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Figurel: Stagef light sourcemeasuremerandrendering(from left to right): a) photoof ashlight —b) ashlight in measuremergetup—
¢) 2D reconstructiorof themeasurediatain a virtual plane— d) measuredight usedin a globalillumination simulation.

Abstract

Realisticimagesynthesigequiresbothcomplex andrealisticmod-
elsof real-world light sourcesandef cient renderingalgorithmsto
dealwith them.In this paperwe describea processingipelinefor
dealingwith comple light sourcesrom acquisitionto globalillu-
minationrendering We carefullydesignoptical lters to guarantee
high precisionmeasurementsf real-world light sources.We dis-
cusstwo practicallyfeasiblesetupsthat allow us to measurdight
sourceawith differentcharacteristicskinally, we introduceanef -
cientimportancesamplingalgorithmfor our representatiothatcan
beusedfor example,in conjunctionwith PhotonMaps.
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1 Overview and Related Work

Corvincing andrealisticlight sourcemodelsareanimportantpre-
requisitefor photorealisticimage synthesis. Given the exact de-

sign of a luminaire (including geometry materials,and emission
characteristicof the illuminant), one can apply standardglobal

illumination computationgo incorporatecomplex luminairesinto

syntheticscenes.This approachhowever, is impracticalin most
real-world scenariosincethe precisedesigndatarepresentsnin-

tellectualpropertyof signi cant value,andis unlikely to be shared
for renderingpurposesBut evenif suchdesigndatais madeavail-

able, it doesnot accountfor manufcturingtolerances.However,

relatively minor variationsof parametersk e the glassthicknessn

halogeright bulbscanhave asigni cantimpactontheillumination

patternsgenerated.In addition,renderingbasedon the geometric
modelcanbe computationallyery demanding.

As analternatve, onecanincorporatemeasuredight datafrom
comple luminairesdirectly into the renderingsystem. Suchdata
is provided by mary companiesn the form of goniometricdia-
grams[Verbeckand Greenbey 1984], which represenimeasure-
mentsof the far eld of a luminaire (i.e. directionalinformation
of the emittedlight from a point light source).Unfortunately the
far eld is only afaithful approximatiorof the emittedlight when
thelight sources sufciently faraway from theobjectto beillumi-
nated-asaruleof thumbatleast vetimesthemaximumluminaire
dimension[Ashdowvn 1995]. Evenimproved modelsusing spatial
intensitymapsor comple emittinggeometryRykowski andWoo-
ley 1997]arestill too weakto representhenear eld of acomple
light source.

Onthe otherhand,alight eld [Gortler etal. 1996;Levoy and
Hanrahan996] completelyrepresentsearandfar eld illumina-
tion of alight source,and canthusbe usedto representhe light
sourcewithoutknowing its geometryandinternalstructure.

1.1 Near Field Photometr y

In his work on near eld photometry[Ashdovn 1993; Ashdavn
1995], Ashdavn has presentednethodsfor measuringthe light
eld of luminairesin bothits near eld andits far eld compo-
nents. A digital cameramountedon a robot arm obseresa light
sourcefrom mary positionson a surrounding(hemi-)sphereBoth
Rykowski andWooley [1997], andJenkinsandM 6nch[2000] em-
ploy a similar setupto acquirethelight eld of aluminaire,while
Siegel andStock[1996] replacedhe camerdenswith a pinhole.
Ontherenderingside,Heidrichetal. [1998] have describedel-
atively ef cient algorithmsbasedon a similar representatiothey
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called a cannedlight souce While their algorithmsare faster
than a brute-forcerenderingapproachthey are still quadraticin

thelight eld resolution.However, the similarity betweertherep-
resentationsisedby Ashdavn andby Heidrichetal. illustratesthat
measuremerdandrenderingcanwork on the samedatastructures,
therebyallowing for anef cient processingipelinefrom acquisi-
tion to imagesynthesis.

In near eld photometryanumberof camerasrepointedatthe
luminaireto be measuredor, more practically a single camerais
movedaround)andthentheirradiancencidentto the Im planeis
recordedusinganimagingsensor(e.g.a CCD chip). The camera
positionscorrespondo a samplingof somevirtual samplingsur
faceS. In practice,the light sourcemay producearbitrarily high
spatialfrequencieson S, in which casewe have just introduced
aliasingby notapplyingalow-passlter beforethe samplingstep.

This issuehasbeenraisedby Halle [1994] and was noted by
Levoy and Hanrahar1996]. They both proposeto usethe nite
apertureof the cameralens as a low-pass Iter by choosingthe
aperturesize equalto the size of a sampleon the cameraplane.
Theshapeof the lter kernelis thusasideeffect of thelenssystem
ratherthana deliberatechoicebasedn samplingtheory

1.2 Contrib utions

In this paper we describea measuremergystemthatsigni cantly
improvesonnear eld photometnby projectingthelight eld emit-
ted by the light sourceinto a nite basisbefore sampling. This is
doneusinga simpleoptical system.The shapeandsupportof the
basisfunctionsare speci cally designedor a particularsampling
scheme.Basedon the resultingmeasurementae canexactly re-
constructthe least-squareapproximationof the true light eld in
our basis. Alternatively, we canreconstructith a moreef cient,
shift-invariant lter , andobtaina closeapproximatiorto the least-
squaresolutionthatis suitablefor hardwareacceleratedendering
with theapproactproposedy Heidrichetal. [1998].

