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Figure1: (a) A scenelit by a singlesourceof light. Thesceneincludesa wide varietyof physicalphenomenathatproducecomplex global
illuminationeffects.Wepresentseveralmethodsfor separatingthe(b) directand(c) globalilluminationcomponentsof thesceneusinghigh
frequency illumination. In this example,thecomponentswereestimatedby shifting a singlecheckerboardpattern25 timesto overcomethe
opticalandresolutionlimits of the source(projector)andsensor(camera).Thedirectandglobal imageshave beenbrightnessscaledby a
factorof 1.25. In theory, theseparationcanbedoneusingjust 2 images.Whentheseparationresultsareonly neededat a resolutionthat is
lower thanthoseof thesourceandsensor, theseparationcanbedonewith a singleimage.

Abstract

We presentfastmethodsfor separatingthedirectandglobal illumi-
nationcomponentsof ascenemeasuredby acameraandilluminated
by a light source.In theory, theseparationcanbedonewith just two
imagestakenwith a high frequency binary illumination patternand
its complement.In practice,a largernumberof imagesareusedto
overcometheopticalandresolutionlimitationsof thecameraandthe
source.Theapproachdoesnot requirethematerialpropertiesof ob-
jectsandmediain thesceneto beknown. However, we requirethat
the illumination frequency is high enoughto adequatelysamplethe
globalcomponentsreceivedby scenepoints. We presentseparation
resultsfor scenesthat includecomplex interre�ections,subsurface
scatteringand volumetric scattering. Several variantsof the sepa-
rationapproacharealsodescribed.Whena sinusoidalillumination
patternis usedwith differentphaseshifts,theseparationcanbedone
using just threeimages. When the computedimagesare of lower
resolutionthan the sourceand the camera,smoothnessconstraints
areusedto performtheseparationusinga singleimage.Finally, in
the caseof a staticscenethat is lit by a simplepoint source,such
asthesun,a moving occluderanda videocameracanbeusedto do
theseparation.We alsoshow severalsimpleexamplesof how novel
imagesof a scenecanbecomputedfrom theseparationresults.
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1 Intro duction
Whena sceneis lit by asourceof light, theradianceof eachpoint in
thescenecanbe viewed ashaving two components,namely, direct
andglobal. The direct componentis dueto the direct illumination
of the point by the source. The global componentis dueto the il-
luminationof the point by otherpoints in the scene.Considerthe
scenepoint P shown in Figure2. The light ray A representsits di-
rect illumination by the sourceandhenceis the solecausefor the
directcomponentof theradiancemeasuredby thecamera.Therays
B, C, D andE arereceivedby P from otherpointsin thescene,and
togetherthey contributeto theglobalcomponentof its radiancemea-
suredby thecamera.Theseglobalillumination light raysarecaused
by differentphysicalphenomenathatarecommonin therealworld.
Ray B representsthe interre�ection of light betweenscenepoints;
rayC resultsfrom subsurfacescatteringwithin themediumbeneath
thesurface;ray D is dueto volumetricscatteringby a participating
mediumin the scene;and ray E is due to diffusion of light by a
translucentsurface.

It is highly desirableto have a methodfor measuringthedirectand
global componentsof a scene,aseachcomponentconveys impor-
tant informationaboutthe scenethat cannotbe inferredfrom their
sum.For instance,thedirectcomponentgivesusthepurestmeasure-
mentof how the materialpropertiesof a scenepoint interactwith
the sourceandcamera.Therefore,a methodthat canmeasurejust
the direct componentcan be immediatelyusedto enhancea wide
rangeof scenecapturetechniquesthat areusedin computervision
and computergraphics. The global componentconveys the com-
plex optical interactionsbetweendifferentobjectsandmediain the
scene. We know that it is the global componentthat makes pho-
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Figure2: The radianceof scenepoint is dueto direct illumination
of the point by the source(A) andglobal illumination dueto other
points in the scene. The global illumination can arisefrom inter-
re�ections (B), subsurfacescattering(C), volumetricscattering(D)
andtranslucency (E).Separationof thedirectandglobalcomponents
of measuredradianceis usefulasthesecomponentsconvey different
propertiesof thescene.

torealisticrenderinga hardandcomputationallyintensive problem.
A measurementof this componentcould provide new insightsinto
theseinteractionsthatin turn couldaid thedevelopmentof moreef-
�cient renderingalgorithms.Furthermore,measurementof thedirect
andglobalcomponentscanenablenew typesof imagemanipulations
thataremorefaithful to thephysicallaws thatgovernscattering.
The goal of this paperis to develop ef�cient methodsfor separat-
ing thedirectandglobalcomponentsof a scenelit by a singlelight
sourceand viewed by a camera. One way to measurethe global
componentis to illuminate eachpoint of the sceneindependently
andcapturean imageto determinethe contribution of the point to
all otherpoints,asrecentlyproposedin [Seitz et al. 2005]. While
this approachis valid from a theoreticalstandpoint,it becomespro-
hibitively expensive for largeandcomplex scenes.Weshow thatthe
direct andglobal componentsat all scenepointscanbe ef�ciently
measuredby usinghigh frequency illumination patterns. This ap-
proachdoesnot requirethescatteringpropertiesof thescenepoints
to beknown. We only assumethat theglobalcontribution received
by eachscenepoint is a smoothfunction with respectto the fre-
quency of thelighting. Thisassumptionmakesit possible,in theory,
to do theseparationby capturingjust two imagestakenwith a dense
binary illumination patternandits complement.In practice,dueto
theresolutionlimits imposedby thesourceandthecamera,a larger
set of images(25 in our setting)is used. We show separationre-
sultsfor severalscenesthat includediffuseandspecularinterre�ec-
tions,subsurfacescatteringdueto translucentsurfacesandvolumet-
ric scatteringdueto densemedia.We alsoshow how thedirectand
global componentscanbe usedto generatenew imagesthat repre-
sentchangesin theopticalpropertiesof theobjectsandthemediain
thescene.
We presentseveralvariantsof our methodthatseekto minimizethe
numberof imagesneededfor separation.We show that by usinga
sinusoid-basedilluminationpattern,theseparationcanbedoneusing
just threeimagestakenby changingthephaseof thepattern.When
the resolutionof thecameraandthesourcearegreaterthanthede-
siredresolutionof the direct andglobal images,the separationcan
be donewith a singleimageby assumingneighboringscenepoints
to have similar direct andglobal components.In the caseof just a
simplepoint light source,suchasthesun,thesourcecannotbecon-
trolled to generatetherequiredhighfrequency illuminationpatterns.
In suchcases,the shadow of a line or meshoccludercanbe swept
over thescenewhile it is capturedby a videocamera.Thecaptured
videocanthenbeusedto computethedirectandglobalcomponents.
Weconcludethepaperwith adiscussiononseveralextensionsof our
approachthatareplannedfor thefuture.

