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Abstract

Translucenbbjectsarecharacterizety diffuselight scatteringoe-
neaththe objects surface.Light entersandleasesanobjectat pos-
sibly distinctsurfacelocations.This papemresentshe rst method
to acquirethis transportehaior for arbitraryinhomogeneousb-
jects. Individual surfacepointsareilluminatedin our DISCO mea-
surementacility andtheobjectsimpulseresponsés recordedvith

a high-dynamicrangevideo camera. The acquireddatais resam-
pledinto a hierarchicaimodelof the objects light scatteringorop-
erties. Missing valuesare consistentlyinterpolatedresulting in

measurement-basechmpleteandaccurateepresentationsf real
translucenbbjectswhich canberenderedvith variousalgorithms.

CR Categories:  1.3.3 [Computer Graphics]: Picture/Image
Generation—Digitizingand Scanning,Viewing Algorithms, 1.3.5
[Computer Graphics]: Computational Geometry and Object
Modeling—Plysically Basedviodeling

Keywords: Subsurice Scattering BSSRDEF: Transluceny, Ac-
quisition,Re ection Model

1 Introduction

Light interactswith ideal opaqueobjectspurelylocally — it is scat-
teredat the point of incidenceaccordingto the bidirectional re-
ectance distribution function (BRDF) [Nicodemuset al. 1977].
In contrast light passestraightthroughtransparenbbjects(e.g.,
glass)and is only re ected or refractedat material boundaries.
Mary daily life objects(e.g.,milk, skin or marble)aretranslucent
andbelongto neitherof thesecatgories. They arecharacterizethy
multiple light scatteringnsidethe object. This subsurfacescatter
ing behaior leadsto a very distinctappearanc#hich is visually
important: light shinesthrough objects,they appearsmoothand
surfacedetailsarehidden(seeFigure?2 for anexampleof thesame
objectwith andwithout subsurécescattering).
Translucenbbjectscanbe renderedisinga variety of physical
simulationtechniquesMost recentrenderingsystemsarebasedn
thedipole approximatiorto a diffusionmodel[Jenseretal. 2001].
This approactenablednteractie evaluationwhile providing good
visual quality. Furthermorephysically correctparameterganbe
determinedor homogeneoumaterialsby a point-basedneasure-
ment setup[Jenseret al. 2001]. To our knowledge, there exists
however notechniquethatcanderive the necessarinput datafor a
real objectwith spatiallyvarying properties.Severalimage-based
acquisitionsystemsareableto captureobjectsthatexhibit subsur
face scattering. But, they do not take the speci c propertiesof
translucenbbjectsinto accountand are unableto provide a com-
prehensie modelof suchan object. They are especiallynot able
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Figurel: A modelof analabastehorsesculptureacquiredoy our
DISCO method. Differencesn materialare clearly visible when
the modelis lit from behind. Figure 2 shaws a photograpiof the
sculptureandSection9 discussegheresultin detail.

to rendertranslucenibbjectsfrom arbitrary viewpoints and under
arbitrarylighting conditionswheretheincidentillumination varies
per surfacepoint (e.g., illumination with textured point lights, or
projectedshadev borders).

We thereforeproposea methodto acquire a comprehensie
modelof atranslucenbbjectwith diffuselight propagtioninside
the objectandlocalillumination variationdueto shadavs or direc-
tionally dependeriight sourcesTo thisendwe sequentiallyllumi-
natea densesetof locationson an objects surfaceandobsenre its
impulseresponsdunction with a high-dynamicrangevideo cam-
era. The acquireddatais resamplednto a hierarchicaldatastruc-
ture taking advantageof the speci ¢ propertiesof translucenima-
terial suchas the exponentialfall-off nearthe point of incidence
andthe smoothglobal response We introducemethodso consis-
tently interpolateholes(mainly causedby occlusion)in the local
andglobaldataandto reducethevariancedueto noisein theacqui-
sition process.We implementedhe renderingmethodof Lensch
et al. [2003b] that allows us to displaythe acquiredobjectsinter
actively. Finally, we discusshow the acquireddatacould beincor
poratedinto mary currentrenderingalgorithmsasa modelfor real
objectsexhibiting subsurécescattering.

Our main contritution is our DISCO method(Digital Imaging
of SubsuréacesCatteringObjects)which acquiresa generalmodel
of real translucenibbjects. The modelcanbe renderedunderar
bitrary viewing andillumination conditionsincluding local illumi-
nation. We describeour completepipelineincluding acquisition,
post-processingnd display and validate our approachusing sev-
eralobjectswith diverseproperties.

