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Abstract
A goalof image-basedrenderingis to synthesizeasrealisti-
cally aspossiblemanmadeandnatural objects.Thispaper
presentsa methodfor image-basedmodelingandrendering
of objectswith arbitrary (possiblyanisotropicandspatially
varying)BRDFs.Anobjectis modeledbysamplingthesur-
face's incident light �eld to reconstructa non-parametric
apparentBRDF at each visible point on the surface. This
can be usedto renderthe object from the sameviewpoint
but under arbitrarily speci�ed illumination. We demon-
strate how theseobject modelscan be embeddedin syn-
theticscenesandrenderedunderglobal illuminationwhich
capturestheinterre�ectionsbetweenreal andsyntheticob-
jects. We alsoshowhowtheseimage-basedmodelscanbe
automaticallycompositedontovideofootagewith dynamic
illuminationsothattheeffects(shadowsandshading)of the
lighting onthecompositedobjectmatch thoseof thescene.

1 Intr oduction
The aim of image-basedrenderingis to synthesizeasac-
curatelyaspossiblescenescomposedof naturalandarti�-
cial objects.Advancesin computationandglobalrendering
techniquescan now effectively simulatethe most signi�-
cantradiometricphenomenato produceaccuraterenderings
so long asthe geometricandre�ectancemodelsareaccu-
rate.Yetwhile researchersandpractitionershavesucceeded
in developingaccuratere�ectancemodelsfor objectscom-
posedof homogeneousmaterials(e.g.,plasticsandmetals),
therehasbeenlessprogressin developinglocal re�ectance
modelsthat effectively characterizenaturalobjects. Con-
sider the challengesof modelingandaccuratelyrendering
materialslike leather, wrinkledhumanskin,shagcarpeting,
the fur on an old mare,or a plateof greasyFrenchfries.
Theseobjectshave extremelycomplex re�ectanceproper-
ties,includingspatialnonhomogeneity,anisotropy, andsub-
surfacescattering.

As a simpleempirical illustration of the complexity of
the re�ectancefunctionsof realsurfaces,considertheplot
shown in Fig. 1. The �gure plots the measuredpixel in-
tensityof a point on thesurfaceof a teddybearasa func-
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Fig. 1: Not all objectshave a BRDF with a simplelobestructure.
Imagesof asmallteddybearwereacquiredasa point light source
wasmoved over a quarterof a sphere.The plot shows the mea-
suredintensityof onepixel asa functionof light sourcedirection,
with thedirectionspeci�edin degreesof sphericalangles.

tion of light sourcedirection;thecamerais held�x edasan
isotropicpoint sourceis moved over a quarterof a sphere
at approximatelya constantdistancefrom thesurface.No-
tice thebroad,bendingbandandthe multiple peaks– this
is qualitatively very different thanwhat oneexpectsfor a
2-D sliceof abidirectionalre�ectancedistribution function
(BRDF)suchasPhong.

This paperpresentsa methodfor image-basedrender-
ing of objectswith arbitraryre�ectancefunctions. There-
�ectance functionsmay be anisotropicandspatiallyvary-
ing. Theillumination of theobjectis likewiseunrestricted.
Neglecting subsurfacetransport,we adopta commonas-
sumptionthat the re�ectanceof an object can be locally
modeledby abidirectionalre�ectancedistribution function
(BRDF).

Our methodusesonly a singleviewpoint of the object,
but manyimagesof theobjectilluminatedby a point light
sourcemoved over somesurfacesurroundingthe object.
This surfaceshouldbe star-shaped(e.g., convex) with re-
spectto all object points, and in practicewe move lights
over a sphere.Our methodfor renderingrequiresthat the
object's surfacegeometryis known. It is shown in [4, 21]
that if a secondset of imagesis obtainedby moving a
pointsourceoverasecondstar-shapedsurface,thenapoint
for point reconstructionof the object's visible surfacecan
be performedby estimatingthe depthof eachpoint along
the line of sight. Althoughotherreconstructiontechniques
couldbeused,weusetheonedescribedin [4, 21] asit han-
dlessurfaceswith arbitraryBRDFs,andit canbeperformed
usingthesamedataasthatusedfor rendering.

