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Figure1: Stagesof light sourcemeasurementandrendering(from left to right): a) photoof �ashlight – b) �ashlight in measurementsetup–
c) 2D reconstructionof themeasureddatain avirtual plane– d) measuredlight usedin aglobalilluminationsimulation.

Abstract

Realisticimagesynthesisrequiresbothcomplex andrealisticmod-
elsof real-world light sourcesandef�cient renderingalgorithmsto
dealwith them.In thispaper, wedescribeaprocessingpipelinefor
dealingwith complex light sourcesfrom acquisitionto global illu-
minationrendering.Wecarefullydesignoptical�lters to guarantee
high precisionmeasurementsof real-world light sources.We dis-
cusstwo practicallyfeasiblesetupsthat allow us to measurelight
sourceswith differentcharacteristics.Finally, we introduceanef�-
cientimportancesamplingalgorithmfor ourrepresentationthatcan
beused,for example,in conjunctionwith PhotonMaps.
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1 Overview and Related Work

Convincing andrealisticlight sourcemodelsareanimportantpre-
requisitefor photorealisticimagesynthesis. Given the exact de-

sign of a luminaire (including geometry, materials,and emission
characteristicsof the illuminant), one can apply standardglobal
illumination computationsto incorporatecomplex luminairesinto
syntheticscenes.This approach,however, is impracticalin most
real-world scenariossincetheprecisedesigndatarepresentsanin-
tellectualpropertyof signi�cant value,andis unlikely to beshared
for renderingpurposes.But evenif suchdesigndatais madeavail-
able, it doesnot accountfor manufacturingtolerances.However,
relatively minor variationsof parameterslike theglassthicknessin
halogenlight bulbscanhaveasigni�cant impactontheillumination
patternsgenerated.In addition,renderingbasedon the geometric
modelcanbecomputationallyverydemanding.

As analternative, onecanincorporatemeasuredlight datafrom
complex luminairesdirectly into the renderingsystem.Suchdata
is provided by many companiesin the form of goniometricdia-
grams[Verbeckand Greenberg 1984], which representmeasure-
mentsof the far �eld of a luminaire (i.e. directional information
of the emittedlight from a point light source).Unfortunately, the
far �eld is only a faithful approximationof theemittedlight when
thelight sourceis suf�ciently farawayfrom theobjectto beillumi-
nated– asaruleof thumbatleast� vetimesthemaximumluminaire
dimension[Ashdown 1995]. Even improved modelsusingspatial
intensitymapsor complex emittinggeometry[Rykowski andWoo-
ley 1997]arestill tooweakto representthenear�eld of acomplex
light source.

On the otherhand,a light �eld [Gortler et al. 1996;Levoy and
Hanrahan1996]completelyrepresentsnearandfar �eld illumina-
tion of a light source,andcanthusbe usedto representthe light
sourcewithoutknowing its geometryandinternalstructure.

1.1 Near Field Photometr y

In his work on near �eld photometry[Ashdown 1993; Ashdown
1995], Ashdown has presentedmethodsfor measuringthe light
�eld of luminairesin both its near�eld and its far �eld compo-
nents. A digital cameramountedon a robot arm observesa light
sourcefrom many positionson a surrounding(hemi-)sphere.Both
Rykowski andWooley [1997],andJenkinsandMönch[2000] em-
ploy a similar setupto acquirethe light �eld of a luminaire,while
SiegelandStock[1996] replacedthecameralenswith apinhole.

On therenderingside,Heidrichet al. [1998] have describedrel-
atively ef�cient algorithmsbasedon a similar representationthey
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called a cannedlight source. While their algorithmsare faster
than a brute-forcerenderingapproach,they are still quadraticin
the light �eld resolution.However, thesimilarity betweentherep-
resentationsusedby Ashdown andby Heidrichetal. illustratesthat
measurementandrenderingcanwork on thesamedatastructures,
therebyallowing for anef�cient processingpipelinefrom acquisi-
tion to imagesynthesis.

In near�eld photometry, anumberof camerasarepointedat the
luminaireto be measured(or, morepractically, a singlecamerais
movedaround),andthentheirradianceincidentto the�lm planeis
recordedusingan imagingsensor(e.g.a CCD chip). The camera
positionscorrespondto a samplingof somevirtual samplingsur-
faceS. In practice,the light sourcemay producearbitrarily high
spatial frequencieson S, in which casewe have just introduced
aliasingby notapplyinga low-pass�lter beforethesamplingstep.

This issuehasbeenraisedby Halle [1994] and was notedby
Levoy andHanrahan[1996]. They both proposeto usethe �nite
apertureof the cameralens as a low-pass�lter by choosingthe
aperturesize equalto the size of a sampleon the cameraplane.
Theshapeof the�lter kernelis thusasideeffectof thelenssystem
ratherthanadeliberatechoicebasedonsamplingtheory.

1.2 Contrib utions

In this paper, we describea measurementsystemthatsigni�cantly
improvesonnear�eld photometryby projectingthelight �eld emit-
ted by the light sourceinto a �nite basisbefore sampling.This is
doneusinga simpleoptical system.Theshapeandsupportof the
basisfunctionsarespeci�cally designedfor a particularsampling
scheme.Basedon the resultingmeasurementswe canexactly re-
constructthe least-squaresapproximationof the true light �eld in
our basis.Alternatively, we canreconstructwith a moreef�cient,
shift-invariant�lter , andobtaina closeapproximationto the least-
squaressolutionthatis suitablefor hardwareacceleratedrendering
with theapproachproposedby Heidrichetal. [1998].