The remainderof this paperis structuredasfollows: After dis-
cussingpreviouswork (Section2) we summarizehetheoryof sub-
surfacescatteringprie y describeour measuremerdapproachand
stateour modelingassumptionsn Section3. We describedetails
of our acquisitionin Section4. The resamplingand postprocess-
ing stepsarepresenteahext, followedby adiscussiorof applicable
renderingnethodsn Section8. Resultsof our measurement-based
modelingarepresenteih Sectiom beforewe concludeanddiscuss
futurework.
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Figure2: Photographsf analabastehorsemodelwith andwithout
subsurécescatteringunderidenticalillumination conditions. The
objectwascaoveredwith ne dustto “turn off” subsuricescatter
ing. Much surfacedetailis hiddenby thetransluceny.

2 Previous Work

Thetheoryof radiationin scatteringnediais awell studiedoroblem
[Ishimaru1978]andis of interestin mary applicationge.g.,wave
propagtion for communicationmedicine,remotesensing). The
goalin medicineandremotesensings to drawv conclusionsabout
the interior of a region by analyzingthe scatteredesponseo in-

comingradiationwhichrequiressolvingadif cult inverseproblem.
The predominanigoal in computergraphicsis to acquireenough
datato achieve a realisticvisual modelof an object’s responsdo

incidentillumination. While knowledgeof theinterior structureof

an objectis requiredto performexact simulationsof the physical
behaior, it is neithermandatorynor necessarilyef cient. Our ap-
proachis entirelybasecn externalmeasuremen@nddependsot
ontheinversion.

2.1 Models for Translucent Objects

Translucenbbjectscanbe modeledby de ning their basicphysi-
cal propertiege.g.,the absorptiorandscatteringcrosssections 5
and s [Ishimaru1978])for eachpointinsidetheir volume. Ren-
deringsuchan objectcouldthenmake useof physical simulations
or appropriateapproximations.

Alternatively, it is sufcient to record the visible effects of
subsuréce scattering. Translucentobjectscan be modeledusing
a bidirectional scattering-suefce re ectancedistribution function
S(Xi;!i;Xo;! o) (BSSRDF)[Nicodemuset al. 1977] thatrelates
irradianceata surfacepositionx; to there ectedradianceatx, for
arbitraryincomingand outgoingdirections! ; and! ,. The com-

plexity of this 8D function makes handlingit quite cumbersome.

However, for thecaseof opticallydensematerial thedirectionalde-
pendeny is neggligible sincetheresponsés dominatedby multiple
scatterecparticles. The BSSRDFmodelof Jenseret al. [2001] is
thereforesplit into a directionallydependensinglescatteringerm
S®W anda directionallyindependenmultiple scatteringterm Sg.
Omitting the single scatteringterm, the BSSRDFof a translucent
object can be collapsedto the 4D diffuse subsurcere ectance
function Rq(Xi; Xo) that dependonly on the incoming and out-
goingsurfacepositions.

2.2 Acquisition Techniques

BRDF acquisitiontechniquegMarschneretal. 1999;Lenschetal.
2003a]canonly recover thelocal re ectancepropertiesdut areun-
ableto modelthedistantlight transportharacteristi¢or subsurace
scatteringJenseret al. 2001]. Many image-basedcquisitionand
renderingechniquesreableto recordandreproducesomeaspects
of translucenbbjects:Techniquedasedn light elds [Levoy and

Hanrahan1996] or lumigraphs[Gortler et al. 1996] achiee this
for a given setof viewing andlighting conditions. Surfacelight
elds [Miller etal. 1998; Wood et al. 2000] recordobjectsunder
a single x edillumination for arbitraryviewpoints. In contrastto
surfacelight elds, re ectance elds [Deberecetal. 2000]aswell
aspolynomialtexturemapgMalzbenderetal. 2001]captureanob-
jectilluminatedby a setof distantpoint light sourcesseenfrom a
x edviewpoint.

Stronglytranslucentandtransparenbbjectswith re ection and
refractioneffectscanberecordedor asingleviewpointusingenvi-
ronmentmatting[Zongkeretal. 1999;Chuangetal. 2000]. Matusik
etal. [2002] combineenvironmentmattingandre ectance elds to
acquireanimage-basedepresentationf transparenandrefractive
objectsincluding their 3D shape.Eventhoughsomeof the above
techniquegecordobjectsundervarying illumination, they record
only caseswherethe whole objectis illuminated by distantlight
sources. Hence,as notedby Debevec et al. [2000], they are un-
ableto faithfully reproducehe effectsof local illumination varia-
tion suchasshadev boundarieprojectedontoanobject.