2 Related Work
Therehasbeenlimited work on separatingthe directandglobal il-
lumination componentsof a scenefrom images. Classicalshape-
from-brightnessalgorithms,suchasphotometricstereo[Woodham
1980], do not accountfor global illumination due to interre�ec-
tionsandhenceproduceincorrectshapeandre�ectanceestimatesfor
sceneswith concavities. For Lambertiansurfaces,Nayaretal.[1991]
analyzedthe propertiesof the incorrectshapeandre�ectancepro-
ducedby photometricstereoandshowed that the actualshapeand
re�ectancecanberecoveredfrom the incorrectones.This recovery
processimplicitly separatesthedirectandglobalcomponentsof the
scene.However, this approachis hardto extendto non-Lambertian
sceneswith complex geometriesof thetypeweareinterestedin.
In thecaseof pureinterre�ectionsproducedby any opaquesurface,
thedirectandglobalcomponentscanbeinterpretedin asimpleman-
ner. Thedirectcomponentis dueto a singlere�ection at thesurface,
while theglobalcomponentis dueto multiple re�ections. An inter-
estingtheoreticaldecompositionbasedon this interpretationwasre-
centlyproposedby Seitzetal. [2005]. They alsopresentedamethod
for estimatingtheinterre�ectioncontribution dueto any givennum-
berof re�ections.While thedecompositionitself is applicableto sur-
faceswith arbitraryBRDF, themethodfor estimatingthedecompo-
sitionis basedontheLambertianassumption.Moreover, thismethod
requiresa very largenumberof imagesto beacquiredasit needsto
know thephotometriccouplingbetweenall pairsof scenepoints.
In orderto separatetheilluminationcomponentsof arbitraryscenes,
oneneedsto go beyond the realmof interre�ectionsandbeableto
handlemore complex phenomenasuchas subsurfacescatteringin
translucentobjectsandvolumetricscatteringby participatingmedia.
A generalapproachto this problemis to estimatethe dependence
of the light �eld [Levoy and Hanrahan1996; Gortler et al. 1996]
of a sceneon an arbitrary illumination �eld. This dependenceis
expressedasa linear transformationcalleda transportmatrix. Due
to its enormousdimensionality, estimationof the transportmatrix
requiresa very large numberof imagesandilluminations. Several
techniqueshave beenproposedto reducethe numberof imagesby
usingcodedillumination �elds [Zongker et al. 1999;Debevecet al.
2000; Chuanget al. 2000; Lin et al. 2002; PeersandDutré 2003;
Zhu andYang2004;Shim andChen2005;Senet al. 2005]. Even
so,typically, several tensor evenhundredsof imagesareneededto
obtainacceptableestimatesof thetransportmatrix. In our work, we
do not aim to recover the entire transportmatrix. Our goal is less
ambitious– it is to separatetheappearanceof a scenelit by a single
sourceinto its directandglobalcomponents.In thissetting,weshow
that theseparationcanbedonewith a very smallnumberof images
– undercertainconditions,just a singleimageis suf�cient.
It hasbeenrecentlyshown that by separatelycomputingthe direct
and global components,the renderingof a syntheticscenecan be
spedup [Sloanet al. 2002;Arikan et al. 2005]. We have computed
directandglobalimagesfor severalscenesandtheseimagesinclude
a varietyof non-intuitive effects.We thereforebelieve thatoursepa-
rationmethodscouldprovidenew insightsthatleadto moreef�cient
renderingalgorithms.Finally, we show several simpleexamplesof
how theseparationresultsfor a scenecanbeusedto generatenovel
imagesthatrepresentchangesin thephysicalpropertiesof thescene.

3 Theory of Fast Separation
3.1 De�nitions for Direct and Global Illumination
Considera surfaceviewed by a cameraandilluminatedby a point
source,asshown in Figure3(a). Let usassumethat thesourcegen-
eratesa setof illumination rays,eachray correspondingto a single
sourceelement,asin thecaseof a digital projector. We assumethat
eachpointof thesurfacecouldcauseasigni�cant scatteringeventin
thedirectionof thecameraif lit by thesource.Theradianceof asur-
facepoint measuredby thecameradueto sucha scatteringevent is



referredto asthedirectcomponent, Ld. Theexactvalueof thedirect
componentis determinedby the BRDF of the surfacepoint, which
canbe arbitrary1. For our separationmethodto work, we assume
that eachcamerapixel canobserve at mostonesigni�cant scatter-
ing event,i.e. two differentsourceelementscannotproducea direct
componentalonga camerapixel's line of sight2.
Theremainingradiancemeasuredby thecamerapixel is referredto
astheglobal component, Lg. In computergraphics,this termis typ-
ically usedto denoteinterre�ections– light received by a surface
point after re�ection by other scenepoints. Here, we are using a
moregeneralde�nition. In additionto interre�ections,theglobal il-
luminationreceived by the surfacepoint may be dueto volumetric
scattering,subsurfacescatteringor even light diffusion by translu-
centsurfaces(seeFigure2). Thecaseof diffusion by a translucent
surfaceworkssimilarly to interre�ections.In thecaseof volumetric
scattering,theglobalcomponentarisesfrom the illumination of the
surfacepoint by light scatteredfrom particlessuspendedin a par-
ticipatingmedium. In thecaseof subsurfacescattering,thesurface
point receiveslight from otherpointswithin thesurfacemedium.Fi-
nally, theglobalcomponentalsoincludesvolumetricandsubsurface
effectsthatmayoccurwithin thecamerapixel's �eld of view but out-
sidethevolumeof intersectionbetweenthe�elds of view of thepixel
andthesourceelementthatproducesa signi�cant scatteringeventat
the pixel. Theseareconsideredto be global effectsasthey arenot
signi�cant scatteringeventscausedby individual sourceelements3.
In all cases,thetotal radiancemeasuredat a camerapixel is thesum
of thedirectandglobalcomponents:

L = Ld + Lg : (1)

3.2 The Nature of the Light Source

In ourwork, werestrictourselvesto theuseof asinglecameraanda
singlesource.While we will usea point sourceto describeour sep-
arationmethod,this is not a strict requirement.We only requirethat
eachpoint in thescenebedirectly illuminatedby at mostonesource
element.In otherwords,the light rayscorrespondingto thesource
elementsshouldnot intersectwithin theworkingvolumeof thesetup
usedto performtheseparation.Any source(point or extended)that
satis�esthis conditionmaybeused.

3.3 Separation using High Frequency Illumination
Let usassumethatthescenein Figure3(a)includesa singleopaque
surfaceof arbitraryBRDF immersedin a non-scatteringmediumso
thattheglobalcomponentarisessolely from interre�ections.As we
will see,our analysisof this caseis applicableto otherphenomena
suchassubsurfaceandvolumetricscattering.
Let us divide the surfaceinto a total of N patches,M of which are
directly visible to thesource.Eachof theseM visible patchescorre-
spondsto a singlepixel of thesource.We denotetheradianceof the
patchi measuredby thecamerac asL[c; i], andits two components
asLd[c; i] andLg[c; i], so that L[c; i] = Ld[c; i] + Lg[c; i]. Theglobal
componentof i dueto interre�ectionsfrom all othersurfacepatches
canbewrittenas:

1Since,in practice,camerasandsourceshave ®nite resolutions,thedirect
componentis theaggregateof all thescatteringthatoccurswithin thevolume
of intersectionbetweenthe ®eldsof view of the camerapixel that observes
thesurfacepoint andthesourceelementthatilluminatesit.

2A scenariothatviolatesthis assumptionis thecaseof a transparent(and
yet re¯ective) surfacein front of anothersurface,wherea camerapixel's line
of sightcouldproducetwo signi®cantscatteringsdueto differentsourceele-
ments(pixels in thecaseof aprojector).

3This claim doesnot hold true whenthe sourceandthe cameraareco-
located. In this specialcase,the ®eld of view of eachcamerapixel is illu-
minatedby a singlesourceelementandhencethevolumetricandsubsurface
scatteringeffects within the pixel's ®eld of view will indeedbe signi®cant
scatteringeventsandhenceappearin thedirectcomponent.
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Figure3: (a) A simple scenariowherethe radianceof eachpatch
i includesa direct componentdueto scatteringof light incidentdi-
rectly from thesourceanda globalcomponentdueto light incident
from otherpointsin thescene.(b) Whenthesourceradiatesa high
frequency binaryilluminationpattern,thelit patchesincludebothdi-
rectandglobalcomponentswhile theunlit patcheshaveonlyaglobal
component.In theory, two imagesof the scenetaken with suchan
illuminationpatternandits complementaresuf�cient to estimatethe
directandglobalcomponentsfor all patchesin thescene.

Lg[c; i] = å
j2P

A[i; j ]L[i; j ] ; (2)

where,P = f j j1 � j � N; j 6= ig. L[i; j ] is the radianceof patch
j in the directionof patchi andA[i; j ] incorporatesthe BRDF of i
aswell asthe relative geometriccon�guration of the two patches4.
We canfurtherdecomposeLg[c; i] into two componentsasLg[c; i] =
Lgd[c; i] + Lgg[c; i], whereLgd[c; i] is dueto thedirectcomponentof
radiancefrom all scenepatchesandLgg[c; i] is dueto theglobalcom-
ponentof radiancefrom all scenepatches:

Lgd[c; i] = å
j2P

A[i; j ]Ld[i; j ] ; Lgg[c; i] = å
j2P

A[i; j ]Lg[i; j ] : (3)

Now let usassumethatonly afractiona of thesourcepixelsareacti-
vatedandthattheseactivatedpixelsarewell-distributedover theen-
tire sceneto produceahighfrequency illuminationpattern,asshown
in Figure 3(b). The set of illuminated patchescan be denotedas
Q= f kjk 2 Nandlit (k) = 1g, wherethefunctionlit indicateswhether
a patchis illuminatedor not. Then,theabove componentsbecome:

Lgd
+ [c; i] = å

j2Q
A[i; j ]Ld[i; j ]; Lgg

+ [c; i] = å
j2P

A[i; j ]Lg
+ [i; j ]: (4)

Note that Lgd
+ [c; i] differs from Lgd[c; i] only in that the lit a M

patchesratherthanall the M patcheshave a direct componentand
hencemake a contribution. Therefore, if the geometryand re-
�ectance term A[i; j ] and the direct componentLd[i; j ] are smooth
with respectto thefrequency of theilluminationpattern,we have:

4Details on the form of A[i; j] can be found in [Chandrasekhar1950;
Koenderinkandvan Doorn 1983; Kajiya 1986; Immel et al. 1986; Forsyth
andZisserman1991;Nayaret al. 1991;Seitzet al. 2005]. In our work, the
exactform of A[i; j] is not relevantasit notusedexplicitly duringseparation.