In comparisonto previous acquisitionapproachesour optical
setuplets usmave in very closeto the surfaceof the light source.
In particular the distancebetweerthelight andthe apertureof our
systemis smallerthanthe distancebetweenthe apertureand the
imaging plane. This allows us to capturea muchwider eld of
view in a singlephotaraph

Ontherenderingside,we introducea solutionto performimpor
tancesamplingof our light eld representationThis allows usto
integratethe acquiredlight sourcednto globalillumination meth-
odslik e the PhotonMap Algorithm [Jenser2001b]. In contrastto
the work by Heidrich et al., this algorithmhasconstantime com-
plexity, i.e.it is independenof thelight eld resolution.

The remainderof this paperis structuredasfollows: rst, we
presentout conceptuaklhpproachto ltered light sourcemeasure-
ment(Section2) beforewe discusghetheoreticainderpinning®f
our methodin Section3. We thendescribethe physical setupwe
usefor measuremenih Section4, andour renderingalgorithmin
Section5. Finally, we presentesultsbasedon both measurements
andsimulation(Section6), andconcludewith someideasfor future
work (Section7).

2 Basic Approach

The conceptuaketupfor our approacho ltered light sourcemea-
surementis depictedin Figure2. Light raysareemittedfrom the
light sourceandhit a lter in aplaneS. This planeis opaqueex-
ceptfor the nite supportareaof the Iter whichcanbemovedto a
numberof discretepositionson aregulargrid. The lter is asemi-
transparentim, similar to a slide, containingthe 2D imageof a
basisfunction ,CJ’ (u; v). Thelight falling throughthis lter hitsa

light source

filter
[ A B

sampling plane

R

measurement plane

~ filter

Figure2: Crosssectionthroughthe conceptuahcquisitionsetup.

secondplaneM , on which we areableto measureheirradiance
with ahigh spatialresolution.

Whencomparinghis setupwith thework onnear eld photome-
try [Ashdown 1993;SiegelandStock1996],S roughlycorresponds
to the planeon which the pinholesor nite aperturesof the cam-
erasare located,while M correspondgo the imaging sensorof
thecamera.Thefundamentadlifferencein our approachs thatwe
canselectanarbitrary Iter ,‘,’ (u; v) which projectsthelight eld
emittedby the luminaireinto anarbitrarily choserfunction space.
This resultsin anopticallow-passtering of thelight eld befoe
sampling,andthushelpsavoiding aliasingartifacts.

In general, we will selecta standardreconstruction Iter

i (u;v) for rendering,andits biorthogonalbasis fJ’ (u; v) for
measurement.This will male it necessaryo perform measure-
mentswith Iters that containnegative values,and cantherefore
not be implementedoptically asan opacity In this case we split
the lters into a positive anda negative component:

0 0 ()
8(+> (wv) = (u; v) eIIJSéu,v) 0
( 0
i(j)( y(upv) = i(uv)y 0

2 (u;v) else

We thenperformseparateneasurement®r bothparts,andsub-
tractthe resultsin software. Similarly, we canrescalebasisfunc-
tionswith values> 1, andcorrectfor it in software.

In principle, one also hasto performlow-pass Itering on the
measuremenplaneM . This, however, is optically very dif cult
or evenimpossibleto implementif the Iter kernelsoverlap. For-
tunately it is technicallyeasyto achieve a very high measurement
resolutionronM , sothatwe canconsidethemeasuredataaspoint
samplesandimplementan arbitrary Iter kernelwhile downsam-
pling to the nal resolution.

Note that the lter kernelsfor S andM can be choseninde-
pendentlyas requiredby the reconstructiorprocess. In this pa-
per, we areusinga piecavise quadratidhasisto construct f,’ (u;v)
(seeSection4.2), anda box lter for 2,(s;t). The latter works
bestwith our importancesamplingalgorithm (Section5 and Ap-
pendixB).

3 Theoretical Framework

Beforewe discusghetheorybehindthe proposednethodin detail,
we rst introducethe mathematicahotationusedthroughoutthis
documentThis notationis summarizedn Tablel andFigure2.
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[ Symbol | Meaning
i ki(u; v;s;t) | basisfunctionfor approximatinghelight eld
i 1D basisusedfor reconstruction
j K (u;v;s;t) | 4D tensomproductbasisfor reconstruction
i biorthogonallD basisusedfor measurement
fj’ «(u;v;s;t) | 4D tensorproductbasisfor measurement

surfaceon which theirradiances measuredmeasuementsurface or (s; t)-plane)
S surfaceonwhichtheoptical Iters areplaced(samplingsurface or (u; v)-plane)

L(u;v;s;t) radiancepassinghrough(u; v) on'S and(s;t) onM
C(u;v;s;t) projectionof L (u; v; s; t) into basisf

Lmn (u;v;s;t) | radiance %, (u;v) L(u;v;s;t) projectecthroughone lter
Emn (S;t)

irradiancecausedy L mn (u; v; s;t) onthemeasuremergurfaceM

i ki(u;v;s;t)g o
mn (U5 V)

Tablel: Notation(overview) — seealsoFigure?2.