Masseluset al. [2003] capturethe re ectance eld of a scene
for a x ed viewpoint and arbitrary illumination parameterizeds
a 4D incidentlight eld. This allows to light the scenewith arbi-
trary light sourcesncludinglocalillumination within therelatively
coarseesolutionlimit of theincidentlight eld.

Jenseret al. [2001] measurehe scatteringparametergor com-
mon materialssuchas marbleor skin. They illuminate a single
point on the surface, capturethe re ected radiancewith a digital
camera,and computethe absorptioncrosssection , andthere-
ducedscatteringcrosssection 2. Their resultsallow modelingof
homogeneousbjectsmadefrom thesematerials. Arbitrary inho-
mogeneousbjectsarebeyondthe scopeof their measuremerdp-
proach.

In contrast, we take adwantageof the specic propertiesof
translucenmaterialsandacquirethe diffusesubsurécere ectance
function Rq(Xi; Xo) that hasno angularvarianceat incidentand
exiting surface locations. This allows us to denselysamplethe
incomingand outgoingsurfacelocations. We furthermorego be-
yondapureimage-basedepresentatioandtransformtheacquired
datainto ahierarchicablatastructurevhichreduceshestoragecost
considerablyandallows usto interpolatemissingdatapointscon-
sistently

2.3 Rendering

A variety of renderingtechniquessuchas nite elementmethods
[Rushmeierand Torrance1990; Sillion 1995; Blasi et al. 1993],
bidirectionalpathtracing[HanraharandKrueger 1993; Lafortune
andWillems 1996],photonmappingJenserandChristenseri998;
Dorse etal. 1999], Monte CarlosimulationgPharrandHanrahan
2000; Jenseret al. 1999], or diffusion [Stam 1995; Stam 2001]
are ableto simulatethe effects of subsurlce scatteringbasedon
physicalprinciples. Subsurécescatteringcanalsobeintegratedin
theframework of precomputedadiancdransfefSloanetal. 2003].

Jenseretal. [2001] introduceda practicaBSSRDFmodelcon-
sistingof a dipole approximatiorof the diffuse,multiple scattering
termandan extensionof the Hanraharand Krueger BRDF model
[HanrahanandKrueger 1993] for the local, directionaldependent
effectscausedy singlescattering The simplicity of themodelim-
pliesdrasticallyreducedenderingtimescomparedo afull Monte
Carlo Simulation. Although the dipole approximationis only cor
rectfor the surfaceof a homogeneousn nite half-spaceit yields
visually corvincing results. The degreeof realismcanbe further
improvedby addingamodulationtextureto simulatespatiallyvary-
ing materials.

Renderingvith BSSRDFss expensve sincecontritutionsfrom
the whole surface must be taken into account. Jenserand Buh-
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ler [2002] samplethereforethe irradiance rst and hierarchically
evaluate the diffusion approximationin a secondpass. Hao et
al. [2003]usealocalillumination modelandprecomputehetrans-
fer factorsfor all vertex neighborhoods. Mertenset al. [2003a]
use a clusteringhierarcly which is re-tuilt in real time to ren-
der deformabletranslucentobjectsinteractvely. They also pro-
posealocal subsurécescatteringalgorithmthatintegrateshesam-
plesin imagespaceatinteractize ratesusinghardwareacceleration
[Mertensetal. 2003b]. Thetranslucenshadev map[Dachsbacher
and Stamminger2003] augmentsa shadev mapby the irradiance
enteringtheobjectandthesurfacenormal. Thisinformationis used
to evaluatethe dipole approximationby hierarchically Itering the
translucenshadev mapin realtime on graphicshardware.Lensch
et al. [2003b] computethe local and global responsealueto sub-
surfacescatteringin a preprocessinghase.The local responseas
storedas lter kernelsfor anillumination map,theglobalresponse
is modeledby vertex-to-vertex throughputfactors. Both termsare
evaluatedin parallelat renderingtime. Carr et al. [2003] built an
adaptve link structurein a preprocessinghasesncodingthe over-
all responséo incominglight andevaluatet atrenderingime using
3 passe®nthegraphicshoard.

