenvironments.

This paperpresentsanalternative approachto estimating
spatialre�ectance—onethat combinesthe bene�ts of both
parametricmethods(i.e.,sparseimages)andnon-parametric
methods(i.e.,arbitraryre�ectancefunctions.)In developing
thisapproach,it makesthefollowing technicalcontributions.

² SBRDFestimationis posedasa scattered-datainterpola-
tion problem,with imagesproviding dense2D slicesof
dataembeddedin themixedspatialandangulardomain.

² This interpolationproblemis solved by introducing:i) a
new parameterizationof theBRDFdomain,andii) anon-
parametricrepresentationof re�ectancebasedon radial
basisfunctions(RBFs).

² This representationis easilyadaptedto handle:i) homo-
geneousBRDFdata,ii) spatially-varyingre�ectancefrom
multiple images, and iii) spatially-varying re�ectance
from asingleinput image.

Sinceit is non-parametric,theproposedmethoddoesnot
assumea priori knowledgeof the SBRDF and is �e xible
enoughto representarbitraryre�ectancefunctions,includ-
ing those with high-frequency speculareffects. This ap-
proachis alsovery different from previous non-parametric
techniques(e.g., [WAA+ 00, DHT+ 00, MPBM02]) that in-
terpolatere�ectanceonly in the angulardimensions,esti-
matinga uniquere�ectancefunctionat eachpoint. Instead,
we simultaneouslyinterpolatein both thespatialandangu-
lar dimensions.This enablesa controlledexchangebetween
spatialandangularinformation,effectively giving up some
of the spatial resolutionin order to �ll the holesbetween
sparselyobserved view and illumination conditions.Since
re�ectancetypically variesslowly from point to point over
muchof anobject'ssurface,thismeansthatwecanoftenob-
tain visually pleasingresultsfrom a drasticallyreducedset
of images.Additionally, the methoddegradesgracefullyas
the numberof input imagesis reduced(seeFig. 6), andas
shown in Fig. 13, it canevenbeappliedin theextremecase
of asingleinput image.

2. Main Ideasand RelatedWork
Theproposedmethodfor SBRDFestimationbuildsonthree
principalobservations.

SmoothSpatial Variation. Mostexistingmethodsrecovera
uniqueBRDF at eachpoint andtherebyprovide anSBRDF
with very high spatialresolution.Many parametricmethods
have demonstrated,however, that the numberof input im-
agescanbereducedif oneis willing to accepta decreasein
spatialresolution.This hasbeenexploited,for example,by
Yu etal. [YDMH99] andGeorghiades[Geo03], whoassume
thatspecularBRDFparametersareconstantacrossasurface.
Similarly, Satoetal. [SWI97] estimatethespecularparame-
tersatonly asmallsetof points,laterinterpolatingthesepa-
rametersacrossthesurface.Lenschetal. [LKG+ 01] present
anovel techniquein whichre�ectancesamplesatclustersof
surfacepointsareusedto estimateabasisof (1-lobe)Lafor-
tunemodels.The re�ectanceat eachpoint is thenuniquely
expressedasa linearcombinationof thesebasisBRDFs.

Similarto theseapproaches,ourmethodtradesspatialres-
olution for anincreasein angularresolution.Thedifference,
however, is that we implementthis exchangeusinga non-
parametric representation.We begin by assumingthat the
SBRDF variessmoothlyin the spatialdimensions,but we
also demonstratehow this can be relaxed to handlerapid
spatialvariationin termsof amultiplicativetexture.(In cases
wheretheshapeof theBRDFitself changesrapidly, wecur-
rentlyassumethatdiscontinuitiesaregivenasinput.)

Curved Surfaces.Techniquesfor image-basedBRDF mea-
surement[LKK98,MWL+ 99,MPBM03] exploit thefactthat
a single image of a curved, homogeneoussurface repre-
sentsa very densesamplingof a 2D sliceof the4D BRDF.
In this paper, we extend this idea to the spatially-varying
case,where an image provides a 2D slice in the higher-
dimensionalSBRDFdomain.Our resultsdemonstratethat,
like the homogeneouscase,surfacecurvature(along with
smoothspatial variation) can be exploited to increasethe
angularresolutionof theSBRDF. (For near-planarsurfaces
wherecurvatureisnotavailable,moreangularre�ectancein-
formationcanbeobtainedusingnear-�eld illumination and
perspectiveviews [KMG96].)

Angular Compressibility. While it is a multi-dimensional
function, a typical BRDF varies slowly over much
of its angular domain. This property has been ex-
ploited for 3D shape reconstruction [HS03], ef�cient
BRDF acquisition [MPBM03], ef�cient rendering of
BRDFs [MAA01, JM03], and ef�cient evaluationof envi-
ronmentmaps[CON99,RH02]. Here,we exploit compress-
ibility by assumingthat the BRDF typically variesrapidly
only in certaindimensions,suchasthehalf-angle.

The three ideasof this sectionhave beendevelopedin
verydifferentcontexts,andthispapercombinesandexpands
them to solve a novel problem:estimatingnon-parametric
SBRDFsfrom sparseimages.The fusion of theseideasis
enabledby theBRDFparameterizationof Sect.3, andanin-
terpolationapproachthatuni�es thetreatmentof spatialand
angulardimensions(Sects.4–6).
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2.1. Assumptions
Weexploit scenegeometryto reducethenumberof inputim-
agesrequiredto accuratelyrepresentappearance.Thus,un-
likepurelight �eld techniques[GGSC96,LH96], themethod
requiresa setof imagesof anobjectwith known geometry,
viewpoint, and either point-sourceor directional illumina-
tion. A numberof suitableacquisitionsystemshave been
presented(e.g.,[SWI97,DHT+ 00,MPBM02].)

In addition, global effects such as sub-surface scatter-
ing and interre�ection are not explicitly consideredin our
formulation.For directional illumination and orthographic
views, however, someof theseeffectswill beabsorbedinto
ourrepresentationandcanbereproducedwhenrenderedun-
der thesameconditions.(SeeSect.7.) In this case,our use
of the term SBRDFis synonymouswith the non-local re-
�ectance�eld de�ned by Debevecetal. [DHT+ 00].

