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Whenthe shapeof an objectis known, its appearanceis deter-
mined by the spatially-varying bi-directionalre�ectancedistribu-
tion function(SBRDF)de�ned on its surface.Wepresentamethod
for recoveringtheSBRDFof a surfacewith known geometryfrom
a sparsesetof images. Unlike existing parametricmethods(e.g.,
[Sato et al. 1997]) this approachdoesnot requirea choiceof an
analyticBRDF model,andis thereforecapableof capturingarbi-
trary, complex re�ectanceeffects. It is alsodifferentfrom existing
non-parametricmethods(e.g.[Matusik et al. 2002])thatarepurely
data-drivenandcanrequirethousandsof images;unlikethesemeth-
ods,we exploit spatialcoherence,which candrasticallyreducethe
numberof requiredinput images.

Approach
For acurvedsurfacewith smoothspatialvariation,eachimagepro-
videsadense2D sliceof datain thehigher-dimensional(mixedspa-
tial andangular)SBRDFdomain,andweframeSBRDFestimation
asascattered-datainterpolationproblemin thisdomain.Unlikeex-
istingmethods,weinterpolatesimultaneouslyin thespatialandan-
gular dimensions,enablinga controlledexchangebetweenspatial
andangularinformation,effectively giving up someof thespatial
resolutionin orderto �ll theholesbetweensparselyobservedview
andilluminationconditions.

Thescattered-datainterpolationproblemis solved by introduc-
ing: i) a new parameterizationof the isotropicBRDF domain,and
ii) a non-parametricrepresentationof re�ectancebasedon radial
basisfunctions(RBFs). Our isotropicBRDF parameterizationis
designedto exploit thefactthata typical BRDF is quitecompress-
ible, meaningthatit variesslowly overmuchof its angulardomain.
At thesametime,it is designedto besuitablefor generalinterpola-
tion methodsin Rn.

Radialbasisfunctionsareusedbecausethey enableinterpolation
with few restrictionson the locationsof thesamplepoints. In par-
ticular, theuseof radialbasisfunctionsmeansthat,unlike existing
BRDFrepresentationsbasedonsphericalharmonics,Zernikepoly-
nomials,wavelets,and the basisof Matusik et al. [2003], we do
not requirea local preprocessingstepto resampletheimage-based
re�ectancedataat regularintervals. Radialbasisfunctionsarealso
usefulbecausethecostof computinganRBF interpolantis dimen-
sion independent;and for a �x ed numberof samples,the sizeof
the resultingrepresentationdoesgrow substantiallyasthe dimen-
sionincreases.As a result,essentiallythesamerepresentationand
methodcanbeusedto recover re�ectancein threedifferentcases,
eachof which requiresinterpolationin adifferentdimension:

1. homogeneous,isotropicBRDF data(R3)
2. spatially-varyingre�ectancefrom a singleinput image(R4)
3. spatially-varyingre�ectancefrom multiple images(R5)

Evaluation and Results
The methodis applied to eachof the three casesabove, and it
is evaluatedboth quantitatively andqualitatively by comparingit
to existing parametricandnon-parametricmethodsusingsynthetic
data. In thecaseof homogeneous,isotropicBRDF data,theRBF
representationis found to accuratelyrepresentboth specularand
retro-re�ective re�ectance, including Fresneleffects, and it pro-
videsimprovedaccuracy whencomparedto avarietyof parametric
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models�t to thesamedata.In thecaseof smoothspatially-varying
re�ectanceusingmultiple images,it is comparedto angular-only
interpolationtechniques(like thatof Matusiket al. [2002]), andin
somecasesit is found to reducethenumberof requiredinput im-
agesby morethananorderof magnitude.

(a) (b) (c)
Figure1: (a,b)Specularanddiffusecomponentsof a singleinput
image.(c) Geometryusedfor SBRDFrecovery andrendering.

In additionto thisnumericalevaluation,themethodis appliedto
theproblemof image-basedmodelingof a humanfacefrom oneor
moreimages.In thesingle-imagecase,theinput is thesurfacege-
ometryaswell asoneimagecapturedunderknown viewpoint and
known, point-sourceillumination (Fig. 1). The imageis decom-
posedinto its diffuseandspecularcomponentsusingpolarizing�l-
ters.Thediffusecomponentof theSBRDFis modeledasLamber-
tian andtheRGB diffusealbedoat eachsurfacepoint is estimated
from the diffuse re�ectancesamplesavailable in Fig. 1(a). The
specularcomponentis representedusingRBFs,which effectively
interpolatethespecularSBRDFsamplesavailablein Fig. 1(b). The
recoveredSBRDFcanbeusedto predicttheappearanceof thesur-
faceundernovel view andillumination conditions. For example,
Fig. 2 shows thepredictedappearanceundernovel complex illumi-
nation.

Figure2: ImagessynthesizedusingtheSBRDFrepresentationre-
coveredfrom thesingle(decomposed)imageshown in Fig. 1.
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