For the measurementye assumehatthe light eld emittedby
the light sourceis well representedy a projectioninto a basis
foik(Uvisit)g; 2

C(u;v;s;t) =
ikl

L(U,V,S,t) ij k|(U;V;S;t) L|J Kl: (1)

Weassumehat j i haslocalsupportandi; j; k; andl roughly
correspondo translationsn u; v; s; andt, respectiely. Note,how-
ever, thatthetranslatedasisfunctionswill notin all casehavethe
sameshape,.e. o oco0(U;V;s;t) may not be an exact copy of

i k1 (u; v;s;t) in general.

We also de ne two additional setsof basisfunctions, one for
measuringandonefor reconstruction For reconstructiorwe usea
1D basisf ig;,, with theproperty i(x) = (x+ i). Thed4D
reconstructiorbasisis thengivenasthetensomproductbasis

i ki(Uv;sit) = g (uv)  w(sit) 2
i) () wk(s) () 3)
For measurementye usethebiorthogonal(or dual) f ?(x)gi 27

of thereconstructiorbasiswith
Z 1

1 ;ifi=i°

00 e dx= gl (4)

andagain we useatensofproductconstructiorfor the 4D basis.

3.1 Measured Irradiance

Our approachis basedon measuringthe irradiance Emn (s;t)
in the (s;t)-plane that is causedby the incident radiance
Lon (u;visit) = 9, (u;v) L(u;v;s;t). In Sectiord.1we will
discusstwo physical setupsfor performingthis kind of measure-
ment. Theresultof suchameasuremeris

Z, 2,

Emn (S;t) = % . (u;v) L(u;v;s;t) dudv
le le cos’
R 00 (u;v) C(u;v;s;t) dudv
1 1
zZ, Z
X 1T cod
= R (UV) (5)
ikt 1

i ki(u;v;s;t) Lk dudv:

Thegeometridermcos’ =R? is composeaf thedistancer of
the point on the (u; v)-planefrom the point on the (s;t) plane,as

well asthe cosineof theangle betweertheplanenormalsandthe
vectorconnectinghetwo points. Notethatthis termalsoaccounts
for ary differencesn the parameterizationsn the two planes(i.e.
differentgrid spacings).

3.2 Exact Reconstruction

We now describean exactreconstructioralgorithmgiventhe mea-
surementE,, . To this end,we rst de ne whatthe relationship
betweerthe basisfunctions j k1 andthereconstructiorandmea-
suremenbaseshouldbe. We de ne

2

o ki(s;t): (6)

i ki (U;v;sit) o= i (U;v)
Insertingthis de nition into Equation5, andusingthebiorthog-
onality relationship(Equationd) yields

Emn (S;t) = k1(S;t) Lmnk1: (7)

k

To determinewhich reconstructionlter to use,we now rewrite
Equationl usingEquationss and7:

X
C(u;v;s;it) = mnk 1(U; V;S;t) Lnk 1
m;nk ;!
X R2
= ——  m (V) «(s;t) Lmnk
m;n;k C082
(8)
X R2
= o mn (U; V) Emn (S;t)

m;n

This indicatesthat we can exactly reconstructC, the projec-
tion of L into the basisf j g by usingthe reconstructionlter
R2?=cog mn (U V).

Note that this reconstructionlter doescontaina shift-variant
componenin form of the geometricterm. Interestingly this geo-
metrictermwill canceloutfor thePhotonMap particleemissioral-
gorithmwe discussn Sections. However, for otherrenderingalgo-
rithmssuchasthe onesproposedyy Heidrichetal. [Heidrich etal.
1998],thereconstructiorstepshouldideally only involve a convo-
lution with ashift-invariant Iter kernel.In AppendixA we discuss
anapproximateeconstructiorschemehatsatis esthis property
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4 Physical Setup and Measurements

In this sectionwe explain how the theoreticalframewnork canbe
transformednto a practicalacquisitionmethod. We proposetwo
differenthardware setupsand discusstheir advantagesand disad-
vantages.Finally, we describethe Iter kernelsusedin our mea-
surements.

4.1 Possib le Implementations

The rst setupwe propose- SetupA —is basednastandarghoto-
graphiccameravherethelensis removedandreplacedy the Iter

i‘j) (seeleft sideof Figure3). As with conventionallight elds, the
camerahasto be positionedat the verticesof a regulargrid within
the S planeandimagescan be captured. Although this setupis
compactand easyto handle,it doeshave somedravbacks. The
x edandoften quite small size of theimagingsensoin(e.g.aCCD
chip)imposesa stronglimitation onthesizeof the Iter kerneland
theincidentanglesof illumination coveredby the measurementn
addition,thedistancebetweerthe lter planeandtheimagingplane
determineshefocallengthof thecamergsimilarto apinholecam-
era). A large distanceleadsto a tele-lenseffect andfurther limits
theusefulincidentangles.

Light Source Moving Light Source 7

<—

Camera

&

.
’ \'\_
/ Opaque mask ™.

Filter

with a filter

7
’/ Moving Camera
Diffuse Reflecto,

Setup A

Setup B

Figure 3: Possiblesetupsfor the acquisition. SetupA (left): The
camerdensis replacedy a lter andthelight eld is directly pro-
jectedontothe imagingsensorinsidethe camera.SetupB (right):
The lter ,(J’ (u; v) projectsanimageon a diffusere ector which
is capturedby acamera.