Lgd
+ [c; i] = a Lgd[c; i] : (5)

A brief frequency domainanalysisof theilluminationfrequency that
makestheabove relationvalid is givenin AppendixA.
Now, let us considerthe secondterm, Lgg

+ [c; i]. Since Lg
+ [i; j ]

in Equation(4) is the resultof higherordersof interre�ection than
Lgd

+ [c; i], it is even smootherandhencelessaffectedby the non-
uniformity of theillumination. However, it is directlyproportionalto
theaveragepower of theillumination, which is reducedby a in the
caseof the high frequency pattern. Therefore,Lg

+ [i; j ] = a Lg[i; j ]
andweget:

Lgg
+ [c; i] = a Lgg[c; i] : (6)

Considertwo capturedimagesof thescene,where,in the�rst image
L+ thesceneis lit with high frequency illumination thathasfraction
a activatedsourcepixelsandin thesecondimageL� it is lit with the
complementaryillumination thathasfraction1� a activatedsource
pixels. If the patchi is lit directly by the sourcein the �rst image
thenit is not lit by thesourcein thesecondimage,andwe get:

L+ [c; i] = Ld[c; i] + a Lg[c; i] ; L� [c; i] = (1� a )Lg[c; i] : (7)

Therefore,if weknow a , wecancomputethedirectandglobalcom-
ponentsateachcamerapixel from justtwo images.Thusfar, wehave
assumedthatwhena sourcepixel is not activatedit doesnot gener-
ateany light. In thecaseof a projector, for example,this is seldom
completelytrue. If we assumethebrightnessof a deactivatedsource
elementis a fraction b, where0 � b � 1, of an activatedelement,
thentheabove expressionscanbemodi�ed as:

L+ [c; i] = Ld[c; i] + a Lg[c; i] + b(1� a )Lg[c; i] ;

L� [c; i] = bLd[c; i] + (1� a )Lg[c; i] + a bLg[c; i] : (8)

Again, if a andb areknown, theseparationcanbedoneusingjust
two images.Note that if a is eithercloseto 1 or 0, the scenewill
be lit (sampled)very sparselyin oneof the two images. Sincewe
wishto maximizethesamplingfrequency of theillumination in both
images,a goodchoiceis a = 1

2 . In thiscase,we get:

L+ [c; i] = Ld[c; i] + (1+ b)
Lg[c; i]

2
;

L� [c; i] = bLd[c; i] + (1+ b)
Lg[c; i]

2
: (9)

Basedon theabove results,we will develop a variety of separation
methods.In eachcase,we will recorda setof brightnessvaluesat
eachcamerapixel anduseLmax andLmin to denotethe maximum
andminimumof thesevalues.In theabove caseof two imagestaken
with a = 1

2 , L+ � L� andhenceLmax= L+ andLmin = L� .

3.4 Generality and Limitations

While we have useda simplescenewith just interre�ectionsto de-
scribetheseparationmethod,it is applicableto a wide rangeof sce-
narios.Thedirectcomponentcanincludediffuseandspecularre�ec-
tions. Theglobalcomponentcanarisefrom not just interre�ections
but also volumetric and subsurfacescattering. In the presenceof
thesescatteringeffects,thesurfaceelementj in theabove equations
representsvoxelsof intersectionbetweenthe�elds of view of cam-
eraandsourcepixelsthataredistributedin 3D space,ratherthan2D
surfacepatches.
In thecaseof volumetricscattering,asmentionedearlier, two effects
arecapturedby themeasuredglobal component.The �rst is the il-
luminationof eachsurfacepoint by theparticipatingmedium.This
effect works like interre�ectionsandhenceis includedin the mea-
suredglobal component.The secondeffect is the brightnessof the
participatingmediumwithin thepixel's �eld of view. Considerthe
entiresetof sourceraysthatpassthroughtheline of sightof asingle
camerapixel. In the �rst image,a fraction a of the rayswill pass

throughtheline of sightandin thesecondimagea fraction1� a of
therayswill passthroughit. Therefore,if theilluminationfrequency
is highenough,evenif themediumis non-homogeneous,thesecond
effect is alsoincludedin themeasuredglobalcomponent.
In thecaseof subsurfacescattering,thedirectcomponentisproduced
by theBRDF of thesurfaceinterfacewhile theglobalcomponentis
producedby the BSSRDF(not including the BRDF of the surface
interface)of thesurfacemedium.
On theotherhand,thereareseveralextremescenarioswherethe il-
luminationfrequency will not besuf�ciently high for theseparation
methodto produceaccurateresults. For example,if the scenein-
cludeshighly specularor refractive surfaces,the surfacepoint may
be strongly illuminatedfrom multiple directionsandhenceexhibit
multiple signi�cant scatteringevents.Furthermore,theglobalcom-
ponentmaybeunderestimateddueto undersamplingby the illumi-
nation. In suchcases,theseparationresultswill includeundesirable
artifacts,aswe will show in Section4.

3.5 Veri�cation
Beforewe describeour separationmethods,we presentseveralver-
i�cation resultson the useof high frequency illumination for esti-
matingtheglobalcomponent.For theseexperiments,we have used
the sceneshown in Figure 4(a) (also shown in Figure 1) that in-
cludesa wide varietyof physicalphenomena.Thescenewaslit by
a Sanyo PROxtraX digital projector(with 1024� 768 pixels) and
imageswere capturedusinga Point Grey Dragon�y camera(with
1024� 768pixels).SincethecameradetectorhasaBayercolormo-
saic,all separationcalculationsweredoneusingthe raw mosaiced
imagesandthendemosaicingwasappliedto obtaincolor informa-
tion. Sincethis camerais noisyfor our purposes,for eachprojected
illuminationwe capturedandaveraged32 imagesto reducenoise.
Wepresentresultsfor thepointsmarkedin Figure4(a)whichinclude
diffuseinterre�ectionson thewhite board(A), specularinterre�ec-
tionsdueto thenutshell(B), subsurfacescatteringin themarbleob-
ject (C), subsurfacescatteringin the candlewax (D), translucency
of the frostedglass(E), volumetricscatteringby dilute milk in the
plasticcup(F) andglobalillumination in a castshadow (G).
In the�rst experiment,we studiedthesensitivity of theglobalcom-
ponentto thesizeof theilluminationpatchusedto constructthehigh
frequency pattern.For this thescenewasfully lit exceptfor square
patchesof size p� p (p is in projectorpixels) centeredaroundthe
above 7 points. Eachpoint thereforereceivesonly global illumina-
tion5. In Figure4(b), theglobalcomponent(measuredin thegreen
channeland normalizedby the value for a 3 � 3 patch)is plotted
asa function of the unlit patchsize p6. Note that betweenp = 3
and p = 11 the global estimatevariesby lessthan10% for all the
samplesexcept for the marblepoint. This demonstratesthat if the
illumination is suf�ciently high in frequency a goodseparationcan
beobtainedfor a wide rangeof physicalphenomena.In thecaseof
themarble,we seea quick fall in theglobal componentwith p be-
causetheglobalcomponentmainlyarisesfrom subsurfacescattering
which is very localdueto thehigh densityof themarble.Therefore,
the marblerepresentsa goodexampleof a phenomenonthat needs
to be sampledwith a higher illumination frequency thanwhat our
currentsystemcanproduceor measure.For this reason,we do not
includethemarblepoint (C) in thesubsequentexperiments.
In thesecondexperiment,welit thescenewith 100illuminationpat-
terns. Eachof thesepatternswas madeof non-overlapping6 � 6
patches,whereexactly half thepatcheswereactivatedbut theplace-
mentof theactivatedpatcheswasrandom.Theabovepointsof inter-
estwerekeptunlit with 6� 6 patchesfor all theilluminationpatterns