With surfacegeometryin hand,we estimatean appar-
ent BRDF for the surfacepatchescorrespondingto every
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pixel. This apparentBRDF differs from the trueBRDF in
that it is expressedin a globalcoordinatesystemandit in-
cludes(1) shadows that the objectmight castupon itself,
(2) thecosineforeshorteningterm,and(3) theeffectsof in-
terre�ection from the object onto itself. When using this
apparentBRDF for rendering,it will exactly accountfor
self shadowing andforeshortening,andthe interre�ections
will oftencloselyapproximatethosethatwould occurin a
realscene.

Our methodfor renderingsits within a larger collec-
tion of image-basedrendering techniquesthat have re-
centlyemergedfor synthesizingnaturalor complex scenes.
Yet most efforts to datefocuson viewpoint variation,of-
ten at the expenseof the ability to control lighting. In
[3, 10, 12, 13, 16, 18, 26], imagesof arealobjecttakenfrom
multiple viewpointsareusedto rendersyntheticimagesof
theobjectfrom arbitraryviewpoints. In [3, 10, 12, 16, 26],
few realimagesareneededfor thesyntheticrenderings,but
the method�rst mustdeterminea 3-D modelof the scene
by establishingthecorrespondenceof featurepixels in the
real images. A radical departurefrom reconstructionor
correspondence-basedapproachesto image-basedrender-
ing is the 4-D lumigraph [13] or light �eld [18]. (See
also [31].) In thesemethods,imagesof the object from
novel viewpoints are renderedwithout any 3-D model of
thescene;however, thousandsof realimagesareneededfor
accuraterenderings.Seethediscussionin Section2.

The methodsare particularly effective when the syn-
theticlighting duringrenderingis similar to thatduringac-
quisition.Yet,it is dif�cult to embedtheseandotherimage-
basedobjectmodels(e.g.,lumigraphs/light�elds) in either
syntheticor naturalscenesunlessthelighting in thesecom-
posedscenesis similar to thatduringtheacquisitionof the
image-basedobjectmodel. To moreeffectively handlear-
bitrary lighting, recentmethodshave attemptedto recover
re�ectancepropertiesof objects[9, 25, 32]. In [25, 32], it is
assumedthatthere�ectancepropertiesat eachpoint canbe
characterizedby a few parametersand that their variation
acrossthesurfaceis alsocharacterizedby a few parameters
(e.g.,albedovariation).

It has long been recognizedin computervision and
graphics that while ad-hoc re�ectance models such as
Phong can be used to representcertain materials (e.g.,
smoothplastics),thesemodelsdo not effectively capture
the re�ectanceof materialssuchasmetalsandglazedce-
ramics.Towardthis end,Ward's empiricalmodelattempts
to captureanisotropicre�ectance[29]. Furthermore,anum-
ber of physics-basedre�ectancemodelshave beendevel-
opedto more accuratelycapturethe re�ectanceof rough
metals[7, 14, 28] or mattesurfaces[23]. Importantto de-
velopingthesephysicalmodelsis theunderstandingof how
materialssuchasdielectricsre�ect light, but perhapsmore
importantis the understandingof how to characterizethe
micro-structure(micro-facets)of the surfaceand the im-

pactof shadowing, interre�ection, maskingandforeshort-
ening. This has yielded more realistic re�ectance func-
tions [2, 15, 23]. Yet eachof theseonly characterizesa
limited classof surfaces,andnoneof them addressesthe
nonhomogeneityof re�ectancefunctionsover thesurfaces
of objects.