Finally, in this paperwe restrictour attentionto isotropic
BRDFs.While theideasof exploiting spatialcoherenceand
usingRBFsto interpolatescatteredre�ectancesamplescan
be applied to the anisotropiccase,this would require a
parameterizationwhich is different from that presentedin
Sect.3 andis left for futurework.

3. Notation and BRDF Parameterization
At thecoreof our approachis the interpolationof scattered
datain multiple (3-6) dimensions,thesuccessof which de-
pendson how theSBRDFis parameterized.This sectionin-
troducessomenotationandpresentsonepossibleparame-
terization.Basedon this parameterization,our interpolation
techniqueis discussedin Sects.5 and6.

The SBRDFis a function of six dimensionsandis writ-
ten f (~x;~q), where~x = (x;y) ½ R2 is the pair of spatial
coordinatesthat parameterizethe surfacegeometry(a sur-
facepoint is written~s(x;y)), and~q 2 W£ W are the angu-
lar coordinatesthat parameterizethe double-hemisphereof
view/illumination directionsin a local coordinateframede-
�ned on thetangentplaneat a surfacepoint (i.e., theBRDF
domain.)A commonparameterizationof theBRDF domain
is ~q = (qi ; f i ;qo; f o), which representthe sphericalcoor-
dinatesof the light andview directionsin the local frame.
Whenthe BRDF is isotropic,the angularvariationreduces
to a functionof threedimensions,commonlyparameterized
by (qi ;qo; f o ¡ f i). In this work, we restrict ourselves to
this isotropic caseand considerthe SBRDF to be a func-
tion de�ned on a 5D domain.In the specialcasewhenthe
SBRDFis aconstantfunctionof thespatialdimensions(i.e.,
f (~x;~q) = f (~q)) wesaythatthesurfaceis homogeneousand
is describedby a4D (or isotropic3D) function.

The BRDF domain can be parameterizedin a num-
ber of ways, and as discussedbelow, one good choice
is Rusinkiewicz's halfway/difference parameteriza-
tion [Rus98], shown in Fig. 1(a). Using this parame-
terization in the isotropic case, the BRDF domain is
~q = (qh; f d;qd) ½ [0; p

2 ) £ [0;p) £ [0; p
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ĥ

l̂
v̂

t̂

n̂

f

q
q f q

2f d qhsin

d
p

2q

v

w

u

(a) (b)
Figure 1: (a) The halfway/difference parameterizationof
Rusinkiewicz. In the isotropic case, the BRDF domain is
parametrizedby (qh; f d;qd) [Rus98]. (b) The mappingde�ned by
Eq.(1) thatcreatesaparameterizationsuitablefor interpolation.

The existence of singularities at qh = 0 and qd = 0
and the required periodicity (f d 7¡! f d + p) make the
standardhalfway/differenceparameterizationunsuitablefor
most interpolationtechniques.Instead,we de�ne the map-
ping (qh; f d;qd) 7¡! (u;v;w), as

(u;v;w) =
µ

sinqhcos2f d;sinqh sin2f d;
2qd

p

¶
: (1)

This mappingis shown in Fig. 1(b). It eliminatesthesingu-
larity atqh = 0 andensuresthattheBRDF f (u;v;w) satis�es
reciprocity. In addition,themappingis suchthattheremain-
ing singularity occursat qd = 0 (i.e., wherethe light and
view directionsareequivalent).This con�guration is dif�-
cult to createin practice,makingit unlikely to occurduring
acquisition.Duringsynthesis,it mustbehandledwith care.

3.1. Considerationsfor Image-basedAcquisition
Thehalfway/differenceparameterizationincreasescompres-
sion rates since common featuressuch as specularand
retro-re�ective peaksare alignedwith the coordinateaxes
[Rus98]. Themodi�ed parameterizationof Eq.(1) maintains
this property, sincespeculareventsclusteralongthew-axis,
andretro-re�ectivepeaksoccurin theplanew = 0.

Theseparameterizationsare useful in IBR for an ad-
ditional reason:for image-baseddata, they separatethe
sparsely-and densely-sampleddimensionsof the BRDF.
(Marschner's [Mar98] parameterizationalso shares this
property.) To seethis, notethat for orthographicprojection
anddistantlighting—ormoregenerally, whenscenerelief is
relativelysmall—asingleimageof acurvedsurfaceprovides
BRDFsampleslying in aplaneof constantqd, sincethisan-
gle is independentof the surfacenormal.The imagerepre-
sentsanearlycontinuoussamplingof qh andf d in thisplane.
Thus,a set of imagesprovidesdensesamplingof (qh; f d)
but only asmany samplesof qd asthereareimages.(Theor-
thographic/directionalcaseis consideredfor illustrativepur-
poses;it is not requiredby themethod.)

Conveniently, the irregular sampling obtained from
image-baseddatacorrespondswell with thebehavior of gen-
eralBRDFs,which vary slowly in thesparselysampledqd-
dimension,especiallywhenqd is small.At thesametime,by
imagingcurvedsurfaces,weensurethatthesamplingrateof
the half-angleqh is high enoughto accuratelyrecover the
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high-frequency variation (e.g., due to specularhighlights)
thatis generallyobservedin thatdimension.

4. ScatteredData Inter polation
Recall that our goal is to estimatea continuousSBRDF
f (~x;~q) from a setof samplesfi 2 R5 drawn from images
of a surfacewith known geometry. Our taskis complicated
by thefact that,asdiscussedin theprevioussection,thein-
put samplesareverynon-uniformlydistributed.

Therearemany methodsfor interpolatingscattereddata
in this relatively high-dimensionalspace,but for our prob-
lem, interpolationusingradial basisfunctionsprovidesthe
mostattractive choice.Given a setof samples,an RBF in-
terpolant is computedsimply by solving a linear system
of equations,and the existenceand uniquenessis guaran-
teedwith few restrictionson the samplepoints.Thus,un-
like homogeneousBRDF representationssuchasspherical
harmonics,Zernike polynomials,waveletsandthe basisof
Matusik et al. [MPBM03], an RBF representationdoesnot
requirea local preprocessingstepto resampletheinputdata
at regularintervals.