Theseproblemscan be avoided with SetupB. Here, the Iter

i? is usedto projectanimageof the light sourceonto a diffusely
re ecting screen. If a high quality diffuse (Lambertian)re ector
materialis available,the Iter sizeandviewing anglesare(almost)
only limited by the size of the re ector. On the other hand, the
larger setupmalkesit potentially harderto use,and errorsdueto
indirectlight re ecting from partsof the equipmensuchasthere-
ection screenor the ervironmenttendto increase.Furthermore,
the calibrationeffort increasesincetheintrinsic andextrinsic pa-
rameterf the camerasystenrelative to the projectedmageneed
to berecovered.

4.2 Filter Design

Thetheoreticaframevork andtheimplementationsletailedabose
allow for theuseof arbitrary Iters ; and ?with nite support.
It is thereforepossibleto design lters adaptedo the speci c
propertiesof thelight sourceathand,for exampletakingthe struc-
ture of thelight sourceor theintendeduseof the datainto account.

Figure4: A quadratiaeconstructiobasisandonedual. Left: func-
tion ; (green)andadual i (red)usedin this paper Centerand
right: 2D Iter imagesusedfor the acquisition(split into positve
andnegative componentandnormalized).

For our measurementse usea piecavise quadratichasisfunction
i; bellg

8
21 2x2 ixji %

ibelg = _ 2(JX] 1)? i<jxj 1: 9)
: else

Although it would alsobe possibleto usethe classicalquadri-
linear basis,we choosethis onedueto its C* continuitythathelps
preventingMachbands.Figure4 shaws a plot of this functionand
its dual.

Note that somepartsof the dual basisare negative. Using this
function asa lter will resultin negative coefcients. This will
occurin placeswith strongintensitygradientsin the original light
eld. Therearetwo waysof dealingwith this situation. The rst
oneis to clamp the value of the coefcients after measurement,
guaranteeinghateachqueryin thelight eld will bepositive. How-
ever, this approachwill remove ne detailsin the light eld and
contradictour ltering approachWe thereforechooseto keepthe
negative coefcients in the datastructuresandto only clampneg-
ative resultsafter reconstruction.With this approachthe positive
partsof thereconstructetight eld remainunaltered.

5 Rendering

In this section,we discussthe integration of our measuredight

sourcesnto a particlebasedylobalillumination system.We chose
the PhotonMap algorithm [Jensen1996; Jensen2001a; Jensen
2001b]for renderingasit is oneof themostcommonandsimpleto

usemethodsavailable. We presentisolutionto emit particlesfrom

our measurediata,andwe alsodescribesomeadjustmentdo the

classicaPhotonMapalgorithm.Notethatourimportancesampling
approacldoesnotonly applyto PhotonMaps,but to ary algorithm

that requiresshootingfrom the light sourcesuchas particle trac-

ing [Walteretal. 1997]or bidirectionalpath-tracindLafortuneand

Willems 1993].

5.1 Importance Sampling

For the scenedescription,we attachthe light eld to a virtual ge-
ometric object, representingn impostorfor the areafrom which

light is emitted.This canbe,for example theglasssurfaceof acar
headlight, or simply a planarpolygonrepresentingneof thelight

eld planes. This geometryhelpsin positioningthe light source
in the 3D sceneand can also be usedto aid the samplingin our
renderingalgorithm.

To emitaparticlefrom ourlight sourcerepresentatiorwe could
thenusethestandardnethodof selectingarandompointontheim-
postorgeometryandthena randomdirection. While this approach
mightbesufcient for arelatively uniformlight sourcejt canbein-
efcient whenhigh spatialanddirectionalfrequenciesrepresent.
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Figure5: A light eld cell for PDFcomputatiorformedby asingle

pixel on the measuremenplaneM andby 1=4 of a Iter onthe

Iter planeS. This correspondso theregion on S where (u),
i+1 (U), j(v),and ;.1 (v) overlap.

We thereforedevelopanimportancesamplingstratey for our light
eld representation.

The particlesthatwe wantto emit have to estimatethetotal en-
ergy E comingfrom thelight eld:

V4
E = C(u;v;s;t)

v sit

cos
RZ

(10)

In orderto achieve a constanenenpy for eachphoton,the probabil-
ity densityfunction (PDF) of the photonemissiorhasto be:

1 cos
p(u;v;s;t) = £ C(u;v;s;t) Rz (112)

To generateandomphotonsdistributed accordingto this PDR
we usethe standardapproachof generatinguniformly distributed
randompointsin 4D, and passingthem throughthe inverted cu-
mulative densityfunction (CDF, [Pitman1992]). If we have pre-
invertedandtatulatedthe CDF, thengeneratinga new randompho-
ton accordingto this importanceis possiblein constantime, i.e.
independenof thelight eld resolution.

Onecomplicationin our casels, hawever, thatwe have the PDF
representedn termsof somecomplicatedand overlappingbasis
functionsinsteadof the usualpoint sampled(i.e. takulated) rep-
resentation.We thereforedo not directly generateand invert the
CDF from the basisrepresentationhut ratherchoosea two-steps
approachWe rst computea 4D tableof constanprobabilitiesfor
selectinga 4D cell from the light eld (seeFigure5). A single
4D cell correspondso all the directionscomingfrom onepixel on
the measurmenplaneto 1=4 of a Iter onthe lter plane(corre-
spondingto the minimum overlapbetweenwo neighboring Iters
in ourbasis).Theprobabilityon this cell canbecomputecby some
simplesummation®ver thelight eld coefcients. Thedetailsare
describedn AppendixB. Then,aswe now have a constantprob-
ability for eachcell, we caninvert this table more easilythanthe
continuousrepresentationf the PDF. Note thatall thesestepsare
performedonly oncein a preprocessingtage. The resultingtable
is partof thelight sourcedescriptionthatwe save on disk.