In comparisonto previous acquisitionapproaches,our optical
setupletsusmove in very closeto thesurfaceof the light source.
In particular, thedistancebetweenthelight andtheapertureof our
systemis smallerthan the distancebetweenthe apertureand the
imaging plane. This allows us to capturea much wider �eld of
view in a singlephotograph.

Ontherenderingside,weintroduceasolutionto performimpor-
tancesamplingof our light �eld representation.This allows us to
integratethe acquiredlight sourcesinto global illumination meth-
odslike thePhotonMap Algorithm [Jensen2001b]. In contrastto
thework by Heidrichet al., this algorithmhasconstanttime com-
plexity, i.e. it is independentof thelight �eld resolution.

The remainderof this paperis structuredas follows: �rst, we
presentout conceptualapproachto �ltered light sourcemeasure-
ment(Section2) beforewediscussthetheoreticalunderpinningsof
our methodin Section3. We thendescribethe physical setupwe
usefor measurementin Section4, andour renderingalgorithmin
Section5. Finally, we presentresultsbasedon bothmeasurements
andsimulation(Section6),andconcludewith someideasfor future
work (Section7).

2 Basic Appr oach

Theconceptualsetupfor our approachto �ltered light sourcemea-
surementis depictedin Figure2. Light raysareemittedfrom the
light sourceandhit a �lter in a planeS. This planeis opaqueex-
ceptfor the�nite supportareaof the�lter whichcanbemovedto a
numberof discretepositionson a regulargrid. The�lter is a semi-
transparent�lm, similar to a slide, containingthe 2D imageof a
basisfunction � 0

ij (u; v). The light falling throughthis �lter hits a
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Figure2: Crosssectionthroughtheconceptualacquisitionsetup.

secondplaneM , on which we areableto measurethe irradiance
with ahighspatialresolution.

Whencomparingthissetupwith thework onnear�eld photome-
try [Ashdown 1993;SiegelandStock1996],S roughlycorresponds
to the planeon which the pinholesor �nite aperturesof the cam-
erasare located,while M correspondsto the imaging sensorof
thecamera.Thefundamentaldifferencein our approachis thatwe
canselectanarbitrary�lter � 0

ij (u; v) whichprojectsthelight �eld
emittedby the luminaireinto anarbitrarily chosenfunctionspace.
This resultsin anoptical low-pass�ltering of thelight �eld before
sampling,andthushelpsavoidingaliasingartifacts.

In general, we will select a standard reconstruction�lter
� ij (u; v) for rendering,and its biorthogonalbasis� 0

ij (u; v) for
measurement.This will make it necessaryto perform measure-
mentswith �lters that containnegative values,and can therefore
not be implementedoptically asan opacity. In this case,we split
the�lters into apositiveandanegativecomponent:

� 0
ij (+) (u; v) :=

(
� 0

ij (u; v) � 0
ij (u; v) � 0

0 else

� 0
ij ( � ) (u; v) :=

(
0 � 0

ij (u; v) � 0
� � 0

ij (u; v) else

Wethenperformseparatemeasurementsfor bothparts,andsub-
tract the resultsin software. Similarly, we canrescalebasisfunc-
tionswith values> 1, andcorrectfor it in software.

In principle, one also hasto perform low-pass�ltering on the
measurementplaneM . This, however, is optically very dif�cult
or even impossibleto implementif the �lter kernelsoverlap. For-
tunately, it is technicallyeasyto achieve a very high measurement
resolutiononM , sothatwecanconsiderthemeasureddataaspoint
samples,andimplementanarbitrary�lter kernelwhile downsam-
pling to the�nal resolution.

Note that the �lter kernelsfor S and M can be choseninde-
pendentlyas requiredby the reconstructionprocess. In this pa-
per, weareusingapiecewisequadraticbasisto construct� 0

ij (u; v)
(seeSection4.2), anda box �lter for � 0

k l (s; t). The latter works
bestwith our importancesamplingalgorithm(Section5 andAp-
pendixB).

3 Theoretical Framework

Beforewediscussthetheorybehindtheproposedmethodin detail,
we �rst introducethe mathematicalnotationusedthroughoutthis
document.Thisnotationis summarizedin Table1 andFigure2.
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Symbol Meaning
	 ij k l (u; v; s; t) basisfunctionfor approximatingthelight �eld
� i 1D basisusedfor reconstruction
� ij k l (u; v; s; t) 4D tensorproductbasisfor reconstruction
� 0

i biorthogonal1D basisusedfor measurement
� 0

ij k l (u; v; s; t) 4D tensorproductbasisfor measurement
M surfaceonwhich theirradianceis measured(measurementsurface, or (s; t)-plane)
S surfaceonwhich theoptical�lters areplaced(samplingsurface, or (u; v)-plane)
L (u; v; s; t) radiancepassingthrough(u; v) onS and(s; t) onM
~L (u; v; s; t) projectionof L (u; v; s; t) into basisf 	 ij k l (u; v; s; t)g
L mn (u; v; s; t) radiance� 0

mn (u; v) � L (u; v; s; t) projectedthroughone�lter � 0
mn (u; v)

Emn (s; t) irradiancecausedby L mn (u; v; s; t) on themeasurementsurfaceM

Table1: Notation(overview) – seealsoFigure2.

For themeasurement,we assumethat the light �eld emittedby
the light sourceis well representedby a projection into a basis
f 	 ij k l (u; v; s; t)gij k l 2 ZZ:

L (u; v; s; t) � ~L (u; v; s; t) :=
X

i;j ;k ;l

	 ij k l (u; v; s; t) � L ij k l : (1)

Weassumethat	 ij k l haslocalsupport,andi; j; k; andl roughly
correspondto translationsin u; v; s; andt, respectively. Note,how-
ever, thatthetranslatedbasisfunctionswill not in all caseshavethe
sameshape,i.e. 	 i 0j 0k 0l 0(u; v; s; t) may not be an exact copy of
	 ij k l (u; v; s; t) in general.