Additional propertiesof this methodinclude: i) the cost
of computinganRBFinterpolantis dimension-independent,
andii) thesizeof therepresentationdoesnot grow substan-
tially asthedimensionincreases.This is in directcontrastto
piecewisepolynomialsplines(e.g.,[Ter83]) andlocalmeth-
ods like polynomial regression(e.g., [MWL+ 99]) and the
push/pullalgorithmof Gortleretal. [GGSC96]. Theseother
methodsrequireeither a triangulationof the domainor a
tabulation of function values,both of which becomecom-
putationallyprohibitive in high dimensions.(Jaroszkiewicz
andMcCool [JM03] handlethis by approximatingthehigh-
dimensionalSBRDFby a productof 2D functions,eachof
which is triangulatedindependently.)

4.1. Radial BasisFunctions
To brie�y review RBF interpolation (see, e.g., [Pow92,
Buh03]), considera generalfunction g(~x); ~x 2 Rd from
which we have N samplesf gig at samplepointsf~xig. This
function is approximatedasa sumof a low-orderpolyno-
mial anda setof scaled,radially symmetricbasisfunctions
centeredat thesamplepoints;

g(~x) ¼ g̃(~x) = p(~x) +
N

å
i= 1

l iy (k~x¡ ~xik); (2)

wherep(~x) is apolynomialof ordern or less,y : R+ ! R is
a continuousfunction,andk ¢k is theEuclideannorm.The
samplepoints~xi arereferredto ascenters, andtheRBFinter-
polantg̃ satis�estheinterpolationconditionsg̃(~xi) = g(~xi).

Givena choiceof n, anRBF y , anda basisfor thepoly-
nomialsof ordern or less,thecoef�cients of theinterpolant
aredeterminedasthesolutionof thelinearsystem

·
Y P
PT 0

¸ · ~l
~c

¸
=

·
~g
0

¸
; (3)

whereY i j = y (k~xi ¡ ~x jk), ~l i = l i , ~gi = gi , Pi j = p j (~xi)
wheref p jg arethepolynomialbasisfunctions,and~ci = ci
are the coef�cients in this basis of the polynomial term
in g̃. This systemis invertible (and the RBF interpolant
is uniquely determined)in arbitrary dimensionsfor many
choicesof y , with only mild conditionson n and the lo-
cationsof thedatapoints[Duc77,Mic86].

In many caseswe canbene�t from usingradially asym-
metricbasisfunctions(which arestretchedin certaindirec-
tions), andherewe usethemto managethe irregularity in
our samplingpattern.(Recallfrom Fig. 1 that the (u;v) di-
mensionsare sampledalmostcontinuouslywhile we have
only asmany samplesof w aswe have images.)Following
Dinh et al. [DTS01], an asymmetricradial function is cre-
atedby scalingtheEuclideandistancein Eq. (2) sothat the
basisfunctionsbecome

y (kM(~x¡ ~xi)k); (4)

whereM 2 Rd£ d. In ourcasewechooseM = diag(1;1;mw).
Formw < 1, thebasisfunctionsareelongatedin thewdimen-
sion,which is appropriatesinceour samplingrate is much
lower in that dimension.The appropriatevalueof this pa-
rameterdependson theangulardensityof theinput images,
andempiricallywehavefoundthattypicalvaluesfor mw are
between0.1and0.5.

Whenthenumberof samplesis large(i.e., N > 10;000),
solvingEq.(3) requirescareandcanbedif�cult (or impossi-
ble)usingdirectmethods.Thislimitationhasbeenaddressed
quiterecently, anditerative �tting methods[BP95], andfast
multipolemethods(FMMs) for ef�cient evaluation[BN92]
havebeendevelopedfor many choicesof y in many dimen-
sions.In somecases,solutionsfor systemswith over half a
million centershavebeenreported[CBC+ 01]. Thenext sec-
tionsincludeinvestigationsof thenumberof RBFcentersre-
quiredto accuratelyrepresentimage-basedre�ectancedata,
andwe �nd this numberto besuf�ciently smallto allow the
useof directmethods.

5. HomogeneousSurfaces
In thissection,weapplyRBF interpolationto homogeneous
surfaces,where we seekto estimatea global BRDF that
is not spatially-varying.TheresultingBRDF representation
may be useful for interpolating image-basedBRDF data
(e.g.,[LKK98,MWL+ 99,MPBM03]).

As discussedin Sect. 3, in the caseof homogeneous
BRDF data,re�ectanceis a function of threedimensions,
(u;v;w). In R3, a goodchoicefor y is the linear (or bihar-
monic) RBF, y (r) = r, with n = 1, sincein this case,the
interpolantfrom Eq. (3) exists for any non-coplanardata,
is unique,minimizesa generalizationof the thin-plateen-
ergy, andis thereforethesmoothestin somesense[Duc77,
CBC+ 01]. TheBRDF is expressedas

f̃ (~q) = c1 + c2u+ c3v+ c4w+
N

å
i= 1

l ik~q ¡ ~qik; (5)
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where~qi = (ui ;vi ;wi) representsaBRDFsamplepoint from
theinput images,and~l and~c arefoundby solvingEq.(3).

As a practicalconsideration,sinceeachpixel represents
a samplepoint ~qi , even with modestimageresolution,us-
ing all availablesamplesasRBF centersis computationally
prohibitive.Muchof thisdatais redundant,however, andan
accurateBRDF representationcanbeachievedusingonly a
small fraction of thesecenters.A suf�cient subsetof cen-
terscouldbechosenusingknowledgeof typical re�ectance
phenomena.(To representsharpspecularpeaks,for exam-
ple,RBF centersaregenerallyrequirednearqh = 0.) Alter-
natively, Carr et al. [CBC+ 01] presentan effective greedy
algorithm for choosingthis subsetwithout assumingprior
knowledge,anda slightly modi�ed versionof the sameal-
gorithmis appliedhere.Theprocedurebeginsby randomly
selectingasmallsubsetof thesamplepoints~qi and�tting an
RBF interpolantto these.Next, this interpolantis evaluated
at all samplepointsandusedto computetheradianceresid-
uals,ei = ( fi ¡ f̃ (~qi)) cosqi , whereqi is the anglebetween
thesurfacenormalat thesamplepoint andthe illumination
direction.Finally, pointswhereei is large areappendedas
additionalRBF centers,andtheprocessis repeateduntil the
desired�tting accuracy is achieved.