In contrastto this work, wepresenta methodfor render-
ing imagesof anobjector scenefrom a�x edviewpoint,but
underarbitrary illumination conditions. The methoduses
many imagesof anobjectilluminatedbypointlight sources,
to recover theobject's shapeandthento estimateanappar-
ent BRDF. The problemof synthesizingimagesfor Lam-
bertiansurfaceswith light sourcesat in�nity without shad-
owsis consideredin [27] andwith shadowsin [5]. Methods
for re-renderingimageswith diffuselinearcombinationsof
imagesformedunderdiffuse light areconsideredin [22].
In [30, 9], methodsare proposedfor performing image-
basedrenderingundervariableillumination by estimating
an apparentBRDF (for a �x ed viewing direction)associ-
atedwith eachscenepointby systematicallymovingdistant
light sources. However, to synthesizeimagesfor nearby
light sources,the3-D scenegeometryaswell astheappar-
entBRDFateachpoint is needed[30], andin theseworksit
is assumedthatgeometryhasbeenacquiredby someother
means(e.g.,a range�nder). The methodin [9] alsopro-
videsamethodfor renderingthesurfacefrom anovel view-
point by separatingspecularandsub-surfacere�ection and
usingnon-parametrictechniquesfor transformingthespec-
ular componentof there�ectancefunction.

Therestof thispaperis organizedasfollows. In thenext
section,we detail our methodfor image-basedmodeling
andrendering.In Section3, we discusstheimplementation
of our methodandpresenttheresultsof threeapplications:
(1) renderingisolatedobjectswith complex BRDFsunder
novel lighting conditions,(2) embeddingimage-basedob-
jectsin complex (possiblysynthetic)scenes,and(3) com-
positingimage-basedobjectsinto avideostream.Notethat
earlywork on thesetopicswaspresentedin [4, 20].

2 RenderingMethod
Recently, two papersintroducedanovelapproachto image-
basedrenderingof natural3-D scenesfrom arbitraryview-
points [13, 18]. Ratherthan using imagesto constructa
3-D geometricmodelanda re�ectancefunctionacrossthe
surfaceaswould traditionally be donein computervision
andcomputergraphics,the approachis basedon directly
representingtheradiancein all directionsemanatingfrom a
sceneunder�x edillumination. As discussedin [17], theset
of light rays is a four-dimensionalmanifold. Understatic
illumination, the radiancealonga ray in freespaceis con-
stant. Note that this reducesthe 5-D plenopticfunction to
4-D [1]. Now considersurroundinga sceneby a closed
smoothconvex surface. By moving a camerawith its 2-D
imageplaneover the entiresurface(a 2-D manifold), one
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cansampletheintensityalongevery light ray thatemanates
from the object's surfaceand is visible from the object's
convex hull. In doingthis, oneobtainsa functionon the4-
D ray space

�

which hasbeencalledthelumigraph[13] or
light �eld [18].

For any viewpoint � outsideof thesurface,animagecan
besynthesizedby consideringtheradianceof all of therays
passingthrough� . Thesetof rayspassingthrough� is sim-
ply a 2-D subsetof

�

, andthe radianceof thoseraysthat
intersecttheimageplaneareusedto computetheirradiance
ateachpointof thesynthesizedimage.This turnsrendering
into a problemof simply indexing into a representationof

�

ratherthanray tracing,for example. The advantagesof
suchan approacharethat the representationis constructed
directlyfrom imageswithoutneedingreconstructionor cor-
respondence,thatno assumptionsaboutthesurfaceBRDF
arerequired,andthatinterre�ectionsdonotneedto becom-
putedsincethey occurredphysicallywhentheimageswere
acquired.

Yet, in [13, 18] the illumination is �x ed during mod-
eling, andall synthesizedimagesarevalid only underthe
sameillumination; this complicatestherenderingof scenes
composedof both traditionalgeometricmodelsandlumi-
graphs/light�elds undergenerallighting. It is naturalto ask
whetheronecould “turn the lumigraph/light�eld around”
andsynthesizeimagesunder�x edpose,but variablelight-
ing. As describedin [17], the spaceof sourcerays illu-
minatinga sceneis alsofour-dimensional.Sincelight in-
terre�ects within the scene,oneapproachto image-based
modelingwould be to illuminate the scenewith a single
light ray (e.g., a laser) and measurethe resulting image
from someviewpoint. As describedin [9], this lasercould
thenbemovedto samplethe4-D sourceray spaceandim-
ageswould be acquiredfor eachlocation. The resulting
representationwould be 6-D with four parametersspeci-
fying sourceray direction and two parametersgiving im-
agecoordinates.Sincethis schemeis clearly impractical,
our methodis basedon the following observations. Like
the rayspassingthrougha camera's optical center, the set
of light rays emanatingfrom a point light sourceis two-
dimensional.Hence,by moving an isotropicpoint source
over a closedsurface(a 2-D manifold) boundinga scene,
imagescanbe acquiredfor all possiblesourcerayscross-
ing thissurface.Let thesurfaceof pointsourcelocationsbe
givenby �����
	���
 andthecorrespondingimagesbegivenby