Apart from Jensenret al. [2001], none of the above rendering
methodsare basedon extensie setsof measurednput data. The
mainfocusof DISCOis thereforeto capturethe exactbehaior of
realtranslucenbbjectsincludingeffectsthatcannotbe capturedy
simpli ed modelssuchasthedipole approximatione.g.,cracksin
an object,volumetricallyvarying propertieshollow objects). The
acquiredmodelis comprehensie andversatile. We will alsodis-
cusshow it canbe integratedinto a variety of the above rendering
algorithmsandpresentheacquirednodelsrenderedy themethod
of Lenschetal. [2003b].

3 Background

TheBSSRDFS providesa generaimodelfor basiclight transport.
Omitting spectraleffects, polarization,and uorescence the out-
going radianceL' (xo;! o) at a surfacelocationx, anda direc-
tion! , isrelatedto theincidentradiancd.  (x;;! i) atall surface
locationsx; andfor all directions! ; via

zZ Z

L (X' i)S(XisisXo; P o)dlidx:
A + (Xi)

L' (xoi!o) =

A denoteghe surfaceof the objectand + (x;) is thehemisphere
of directionson the outsideof thesurfaceatx; .

Underthe assumptiorof multiple light scatteringnsidethe ob-
jectwhich removestheangulardependencieatincomingandexit-
ing surfacelocationswe canreplaceS with a4D diffusesubsuréce
re ectancefunctionRq(Xi; Xo):

z

L' (xoil0) = TFio( i10)  Ra(xiiXo) (2)
7 A
L (xi;ti)Fei (51 i)PN;
+ (Xi)

!iid!idXi:

The FresneltransmittancéactorsF: ( ;! ) modelwhatfraction of
the ux orradiosityis transmittedhroughthe surfaceboundaryfor
adirection! andagivenrelative index of refraction . Thefactor
1= corvertsradiosityinto exitant radiance.The areaforeshorten-
ingisrepresentedy N; ! i.

Thegoalof ourwork is to measurdR4(X; ; Xo) percolorchannel
for all incomingand outgoingsurfacelocationsx; andx,. If we
illuminate a target objectat a single surface point x? with known
incidentradianceL.  (x%;! i), we canobsereL' (xo;! ) onthe
objects surface. Inverting Equationl becomesdrivial andwe can
recordtheimpulserespons&q(x?; x,) for all Xo.

3.1 Hierarchical Model

Storingandrenderingthefull 4D functionRy with high resolution
is impractical. The natureof optically densetranslucentobjects
malkes Ry however well suitablefor a hierarchicalmodelingap-
proach:Rgy will typically vary stronglyin the proximity of x; due
to theexponentialfall-off of radiosityinsidethe scatteringvolume.
In distantareasRy variesquite smoothly Sharpfeaturesareusu-
ally causedby inhomogeneousaterialpropertieswithin a small
volumeon andright belowv the objects surfaceat x; andx,. All
photonspassthroughthesevolumesandtheir in uence is signi -
cant(seeFengetal. [1993]for a studyof photonpathdistributions
within scatteringmaterial).

Lenschetal. [2003b]introducedthereforea three-parimodelin
their renderingsystem: The irradiancefor all surfaceareass col-
lectedin a texture atlasin the form of a diffuse light map. Spa-
tially varying lter kernelsK (.., ) thatarecorvolvedwith thelight
mapmodelanobjects impulseresponsén theimmediatevicinity
of the incoming surfacelocationx;. The global termis modeled
by a vertex-to-vertex throughputactormatrix F. Enegy transport
is performedby multiplicationwith the pervertex irradiance.The
globalresponsés linearly interpolatedbetweerthe verticesof the
underlyingtrianglemesh(equivalentto Gouraudnterpolation).An
optionalmodulationtexture T addssurfaceappearanceéetail by
modulatingthe globalresponse.

Thegeneraktrategy is to useamodelwith highsamplingdensity
in the vicinity of the incomingimpulseand a much coarsersam-
pling in distant,smoothareas(still modulatedby a detail texture
T ). Thesamplelocationcouldfor examplealsobe determinedy
adaptvely subdviding the input mesh. Subdvision allows oneto
choosehesizeof the denselysamplecareaadaptvely andto guar
anteethatglobal and correspondindocal samplescoincidewhen-
ever possible.

We implementedur rendereibasedon thetechniqueof Lensch
etal. [2003b]andwill describeall furtherprocessingtepswith re-
spectto this renderingtechnique.The problemsandthe proposed
solutionsare however generalandtransferringthemto an alterna-
tive hierarchicabdatastructureshouldbe straightforvard.