It shouldbe notedthat an algorithmic choiceof center
locationscouldincreasetheef�ciency of theresultingrepre-
sentation,sincecenterlocationswould not necessarilyneed
to be storedfor eachmaterial.This would requireassump-
tions aboutthe function beingapproximated,however, and
herewe chooseto emphasizegeneralityover ef�ciency by
usingthegreedyalgorithm.

5.1. Evaluation
To evaluatetheBRDFrepresentationin Eq.(5), weperform
an experimentin which we compareit to both parametric
BRDFmodelsandto anon-linearbasis(theisotropicLafor-
tunemodel[LFTG97].) Themodelsare�t to syntheticim-
agesof a sphere,and their accuracy is measuredby their
ability to predict the appearanceof the sphereundernovel
conditions.(Many other representations,suchas wavelets
and the Matusik basesare excludedfrom this comparison
becausethey requiredense,uniformsamples.)

The input images simulate data from image-based
BRDF measurementsystemslike thosein Refs. [LKK98,
MWL+ 99, MPBM03]. They are orthographic,directional-
illumination imageswith a resolutionof 100£ 100,andare
generatedsuchthatqd is uniformly distributedin [0; p

2 ]. The
accuracy of therecoveredmodelsis measuredby therelative
RMSradianceerrorover21 images—alsouniformly spaced
in qd—thatarenot usedasinput.For thesesimulations,we
useboth specularanddiffuse re�ectance,onedrawn from
measureddata(themetallic-blueBRDF, courtesyof Matusik
etal. [MPBM03]), andtheothergeneratedusingthephysics-
basedOren-Nayarmodel[ON94].

Figure2 showstheaccuracy of increasinglycomplex RBF
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Figure 2: Accuracy of the RBF representationas the numberof
centersis increasedusingagreedyalgorithm.Theinputis10images
of a spheresynthesizedusingthemetallic-blueBRDF measuredby
Matusiketal. This is comparedto theisotropicLafortunerepresen-
tation with an increasingnumberof lobes.Lessthan1000centers
aresuf�cient to representthe availablere�ectanceinformationus-
ing RBFs,whereasthelimited �e xibility of theLafortunebasisand
theexistenceof local minimain thenon-linear�tting processlimit
theaccuracy of theLafortunerepresentation.(Seetext for details.)

and Lafortunerepresentations�t to ten input images.The
complexity of the RBF representationis measuredby the
numberof centersselectedby thegreedyalgorithm,andthat
of the Lafortunemodelis measuredby the numberof gen-
eralizedcosinelobes.An unusuallylarge numberof lobes
are shown (two or three lobes is typical) so that the re-
sulting Lafortuneand RBF representationshave compara-
ble degreesof freedom.It is important to note, however,
thatthesizeof eachrepresentationis differentfor equivalent
complexities; anN-lobe isotropicLafortunemodelrequires
3N + 1 parameters,while an N-centerRBF interpolantre-
quires4N + 4.

Sincethe basisfunctionsof the Lafortunemodelarede-
signedfor representingBRDFs(andarethereforeembedded
with knowledgeof generalre�ectancebehavior), they pro-
videareasonablygood�t with asmallnumberof lobes.For
example,a 6-lobeLafortunemodel (19 parameters)yields
the sameRMS error asa 300-centerRBF model(1204pa-
rameters.)In additiontobeingcompact,theLafortunemodel
hasthe advantageof beingmoresuitablefor direct render-
ing [MLH02]. But theaccuracy of this representationis fun-
damentallylimited; the lack of �e xibility andthe existence
of localminimain therequirednon-linear�tting processpre-
vent the Lafortunemodel from accuratelyrepresentingthe
re�ectanceinformationavailablein theinput images.

In contrast,RBFs provide a general linear basis, and
given a suf�cient number of centers, they can repre-
sent any `smooth' function with arbitrary accuracy (see,
e.g.,[Buh03].) In thisexample,theRBFrepresentationcon-
vergeswith lessthan 1000 centers,suggestingthat only a
small fraction of the availablecentersarerequiredto sum-
marizethere�ectanceinformationin theteninput images.

Similar conclusionsaredrawn from a secondexperiment
in whichweinvestigatetheaccuracy of these(andother)rep-
resentationswith a �x edlevel of complexity andanincreas-
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Figure3: Top:Errorin theestimatedBRDFfor anincreasingnum-
ber of imagesof a metallic-bluesphere.As the numberof images
increases,the RBF representation(with 1000centers)approaches
thetrueBRDF, whereasthe isotropicWardmodel[War92] andthe
Lafortunerepresentationare too restrictive to provide an accurate
�t. Bottom: Synthesizedimagesusingthe threeBRDF representa-
tionsestimatedfrom 12input images.Theanglebetweenthesource
andview directionsis 140±.

ing numberof input images.Resultsare shown in Figs. 3
and 4 for predominantlyspecularand diffuse re�ectance.
(Here, six lobes are usedin the Lafortune representation
sincetheresultsdo not changesigni�cantly with additional
lobes.)SinceRMS error is often not an accuratepercep-
tual metric,these�gures alsoincludesyntheticspheresren-
deredwith the recoveredmodels.This experimentdemon-
stratesthe �e xibility of theRBF representation,which cap-
tures both the Fresnelre�ection in Fig. 3 and the retro-
re�ection in Fig. 4. Parametricmodelsdo not typically af-
ford this �e xibility—while it maybepossibleto �nd apara-
metricmodelthat �ts a speci�c BRDF quitewell, it is very
dif�cult to �nd amodelthataccurately�ts generalBRDFs.

6. InhomogeneousSurfaces
TheprevioussectionsuggeststhatRBFscanprovide a use-
ful representationfor homogeneousBRDFs.In this section,
weshow thatthissamerepresentationcanbeadaptedto han-
dle spatially-varying re�ectanceaswell. In this case,it en-
ablesanexchangebetweenspatialandangularresolution(a
processwereferto asre�ectancesharing), andit candrasti-
cally reducethenumberof requiredinput images.We begin
by assumingthatthe5D SBRDFvariessmoothlyin thespa-
tial dimensions,andin the next section,we show how this
canbegeneralizedto handlerapidspatialvariationin terms
of amultiplicativealbedoor texture.