�

���
	���
 . We call the collectionof imagesdenoted
�

���
	���


theobject's illuminationdataset.
Now considersynthesizingan image from the same

viewpoint but under completelydifferent lighting condi-
tions usingthe illumination dataset. The appliedlighting
is a functionon the4-D light rayspace.For asingleillumi-
nationray � arisingfrom somelight source(e.g.,a nearby
or distantpoint sourceor simply a morecomplex 4-D illu-
mination�eld), we can�nd the intersectionof � with the

Fig. 2: To determinetheintensity ������� of pixel � for a point light
source ������� that doesnot lie on ���� "!$#%� , knowledgeof the 3-D
positionof the correspondingsurfacepoint & is required. (Note
that thesurfacepoint & is viewed from thedirection '

(

����� by the
pixel � .) If the3-D positionof & is known, the intersection��) of
theray from & through ������� with thetriangulatedsurfaceof light
sourcescanbe determined.Basedon the vertices(samplelight
sources)of the trianglecontaining ��) , the imageintensity �����*� is
computedby interpolatingthe measuredpixel intensitiesin the
imagesformedunderlight sourceslocatedat the vertices. Here
thelight sourceslocatedat theverticesarerepresentedby thelight
sourceiconsoneithersideof �

)
.

surfaceof point sources�����
	���
 usedin modeling.Thein-
tersectionis a point light sourcelocation ��+-,.�/�10 �-	20 �3
 , and
thecorrespondingimageis

�

+4,

�

�50 �2	20 �3
 . Emanatingfrom
thepointsource�6+ , thereexistsa light ray thatis coincident
with � whichintersectsthescene,andshedslight ontosome
imagepixel in

�

+ . Figure2 shows in 2-D an exampleof a
light ray � emanatingfrom a syntheticpoint source�57$8:9 ,
andthecorrespondinglight sourcelocation �;+ . However, it
is not evidentwhich pixel of

�

+ correspondsto the surface
patchdirectly illuminatedby � . As discussedin [4, 30], if
thescenedepthwereknown, this dilemmaof determining
thecorrespondencebetweenan imagepixel andan illumi-
natingray canbe resolved. Note that this correspondence
only appliesto thedirect(local) re�ectance,andtheeffects
of globalillumination (interre�ection)areignored.

Theseobservationsleadusto a methodfor renderingan
imageof a sceneilluminatedby arbitrarylighting (a func-
tion onthe4-D rayspace).However, for clarity andillustra-
tion, thefollowingexpositionfocusesontheconcreteexam-
pleof asinglesyntheticpoint light source�;7$8<9 thatdoesnot
necessarilylie on thesurfacede�ned by �/�=�
	��3
 . It should
be clearfrom this descriptionhow to renderimagesunder
other light sources,e.g., areasources,strip sources,radi-
ancemaps,arbitraryincidentillumination �eld, etc. First,
the 3-D positionsof points on the surface (i.e., a depth
map)mustbeobtainedandpixel registeredwith the image
set. Thereare numerousmethodsavailable for obtaining
a depthmap: structuredlight, laser range�nders, struc-
ture from motion, stereopsis,etc. However, eachof these
methodsassumesthe BRDF of the surfaceis suf�ciently
well-behaved. Alternatively, if onegathersa secondsetof
images,obtainedby moving a point sourceover a second
star-shapedsurface,thenthemethodin [21] couldbeused
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to �nd thedepthcorrespondingto eachpixel. This method
usesthe samedataasthatneededfor image-basedrender-
ing describedin this paper, and it accuratelyreconstructs
theshapeof thesurfacewithoutmakinganyunderlyingas-
sumptionsaboutthenatureof thesurface'sBRDF.