5.2 Direct lllumination

As pointedout in the previous section thelight eld is attachedo
avirtual basegeometry Theirradianceat a pointx caneasilybe
computedoy samplingthis geometry But asin the caseof indirect
illumination, this approachcan be quite inef cient dependingon
thedirectionalvariationof thelight source.

Our approachs thereforeto separatéhe GlobalMap of thetra-
ditional PhotonMap algorithminto two: the Direct Map (i.e. the
directimpactsfrom thelights sources)andanew GlobalMap (i.e.
impactsafteronediffusere ection). With this separationywe have
two possibilitiesfor computingthe directillumination: we canei-
therchooseo reconstrucit straightfrom theDirectMap, or wecan
usetheDirectMapfor generatinganimportanceo guideastandard
Monte Carlolighting integration.

The former methodpromisego be quite ef cient for highly di-
rectionallight sources.The quality of this reconstructiorcanalso
beincreasedy storinga larger photonnumberin the Direct Map,
while keepingalow numberfor the GlobalMap. This approachn-
volveseitherlimiting the integrationto regionswheresomedirect
photonsarepresenin theneighborhoodor building animportance
samplingtablefrom thenearesparticlesin the DirectMap (similar
to theapproactusedfor the GlobalMap by Jenserj1995]).

Theideaof identifyingthedirectimpactswasalreadyintroduced
in [KellerandWald 2000]. However, insteadof usingtwo different
maps they usetheclassicalGlobalMap andextendthe photondata
structureby storingalight sourceidenti er. While this approachs
well suitedfor determiningwhich light sourcethe particleis com-
ing from, it is lessefcient for nding all directimpacts,whichis
whatwe requirehere.

In generalthe separatiorof the GlobalMapinto two mapsgives
usalot more e xibility in the reconstructiorprocess.As pointed
outabove, the usercanchoosebetweendifferentmethod<or both
the direct and the indirect illumination. Note that this algorithm
is independenbf our light sourcerepresentatiormnd canalso be
usedin otherPhotonMap implementationsThisis alsotruefor the
following section.

5.3 Other Photon Map Improvements

Our implementatiorusesa slightly differentalgorithmto nd the
Np closestphotonsin oneof thetwo maps.We nd our approach
to bebetterin determiningwhich photonsactuallycontrituteto the
irradianceestimate.

In thefollowing, & will denotetheimpactdirectionof aphoton
pi, andx; will denoteits position. We thensearchor the particles
closestto a positionx with a normalf. During the search,we

only considerthe particlesthat have a negative dot product(d;
1), meaningthatthe particlearrivesfrom above the surface. This
guaranteethatonly theincidentphotonson onesideof awall, for
example,will contrituteto thereconstructedlumination.

Then,with anapproactsimilar to the onedescribedy Lastraet
al. [2002], the densityis estimatedn thetangentplane. The parti-
clesp; areprojectedinto thetangentplaneatx, andthe Euclidean
distanceof that projectionfrom x is usedasthe distancemetric.
Thedistances thusde ned as:

x;p)2= 2 2 (x X G)+kx xik?
(x xi n)
(di n)

This allows us to increasethe accurag of the reconstruction,
especiallyfor non-planasurfacesandcorners.

6 Results

We rst presentesultsfrom a simulationof the completeprocess,
from acquisition(with SetupA) to renderingasa validationof our
approachWe thendiscussour measuremergetupsandshaw ren-
deringsof acquireddatasets.
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6.1 Simulations

Beforebuilding the real setup,we validateour approachoy simu-
lating the acquisitionof a stronglydirectionallight eld suchasa

slide projector It hasan apertureof 50 mm anda focal length of

59 mm. We useaninvertedSIGGRAPH2003logo asa slide, to

createstrongdirectionalvariations(seeFigure6). Simulationsare
doneusingSetupA with a lter sizeof 5.068mm 5.068mm and
the quadraticbasis. The simulatedcamerahasan imaging sensor
with asizeof 27.15mm 18.1mm andaresolutionof 150 100

pixels. The distancebetweenthe Iter andthe imagingsensoris

39 mm, andthe distancebetweerthe slide projectorandthe cam-
erais 20 mm. We simulatethe acquisitionof a41 41 array of

images.We storethe datain a signedversionof the RGBE format
[Ward 1991] to have a more ef cient usageof the memory The
resultingsimulationusesabout96 MB of memory

From light field

Original configuration

Figure6: Projectiondrom the simulatedlight eld of aslide pro-
jector. The rst image(left-up) is a projectionon a planein focus,
the secondone (left-down) is a projectionon a planecloserto the
slide projector

Basedon this data,we thencomputeda sequencef projections
on a planemoving from the lensof the slide projectorto the pro-
jector'sfocusplane,to shawv thedirectionalchangegseeFigure6).
The in-focusimage shavs that we manageto capturethe whole
shapeof the light source,evenif the small detailsare not present
which is expectedfor this setupgeometryandthe optical Itering.
We also usedthis datato computea global illumination solution
that validatesthe particle emissionapproach(seeFigure 7). This
scenehasabout15,000primitives,andit took about2 minutesto
computetheinvertedprobabilitytable(size32 32 128 128),
4 seconddor emitting 40,000photons,and 52 minutesto render
oneimage?