In thehomogeneouscase,theBRDFis afunctionof three
dimensions,andthelinearRBFy (r) = r yieldsauniquein-
terpolantthat minimizesa generalizationof the thin-plate
energy. Although optimality cannotbe proved, this RBF
hasshown to be useful in higherdimensionsaswell, since
it provides a uniqueinterpolantin any dimensionfor any
n [Pow92]. In the spatially-varying case,the SBRDF is a
function of � ve dimensions,andwe let ~q = (x;y;u;v;w) be
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Figure4: Top:Errorin theestimatedBRDFfor anincreasingnum-
berof inputimagesof adiffuseOren-Nayarsphere.Again,the1000-
centerRBF representationapproachesthe trueBRDF, whereasthe
LafortuneandLambertianBRDF modelsaretoo restrictive to ac-
curatelyrepresentthedata.Bottom:Synthesizedimagescomparing
the threeBRDF representationsestimatedfrom 12 input images.
Theanglebetweenthesourceandview directionsis 10±.

a point in its domain.Using the linearRBF with n = 1, the
SBRDFis givenby

f̃ (~q) = p(~q) +
N

å
i= 1

l ik~q¡ ~qik; (6)

wherep(~q) = c1 + c2x+ c3y+ c4u+ c5v+ c6w.

We can useany parameterizationof the surface~s, and
there has been signi�cant recent work on determining
goodparameterizationsfor generalsurfaces(e.g.,[LSS+ 98,
GGH02]). Theidealsurfaceparameterizationis onethatpre-
servesdistance,meaningthatk~x1 ¡ ~x2k is equivalentto the
geodesicdistancebetween~s(~x1) and~s(~x2). For simplicity,
herewe treatthesurfaceasthegraphof a function,so that
~s(x;y) = (x;y;s(x;y)) ; (x;y) ½ [0;1]£ [0;1].

Theprocedurefor recoveringtheparametersin Eq. (6) is
almostexactlythesameasin thehomogeneouscase.Theco-
ef�cients of f̃ arefoundby solvingEq.(3) usingasubsetof
theSBRDFsamplesfrom the input images,andthis subset
is chosenusingagreedyalgorithm.Radiallyasymmetricba-
sisfunctionsarerealizedusingM = diag(mxy;mxy;1;1;mw),
wheremxy controlstheexchangebetweenspatialandangu-
lar re�ectanceinformation.Whenmxy ¿ 1, the basisfunc-
tionsareelongatedin thespatialdimensions,andtherecov-
eredre�ectancefunctionapproachesa singleBRDF (i.e., a
homogeneousrepresentation)with rapid angularvariation.
Whenmxy À 1,werecoveranear-Lambertianrepresentation
in whichtheBRDFateachpointapproachesaconstantfunc-
tion of ~q. Appropriatevaluesof mxy dependonthechoiceof
surfaceparameterization,andwe foundtypical valuesto be
between0.2and0.4for theexamplesin thispaper.

6.1. Evaluation
The SBRDFrepresentationof Eq. (6) canbe evaluatedus-
ing experimentssimilar to thosefor thehomogeneouscase.
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Figure 5: Top: Accuracy of theSBRDFrecoveredby re�ectance
sharingusing the RBF representationin Eq. (6) as the numberof
centersis increasedusinga greedyalgorithm.The input is 10 syn-
thetic imagesof a hemisphere(� ve of which areshown) with lin-
earlyvaryingroughness.

Here,spatialvariationis simulatedusingimagesof a hemi-
spherewith a Cook-TorranceBRDF [CT81] with a linearly
varyingroughnessparameter. Fiveimagesof thehemisphere
areshown in Fig. 5, andthey demonstratehow thehighlight
sharpensfrom left to right acrossthesurface.

Thegraphin Fig. 5 shows theaccuracy of the recovered
SBRDFasa functionof thenumberof RBF centerswhenit
is �t to imagesof the hemisphereunderten uniformly dis-
tributedillumination directions.Theerror is computedover
40imagesthatarenotusedasinput.Fewerthan2000centers
areneededto accuratelyrepresentthespatialre�ectancein-
formationavailablein theinput images.This is a reasonably
compactrepresentation,requiring roughly 12,000parame-
ters.Forcomparison,anSBRDFrepresentationfor a10,000-
vertex surfaceconsistingof two uniqueLafortunelobesat
eachvertex is roughly� ve timesaslarge.

Figure6 contrastsre�ectancesharingwith conventional
methodsthatinterpolateonly in theangulardimensions,es-
timating a separateBRDF at eachpoint. This `no sharing'
techniqueis usedby Matusiket al. [MPBM02], andis sim-
ilar in spirit to Woodet al. [WAA+ 00], who alsoestimatea
uniqueview-dependentfunction at eachpoint. (In this dis-
cussion,angularinterpolationin the BRDF domain is as-
sumedto requireknown geometry, which is different from
lighting interpolation(e.g., [DHT+ 00]) that doesnot. For
the particularexamplein Fig. 6, however, the `no sharing'
resultcanbeobtainedwithoutgeometry, sinceit is aspecial
caseof �x edviewpoint.)

For both the re�ectancesharingand `no sharing' cases,
the SBRDFis estimatedfrom imageswith �x ed viewpoint
and uniformly distributed illumination directionssuch as
thosein Fig. 5, and it is usedto predict the appearanceof
the surfaceundernovel lighting. The top frame of Fig. 6
shows the actualappearanceof the hemisphereunder� ve
novel conditions,andthelower framesshow there�ectance

ACTUAL

REFLECTANCE SHARING

2

5

NO SHARING

5

50

150

Figure 6: Estimating the spatially-varying re�ectance function
from asparsesetof images.Topframe:� ve imagesof ahemisphere
underillumination conditionsnot usedasinput. Middle frame:ap-
pearancepredictedby re�ectancesharingwith two and � ve input
images.(Theinput is shown in Fig. 5; thetwo left-mostimagesare
usedfor two-imagecase.)Bottom frame:appearancepredictedby
interpolatingonly in theangulardimensionswith 5, 50 and150in-
put images.At least150imagesarerequiredto obtaina resultcom-
parableto the� ve-imagere�ectancesharingresult.

sharingand `no sharing' resultsobtainedfrom increasing
numbersof input images.Note that many othermethods—
mostnotablythatof Lenschetal. [LKG+ 01]—areexcluded
from thiscomparisonbecausethey requiretheselectionof a
speci�c parametricmodelandthereforesuffer from thelim-
itationsdiscussedin Sect.5.