Off-line, thesurfaceof light sourcelocations�����
	���
 is
triangulated(Recallthattheilluminationdatasetconsistsof
imagesgatheredunderpoint sourcesat a �nite numberof
samplepointson thesurface.)To determinetheintensityof
a pixel > , the3-D location ? of thescenepoint projecting
to > is computedfrom theregistereddepthmap(scenege-
ometry). It is straightforwardto determinethe intersection

� + of theray @A� from ? through�;7$8:9 with thetriangulation.
(For a regularly sampledsphereasin our implementation,
this is simply doneby indexing.) SeeagainFig. 2. If the
intersectionhappensto beavertex, thentheintensityof the
pixel > in thecorrespondingmeasurementimagecouldbe
useddirectly. Sincethis is rarely the case,we insteadin-
terpolatethe intensitiesof correspondingpixelsassociated
with the threeverticesto estimatethe intensity B�+=�C>D
 for a
�ctitious point light sourceat �

+ . Becausethesolidangleof
thesurfaceprojectingto > asseenby �;7�8:9 and �6+ depends
on thesquareddistance,thepixel is renderedwith

B��C>D
E,

FGF

?��C>D
H@I�6+

FJF K

FJF

?��C>D
%@I��7$8:9

FJF

K
B

+

�C>D
:L (1)

This processis repeatedfor eachpixel > in the rendered
image.

Note that the reconstructedscenegeometry(3-D posi-
tion of ? ) is usedin two ways. First it is usedto index
into the triangulation,andsecondlyit is usedto determine
the M�N�O

K

loss. For eachpixel in the renderedimage,this
nonlinearprocedurecanbe performedindependently. It is
importantto realizethat the renderedimageis not formed
by the superpositionof the original images,even within a
triangle.This is illustratedin Figure4 anddiscussedbelow.
For multiple point light sources,imagescanbesynthesized
throughthesuperpositionof thepixel intensitiesformedfor
eachlight source,weightedby the relative strengthof the
sources.For anarbitraryincidentillumination�eld (i.e.,not
simply point sources),thedirectionof eachnon-zeroradi-
anceincidentto ? is usedto index into thetriangulation.

3 Implementation, Applications and Results
We have gatheredillumination datasetsandgeneratedsyn-
thetic imagesof many objectsusinga combinationof the
renderingmethoddescribedabove and the reconstruction
methodin [21]. Figure3 shows theacquisitionsystem.In
our experiments,we have only usedimagesgatheredasa
light is movedover theupperfront quartersphere,not be-
causethe rest of the light sphereis irrelevant but simply
becausethis reduceddatasetis suf�cient for validatingand
demonstratingour main ideas.Potentiallysigni�cant com-
ponentsof re�ectancesuchasglareandFresneleffectsmay

Fig. 3: Imagesof objectsto berenderedwereacquiredusinga 3-
chip digital video camerawhile a white LED sourcewasmoved
by anAdeptrobotarm,top. Thecollectionof imagesof aceramic
pitcher, bottom,wasacquiredasthelight sourcewasmovedover
aquartersphere.Theblockof missingimagescorrespondsto con-
�gurations in which therobotarmpartially occludedthepitcher.