3.2 Measurement Overview

In our measurementsye illuminateindividual surfacepointsof an
objectwith a narrov laserbeamas shown in Figure 3. A digi-
tal cameraobsenesthere ected radiance.Given the geometryof
both setupand objectaswell asthe Fresneltransmittancéactors
F«( ;!), we caninvert Equationl andrecordsampleof the dif-
fusesubsurécere ectancefunctionRq(Xi; Xo). Ra(Xi; Xo) canbe
sampleddenselyby changingthelasers point of incidenceandthe
camergose.

In practice,the target objectis illuminatedwith a narrov beam
of light with nite width. Regardingthe in uence of the incident
angle! ; on the outgoingradiancelL' (xo;! o) we cantherefore
distinguishbetweentwo cases.If X, is locatedoutsidethe beam
incidentat x; we canassumethat the full enegy (modulatedby
theFresnefactorF:( ;! )) entergheobjectatx; andis scattered
diffusely inside. The angleof incidence! ; in uencesthenonly
Fi( ;!i), theareaforeshortenindasto beomitted.

Within theareaof incidenceof thebeam theareaforeshortening
is de nitely importantsinceit scalesthe irradianceat eachpoint.
The shapeof the peakaroundthe incidentbeamwill alsochange
to somedeggreedependingon the beamwidth andtheangleof inci-
dencd ;.

An unknawn factorin our measurementarethe Fresnefactors
Fi( ;!). They represenbnly anapproximatiorto therealbeha-
ior of asurface[Schlick 1994]andrequireatleastknovledgeof the
relative index of refraction . We follow hereJenseretal. [2001]
andset = 1:3 butacknavledgethatthisis notexact.
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for all camera positions
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Figure3: Acquisitionsetupandacquisitionorder Leftandmiddle: Thelaserprojectorilluminatesthetargetobject(restingontheturntable).
The scenes obsened by the HDR video camerarom several positions. The two spotlightsvisible on both sidesof the cameran theright
imageareusedto illuminatethe objectduringsilhouettedetection.Right: Acquisitionorderin pseudacode.

Godin et al. [2001] have shown that 3D laserrangescanning
of translucenbbjectssuffersfrom a systematidiassincethe peak
locationis movedfor varyingviewing andlighting directions.Since
we alsorely on peakdetection,we expectthat our measurements
arein uenced by this behaior to somedegree.

Overall,theidealmeasuremergetupwould thereforelluminate
anobjectwith anin nitesimal beamof light alongthe surfacenor-
malin orderto avoid all theseproblems But asthisis not practical
we have to compromise. One good criterion to limit the amount
of errorintroducedis to consideronly samplesvherethe angleof
incidenceis belav athreshold.Theintroducednoisemustbe dealt
with in laterstagef the pipeline.

4 Acquisition Setup

Figure3 shawvs anoverview over the DISCO setup: Thetargetob-
jectis illuminatedby a laserprojectionsystemthat sweepsa laser
beamover the object’s surface. The objectis placedon a turntable
in orderto illuminate asmary surfaceregionsaspossible.The ob-
ject's responseo the illumination is recordedby a high-dynamic
rangevideo camera. The camerais manually placedat different
locationsrelative to the projectionsystemin orderto minimize oc-
clusionsandto recordthe objectfrom all sides. We rely on the
repeatabilityof the laserprojectorandthe turntableto ensurethat
identicalsurfacepositionsarelit for all camergositions.Werecord
oneimageper view (a combinationof turntableand cameraposi-
tion) wherethe objectis fully illuminated by additionalspotlights
for registrationof the objectwith respecto thecameraThewhole
acquisitionrunsat 15 fps (half the cameraspeedaswe discardall
framesduring which the laserposition was changed. Additional
breaksoccurwhenthe lasercolor is changeddueto the warmup
curwe of thelasers)r whentheturntableis rotated.
Theacquisitionorderin pseudaodeis shovn in Figure3 (right).
We will again make useof this orderin our postprocessingteps
wheremary computationsieedonly to be doneonceperview.

4.1 Laser System

The custom-hilt lasersystemconsistsof threeindividual lasers—
areddiodelaserandgreenandblue solid-statelaserswith wave-
lengthsof 635nm,532nm, and476 nm and10 mW optical power
perlaser All laserbeamsarefedinto asingleoptical ber to ensure
exact alignmentof the resultingbeams.A collimator at the other
endof the ber focusesthe beamto a size of about2 mm within
theworking range. A 2D galvanometeiscanneide ects the beam
with high precisionalongaregularangulamgrid to achieve asample
spacingof aboutl mm. Careis takenin the whole lasersystemto
reducelaserspeckleto a minimumin orderto avoid measurement
artifacts.