We also de�ne two additionalsetsof basisfunctions,one for
measuringandonefor reconstruction. For reconstructionwe usea
1D basisf � i gi 2 ZZ with the property� i (x) = � (x + i ). The 4D
reconstructionbasisis thengivenasthetensorproductbasis

� ij k l (u; v; s; t) := � ij (u; v) � � k l (s; t) (2)
= � i (u) � � j (v) � � k (s) � � l (t): (3)

For measurement,weusethebiorthogonal(or dual) f � 0
i (x)gi 2 ZZ

of thereconstructionbasiswith
Z 1

�1
� 0

i (x) � � i 0(x) dx =
�

1 ; if i = i 0

0 ; else (4)

andagainweusea tensor-productconstructionfor the4D basis.

3.1 Measured Irradiance

Our approachis basedon measuringthe irradianceEmn (s; t)
in the (s; t)-plane that is caused by the incident radiance
L mn (u; v; s; t) = � 0

mn (u; v) � L (u; v; s; t). In Section4.1wewill
discusstwo physical setupsfor performingthis kind of measure-
ment.Theresultof suchameasurementis

Emn (s; t) =
Z 1

�1

Z 1

�1

cos2 �
R2

� � 0
mn (u; v) � L (u; v; s; t) du dv

�
Z 1

�1

Z 1

�1

cos2 �
R2

� � 0
mn (u; v) � ~L (u; v; s; t) du dv

=
X

i;j ;k ;l

Z 1

�1

Z 1

�1

cos2 �
R2

� � 0
mn (u; v) (5)

� 	 ij k l (u; v; s; t) � L ij k l du dv:

Thegeometrictermcos2 � =R2 is composedof thedistanceR of
thepoint on the (u; v)-planefrom thepoint on the (s; t) plane,as

well asthecosineof theangle� betweentheplanenormalsandthe
vectorconnectingthetwo points.Notethatthis termalsoaccounts
for any differencesin theparameterizationson thetwo planes(i.e.
differentgrid spacings).

3.2 Exact Reconstruction

We now describeanexactreconstructionalgorithmgiventhemea-
surementsEmn . To this end,we �rst de�ne what the relationship
betweenthebasisfunctions	 ij k l andthereconstructionandmea-
surementbasesshouldbe.Wede�ne

	 ij k l (u; v; s; t) :=
R2

cos2 �
� � ij (u; v) � � k l (s; t): (6)

Insertingthis de�nition into Equation5, andusingthebiorthog-
onality relationship(Equation4) yields

Emn (s; t) =
X

k

X

l

� k l (s; t) � L mnk l : (7)

To determinewhich reconstruction�lter to use,we now rewrite
Equation1 usingEquations6 and7:

~L (u; v; s; t) =
X

m;n;k ;l

	 mnk l (u; v; s; t) � L mnk l

=
X

m;n;k ;l

R2

cos2 �
� � mn (u; v) � � k l (s; t) � L mnk l

(8)

=
X

m;n

R2

cos2 �
� � mn (u; v) � Emn (s; t)

This indicatesthat we can exactly reconstruct~L , the projec-
tion of L into the basisf 	 ij k l g by usingthe reconstruction�lter
R2=cos2 � � � mn (u; v).

Note that this reconstruction�lter doescontaina shift-variant
componentin form of the geometricterm. Interestingly, this geo-
metrictermwill canceloutfor thePhotonMapparticleemissional-
gorithmwediscussin Section5. However, for otherrenderingalgo-
rithmssuchastheonesproposedby Heidrichet al. [Heidrich et al.
1998],thereconstructionstepshouldideally only involve a convo-
lution with ashift-invariant�lter kernel.In AppendixA wediscuss
anapproximatereconstructionschemethatsatis�esthisproperty.
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4 Physical Setup and Measurements

In this sectionwe explain how the theoreticalframework can be
transformedinto a practicalacquisitionmethod. We proposetwo
differenthardwaresetupsanddiscusstheir advantagesanddisad-
vantages.Finally, we describethe �lter kernelsusedin our mea-
surements.

4.1 Possib le Implementations

The�rst setupwepropose– SetupA – is basedonastandardphoto-
graphiccamerawherethelensis removedandreplacedby the�lter
� 0

ij (seeleft sideof Figure3). As with conventionallight �elds, the
camerahasto bepositionedat theverticesof a regulargrid within
the S planeand imagescan be captured. Although this setupis
compactand easyto handle,it doeshave somedrawbacks. The
�x edandoftenquitesmallsizeof the imagingsensor(e.g.a CCD
chip) imposesastronglimitation on thesizeof the�lter kerneland
theincidentanglesof illuminationcoveredby themeasurement.In
addition,thedistancebetweenthe�lter planeandtheimagingplane
determinesthefocal lengthof thecamera(similar to apinholecam-
era). A large distanceleadsto a tele-lenseffect andfurther limits
theusefulincidentangles.

Filter

Moving Camera

Light Source Moving Light Source

Camera

Diffuse Reflector

Filter

Opaque mask

with a filter

Setup A Setup B

Figure3: Possiblesetupsfor the acquisition. SetupA (left): The
cameralensis replacedby a �lter andthelight �eld is directlypro-
jectedonto the imagingsensorinsidethecamera.SetupB (right):
The �lter � 0

ij (u; v) projectsan imageon a diffusere�ector which
is capturedby acamera.