notbecaptured,but they donotaffect theunderlyingmeth-
ods.Figure3 alsoshows anexampledataset.Notethat for
thelight stageapparatusin [9], thelight sourcewasmoved
overa full sphere.
3.1 Rendering IsolatedObjects
Figure 4 shows a renderedimageof the ceramicpitcher
from Fig. 3, andalsoillustratestheindexing process.Note
particularlythat the syntheticimageis basedon measured
pixel intensitiesfrom a largenumberof images.In Fig. 5,
we displaysyntheticimagesfor four objects:a dirty brass
owl, a ceramic�gurine, a red deliciousapple,anda pear.
The�rst threeobjectsarerenderedunderpoint light sources
with locationssigni�cantly differentfrom thosein the ob-
jects' respectiveilluminationdatasets,while thepearis ren-
deredwith a nearbypoint sourceto the left and an area
sourceto theright. We chooseto usepoint sourcesin these
examplessinceit is morechallengingto provide accurate
renderingsunderasinglesource(nearbyor at in�nity) than
underbroadersources.Whenlight sourcesaredistant,it is
well known thatthesetof imagesof anobjectin �x edpose
but underall lighting conditionsis a convex cone[5]; im-
agesacquiredunderasinglelight sourcelie on theextreme
boundaryof this set(extremerays),andall imagesformed
underany other lighting condition are simply derived by
convex combinationsof the extremerays. So, for single
light sourceimages,theshadows aresharperandspecular-
ities moreprominentthanundermorediffuseillumination
�elds.

As a steptowardvalidatingtheaccuracy of therendered
image,Figure6 showsbotharealimageandarenderedim-
ageof a partially glazedceramicfrog; wherethe glazeis
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Fig. 4: To rendertheimageof theceramicpitcher, top left, from a
point light sourcelocated23 cm away, intensitiesfrom a number
of imagesin theobject's datasetwereinterpolated.The top right
imagecolorcodeseachpixel in therenderedimagewith thetriplet
of light sourceswhosecorrespondingimageswereusedto render
thatpixel. Thecorrespondingtripletsof light sourcepositionsare
shown, bottom.Thedotson thespheredenotethelight sourcepo-
sitions.Thecolortrianglesdenotetripletsof light sourcepositions.
Thethreeimagesacquiredby thethreelight sourcepositionsin the
triplet areusedto rendertheintensitiesof thelike-coloredregions
in thesyntheticimage,top left andright.

light or absent,the re�ectanceis dominatedby theporous
clay while wheretheglazeis thick (eyes,dimples,bumps),
thesurfacedisplaysspecularities.In theseimages,thelight
source(realin thetopimageandsyntheticin thebottomim-
age)waspositionedat 1/3 of thedistancefrom thesurface
of light sourcesto the frog. Sincethe two imagesareper-
ceptuallynearlyidentical,thelower imageshows themag-
nitudeof thedifferenceimagebetweenthetwo images.The
averageerror is 3.40gray levels. The error is largestnear
specularitiesandshadows, andthis may be attributableto
the samplingrateof light sourcepositions. Moviesshow-
ing the owl and frog illuminatedby moving light sources
canbedownloadedfrom [19]; notethemotionandshapeof
thehighlights.

3.2 EmbeddingObjectsin SyntheticScenes
We canapply this approachto renderarti�cial sceneswith
embeddedmodelsof realandsyntheticobjectsaswell. The
only majordifferenceis interactionsbetweentheembedded
objectandtherestof thescene,andthesecanbeeithercap-
turedin advanceor simulated.

We haveusedtheBlueMoonRenderingTools(BMRT),
a public domainray tracerconformingcloselyto theRen-
derManinterface,to renderscenescontaininga mixtureof
real and arti�cial objects. Figure 7 shows two examples

Fig. 5: Renderedimagesof four objects:a dirty brassowl, a ce-
ramic �gurine, a red deliciousapple,anda pear. While the owl,
�gurine, andapplearerenderedunderpoint light sourceswith lo-
cationssigni�cantly differentfrom thosein theobjects'respective
illuminationdatasets,thepearwasrenderedunderapointandarea
source.Therenderingtechniqueis thatdescribedin Sec.2 andin
Fig. 4.

