Image-based Rendering from a Sparse Set of Images
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Whenthe shapeof an objectis known, its appearances deter
mined by the spatially-\arying bi-directionalre ectancedistribu-
tion function(SBRDF)de ned onits surface.We presenamethod
for recoveringthe SBRDFof a surfacewith known geometryfrom
a sparsesetof images. Unlike existing parametricmethods(e.g.,
[Satoet al. 1997]) this approachdoesnot requirea choiceof an
analyticBRDF model,andis thereforecapableof capturingarbi-
trary, complex re ectanceeffects. It is alsodifferentfrom existing
non-parametricnethodqe.g.[Matusik etal. 2002])thatarepurely
data-drvenandcanrequirethousandsfimagesunlike thesemeth-
ods,we exploit spatialcoherencewhich candrasticallyreducethe
numberof requiredinputimages.

Approach

For acuredsurfacewith smoothspatialvariation,eachimagepro-
videsadense2D sliceof datain thehigherdimensiona(mixedspa-
tial andangular)SBRDFdomain,andwe frameSBRDFestimation
asascattered-dataterpolationproblemin thisdomain.Unlike ex-
istingmethodswe interpolatesimultaneouslyn the spatialandan-
gular dimensionsgenablinga controlledexchangebetweenspatial
andangularinformation, effectively giving up someof the spatial
resolutionin orderto Il theholesbetweersparselyobsered view
andillumination conditions.

The scattered-dataterpolationproblemis solved by introduc-
ing: i) anew parameterizationf theisotropicBRDF domain,and
ii) a non-parametricepresentatiof re ectancebasedon radial
basisfunctions(RBFs). Our isotropic BRDF parameterizatioris
designedo exploit thefactthata typical BRDF is quite compress-
ible, meaningthatit variesslowly over muchof its angulardomain.
At thesametime, it is designedo be suitablefor generainterpola-
tion methodsn R".

Radialbasisfunctionsareusedbecausehey enablenterpolation
with few restrictionson the locationsof the samplepoints. In par
ticular, the useof radial basisfunctionsmeanghat, unlike existing
BRDFrepresentationisasen sphericaharmonicsZernike poly-
nomials, wavelets,and the basisof Matusik et al. [2003], we do
notrequirealocal preprocessingtepto resampleéheimage-based
re ectancedataat regularintervals. Radialbasisfunctionsarealso
usefulbecausehe costof computingan RBF interpolantis dimen-
sionindependentandfor a x ed numberof samplesthe size of
the resultingrepresentatioloesgrow substantiallyasthe dimen-
sionincreasesAs aresult,essentiallythe samerepresentatioand
methodcanbe usedto recover re ectancein threedifferentcases,
eachof which requiresinterpolationin adifferentdimension:

1. homogeneoussotropicBRDF data(R3)
2. spatially-aryingre ectancefrom asingleinputimage(R%)
3. spatially-aryingre ectancefrom multiple images(R®)

Evaluation and Results

The methodis appliedto eachof the three casesabove, and it
is evaluatedboth quantitatvely and qualitatively by comparingit
to existing parametriandnon-parametrienethodsusingsynthetic
data. In the caseof homogeneoussotropicBRDF data,the RBF
representations found to accuratelyrepresenboth specularand
retro-re ective re ectance, including Fresneleffects, and it pro-
videsimprovedaccurag whencomparedo avariety of parametric
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modelst tothesamedata.ln the caseof smoothspatially-\arying
re ectanceusing multiple images,it is comparedo angularonly
interpolationtechniqueglik e thatof Matusik et al. [2002]), andin
somecasest is found to reducethe numberof requiredinputim-
ageshy morethananorderof magnitude.

, (a) (b) c
Figurel: (a,b) Specularanddiffuse component®f a singleinput
image.(c) Geometryusedfor SBRDFrecovery andrendering.

In additionto this numericalevaluation,the methodis appliedto
the problemof image-basedodelingof a humanfacefrom oneor
moreimages.In the single-imagecase the inputis the surfacege-
ometryaswell asoneimagecapturedunderknown viewpoint and
known, point-sourceillumination (Fig. 1). The imageis decom-
posednto its diffuseandspeculacomponentsisingpolarizing |-
ters. Thediffusecomponenbdbf the SBRDFis modeledasLamber
tian andthe RGB diffusealbedoat eachsurfacepoint is estimated
from the diffuse re ectance samplesavailable in Fig. 1(a). The
specularcomponenis representedising RBFs, which effectively
interpolatethe speculaiSBRDFsamplesvailablein Fig. 1(b). The
recoveredSBRDFcanbeusedto predicttheappearancef thesur
faceundernovel view andillumination conditions. For example,
Fig. 2 shavs the predictedappearancandernovel comple illumi-
nation.

Figure2: Imagessynthesizedisingthe SBRDFrepresentatiome-
coveredfrom the single (decomposedmageshovn in Fig. 1.
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