Theseproblemscan be avoided with SetupB. Here, the �lter
� 0

ij is usedto projectanimageof thelight sourceontoa diffusely
re�ecting screen. If a high quality diffuse (Lambertian)re�ector
materialis available,the�lter sizeandviewing anglesare(almost)
only limited by the size of the re�ector. On the other hand,the
larger setupmakes it potentiallyharderto use,and errorsdue to
indirect light re�ecting from partsof theequipmentsuchasthere-
�ection screenor the environmenttendto increase.Furthermore,
thecalibrationeffort increasessincethe intrinsic andextrinsic pa-
rametersof thecamerasystemrelative to theprojectedimageneed
to berecovered.

4.2 Filter Design

Thetheoreticalframework andtheimplementationsdetailedabove
allow for theuseof arbitrary�lters � i and� 0

i with �nite support.
It is thereforepossibleto design�lters adaptedto the speci�c

propertiesof thelight sourceat hand,for exampletakingthestruc-
tureof thelight sourceor theintendeduseof thedatainto account.
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Figure4: A quadraticreconstructionbasisandonedual.Left: func-
tion � i (green)anda dual � 0

i i (red)usedin this paper. Centerand
right: 2D �lter imagesusedfor the acquisition(split into positive
andnegativecomponentsandnormalized).

For our measurementswe usea piecewisequadraticbasisfunction
� i; bellq

� i; bellq =

8
><

>:

1 � 2x2 jxj � 1
2

2(jxj � 1)2 1
2 < jxj � 1

0 else
: (9)

Although it would alsobe possibleto usethe classicalquadri-
linearbasis,we choosethis onedueto its C1 continuitythathelps
preventingMachbands.Figure4 shows a plot of this functionand
its dual.

Note that somepartsof the dual basisarenegative. Using this
function as a �lter will result in negative coef�cients. This will
occurin placeswith strongintensitygradientsin theoriginal light
�eld. Therearetwo waysof dealingwith this situation. The �rst
one is to clamp the value of the coef�cients after measurement,
guaranteeingthateachqueryin thelight �eld will bepositive. How-
ever, this approachwill remove �ne detailsin the light �eld and
contradictsour �ltering approach.We thereforechooseto keepthe
negative coef�cients in thedatastructures,andto only clampneg-
ative resultsafter reconstruction.With this approach,the positive
partsof thereconstructedlight �eld remainunaltered.

5 Rendering

In this section,we discussthe integration of our measuredlight
sourcesinto a particlebasedglobal illumination system.We chose
the PhotonMap algorithm [Jensen1996; Jensen2001a; Jensen
2001b]for rendering,asit is oneof themostcommonandsimpleto
usemethodsavailable.Wepresentasolutionto emitparticlesfrom
our measureddata,andwe alsodescribesomeadjustmentsto the
classicalPhotonMapalgorithm.Notethatourimportancesampling
approachdoesnotonly applyto PhotonMaps,but to any algorithm
that requiresshootingfrom the light sourcesuchasparticle trac-
ing [Walteretal. 1997]or bidirectionalpath-tracing[Lafortuneand
Willems1993].

5.1 Impor tance Sampling

For the scenedescription,we attachthe light �eld to a virtual ge-
ometricobject, representingan impostorfor the areafrom which
light is emitted.Thiscanbe,for example,theglasssurfaceof acar
headlight, or simplyaplanarpolygonrepresentingoneof thelight
�eld planes. This geometryhelpsin positioningthe light source
in the 3D sceneandcan also be usedto aid the samplingin our
renderingalgorithm.

To emitaparticlefrom our light sourcerepresentation,wecould
thenusethestandardmethodof selectingarandompointontheim-
postorgeometryandthena randomdirection.While this approach
mightbesuf�cient for arelatively uniformlight source,it canbein-
ef�cient whenhigh spatialanddirectionalfrequenciesarepresent.
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Figure5: A light �eld cell for PDFcomputationformedby asingle
pixel on the measurementplaneM andby 1=4 of a �lter on the
�lter planeS. This correspondsto the region on S where� i (u),
� i +1 (u), � j (v), and� j +1 (v) overlap.

Wethereforedevelopanimportancesamplingstrategy for our light
�eld representation.

Theparticlesthatwe want to emit have to estimatethetotal en-
ergy E comingfrom thelight �eld:

E =
Z

u;v ;s;t

~L (u; v; s; t)
cos2 �

R2
(10)

In orderto achieveaconstantenergy for eachphoton,theprobabil-
ity densityfunction(PDF)of thephotonemissionhasto be:

p(u; v; s; t) =
1
E

~L (u; v; s; t)
cos2 �

R2
(11)

To generaterandomphotonsdistributedaccordingto this PDF,
we usethe standardapproachof generatinguniformly distributed
randompoints in 4D, and passingthem throughthe invertedcu-
mulative densityfunction (CDF, [Pitman1992]). If we have pre-
invertedandtabulatedtheCDF, thengeneratinganew randompho-
ton accordingto this importanceis possiblein constanttime, i.e.
independentof thelight �eld resolution.

Onecomplicationin our caseis, however, thatwe have thePDF
representedin termsof somecomplicatedand overlappingbasis
functionsinsteadof the usualpoint sampled(i.e. tabulated)rep-
resentation.We thereforedo not directly generateand invert the
CDF from the basisrepresentation,but ratherchoosea two-steps
approach.We �rst computea 4D tableof constantprobabilitiesfor
selectinga 4D cell from the light �eld (seeFigure 5). A single
4D cell correspondsto all thedirectionscomingfrom onepixel on
the measurmentplaneto 1=4 of a �lter on the �lter plane(corre-
spondingto theminimumoverlapbetweentwo neighboring�lters
in ourbasis).Theprobabilityon thiscell canbecomputedby some
simplesummationsover thelight �eld coef�cients. Thedetailsare
describedin AppendixB. Then,aswe now have a constantprob-
ability for eachcell, we caninvert this tablemoreeasily thanthe
continuousrepresentationof thePDF. Note thatall thesestepsare
performedonly oncein a preprocessingstage.Theresultingtable
is partof thelight sourcedescriptionthatwesaveondisk.