In this example,re�ectancesharingreducesthe number
of requiredinput imagesby morethanan orderof magni-
tude.Five imagesarerequiredfor goodvisual resultsusing
the RBF representation,whereasat least150 areneededif
onedoesnot exploit spatialcoherence.Figure6 alsoshows
how differently the two approachesdegradewith sparsein-
put. Re�ectancesharingprovidesa smoothSBRDFwhose
accuracy graduallydecreasesaway from theconvex hull of
input samples.(For example,the sharpspecularityon the
right side of the surfaceis not accuratelyrecoveredwhen
only two input imagesareused.)In contrast,wheninterpo-
latingonly in theangulardimensions,asmallnumberof im-
agesprovidesonly asmallnumberof re�ectancesamplesat
eachpoint; andasa result,severealiasingor `ghosting'oc-
curswhenthe surfaceis illuminatedby high-frequency en-
vironmentslike thedirectionalilluminationshown here.
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Figure 7: Actual andpredictedappearanceof thehemisphereun-
der �x ed illumination andchangingview. Given � ve input images
from a singleview (bottomFig. 5), the re�ectancesharingmethod
recoversa full SBRDF, includingview-dependenteffects.

Even when the input imagesarecapturedfrom a single
viewpoint,ourmethodrecoversafull SBRDF, andasshown
in Fig. 7, view-dependenteffectscanbe predicted.This is
madepossibleby spatialsharing(sinceeachsurfacepoint is
observed from a uniqueview in its local coordinateframe)
andby reciprocity(sinceweeffectively haveobservationsin
which theview andlight directionsareexchanged.)

7. GeneralizedSpatial Variation
This sectionconsidersgeneralizationsof the radial basis
function SBRDF model by softeningthe requirementfor
spatialsmoothness,and appliesthe model to image-based
renderingof ahumanface.

Rapidspatialvariationcanbehandledusingamultiplica-
tivealbedoor textureby writing theSBRDFas

f (~x;~q) = a(~x)d(~x;~q);

wherea(~x) is analbedomapfor thesurfaceandd(~x;~q) is a
smoothfunctionof � vedimensions.Asanexample,consider
thehumanfacein Fig. 8(a). Thefunctiona(~x) accountsfor
rapidspatialvariationdueto pigmentchanges,while d(~x;~q)
modelsthesmoothspatialvariationthatoccursaswetransi-
tion from aregionwhereskinhangsloosely(e.g.,thecheek)
to whereit is taut(e.g.,thenose.)

In somecases,it is advantageousto expressthe SBRDF
asa linearcombinationof 5D functions.For example,Sato
etal. [SWI97] andmany othersusethedichromaticmodelof
re�ectance[Sha85] in whichtheBRDFis writtenasthesum
of anRGB diffusecomponentanda scalarspecularcompo-
nentthatmultipliesthesourcecolor. We employ thedichro-
maticmodelhere,andcomputetheemittedradianceusing

Ik(~x;~q) = sk

³
ak(~x)dk(~x;~q) + g(~x;~q)

´
cosqi ; (7)

whereŝ = f skgk= RGB is an RGB unit vectorthat describes
thecolor of the light source.In Eq. (7), a singlefunctiong
is usedto modelthespecularre�ectancecomponent,while
eachcolorchannelof thediffusecomponentis modeledsep-
arately. This is signi�cantly moregeneralthantheusualas-
sumptionof a Lambertiandiffusecomponent,andit canac-
count for changesin diffusecolor asa function of ~q, such
asthedesaturationof thediffusecomponentof skin at large
grazingangleswitnessedby Debevecetal. [DHT+ 00].

(a) (b) (c)
Figure 8: (a,b)Specularanddiffusecomponentsof a singleinput
image.(c) Geometryusedfor SBRDFrecoveryandrendering.

Finally, althoughnot usedin our examples,moregeneral
spatialvariationcanbemodeledby dividing thesurfaceinto
a �nite numberof regions,whereeachregion hasspatialre-
�ectanceasdescribedabove.This techniqueis used,for ex-
ample,in Refs.[LKG+ 01,JM03].

7.1. Data Acquisition and SBRDFRecovery
For real surfaces,we requiregeometryanda setof images
takenfrom known viewpointanddirectionalillumination.In
addition,in orderto estimatetheseparatediffuseandspec-
ular re�ection componentsin Eq.(7), theinput imagesmust
besimilarly decomposed.Specular/diffuseseparationcanbe
performedin many ways (e.g., [SWI97, NFB97]), one of
which useslinear polarizerson both the cameraand light
sourceandexploits thefactthatthespecularcomponentpre-
servesthe linear polarizationof the incidentradiance.Two
exposuresarecapturedfor eachview/lighting con�guration,
onewith thepolarizersaligned(to observe thesumof spec-
ularanddiffusecomponents),andonewith thesourcepolar-
izer rotatedby 90± (to observe thediffusecomponentonly.)
Thespecularcomponentis thengivenby thedifferencebe-
tweenthesetwo exposures.(See,e.g., [DHT+ 00].)

Geometrycanalsoberecoveredin a numberof different
ways,andonepossibilityis photometricstereo,sinceit pro-
videstheprecisesurfacenormalsrequiredfor re�ectometry.
Figure8 shows an exampleof a decomposedimagealong
with thecorrespondinggeometry, which is recoveredusing
avariantof photometricstereo.