5The projectorwas calibratedto accountfor the effect of the inactive
brightnessfactorb in Equation8.

6Wedid notuseapatchsizeof 1� 1 asthevalueof b cannotbeprecisely
measuredin this casedueto thelimitationsof theprojector's optics.
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Figure4: (a) Sceneusedfor the veri�cation experiments. Results
arepresentedfor thepointsA� G, which representdifferentglobal
illumination phenomena.(b) In this experiment,thescenewasfully
lit except for squarepatchesof size p (in pixels) centeredaround
the pointsA� G. Theestimatedglobal componentLg is plottedas
a functionof p. (c) The meanandstandarddeviation of Lg for the
pointsA � G (excludingC), computedusing100 illumination pat-
ternswith 6� 6 checkers. In eachof thepatterns,half thecheckers
werelit andtheir locationswereselectedrandomly. (d) In thisexper-
iment,thescenewaslit with patternswith 6� 6 checkerswhereonly
a fractiona of thecheckerswerelit. Themeasureda Lg variesmore
or lesslinearly with a . (e) Here,the scenewaslit with a checker-
boardpatternwith half the checkers lit. Lg is plotted for different
checker sizesq (in pixels). In experiments(c)-(e) a 6 � 6 square
patchwaskeptunlit aroundeachof thepointsA� G (excludingC).

andtheirglobalcomponentswerecomputedfor eachof the100pat-
terns.Themeanandstandarddeviationof theestimatedglobalcom-
ponentareshown in Figure4(c). We seethat theglobalcomponent
estimatesarerobustto therandomnessof theilluminationpattern.

Next, we exploredthesensitivity of thecomputedglobalestimateto
thefractiona of lit patchesin theillumination pattern.Again,each
patternwasmadeof 6 � 6 patches,but in this caseonly a fraction
a of the patcheswere activatedand thesepatcheswere randomly
distributedover thepattern.As before,the6� 6 patcharoundeach
of the interestpointswaskept unlit. The resultsareshown in Fig-
ure 4(d). As expected,the estimatedglobal componenta Lg varies
linearlywith a indicatingthatevensmalla valuescanproducerea-
sonableestimatesof theglobalcomponent.

In the �nal veri�cation experiment,we usedcheckerboardillumi-
nationpatternsof differentfrequencies.For eachpattern,the6� 6
patcharoundeachof theinterestpointswaskeptunlit andits global
componentwas measured.Sincethe size of this unlit region was
keptthesamefor all checkerboardfrequencies,thecomputedglobal
estimatesdo not includehighly local contributions. This is relevant
mainly in thecaseof thecandlepoint (D), which hasstrongsubsur-
facescattering.In Figure4(e), theglobalcomponentis plottedasa
functionof thechecker sizeq (in projectorpixels),which is half the
periodof thecheckerboard.Theestimatedglobalcomponentsof all
pointsstaymoreor lessconstantwhenq is variedfrom 4 to 16 pix-
els. Also, they arevery closeto themeanglobalestimatesin Figure
4(c),which wereobtainedusingrandomizedcheckerboards.

4 Separation Metho ds and Novel Images
We now presentseveral methodsthat usehigh frequency illumina-
tion patternsto performthe separation.In addition,we show how
the computeddirect andglobal imagescanbe usedto createnovel
imagesof thescene.Notethatthefocusof our work is on thesepa-
rationandthat thenovel imageswe show areonly simpleexamples
of whatis possible7. Moreover, while thenovel imageswe show are
physicallymotivated,they arenotclaimedto bephysicallyprecise.

4.1 Checkerboard Illumination Shifts
As we have seenin Section3.5, a high frequency checkerboardil-
lumination patternand its complementarypatternare suf�cient to
obtainthedirectandglobalcomponentsof ascene.Unfortunately, it
is dif�cult to obtainsuchidealpatternsusinganoff-the-shelfdigital
projector. Dueto light leakageswithin theprojectoropticsandcus-
tom imageprocessingincorporatedby themanufacturer, the lit and
unlit checkershave brightnessvariationswithin them.Furthermore,
due to the limited depthof �eld of the projector, the checkerscan
bedefocusedin somesceneregions8. To overcometheseproblems
we take a largernumberof imagesthanthe theoryrequires.In our
experiments,we useda patternwith checkersthatare8� 8 pixelsin
sizeandshiftedthepattern5 times(by 3 pixelseachtime) in eachof
the two dimensionsto capturea total of 25 images.Theseparation
stepsareillustratedin Figure5(a),wheretheimagescorrespondto a
smallpartof thescenein Figure1. At eachpixel, themaximumand
minimummeasuredbrightnesses(Lmax;Lmin) wereusedto compute
thedirectandglobalestimates(Ld;Lg) usingEquation9.

Figures6(a)-(e) show separationresultsfor several sceneswhere
eachscenehasa dominantphenomenonthat producesthe global
illumination. In Figure 6(a) the global imageincludesthe strong
diffuse interre�ectionsbetweenthe eggsandwithin the creasesof
theorangepaper. In Figure6(b) thewoodenblockshave a specular
componentaswell andhencetheglobalimagehasregionsof strong

7Someof thenovel imagegenerationswe show herecanbedoneusinga
singleimageof anormallyilluminatedobjectusingrecentlydevelopedalgo-
rithmsfor specularityremoval (see[Mallick etal. 2006]).