5.2 Direct Illumination

As pointedout in theprevioussection,thelight �eld is attachedto
a virtual basegeometry. The irradianceat a point x caneasilybe
computedby samplingthis geometry. But asin thecaseof indirect
illumination, this approachcan be quite inef�cient dependingon
thedirectionalvariationof thelight source.

Our approachis thereforeto separatetheGlobalMap of thetra-
ditional PhotonMap algorithminto two: the Direct Map (i.e. the
directimpactsfrom thelightssources),andanew GlobalMap (i.e.
impactsafteronediffusere�ection). With this separation,we have
two possibilitiesfor computingthedirect illumination: we canei-
therchooseto reconstructit straightfrom theDirectMap,or wecan
usetheDirectMapfor generatinganimportanceto guideastandard
MonteCarlolighting integration.

The formermethodpromisesto bequiteef�cient for highly di-
rectionallight sources.Thequality of this reconstructioncanalso
beincreasedby storinga largerphotonnumberin theDirect Map,
while keepinga low numberfor theGlobalMap. Thisapproachin-
volveseitherlimiting the integrationto regionswheresomedirect
photonsarepresentin theneighborhood,or building animportance
samplingtablefrom thenearestparticlesin theDirectMap(similar
to theapproachusedfor theGlobalMapby Jensen[1995]).

Theideaof identifyingthedirectimpactswasalreadyintroduced
in [KellerandWald2000].However, insteadof usingtwo different
maps,they usetheclassicalGlobalMapandextendthephotondata
structureby storinga light sourceidenti�er. While this approachis
well suitedfor determiningwhich light sourcetheparticleis com-
ing from, it is lessef�cient for �nding all direct impacts,which is
whatwe requirehere.

In general,theseparationof theGlobalMapinto two mapsgives
us a lot more�e xibility in the reconstructionprocess.As pointed
out above, theusercanchoosebetweendifferentmethodsfor both
the direct and the indirect illumination. Note that this algorithm
is independentof our light sourcerepresentationandcanalsobe
usedin otherPhotonMapimplementations.This is alsotruefor the
following section.

5.3 Other Photon Map Impr ovements

Our implementationusesa slightly differentalgorithmto �nd the
Np closestphotonsin oneof the two maps.We �nd our approach
to bebetterin determiningwhichphotonsactuallycontributeto the
irradianceestimate.

In thefollowing, ~di will denotetheimpactdirectionof a photon
pi , andx i will denoteits position.We thensearchfor theparticles
closestto a position x with a normal~n. During the search,we
only considerthe particlesthat have a negative dot product( ~di �
~n), meaningthat theparticlearrivesfrom above thesurface. This
guaranteesthatonly theincidentphotonson onesideof a wall, for
example,will contributeto thereconstructedillumination.

Then,with anapproachsimilar to theonedescribedby Lastraet
al. [2002], thedensityis estimatedon thetangentplane.Theparti-
clespi areprojectedinto thetangentplaneat x , andtheEuclidean
distanceof that projectionfrom x is usedas the distancemetric.
Thedistanceis thusde�ned as:

� (x ; pi )
2 = � 2 � 2� (x � x i � ~di ) + kx � x i k

2

� =
(x � x i � ~n)

( ~di � ~n)

This allows us to increasethe accuracy of the reconstruction,
especiallyfor non-planarsurfacesandcorners.

6 Results

We �rst presentresultsfrom a simulationof thecompleteprocess,
from acquisition(with SetupA) to renderingasa validationof our
approach.We thendiscussour measurementsetupsandshow ren-
deringsof acquireddatasets.
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6.1 Simulations

Beforebuilding the real setup,we validateour approachby simu-
lating theacquisitionof a stronglydirectionallight �eld suchasa
slide projector. It hasan apertureof 50 mm anda focal lengthof
59 mm. We usean invertedSIGGRAPH2003logo asa slide, to
createstrongdirectionalvariations(seeFigure6). Simulationsare
doneusingSetupA with a �lter sizeof 5.068mm� 5.068mm and
the quadraticbasis. The simulatedcamerahasan imagingsensor
with a sizeof 27.15mm� 18.1mm anda resolutionof 150 � 100
pixels. The distancebetweenthe �lter andthe imagingsensoris
39 mm, andthedistancebetweentheslideprojectorandthecam-
erais 20 mm. We simulatethe acquisitionof a 41 � 41 arrayof
images.We storethedatain a signedversionof theRGBEformat
[Ward 1991] to have a moreef�cient usageof the memory. The
resultingsimulationusesabout96MB of memory.

Original configuration

Moving plane

In-focus plane

From light field

Figure6: Projectionsfrom thesimulatedlight �eld of a slidepro-
jector. The�rst image(left-up) is a projectionon a planein focus,
thesecondone(left-down) is a projectionon a planecloserto the
slideprojector.