Giventhegeometryanda setof decomposedimages,the
representationin Eq. (7) canbe �t asfollows. First, the ef-
fectsof shadowsandshadingarecomputed,shadowedpixels
arediscarded,andshadingeffectsareremoved by dividing
by cosqi . The RGB albedoa(~x) in Eq. (7) is estimatedas
themedianof thediffusesamplesat eachsurfacepoint,and
normalizeddiffusere�ectancesamplesarecomputedby di-
viding by a(~x). Theresultingnormalizeddiffusesamplesare
usedto estimatethethreefunctionsdk(~x;~q) in Eq.(7) using
theRBFtechniquesdescribedin Sect.4.1. Thesamplesfrom
thespecularimagesaresimilarly usedto computeg.

7.2. Rendering
In orderto synthesizeimagesunderarbitraryview andillu-
mination,theSBRDFcoordinates~q ateachsurfacepointare
determinedby thespatialcoordinates~x, thesurfacenormal,
andthe view andlighting directions.The radianceemitted
from thatpoint toward thecamerais thengivenby Eq. (7).
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BecauseEq. (7) involvessumsover a largenumberof RBF
centersfor eachpixel, imagesynthesiscan be slow. This
processcan be accelerated,however, using programmable
graphicshardwareandprecomputation.

HardwareRenderingUsing the GPU. Equation(7) is well
suitedto implementationin graphicshardwarebecausethe
samecalculationsaredoneateachpixel.For example,aver-
tex programcancomputeeach~q andthesecanbe interpo-
latedastexturecoordinatesfor eachpixel. A fragmentpro-
gram can then perform the computationin Eq. (6), which
is simplyasequenceof distancecalculations.Implementing
the sum in Eq. (7) is straightforward, sinceit is simply a
modulationby thealbedomapandsourcecolor.

For the resultsin this section,we take this approachand
use one renderingpassfor eachRBF center, accumulat-
ing their contributions.On a GeForce FX 5900,rendering
a 512£ 512 imagewith 2000centers(and2000rendering
passes)is reasonablyef�cient, taking approximately30s.
Furtheroptimizationsarepossible,suchasconsideringthe
contributionsof multipleRBFcentersin eachpass.

Real-Time Rendering with PrecomputedImages.To en-
ablereal-timerenderingwith complex illumination, images
synthesizedusingtheRBF representationcanbeusedasin-
put to methodsbasedonprecomputedimages.Oneexample
is the double-PCAimagerelighting techniqueof Nayaret
al. [NBB04]. This algorithmis conceptuallysimilar to clus-
teredPCAmethodslike thosein Refs.[CBCG02,SHHS03],
andallowsreal-timerelightingof specularobjectswith com-
plex illuminationandshadows(obtainedin theinput images
usingshadow mappingin graphicshardware.)

We emphasizethat despitethesegains in ef�ciency, the
RBF representationdoesnot competewith parametricrep-
resentationsfor renderingpurposes.Instead,it should be
viewed asa useful intermediaterepresentationbetweenac-
quisitionandrendering.

7.3. Results
As a demonstration,the representationof Eq. (7) wasused
to modelahumanface,whichexhibitsdiffusetexturein ad-
dition to smoothspatialvariationin its specularcomponent.

Thespatially-varyingre�ectancefunctionestimatedfrom
four camera/sourcecon�gurations is shown in Figs. 9–
11. For theseresults,two polarizedexposureswere cap-
tured in each con�guration, and the viewpoint remained
�x edthroughout.For simplicity, thesubject'seyesremained
closed.(Accuratelyrepresentingthespatialdiscontinuityat
the boundaryof the eyeball would require the surface to
be segmentedasmentionedin Sect.6.) The averageangu-
lar separationof thelight directionsis 21±, spanninga large
areaof frontal illumination. (SeeFig. 9.) This angularsam-
pling rateis considerablylessdensethanin previouswork;
approximately150 sourcedirectionswould be requiredto
cover the sphereat this ratecomparedto over 2000source
directionsusedby Debevecetal. [DHT+ 00].

10

20

ACTUAL REFLECTANCE SHARING

Figure9: Actualandsyntheticimagesfor anovel illuminationdi-
rection.The imageon the right wasrenderedusingthe re�ectance
representationin Eq. (7) �t to four input images.Left insetshows a
polar plot of the input (+) andoutput (±) lighting directions,with
concentriccircles representingangulardistancesof 10± and 20±

from theviewing direction.

In therecoveredSBRDF, 2000centerswereusedfor each
diffuse color channel,and 5000 centerswere usedfor the
specularcomponent.(Figure 11 shows scatterplots of the
specularcomponentas the numberof RBF centersis in-
creased.)Eachdiffusechannelrequiresthestorageof 2006
coef�cients—the weightsfor 2000centersandsix polyno-
mial coef�cients—and2000samplepoints~qi , eachwith � ve
components.This could be reduced,for example,by us-
ing the samecenterslocationsfor all threecolor channels.
Thespecularcomponentrequires5006coef�cients and5000
centers,so the total sizeis 66,024singleprecision�oating-
point numbers,or 258kB.This is a very compactrepresen-
tationof bothview andlighting effects.

Figure9 shows real andsyntheticimagesof the surface
undernovel lighting conditions,and shows how a smooth
SBRDFis recovereddespitetheextremesparsityof the in-
put images.Most importantly, the disturbingghostingef-
fects observed in the `no sharing' results of Fig. 6 are
avoided.(The accompanying video includesanimationsof
view andlighting variation.)Figure10showsthattherecov-
eredSBRDF is indeedspatially-varying. The graphin the
right of this �gure is a (qh; f d) scatterplot of the specular
SBRDFon the tip of the nose(in transparentblue) andon
thecheek(in red),andit shows that the recoveredspecular
lobeon thenoseis substantiallylarger.