8In all our experiments,the cameralens was usedwith an F-number
greaterthan8. Hence,defocuseffectsdueto thecamerawerenegligible.



color bleedingbetweenthe blocks. In Figure6(c), the appearance
of the peppersis dominatedby subsurfacescattering,asseenfrom
the global image. The direct componentmainly includesspecular
re�ections,exceptin thecaseof thegreenstalksthatarerathermore
diffusere�ectors. Similar effectsareseenin Figure6(d), wherethe
colorsof thecheesesandthegreenandpurplegrapesaremostlydue
to global illumination by subsurfacescattering.The direct compo-
nentfor bothsetsof grapesaresimilarandincludebothspecularand
diffusere�ectionsfrom thesurface.

Figure6(e) shows resultsfor a kitchensink with strongvolumetric
scatteringeffects. Thesink includessomeobjectsandis �lled with
very dilute milk which actslike a participatingmedium. Note that
the direct componentappearslike an imageof the scenein a clear
medium(air), while theglobalcomponentincludesthescatteringof
light by thedilute milk aswell asthesecondaryillumination of the
objectsby thedilute milk. Comparingthedirectandglobal images,
we seethat the secondaryillumination by the milk is signi�cantly
strongerthanthedirectilluminationby thesource.

Figure 6(f) shows examplesof how novel imagesof a scenecan
be computedfrom the direct andglobal images. In the caseof the
woodenblocks,the novel imageis just a differently weightedsum
of thetwo componentimages– theglobalcomponentis giventhrice
theweightof thedirectcomponent.Althoughsuchanimageappears
unrealisticandis impossiblefrom a physicalstandpoint,it is inter-
estingas it emphasizesthe optical interactionsbetweenobjectsin
thescene.In thenovel imageof thepeppers,thepeppershave been
givendifferentcolorsby changingtheirhuesin theglobalimageand
recombiningwith thedirectimage,whichincludesthespecularhigh-
lights thathave thecolor of thesource.Thesameprocessis usedto
generatethenovel imageof thegrapes.In comparisonwith thepep-
pers,thedirectcomponentof thegrapesincludesbothspecularand
diffusere�ectionsfrom theskin.

In thecaseof thekitchensink, thedarkregionsof theglobal image
wereusedto estimatethebrightnessLm of themilk. Lm wasassumed
to beconstantoverthesceneandwasremovedfrom theglobalimage
to obtainthe radianceLgm of theobjectsdueto illumination by the
milk. Theratiosof brightnessesin thedirect imageLd andthemilk
illumination imageLgm weretabulated. Then,the direct imagesof
two otherobjects(greenfruit andyellow pot) wereseparatelycap-
turedand their milk illumination imageswerecomputedusing the
tabulatedratios. TheLd, Lm andLgm componentsof thesenew ob-
jectswere thenaddedandthe objectswere insertedinto the scene
image. Noticehow the insertedobjectsincludenot only theeffects
of scatteringby themilk but alsosecondaryilluminationby themilk.

Figure8 shows acasewhereourseparationmethodfails. Thisscene
includesa mirror spherewhich violatesthe high frequency illumi-
nationassumptionwe have made.Theglobalillumination functions
for pointson themirror sphereaswell aspointson thediffusewalls
areno longersmoothcomparedto theillumination frequency dueto
the specularBRDF of the sphere.As a result,we seechecker-like
artifactsin themeasureddirectandglobalimages.

4.2 Source Occluders
Thus far, we have useda projectorto generatethe high frequency
illumination patterns.In thecaseof a simpleuncontrollablesource,
suchasthesun,occludersof variouskindscanbeusedto casthigh
frequency shadows on thescene.For example,a line occluder, such
asthestick in Figure5(b), canbesweptacrossthescenewhile it is
capturedby a videocamera9. If theoccluderis thin, its shadow will
occupy a small part of the sceneandhencewe canassumea = 1
in Equation(8)10. Furthermore,if the scenepoint lies within the

9Thescanningof a sceneusinga line occluderhasalsobeenusedto re-
cover thegeometryof thescene[BouguetandPerona1999].

10Only thedirectcomponentsof othershadowedscenepointswill notcon-
tributeto theglobalcomponentof eachshadowedscenepoint.

Minimum

Maximum Direct

Global

Captured

(a)

(b) (c) (d) (e)

Minimum

Maximum Direct

Global

Captured

(a)

(b) (c) (d) (e)

Figure 5: (a) The stepsinvolved in the computationof direct and
global imagesusinga setof shiftedcheckerboardillumination pat-
terns.(b) Theline occluder(stick)usedto scansceneslit by asimple
sourcesuchasthesun. (c) Themeshoccluderusedto expeditethe
scanningprocess.(d) Threeshiftedversionsof this sinusoid-based
illumination patternaresuf�cient to performthe separation.(e) A
magni�ed partof thefaceimagein Figure7(d)revealsthestripepat-
ternusedto do theseparationfrom a singleimage.

umbraof theshadow therewill beno directcontribution dueto the
sourceand henceb = 0 in Equation8. Let Lmax andLmin be the
maximumandminimumbrightnessesobservedatascenepointin the
videocapturedwhile sweepingtheoccluder. Then,Lmax= Ld + Lg,
Lmin = Lg andthe two componentscanbe computed. Figure7(a)
shows resultsobtainedfor an outdoorscenewith red leaves. One
of the framesof the capturedvideo is shown on the left (seethe
shadow castby thestick). Theleaveshaveastrongglobalcomponent
becausethey aresomewhat translucent.Theglobalcomponentalso
includestheambientilluminationof theleavesby thesky.

In thecaseof aline occluder, thecapturedvideomustbelongenough
to ensurethatall thescenepointshave beensubjectedto theumbra
of theshadow. Thecaptureprocesscanbemademuchmoreef�cient
by usinga morecomplex meshoccluder, suchasthe2D grid of cir-
cularholesshown in Figure5(c). In this case,only a small circular
motionof theoccluderis neededto ensurethatall thepointsarecap-
turedin andout of shadow. If a fractionb of thegrid is occupiedby
holes,thenwe have Lmax= Ld + bLg andLmin = bLg. Thescenein
Figure7(b) includesa mannequinbehinda translucentshower cur-
tain with anopaquedesignon it. Thedirectimageincludesspecular
re�ectionsfrom thecurtainaswell asdiffusere�ectionsfrom thede-
sign. Theglobalcomponentincludesthemannequinasit is only lit
indirectlyby diffuselight from thecurtain.