Basedon this data,we thencomputeda sequenceof projections
on a planemoving from the lensof the slide projectorto the pro-
jector's focusplane,to show thedirectionalchanges(seeFigure6).
The in-focus imageshows that we manageto capturethe whole
shapeof the light source,even if the small detailsarenot present
which is expectedfor this setupgeometryandtheoptical �ltering.
We alsousedthis datato computea global illumination solution
that validatesthe particleemissionapproach(seeFigure7). This
scenehasabout15,000primitives,andit took about2 minutesto
computetheinvertedprobabilitytable(size32� 32� 128� 128),
4 secondsfor emitting 40,000photons,and52 minutesto render
oneimage.1

6.2 Measurements

In orderto measurereal light sourceswe built systemsfor eachof
the two setupsproposedin Section4.1. The �lters were printed
with 1016 dpi resolutionon high density �lm using a calibrated
LightJet2080Digital Film Recorder. This producesslideswith a
dynamicrangeof more than 1: 50,000,which are then mounted
into suitableframes.Thelight sourcesto bemeasured– we useda
bike light aswell asseveraldifferent�ashlight con�gurations– are
mountedonmanuallyoperatedtranslationstagessothatthey canbe
shiftedin front of thecamerawith high precisionandrepeatability
(seeFigure8). The imageswerecapturedwith a KodakDCS560

1All timingsarefor a1GHzPentiumIII Workstation.

Figure7: Globalilluminationsolutionfor thesimulatedacquisition
data.

Figure8: Left: The Mini Mag-Lite andthe bike light mountedto
the translationstage.Right: The negative part of the �lter illumi-
natedby thebike light. Both imagesshow partsof SetupB.

digital camerain our measurementlab which is coveredwith dark
materialto avoid interferencewith themeasurements[Goeseleetal.
2000].

For SetupA, acustom-built �lter holderwasattachedto thecam-
erainsteadof alens,sothatthe�lters caneasilybeexchangedwith-
out affecting the geometryof the setup(seeFigure9, left). High-
dynamicrangeacquisitiontechniques[Debevec andMalik 1997;
Robertsonetal. 1999]wereusedto acquiretheimages.

For SetupB, weuseda1.2m � 1.2m �at boardthatwasspray-
paintedwith ultramattepaintasaprojectionscreen.A blackboard
with an integrated�lter holder was usedto mount the �lter and
shield the light sourcefrom the projectionscreen. To avoid oc-
clusionproblemswe mountedthe cameraabove the whole setup
andequippedit with a 24 mm shift lensallowing usto capturethe
whole projectionscreen. The cameraparameterswere recovered
usingstandardcameracalibrationtechniquesandthe imageswere
recti�ed andregisteredto the�lter setup.Figure9 (right) showsan
overview of SetupB. A 5� 5median�lter wasusedtosuppressdark
currentnoiseresultingfrom longerexposuretimesin thissetup;re-
mainingnoiseappearsasbackgroundillumination in thelight �eld.

6.2.1 Measured Data Sets

We acquiredseveral datasetswith thesesetups.Table2 summa-
rizestheacquisitiongeometry, Table3 givesanoverview over the
numberof viewscapturedandthe�lters used.All acquiredimages
weredownsampledto achieve a resolutionof 300� 300pixelson
the measurementplaneM . Acquisition timesareon the orderof
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Figure9: Left: SetupA. The�lter holdermountedto thecamerain
front of the lensof a light source.Right: SetupB. Theprojection
screenis observedby thecameralocatedabovethesetup.Theblack
boardcontainsthe�lter holder. Thelight sourcescanbemovedon
thetableparallelto the�lter andtheprojectionscreen.

1–2min perview dueto themanualwork involved in moving the
translationstage.

Setup Distance Sizeof M Filter Width
M – S (DualBasis)

SetupA 55mm 18mm� 27mm 10mm(small)
SetupB 750mm 1.2m � 1.2m 20mm(medium)

30mm(large)

Table2: Geometryof theacquisitionsetups.

DataSet Setup # Views Filter Width
(DualBasis)

Mag-Lite A 9 � 9 10mm(small)
Mag-LiteMedium B 7 � 7 20mm(medium)
Mag-LiteLarge B 5 � 5 30mm(large)
BikeLight B 9 � 7 30mm(large)
LED Flashlight B 5 � 5 30mm(large)

Table3: Parametersfor theacquireddatasets.Notethat thewidth
of thereconstruction�lter is 1=2 of thewidth of thedual �lter , the
�lter spacingon the �lter planeS is 1=4 of the width of the dual
�lter .

Figure10: Mag-Liteacquisitionwith SetupA: Left, aprojectionon
a distant(3 m) plane,Right: a globalillumination solution(Impor-
tancetableconstruction- 20 s, Particleemission- 40 s, Rendering
20min). Theacquireddatasetwasconvertedto grayscale.

Only the Mag-Lite datasetwascapturedwith SetupA. Due to
geometryconstraintsimposedby thedimensionsof thecamera(see
Table2), wewereonly ableto captureasmallpartof thelight �eld.

Figure10 shows on theleft thelight sourcepointedat a projection
screenand on the right onto the crypt. The capturedpart corre-
spondsroughly to the centraldark region in the projectionof the
real light source(seetop of Figure11). The low resolutionis due
to thecomparablylarge�lter size.Usinga smaller�lter would in-
creaseboththeresolutionandthenumberof viewsrequired.In this
con�guration,SetupA servesasa proof-of-conceptbut canproba-
bly notbeusedto acquireacompletemodelof a reallight source.

Figure11: Top: photographof the Mag-Lite illuminating a plane
at 75 cm distance.Bottom left: reconstructionof the samesetup
from datameasuredwith a �lter of 30 mm width. Bottom right:
reconstructionfrom datameasuredwith a �lter of 20mmwidth.

With SetupB, wecangenerallycaptureamuchlargerportionof
the light �eld of the light sourcedueto the 67 � viewing angleof
the con�guration. Additionally, a muchlarger �lter kernelcanbe
usedfor the �lter planewhile still improving the resolutionof the
dataset.