While this syntheticresult is plausible,carefulexamina-
tion of Fig. 9 revealsthat it deviatesfrom the actualimage
(therelativeRMSdifferenceis 9.5%.)For example,thespa-
tial discontinuityin thespecularcomponentat theboundary
of thelips is smoothedoverdueto theassumptionof smooth
spatial variation; and more generally, with sucha limited
numberof input samples,the representationis sensitive to
noisecausedby extremeinterre�ectionandsubsurfacescat-
tering,motion of the subjectduringacquisition,calibration
errorsin thesourcepositionsandrelative strengths,ander-
rors in the geometry. The accuracy could be improved, for
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Figure 10: Spatialvariationin theestimatedspecularre�ectance
function.Left: synthesizedspecularcomponentusedto generatethe
imagein theright of Fig. 9. Right:magnitudeof theestimatedspec-
ular SBRDFat two surfacepoints.PlotsaretheSBRDFasa func-
tion of (qh; f d) for qd = 5±, with redandtransparent-blueplotsrep-
resentingtheindicatedpointson thecheekandnose.(Largevalues
of qh neartheorigin areoutsidetheconvex hull of inputsamplesand
arenotdisplayed.)Forcomparison,theinsetshowsaCook-Torrance
lobe�t to there�ectanceof thenose.

example,by usinga high speedacquisitionsystemsuchas
that of Debevec et al. [DHT+ 00], and by identifying spa-
tial discontinuities(perhapsusing clusteringtechniquesor
by usingdiffusecolorasacuefor segmentation.)

We emphasize,however, that only four input imagesare
used,andit wouldbedif�cult to improve theresultswithout
further assumptions.Even a parametricmethodlike that of
Lenschet al. [LKG+ 01] may performpoorly in this case,
sincelittle morethanaLambertianalbedovaluecouldbe�t
reliably from thefour (or less)re�ectancesamplesavailable
ateachpoint.

Finally, Fig.12showssyntheticimageswith anovel view-
point, again demonstratingthat a full SBRDFis recovered
despitethefactthatonly oneviewpoint is usedasinput.

7.4. A SpecialCase:One Input Image
Dueto its dimension-independence,theRBF representation
canalsobeadaptedto theextremecasewhenonly oneinput
imageis available.In one(orthographic,directionalillumi-
nation)imageall re�ectancesampleslie on a hyperplaneof
constantw, reducingthe dimensionof the SBRDFby one.
Thus,we canusea simpli�ed SBRDFrepresentation,com-
putingthesurfaceradianceaccordingto

Ik(~q) = sk

Ã

ak(~x) +
N

å
i= 1

l ik~q¡ ~qik

!

cosqi ; (8)

where~q = (x;y;u;v).

In this case,the diffusecomponentis modeledasLam-
bertian,and the albedoa(~x) is estimateddirectly from the
re�ectancesamplesin the diffuse componentof the input
image(after shadingandshadows areremoved.)The spec-
ular componentis estimatedfrom the specularre�ectance
samplesusingthesame�tting procedureasthemulti-image
case.Figure13 shows anexampleof a 2000-centerSBRDF

3500 4500 5000

Figure11: EstimatedSBRDFonthecheek(red)andnose(blue)as
thenumberof RBFcentersis increasedusingthegreedyalgorithm.
The5000-centerplotsarethesameasthoseon theright of Fig. 10.

undernaturallighting from environmentmaps.Thesewere
renderedusing precomputation[NBB04] as discussedin
Sect.7.2, and the accompanying video demonstratesreal-
timemanipulationof complex lighting.

Sincea singleimageis usedasinput,only a 2D subsetof
theangularvariationis recovered,andFresneleffectsareig-
nored.(As doneby Debevecetal. [DHT+ 00], this represen-
tationcouldbeenhancedto approximateFresneleffectsby
usingadata-drivenmicrofacetmodelwith anassumedindex
of refraction.)Also, by usinga completeenvironmentmap,
we necessarilyextrapolatethe re�ectancefunction beyond
the convex hull of input samples,whereit is known to be
lessaccurate.Despitetheselimitations, the methodobtains
reasonableresults,and they would be dif�cult to improve
without assuminga speci�c parametricBRDF model(asin,
e.g.,Ref. [BG01].)

8. Conclusionsand Futur eWork
This paper presentsa method for exploiting spatial co-
herenceto estimatea non-parametric,spatially-varying re-
�ectancefunctionfrom a sparsesetof imagesof known ge-
ometry. Re�ectanceestimationis framedasa scattered-data
interpolationproblemin a joint spatial/angulardomain,an
approachthat allows the exchangeof spatialresolutionfor
anincreasein angularresolutionof there�ectancefunction.

This paperalso presentsa �e xible representationof re-
�ectancebasedon radialbasisfunctions(RBFs),andshows
how this representationcanbe adaptedto handle:i) homo-
geneousBRDFdata,ii) smoothspatially-varyingre�ectance
from multiple images,iii) spatialvariationwith texture,and
iv) asingleinput image.Whenusingthis representation,the
recoveredre�ectancemodeldegradesgracefullyasthenum-
berof input imagesdecreases.

The most immediatepractical issuefor future work in-
volvescomputationalef�ciency. We have demonstratedthat
the RBF representationis a useful intermediaterepresen-
tation of spatially-varying re�ectance,sinceit canbe used
in combinationwith currentrenderingtechniquesbasedon
precomputedinformation.To improve this, it maybepossi-
ble to develop real-timerenderingtechniquesdirectly from
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Figure 12: Synthesizedimagesfor two novel viewpoints.Even
thoughthe input imagesare capturedfrom a single viewpoint, a
completeSBRDF is recovered,including view-dependenteffects.

Figure 13: Imagessynthesizedusing the SBRDFrepresentation
in Eq. (8) estimatedfrom the single (decomposed)imageshown
in Fig. 8. Thesewererenderedin real-timeusingthe methodsdis-
cussedin Sect.7.2.

the RBF representation.For example,fastmultipole meth-
ods can be usedto reducethe evaluationof Eq. (2) from
O(N2) to O(NlogN) [BN92]. This maybea viablealterna-
tive to usingfactoredformsof BRDFs[MAA01,JM03] and
mayprovide a practicalapproachfor real-timerenderingof
surfaceswith spatially-varying,non-parametricre�ectance.

The increasinguseof measuredre�ectancedatain com-
putergraphicsrequiresef�cient methodsto acquireandrep-
resentsuchdata.In this context, appropriateparameteriza-
tions, representationsandsignal-processingtechniquesare
likely to becrucial.This paperpresentsa stepin this direc-
tion by providing a methodfor using sparse,image-based
datasetsto accuratelyrecover re�ectance.
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