of scenescontaininga pitcher(the“real” object)undertwo
differentlighting conditions.Theapple,ceramictile �oor ,
and metallic sphereare syntheticand speci�ed by public
domainmodelsandshaders.For castshadow andre�ection
ray calculations,thepitcheris representedby a 3-D model.
Thesurfaceof themodelwasrenderedusinga customsur-
faceshader, which usesthe arrayof imagesof the pitcher
asshown in Fig. 3 to performimage-basedrendering.The
shadereffectively implementsthe indexing and interpola-
tion schemedescribedin the previous section. However,
sinceonly a 2-D sliceof theBRDF is captured,theshader
considerstheemittedradianceat eachpoint to beconstant
in all directions.Thisiscorrectfor thedirectview of thereal
object,but anapproximationfor light re�ectedfrom thereal
objectontoothersceneelements.To renderthe imagesin
Fig. 7, thescenewasilluminatedby two point light sources
andBMRT usedraytracingto computeglobalillumination.
Note that interre�ection from the real pitcher to synthetic
sceneelements(ceramic�oor andmetallic sphere)aswell
asfrom the syntheticelementsto the real pitcherarecap-
tured.
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Fig. 6: Real imageof a ceramicfrog (top), renderedimageof
theceramicfrog usingour image-basedtechniquewith asynthetic
light sourceat the samelocation(middle), andthe magnitudeof
the differenceimagebetweenthe real andrenderedimages(bot-
tom).

Fig.7: In thesetwo scenes,renderedusingtheBlueMoonRender-
ing Tool Kit, thebackground,supportingplane,apple,andmetal-
lic sphereare completelysyntheticwhile the ceramicpitcher is
renderedusingour image-basedrenderingmethod.

3.3 CompositingRealObjects in Video

We can further use the illumination datasetsto automat-
ically compositean image-basedobject into a video se-
quence.Our goal is to compositethe image-basedobjects
ontovideosuchthattheilluminationon theobjectmatches
that in thescene,andtheshadows andinterre�ectionscre-

atedby theobjectarerealisticallyhandled.
The remainderof this sectiondemonstratesthe appli-

cation througha compositingexample. First, to convinc-
ingly compositean object within a scene,knowledgeof
how the sceneis illuminated is required. Similar to the
methoddescribedin [24], we simultaneouslygathertwo
video sequences:one of the actualsceneusing a Canon
XL-1 miniDV videocamera,andtheotherof theradianceat
theintendedobjectlocationwithin thescene,usingaNikon
CoolPixdigital camerain MPEGmodewith a �sheye lens
attachment. (Our radiancemapsare similar to thoseob-
tainedwith metallic spheresin [8], althoughwe pay the
price of limited dynamicrangedueto the acquisitionof a
timesequence.)

In eachframe,thepixel coordinatesof all light sources
in the�sheyeradiancemapswereautomaticallydetermined
by low pass�ltering andthresholdingtheimages.Thoseco-
ordinates,andtheexperimentallydeterminedpixel location
to anglemappingof the lens, wereusedto selectimages
from the illumination datasetcorrespondingto the closest
capturedlight sourcelocations.1 The selecteddatasetim-
ageswerethencombinedusingsuperpositionto renderthe
objectunderthe arbitraryscenelighting, which could in-
cludemultiple or extendedsources.This methodassumes
the sourcesareat a �x ed distancefrom the object,andso
doesnot requirethe full depth-basedrenderingmethodin
Section2. Wearecurrentlyextendingthisdemonstrationto
situationsrequiringdepth-basedrendering.

This approximationworks quite well for pixels on the
object,but it ignorestheeffectsof shadowsandinterre�ec-
tionscastfrom theobjectontothesurroundingregionin the
videofootage.To overcomethis,weuseatechniquesimilar
to thosein [8, 11]. Wegatheranadditionalbackgroundillu-
minationdatasetthatis identicalto theilluminationdataset,
except that the object hasbeenremoved. As [8, 11] did
with syntheticglobal illumination solutions,we compared
the two datasetimagesto determinehow the presenceof
the objectaffectedthe areasurroundingit. We compared
theimagesby computinga radiancescalefactor PI�C>D
 that
wascomputedfor eachpixel > asfollows

PI�C>D
E,QB�RTS�UWV�X=Y��C>D
WN�B�S�Z:X$[\��>D
 (2)

where B
RWS]UWV�X=Y

�C>D
 wasthe intensityof thepixel > in theap-
propriateillumination datasetimage(with objectpresent),
and B