6.2 Measurements

In orderto measureaeallight sourcesve built systemdor eachof
the two setupsproposedn Section4.1. The lters were printed
with 1016 dpi resolutionon high density Im using a calibrated
LightJet2080 Digital Film Recorder This producesslideswith a
dynamicrangeof more than 1: 50,000, which are then mounted
into suitableframes.Thelight sourcedo be measured- we useda
bike light aswell asseveraldifferent ashlight con gurations—are
mountedon manuallyoperatedranslatiorstagesothatthey canbe
shiftedin front of the camerawith high precisionandrepeatability
(seeFigure8). Theimageswere capturedwith a KodakDCS 560

1All timingsarefor a1GHzPentiumlll Workstation.

Figure7: Globalillumination solutionfor the simulatedacquisition
data.

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

digital camerain our measuremeriaib which is coveredwith dark
materialto avoid interferencevith themeasuremen{§&oeselestal.
2000].

For SetupA, acustom-hiilt Iter holderwasattachedo thecam-
erainsteadf alens,sothatthe Iters caneasilybeexchangedvith-
out affecting the geometryof the setup(seeFigure9, left). High-
dynamicrangeacquisitiontechniquegDeberec and Malik 1997;
Robertsoretal. 1999]wereusedto acquiretheimages.

For SetupB, weusedal.2m 1.2m at boardthatwasspray-
paintedwith ultramattepaintasa projectionscreenA blackboard
with an integrated lter holderwas usedto mountthe lter and
shield the light sourcefrom the projectionscreen. To avoid oc-
clusion problemswe mountedthe cameraabove the whole setup
andequippedt with a 24 mm shift lensallowing usto capturethe
whole projectionscreen. The cameraparametersvere recovered
usingstandarccameracalibrationtechniquesandthe imageswere
recti ed andregisteredto the lter setup.Figure9 (right) shavsan
overview of SetupB. A5 5medianlter wasusedo suppresslark
currentnoiseresultingfrom longerexposureimesin this setup;re-
mainingnoiseappearsisbackgroundlluminationin thelight eld.

6.2.1 Measured Data Sets

We acquiredseveral datasetswith thesesetups. Table 2 summa-
rizesthe acquisitiongeometry Table 3 givesan overvien over the
numberof views capturecandthe lters used.All acquiredmages
weredowvnsampledo achieve aresolutionof 300 300 pixelson
the measuremenplaneM . Acquisitiontimesare on the orderof
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Figure9: Left: SetupA. The lter holdermountedo thecameran
front of the lensof a light source.Right: SetupB. The projection
screenis obseredby thecamerdocatedabovethesetup.Theblack
boardcontaingthe Iter holder Thelight sourcesanbemovedon
thetableparallelto the Iter andtheprojectionscreen.

1-2 min perview dueto the manualwork involved in maoving the
translationstage.

Setup Distance Sizeof M Filter Width
M -S (Dual Basis)

SetupA | 55mm | 18 mm 27mm 10mm (small)

SetupB | 750mm 12m 1.2m 20 mm (medium)
30 mm (large)

Table2: Geometryof theacquisitionsetups.

DataSet Setup | # Views Filter Width
(Dual Basis)

Mag-Lite 10mm (small)

Mag-Lite Medium 20 mm (medium)

0| 00| 0 00| 3>
o ©| vl | ©
o ~|o1 N ©

Mag-Lite Large 30 mm (large)
Bike Light 30 mm (large)
LED Flashlight 30 mm (large)

Table3: Parameterdgor the acquireddatasets.Note thatthe width
of thereconstructionlter is 1=2 of thewidth of thedual lter, the
Iter spacingonthe Iter planeS is 1=4 of the width of the dual
Iter .

Figurel0: Mag-Liteacquisitionwith SetupA: Left, aprojectionon

adistant(3 m) plane,Right: a globalillumination solution(Impor-

tancetableconstruction 20 s, Particle emission 40 s, Rendering
20 min). Theacquireddatasetwascorvertedto grayscale.

Only the Mag-Lite datasetwas capturedwith SetupA. Dueto
geometryconstraintsmposecby thedimensionof thecamerasee
Table2), we wereonly ableto capturea smallpartof thelight eld.

Figure10 shawvs ontheleft 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). Thelow resolutionis due
to thecomparablylarge Iter size.Usingasmaller Iter would in-

creaséboththeresolutionandthe numberof views required.In this
con guration, SetupA senesasa proof-of-concepbut canproba-
bly notbe usedto acquirea completemodelof areallight source.

Figure11: Top: photographof the Mag-Lite illuminating a plane
at 75 cm distance. Bottom left: reconstructiorof the samesetup
from datameasuredvith a Iter of 30 mm width. Bottom right:
reconstructiofrom datameasuredvith a lter of 20 mmwidth.