Themeasurementof thedirectcomponenthasimplicationsfor sev-
eral shapefrom brightnessmethodsusedin computervision. As
shown in [Nayaret al. 1991], interre�ectionscancauseshapefrom
brightnessmethodsto produceincorrectresults.In thecaseof con-
caveLambertiansurfaces,theshapecomputedby photometricstereo
canbere�ned by usingan iterative algorithm. If thedirect compo-
nentcanbe measuredfor eachof the light sourcesusedto perform
photometricstereo,onedoesnot needto rely on suchanalgorithm.
Figure 7(c) shows photometricstereoresultsfor a diffuse painted
bowl, obtainedusingthreesourcesanda line occluderto do thesep-
aration.Theoriginal imageandthecorrespondingdirectandglobal
imagesfor one of the sourcesare shown on the left. In the mid-
dleareshown thealbedoimagescomputedusingtheoriginal images
(uncorrected)andthedirect images.On theright arethedepthpro-
�les computedusingthe original imagesandthedirect images.As
expected,theoriginal imagesproduceanincorrectandshallow shape



[Nayaret al. 1991]. Thedirect imagesresultin a shapethat is very
closeto thegroundtruth shape,whichwasmanuallymeasured.

4.3 Other High Frequency Patterns
Although we have discussedtwo-valued illumination patterns(or
shadows) thusfar, our separationmethodis applicableto otherhigh
frequency illuminationsaswell. For instance,it canbeeasilyincor-
poratedinto standardstructured-lightrange�nders that usecoded
illumination patterns.In thecaseof binarycodedpatterns,someof
thepatternswill havehigh frequency stripes.Thecorrespondingim-
agescanbeusedto estimatethedirectandglobalcomponents.
In thecaseof a projector, any positive illumination functioncanbe
generated.A convenientclassof functionsis basedon thesinusoidal
function. By usinga high frequency patternthat variesover space
and/ortime asa sinusoidat eachprojectorpixel, theseparationcan
bedoneusingjust threepatterns.In the�rst pattern,thebrightnesses
of all the projectorpixels arerandomlygeneratedusinga uniform
distribution between0 and 1 so that the sceneis lit with half the
powerof theprojectorto produceaglobalcomponentof Lg=2 ateach
scenepoint. Let thebrightnessof agivenprojectorpixel bea= 0:5+
0:5sinf , where0 � f � 2p. Two more illumination patternsare
generatedby changingthephasesof thesinusoidsof all thepixelsby,
say, 2p=3 and4p=3. Then,thecamerabrightnessescorrespondingto
thescenepoint thatis directly lit by theabove projectorpixel canbe
writtenasL1 = Ld(0:5+ 0:5sinf ) + Lg=2, L2 = Ld(0:5+ 0:5sin(f +
2p=3)) + Lg=2 andL3 = Ld(0:5+ 0:5sin(f + 4p=3)) + Lg=2. From
theseequations,Ld, Lg andf canbefound.Notethatf givesusthe
correspondencebetweencameraandprojectorpixels.Hence,the3D
structureof scenecanbecomputedaswell [WustandCapson1991].
In theabove example,we useda random�rst patternandvariedits
brightnessover time asa sinusoid. Alternatively, a patterncanbe
generatedthat is sinusoidalwith a high frequency in onedirection
andthephaseof thesinusoidcanbevariedwith a high frequency in
theotherdirection. An exampleof sucha function is sin(x+ siny),
which is shown in Figure5(d). The phasevariationalongthe y di-
mensionisonly usedto ensurethattheilluminationhashighfrequen-
ciesalongbothspatialdimensions.If threeimagesof thesceneare
capturedusingthis patternandtwo shiftedversionsof it, wherethe
shiftsarein thex dimensionandareknown, we get threeequations
asin thepreviouscaseandLd, Lg andf canbefound.

4.4 Separation using a Single Image
Thus far, we have presentedmethodsthat can produceseparation
imagesat the full resolutionof thecapturedimages.Thedirectand
global imagescanbecomputedat a lower resolutionusinga single
capturedimage. Considera sceneilluminatedby a high frequency
binarypattern.We�lter eachcolorchannelof thecapturedimageto
�nd localpeaksandvalleys. Thisisdoneby assigningapixel amaxi-
mumor minimumlabelif its brightnessis themaximumor minimum
within ann� m window aroundit. Thebrightnessesat thesepeaks
andvalleys areinterpolatedto obtainfull resolutionLmax andLmin
images.Let usassumethattheseparationresultsareto becomputed
at 1=k of the resolutionof the capturedimage. Then,we compute
Lmax andLmin imagesat this lower resolutionby simply averaging
their valueswithin k� k blocksin thehigh resolutionimages.Once
this is done,Ld andLg arecomputedusingEquation8.
An exampleof separationusinga single imageis shown in Figure
7(d). Here,theSanyo projectorusedbefore(with 1024� 768pixels)
wasusedto projecta patternwith bright anddarkstripesof 2-pixel
width ona face.A CanonEOS20Dcamerawith 3503� 2336pixels
wasusedto capturethe image. A magni�ed region of thecaptured
imageis show in Figure5(e). Theseparationwasdoneasdescribed
above usingn = 11, m= 1 andk = 4. We seethattheglobal image
capturesthe color of the facewhich is primarily dueto subsurface
scattering,while thedirectimagehasanalmostmetallicappearance
asit mainly includesthesurfacere�ectionsdueto oils andlipids.

Figure7(e)shows how theoilinessof thefacecanbemodi�ed using
the direct andglobal images. For this, we tone-mappedthe direct
imageto accentuatetheeffectsof theoils andlipids. Then,this im-
agewasscaleddifferentlyandrecombinedwith theglobal imageto
obtainthe four novel images.The color of a facehasseveral con-
tributing factors[Tsumuraet al. 2003]. Evenso,reasonablecontrol
over skin tone can be achieved by changingthe hueof the global
imageandaddingbackthedirectimage,asshown in theFigure7(f).