S=Z<X$[
�C>D
 wastheintensityof pixel > in thecorrespond-

ing backgroundillumination datasetimage(with no object
present).In shadow regions, PI�C>D
 is lessthanone,andit
darkenstheregion surroundingtheobjectin thecomposite
image. In interre�ections, PI�C>D
 is greaterthanone,andit

1Theillumination datasetswereacquiredwith light sourcelocationsat
every two degreesin azimuthandelevation over theupperfront quadrant
of a sphere.Althoughthedatasetis limited, andsoobviously cannotsim-
ulateall possiblelighting conditions,it is adequatefor demonstratingour
methods.
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Fig. 8: This �gure illustrateshow imagesof anobjectarecompos-
ited into video footage.Thetop row shows a still framefrom the
video sequence,left, andthe correspondingradiancemap,right.
Note that the dark circle is the �sheye lens recordingthe radi-
ancemap. The secondrow shows an imagefrom the illumina-
tion dataset,left, andan imagefrom thebackgroundillumination
datasetcorrespondingto oneof the light sourcesdetectedin the
radiancemap,right. Thethird row shows a diagramoutlining the
segmentedobjectboundaryandtheactive region in thecomposite
image,andthefourthshows thecompositeimagealone.

brightensthe surroundingregion. The methodis exact if
the backgroundin the sceneandthe backgroundin the il-
luminationdatasethavethesamegeometricandre�ectance
properties,and is an approximationotherwise. For color
images,thescalefactorcanbecomputedandappliedsepa-
ratelyfor eachcolorchannel.

A one time handsegmentationwasperformedto label
the pixels in the illumination datasetimagesas object or

background.Sincetheviewpointwas�x ed,it wassuf�cient
to segmenta singleimagefrom eachdataset.A large”ac-
tive” region encompassingthe object,shadows, andinter-
re�ections in the entireillumination datasetwasalsohand
selected,althoughonly a roughboundarywasneeded.

The pixel valuein the �nal compositeimagewascom-
putedas follows: compositeimagepixels locatedon the
objectareassignedthepixel valuein theobjectimage;pix-
els locatedin the active region, but not on the object,are
assignedthevideoframevaluescaledby theradiancescale
factor P ; andpixels locatedoutsidethe active region are
assignedtheunchangedvideoframevalue.

The above procedureis illustratedin Fig. 8, in which a
vasecontaining�o wers is compositedonto a tablescene.
Note the consistentshadows castby the �o wers onto the
supportingtableand the consistenthighlightson both the
glassandthe compositedvase. The geometryof the plate
andglassareunknown, andso shadows caston themare
approximate.Figure9 shows still framesfrom theoriginal
sequence,the radiancemap sequence,and the �nal com-
positedsequence.Thecompositedsequencecanbedown-
loadedfrom [19].

4 Discussion
We have presenteda methodfor renderingnovel imagesof
an objectunderarbitrarylighting conditions. The method
correctlyhandlesshadowing without theneedfor ray trac-
ing andcansynthesizepoint, anisotropic,extended,or any
othertypeof light source.

Thereare,of course,many issuesto explore. As in the
lumigraphwork [6], what is the relationof the BRDF and
geometryto thesamplingrateof light sourcesthatyieldsef-
fectiverenderings?Whatareef�cient waysto compressthe
presumablyredundantinformationfor mostscenes?How
accuratearethe renderings? While the renderingmethod
can be appliedto surfaceswith arbitrary BRDFs, the ef-
fectof interre�ectionsneedsto bestudiedfurther. Whatare
fastwaysto renderimagesusingthe resultingrepresenta-
tion? How cansuchmethodsbeextendedto handlediffer-
ent viewpointsaswell asillumination? Note that we only
really recover a 2-D slice of the apparentBRDF at each
point. Are thereprincipledmeansto extrapolatetheappar-
ent4-D BRDFfrom the2-D slicesowecancorrectlyrender
novel viewpoints?
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