In Figure11weshow thelight patternthataMini Mag-Lite�ash
light causesonaplaneat75cmdistancefor aspeci�c focussetting
on that �ashlight. The top imageis a photographof the �ashlight
pointedat a diffusesurface. Thebottomrow shows two synthetic
imagesthatarereconstructedfrom measurements.The left image
wasgeneratedfrom adatasetwhereadual�lter width of 30mmhas
beenused,while adual�lter of 20mmwidth wasusedfor theright
image.As expected,the larger �lter sizeresultsin a slightly more
blurry imageon the left. In comparingthe reconstructedimages
with thephotograph,we canseethat therearesometone-mapping
issuesthat result in slightly different colors. However, the main
featuresof the light cone,suchastheblack ring in thecenter, are
representedverywell in bothreconstructions.

In Figure12 we show similar imagesfor the light �eld emitted
by a bike light (the light sourceitself is depictedin the top left of
the�gure). Thetop right of the�gure againshowsaphotographof
thelight sourceilluminating a planeat 75 cm distance.Theimage
on the lower right is a reconstructionfor thesamedistance,while
the imageon the lower left shows the reconstructionat a distance
of only 18.7cm.

Thenarrow verticalstripesareaninterestingfeatureof thebike
light thatshouldbepreservedin a model.They aremainly emitted
form theupperandloweredgesof theluminaireandarereproduced

7
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Figure12: Acquisition on the Bike Light model. The upperright
imageshows a planeilluminated by the real light source,at the
distanceof 75 cm. The lower right imageshows the sameplane
illuminatedby theacquireddata,while thelower left imageshows
theresultfor aplaneataquarterof thatdistance.

very well in the renderings.Furthermore,dueto theeffective size
of the luminaire(5 cm� 2.5 cm) andits stronglyvaryingemission
characteristics,thenear�eld is quiteextendedandinhomogeneous.
In therenderedimageof theBikeLight modelprojectedatdifferent
distances,variationsof thenear�eld areclearlyvisible. Figure14
shows a global illumination solutionbasedon this dataset.Note
both the distinctive patternson the wall andthe stripepatternson
�oor andceiling.

Finally, we have performedthe sametest for a �ashlight with
3 LEDs insteadof a light bulb (seeleft of Figure13 - the fourth,
smallerLED is a low batterylight, andis not usedin normalop-
eration).Althoughtheactual�ashlight is identicalto theonefrom
Figure11exceptfor thelight bulb andthere�ector, theconeof light
producedby thissetupis quitedifferentfrom theonebefore.In par-
ticular, the illumination is muchmoreuniform, althoughroughly
triangulardueto the LED layout. This illustratesthe importance
of usingactualmeasurementsfrom realworld light sourcesin im-
agesynthesis,sinceevensmallchangesin there�ectorscancause
majordifferencesin appearance.

Figure13: Photographandreconstructionof theLED Flashlight.

Figure14: Exploring thecloisterwith theBike Light. Importance
tableconstruction- 37s,Particleemission- 12s,Rendering30min.

7 Conc lusions

In this paperwe presenteda novel approachfor accuratelight ac-
quisition. A model is measuredusinga simpleoptical systemto
project the real light sourceinto a �nite elementbasis. This pro-
jection allows a correctoptical pre-�ltering of the acquiredlight
�eld. We introduceda theoreticalframework for this approachand
two possiblesetupsfor realacquisitions.Thetestsweperformedto
validatethis approachbothon a simulatedprocessandon the two
physicalsetups,have shown thatour setupcanfaithfully represent
rathercomplex nearandfar �eld informationwith arelatively small
numberof measurements.The fact that we performoptical low-
pass�ltering avoids aliasingartifactssuchas missingdirectional
peaks.In our evaluationswe foundthatthesecondsetup,although
largerandharderto calibrate,is morepracticalfor real-world light
sources,sinceit coversa larger�eld-of-view.

All ouracquisitionswheredonemanually. As only linearmove-
mentsareinvolved,theentiremeasurementcanbespeedup easily
by usinga motordriven translationstage.This will leadto anen-
tirely automaticprocess,thatwouldallow usto furtherincreasethe
resolutionof themeasurements.

We also presentedan ef�cient algorithm to integrateour new
light representationinto particle-basedglobalilluminationsystems.
Using a pre-invertedcumulative densityfunction, this methodal-
lows a constanttime importancesampling to emit those parti-
cles. Combinedwith theacquisitionstep,we thereforea complete
pipelineto bring reallight into virtual worlds.
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A An Appr oximate Shift-In variant Recon-
struction

For anapproximateshift-invariantreconstruction,westartwith the
measuredirradiancefrom Section3.1, but we de�ne the relation-
ship betweenthe 	 ij k l and the measurementand reconstruction
basesdifferently than we did for the exact reconstruction(Sec-
tion 3.2).Here,wede�ne 	 ij k l (u; v; s; t) := � ij (u; v) � � k l (s; t).
Fromthis,weget

Emn (s; t) =
X

i;j ;k ;l

Z 1

�1

Z 1

�1

cos2 �
R2

� � 0
mn (u; v) (12)

� � ij (u; v) � � k l (s; t) � L ij k l du dv

This is still a shift variant �lter , sincethe geometricterm de-
pendsontheintegrationvariablesu andv, andcanthereforenotbe
movedoutsidetheintegral. However, if thedistanced betweenthe
(u; v)-planeandthe(s; t)-planeis largecomparedto thesupportof
� ij (u; v), andif � is small,thenthis termis well approximatedby
oneconstantperpointon the(s; t)-plane:

cos2 � ( u; v; s; t)
R(u; v; s; t)2

�
cos2 � k l (s; t)

Rk l (s; t)2
: (13)

Thisyieldsanapproximationof themeasuredirradiance:

Emn (s; t) �
X

k ;l

cos2 � k l (s; t)
Rk l (s; t)2

� � k l (s; t) � L mnk l : (14)

Sinceboth the approximategeometricterm and � k l (s; t) are
known, it is in principlepossibleto compute

E 0
mn (s; t) �

X

k ;l

� k l (s; t) � L mnk l (15)

by de-convolution. In practice,this is only feasiblefor basis
functions� k l (s; t) with a small support. We do not expect this
to be a major problem,however, sincethe practicalmeasurement
setupsdiscussedin Section4.1 have a very high resolutionon the
(s; t)-plane,sothatabilinearor evenbox �lter canbeused.Again,
weapplythede�nition of 	 ij k l to determinetheappropriaterecon-
struction�lter:

~L (u; v; s; t) =
X

m;n;k ;l

	 mnk l (u; v; s; t) � L mnk l

=
X

m;n;k ;l

� mn (u; v) � � k l (s; t) � L mnk l (16)

�
X

m

X

n

� mn (u; v) � E 0
mn (s; t):

Thus,an approximatereconstructionof ~L , the projectionof L
into the basisf 	 ij k l g is obtainedusingthe shift-invariant recon-
struction �lter � mn (u; v). For example, if � is a hat function,
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thereconstructionprocessis reducedto quadri-linearinterpolation,
which is frequentlyusedfor light �eld renderingalgorithms.

The quality of this approximationdependson the error intro-
ducedby assumingthe geometricterm constantover the support
of basisfunction � ij (u; v) in Equation13. An analysisof this er-
ror [Heidrich andGoesele2001]shows that it is below 10%if the
�lter is no largerthan10%of thedistancebetweenM andS. That
error is reducedto about1% for �lter sizesno larger than2% of
thatdistance.

B Impor tance Sampling Details

This appendixdetailsthe computationof the 4D probability table
introducedin Section5.1.

To simplify the following equationsandthe creationof the 4D
table,wemakethefollowing assumptions:(a)- thecon�gurationis
centered;(b) - theoverlapbetweentwo consecutivebasisfunctions
onthesamplingplaneS correspondto half of its sizefor width and
height;(c) - thewidth andheightshift (sw andsh , in pixel number)
betweentwo measurementsareintegers;(d) - thebasisfunction� i

is symmetric;(e) - thebasisfunctionon themeasurementplaneM
is thebox�lter; (f) - thesupportof theoriginal reconstructionbasis
function� is [� 1; 1] andits integral is 1 on this support.With this
assumption,theintegralsof thereconstructionbasisfunctionare(if
their dimensionarewS � hS ):

Z
� i (u) =

wS

2
;

Z
� j (v) =

hS

2

With thiswecancomputethetotalenergy emittedby thelight �eld
(seeEquation10):

E =
wS � hS � wM � hM

4

X

i;j ;k ;l

L ij k l

Here,wM andhM representthedimensionsof apixel on themea-
surementplane.

The1D-intervalsde�ning a cell canbedescribedby thefollow-
ing equations(I S

W ;n and IS
H ;o on the samplingplane,and I W ;n;p

andIH ;o;q onthemeasurementplane- thesedependontheselected
intervalson thesamplingplane):

IS
W ;n = (� (WS + 1)=2 + [n; n + 1]) � wS 8n 2 [0::WS ]

IS
H ;o = (� (H S + 1)=2 + [o;o + 1]) � wS 8o 2 [0::H S ]

IM
W ;n;p =

(2n � WS � 1)wS =2 � wM WM

2
+ [p;p + 1] � wM

8p 2 [0::WM + sw � 1]

IM
H ;o;q =

(2o � H S � 1)hS =2 � hM H M

2
+ [q; q + 1] � hM

8q 2 [0::H M + sh � 1]

Note that WS � H S representsthe resolutionon the sampling
plane(width� height),andWM � H M on themeasurementplane.
A set of light directions I nopq = IS

W ;n � IS
H ;o � IM

W ;n;p � IM
H ;o;q

correspondsto all the rays passingthrough a rectangularpatch
IS

W ;n � IS
H ;o onthesamplingplanewith thedimensionwS =2� hS =2

from aexistingpixel in thedatasetI M
W ;n;p � IM

H ;o;q .
Ontheseintervals,wede�ne theeventsUn = (u 2 IS

W ;n ), Vo =
(v 2 IS

H ;o ), Snp = (s 2 IM
W ;n;p ) andToq = (t 2 IM

H ;o;q ). We can
thencomputetheprobabilitiestheconditionalprobabilitiesof these
events:

P (Un ^ Vo ^ Sp ^ Tq) =
1
4

P n
i = n � 1

P o
j = o� 1 L ij k inp l j oqP

i;j ;k ;l L ij k l

P(Tq=(Un ^ Vo ^ Sp )) =

P n
i = n � 1

P o
j = o� 1 L ij k inp l j oqP n

i = n � 1

P o
j = o� 1

P
l L ij k inp l

P(Sp=(Un ^ Vo)) =

P n
i = n � 1

P o
j = o� 1

P
l L ij k inp l

P n
i = n � 1

P o
j = o� 1

P
k ;l L ij k l

P(Vo=Un ) =
1
2

P n
i = n � 1

P o
j = o� 1

P
k ;l; L ij k l

P n
i = n � 1

P
j ;k ;l L ij k l

P(Un ) =
1
2

P n
i = n � 1

P
j ;k ;l L ij k l

P
i;j ;k ;l L ij k l

with kinp = p� (i � n+ 1)sw andl j oq = q� (j � o+ 1)sh .
The �rst probability concernsthe choiceof onecell, while the

othersrepresenttheconditionalprobabilitiesof selectingoneinter-
val only.
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