5 Discussion
We have developedef�cient methodsfor separatingthe direct and
globalcomponentsof a scenelit by a singlelight source.Our sepa-
rationapproachis applicableto complex sceneswith a wide variety
of globalilluminationeffects.To ourknowledge,this is the�rst time
thedirectandglobalimagesof arbitrarilycomplex real-world scenes
have beenmeasured.Theseimagesreveala varietyof non-intuitive
effectsandprovidenew insightsinto theopticalinteractionsbetween
objectsin a scene.In addition,we have shown simpleexamplesof
how the separationresultscanbe usedto createnovel imagesof a
scene.In futurework,wehopeto show how directandglobalimages
canbeusedto performmoresophisticatedimagemanipulations.

We arecurrentlyexploring waysto incorporateour separationtech-
niqueinto digital camerasby modifying thecamera�ash to serve as
a high frequency source.For our approachto bea practicalcamera
feature,it mustbeableto handledynamicscenes.This requiresusto
do theseparationwith a minimal numberof images,ideally a single
image.To this end,our currentapproachto single-imageseparation
needsto beimprovedsothatthecomputedcomponentimagesareof
aresolutionthatis closeto thenativeresolutionof thecamera.If this
canbeachieved,a userwould beableto edit theappearancesof ob-
jectsin thesceneusingthemeasureddirectandglobalcomponents.

Our separationtechniqueonly producesthe total globalcomponent
at eachscenepoint and not the photometriccoupling betweenall
pairsof scenepoints. We arelooking into waysof usinghigh fre-
quency illuminations to estimatethe completetransportmatrix as-
sociatedwith a scene.This would leadto deeperinsightsinto the
photometricpropertiesof realscenesandperhapsevenmorepower-
ful methodsfor creatingnovel images.We have alsoassumedthat
thedirect componentarisesfrom a singledominantsourceandthat
all other sourcescontribute to the global component. It would be
usefulto extendour resultsto the caseof multiple sourceswithout
having to activatethesourcesin a sequentialfashion.

An interestingdirectionfor future investigationis the interplaybe-
tweentheresolutionsof thecamera,thesourceandthescenevaria-
tions. Like BRDFsandBSSRDFs,our directandglobal imagesare
dependenton thescaleof illumination andobservation. It would be
interestingto studyhow thedirectandglobalimagesvarywith scale
andwhethertheresultsobtainedat onescalecanbeusedat another.

A The Minimum Illumination Frequency
For any realisticscene,it is dif�cult to derive a closed-formexpres-
sion for the minimum frequency of the illumination neededto per-
form theseparation.This is becausethe termsA[i; j ] andLd[i; j ] in
Equation(3) arecomplicatedfunctionsof surfaceBRDFandgeome-
try. However, someinsightscanbegainedby viewing thesetermsas
continuousfunctionsandanalyzingtheir samplingby the illumina-
tion in frequency domain.Without lossof generality, let usassume
thesceneis 1D. Let x andy be thecontinuousversions(de�ned on
the scenesurface)of the discreteparametersi and j, respectively.
Sincewe areconsideringa singlesurfacepoint x, we candrop this
parameter. Then,from Equation(3), we have:

Lgd =
Z

A(y)Ld(y)dy: (10)
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Figure6: Separationresultsfor differentscenes,eachwith a dominantphysicalphenomenonthat producesthe global component.(a) A
scenewith eggson a papernapkinthat includesdiffuseinterre�ections. (b) A scenewith woodenblocksin a cornerthat includesspecular
interre�ections.(c) A scenewith peppersthatproducesubsurfacescattering.(d) A scenewith cheesesandgrapesthatalsoproducesubsurface
scattering.(e) A kitchensinkwith objectsimmersedin dilutemilk whichproducesvolumetricscatteringeffects.(f) Novel imagescomputed
from theseparationresults.
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Figure7: (a) Separationresultsfor leaves that are translucentandproducesubsurfacescatteringeffects. The left imageis from a video
capturedwhile the scenewasscannedwith a stick occluderundersunlight. (b) Separationresultsfor a mannequinbehinda translucent
shower curtain.Theleft imageis from a videocapturedwhile thescenewasscannedusinga meshoccluderwhile lit by a halogenlamp. (c)
Photometricstereoresultsfor acoloredbowl computedfrom regular(original) imagesandfrom directimagesobtainedusingastickoccluder.
(d) Theseparationof a faceinto its global anddirect componentsusinga singleimagecapturedwith a high frequency stripeillumination
pattern.Thedirectandglobalcomponentsareusedto generatenovel imagesof thefacethathave (e) differentoilinessand(f) differentskin
tone.
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Figure8: Separationresultsusingcheckerboardilluminationshiftsfor ascenethatincludesamirror sphereandthreediffusewallsaroundit.
Theseparationmethodfails in this caseasthesceneviolatesourassumptionthattheglobalfunctionateachpoint is smoothcomparedto the
illumination frequency. As a result,weseechecker-like artifactsin themeasureddirectandglobalimages.

LetA(y) andLd(y) havemaximumfrequenciesof wA andwL, respec-
tively. Sincethe productA(y)Ld(y) in spatialdomaincorresponds
to a convolution in frequency domain,it will have a maximumfre-
quency of wA + wL. If our goal wereto completelyreconstructthe
function A(y)Ld(y), we would needto sampleit with a minimum
(Nyquist) frequency of 2(wA + wL). However, we areinterestedin
Lgd, which is an integral over A(y)Ld(y) andhenceequalsits zero-
frequency (DC) component. To ensurethis DC componentis not
aliased,the signal must be sampledwith at leasthalf the Nyquist
frequency. Therefore,weneedto sampleA(y) andLd(y) with amin-
imum illumination frequency of (wA + wL) to obtainanaccuratees-
timateof Lgd. Global illumination guaranteesthat the term Lgg in
Equation(3) will besmootherthanLgd. Therefore,theabove illumi-
nationfrequency will alsobeadequateto obtainanaccurateestimate
of Lgg.
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