With SetupB, we cangenerallycapturea muchlargerportionof
thelight eld of thelight sourcedueto the 67 viewing angleof
the con guration. Additionally, a muchlarger Iter kernelcanbe
usedfor the Iter planewhile still improving the resolutionof the
dataset.

In Figurellwe show thelight patternthata Mini Mag-Lite ash
light cause®naplaneat 75 cmdistancefor aspeci ¢ focussetting
onthat ashlight. Thetop imageis a photographof the ashlight
pointedat a diffuse surface. The bottomrow shavs two synthetic
imagesthat arereconstructedrom measurementsThe left image
wasgeneratedrom adatasetvhereadual Iter width of 30mmhas
beenusedwhile adual Iter of 20 mmwidth wasusedfor theright
image. As expectedthelarger Iter sizeresultsin a slightly more
blurry imageon the left. In comparingthe reconstructedmages
with the photographyve canseethattherearesometone-mapping
issuesthat resultin slightly differentcolors. However, the main
featuresof the light cone,suchasthe blackring in the center are
representedery well in bothreconstructions.

In Figure 12 we shav similar imagesfor thelight eld emitted
by a bike light (the light sourceitself is depictedin thetop left of
the gure). Thetopright of the gure again shovs a photograptof
thelight sourceilluminating a planeat 75 cm distance.Theimage
on the lower right is a reconstructiorfor the samedistance while
theimageon the lower left shawvs the reconstructiorat a distance
of only 18.7cm.

Thenarrow vertical stripesareaninterestingfeatureof the bike
light thatshouldbe preseredin amodel. They aremainly emitted
formtheupperandloweredge®f theluminaireandarereproduced
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Figure 12: Acquisition on the Bike Light model. The upperright
image shavs a planeilluminated by the real light source,at the
distanceof 75 cm. The lower right image showvs the sameplane
illuminatedby the acquireddata,while thelower left imageshavs
theresultfor a planeata quarterof thatdistance.

very well in the renderings.Furthermoredueto the effective size
of theluminaire(5 cm 2.5cm) andits stronglyvarying emission

characteristicghenear eld is quiteextendedandinhomogeneous.

In therenderedmageof the Bike Light modelprojectedatdifferent
distancesyariationsof the near eld areclearlyvisible. Figure14
shaws a global illumination solution basedon this dataset. Note
both the distinctive patternson the wall andthe stripe patternson
oor andceiling.

Finally, we have performedthe sametestfor a ashlight with
3 LEDs insteadof a light bulb (seeleft of Figure 13 - the fourth,
smallerLED is alow batterylight, andis not usedin normal op-
eration). Althoughthe actual ashlight is identicalto the onefrom
Figurellexceptfor thelight bulb andthere ector, theconeof light
producedy thissetupis quitedifferentfrom theonebefore.In par
ticular, the illumination is much more uniform, althoughroughly
triangulardueto the LED layout. This illustratesthe importance
of usingactualmeasurementsom realworld light sourcesn im-
agesynthesissinceeven small changesn there ectors cancause
majordifferencesn appearance.

Figure13: Photograptandreconstructiorof the LED Flashlight

Figure14: Exploringthe cloisterwith the Bike Light. Importance
tableconstruction 37 s, Particleemission 12s,Renderind30min.

7 Conclusions

In this paperwe presented novel approachfor accuratdight ac-
quisition. A modelis measuredisinga simple optical systemto
projectthe reallight sourceinto a nite elementbasis. This pro-
jection allows a correctoptical pre- Itering of the acquiredlight
eld. Weintroducedatheoreticaframework for this approactand
two possiblesetupdor realacquisitions Thetestswe performedo
validatethis approactboth on a simulatedprocessandon the two
physical setupshave shavn that our setupcanfaithfully represent
rathercomplex nearandfar eld informationwith arelatively small
numberof measurementsThe fact that we perform optical low-
pass ltering avoids aliasingartifactssuchas missingdirectional
peaks.In our evaluationswe foundthatthe secondsetup,although
largerandharderto calibrate,is morepracticalfor real-world light
sourcessinceit coversalarger eld-of-view.

All ouracquisitionsvheredonemanually As only linearmove-
mentsareinvolved, the entiremeasurementanbe speedup easily
by usinga motor driventranslationstage. This will leadto anen-
tirely automatigorocessthatwould allow usto furtherincreasehe
resolutionof themeasurements.

We also presentedan ef cient algorithmto integrate our new
light representatiomto particle-basedlobalillumination systems.
Using a pre-irnvertedcumulatve densityfunction, this methodal-
lows a constanttime importancesamplingto emit those parti-
cles. Combinedwith the acquisitionstep,we thereforea complete
pipelineto bring reallight into virtual worlds.
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A An Approximate Shift-In variant Recon-
struction

For anapproximateshift-invariantreconstructionye startwith the
measuredrradiancefrom Section3.1, but we de ne the relation-
ship betweenthe j x; andthe measuremenand reconstruction
basesdifferently than we did for the exact reconstruction(Sec-

tion3.2). Herewede ne jjki(u;v;s;t) == 5 (U;v)  «i(s;t).
Fromthis, we get
z 1 z 1
cos
Emn (sit) = RZ (U3 V) 12)
ikt L

i (V) ki(s;t) Ljwk dudv
This is still a shift variant Iter, sincethe geometricterm de-
pendsontheintegrationvariablesu andv, andcanthereforenotbe
moved outsidetheintegral. However, if thedistanced betweerthe
(u; v)-planeandthe(s; t)-planeis largecomparedo the supportof
i (u;Vv), andif is small,thenthis termis well approximatedy
oneconstanperpointonthe(s;t)-plane:

cos (u;v;sit)  cos (st).
R(u;v;s;t)2 Rii(s;t)?
Thisyieldsanapproximatiorof the measuredrradiance:

(13)

cos ki (s;t)

Em (si1) Rii(s;1)?

kI(S;t) Lmnk 1 (14)
k;l

Since both the approximategeometricterm and ¢ (s;t) are
known, it is in principle possibleto compute
Er?m (s;t) k1(S;t) Lmnk i (15)
k;l

by de-cowolution. In practice,this is only feasiblefor basis
functions (s;t) with a small support. We do not expect this
to be a major problem,however, sincethe practicalmeasurement
setupsdiscussedn Section4.1 have a very high resolutionon the
(s;t)-plane,;sothatabilinearor evenbox Iter canbeused.Again,
weapplythede nition of j «| to determingheappropriateecon-
struction lter:

X
C(u;v;s;t) = mnk 1(U; V;S;t) Lk o
m;n;k ;l
X
= mn (U;V)  ki(S;t) Lmnk 1 (16)
m;n;k ;1
X 0
mn (U; V) Emn (S:1):
m n

Thus, an approximatereconstructiorof C, the projectionof L
into the basisf j /g is obtainedusing the shift-invariantrecon-
struction lter  mn (u; V). For example, if is a hat function,
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thereconstructioprocesss reducedo quadri-lineaiinterpolation,
whichis frequentlyusedfor light eld renderingalgorithms.

The quality of this approximationdependson the error intro-
ducedby assumingthe geometricterm constantover the support
of basisfunction j (u;v) in Equation13. An analysisof this er-
ror [Heidrich and Goesele2001] shaws thatit is belov 10%if the
Iter is nolargerthan10%of thedistancebetweerM andS. That
erroris reducedto about1% for Iter sizesno larger than2% of
thatdistance.

B Importance Sampling Details

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

To simplify the following equationsandthe creationof the 4D
table,we make thefollowing assumptions(a) - thecon gurationis
centered(b) - theoverlapbetweertwo consecutie basisfunctions
onthesamplingplaneS correspondo half of its sizefor width and
height;(c) - thewidth andheightshift (sw andsy, in pixel number)
betweertwo measurementreintegers;(d) - the basisfunction ;
is symmetric;(e) - the basisfunctiononthe measuremerlaneM
isthebox lter; (f) - thesupportof theoriginal reconstructiorbasis
function is[ 1;1]anditsintegralis 1 onthis support.With this
assumptiontheintegralsof thereconstructiorbasisfunctionare(if

theirdimensionarews  hs):
z z
Ws hs
i(u) = 7? i(v) = >

With this we cancomputethetotal enegy emittedby thelight eld
(seeEquation10):
hs Wm hM X
4

=15

Lij i
ij kil
Here,wy andhy representhedimension®f apixel onthemea-
suremenplane.

The 1D-intenalsde ning a cell canbe describedy the follow-
ing equations(lyy,, andl ., on the samplingplane,and lw:n;p
andly ;0 Onthemeasuremenilane- thesedependntheselected
intenalsonthesamplingplane):

I = ( (Ws + 1)=2+ [n;n+ 1)) ws 8n 2 [0:Ws]
I50=( (Hs+ 1)=2+ [0;0+ 1]) ws 802 [0::Hs]

M _ (2n Ws 1)Ws =2 wm Wnm
IWJ”?P - 2

8p2 [0:Wnm + sy 1]

20 Hs 1)hs=2 hy H
Mg = ¢ S )25 MM 4 [gq+ 1]

802 [0::Hm + sp 1]

+[pip+ 1] ww

hm

Note that Ws  Hs representghe resolutionon the sampling
plane(width height),andWy  Hnm onthemeasuremerylane.
A setof light directionslnopg =1wm 180 Wmp M og
correspondgo all the rays passingthrough a rectangularpatch
% 15 onthesamplingplanewith thedimensionws =2 hs=2
from aexisting pixel in thedatasetyy ., 11 0 -

Onthesentervals,we de ne theeventsU, = (u 2 I\SN;n ), Vo =
(V218.6):Smp = (S2 Wyp ) andTog = (t 2 1} 5). Wecan
thencomputetheprobabilitiesthe conditionalprobabilitiesof these
events:

10

P, P,
i P L Ki l:
P(Un A Vot SpA Tg) = > =0 Jp i=0 1Tk lios
4 ikl Lij ki
P, P, L
P(Te=(Un " Vo " Sp)) = P~ tp =0 tpm Ju
Pin=n lpjozo lPIII:ijkinpl
P(Sp:(Un A VO)) — Pi:n 1 PJ:O 1 PI ij Kinp |
n o s Lk
=n 1 =0 1 ki -
1PI-nrl p90 F Lij ki
Pt = 5P
i= 1 jikil 1
P(Un) = 1" 3 fm Li ki
" 2 i okl Lij ki
withkinp = p (i n+ 1)sy andljoq = q (j 0t 1)sp.

The rst probability concernghe choiceof onecell, while the
othersrepresenthe conditionalprobabilitiesof selectingoneinter
val only.