4.2 High-Dynamic Range Video Capture

High-dynamicrange (HDR) video capturecan be achieved with
specializedcamerasand/or software (see Kang et al. [2003] for
an overview). A speci c requirementof our measuremensetup
is the quite extremedynamicrangefor which we needlinear radi-
ancevalueswithout interferingquantizatiorartifactsor blooming.
In addition,caremustbe taken that the interestingfeaturesin the
vicinity of thelaserspotarenot maslkedby lens are or otherarti-
factscausedoy the high scenecontrast. The useof a high quality
lensis thereforemandatory

Camerawith standardogarithmicCMOS chipsarein principle
well suitedfor the task at handdueto the exponentialfall-off of
subsurécescatteringLinearresponseanbeachieredby asimple
HDR calibrationstep[Deberec and Malik 1997; Robertsoret al.
1999]. Thesecamerassuffer hawever often from strongquanti-
zation artifactsas the imagesare quantizedto 8—12 bits. Newer
technologiesuchasthe Photonfocud INLOG technologyshould
improve this situation.

In DISCO,we usea Silicon Vision Larslll high-dynamiaange
video cameraequippedwith a JenoptikLametar2.8/25mm lens.
The camerarecordsgrayscaldmageswith 768 496 pixel resolu-
tion at up to 30 fps andreturnslinear radiancevaluesover a range
of approximatelyl20dB. Thebasicprinciple of this cameras that
eachpixel decidesat x ed time steps(powers of two) whetherit
alreadyreceved sufcient irradiance. This corresponds$o an es-
timatewhetherthe pixel will be overexposedat the next time step
givenconstantrradiance Eachpixel recordgheexposureime and
the amountof chage collectedwithin this time from which linear
radiancevalueswith high precisionthroughoutthe dynamicrange
are computed. The acquiredimage streamsare then compressed
andstoredon adedicatedRAID array

4.3 Geometry Acquisition

Optical 3D scanningof translucentobjectsis challengingdue to
thenon-locallight re ection [Levoy etal. 2000;Godinetal. 2001;
Matusik et al. 2002]— evena humanobsenrer canhave dif culties
to visually detect ne shapedetails(Figure?2). We cover therefore
thetestobjectswith athin layer of white dustto achieve analmost
Lambertianre ection (seeFigure?2). The objectsarethenscanned
with a Minolta VI-910 laserscanneiand nal trianglemeshesre
generatedisingcommercialgeometry-processingols.

4.4 Geometric and Photometric Calibration

We performedageometriccameraalibration[Bouguet2003]to re-
cover theintrinsic parametersf the HDR camera.Dueto thelack
of featureson translucenbbjectsandthe easeof silhouettedetec-
tion causedy the globallight transportwe usea silhouettebased
registrationalgorithm[Lenschetal. 2001]to recovertheposeof the
target objectrelative to the camera.Given a setof laserhit points
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Figure4: The globaltermfor the starfruitmodel. Left: A single
columnof theglobalthroughputfactormatrix. Thegreenvertex in

the centermarksthe point of incidence red areasdenotemissing
values.Right: Thesamevertex afterinterpolation.Notethatvalues
ontheridgeareinterpolatedtonsistently

ontheobjects surfaceandthe correspondingle ection settingsof
the laserprojector we areableto recover the positionof the laser
projectorrelative to the setup.

For the photometriccalibration,we rely on the overall linearity
of the cameraoutputand assumethat the laserpower is constant
over time. We then needto perform a white balancingstep for
theindividual lasersakingthe spectrarespons®f the cameranto
account.To this end,we sequentiallyilluminate a white, scattering
calibrationtargetwith the threelasersandsumup the contrikution
of all imagepixels.

5 Efcient Data Access

A typical acquisitionyields an uncompressedatavolume of sev-
eralhundredof gigabytes.(Datacompressiortanreducethe size
of the raw datato a few tensof gigabyteswhile our nal models
aretypically only a few hundredsof megabytes.) It is therefore
mandatoryto useef cient algorithmsto accessheinputdatawhen
estimatingour hierarchicaimodel. In this section,we describethe
measuresve took to speedup this accesdeforewe describethe
post-processingf the global andlocal termin Sections6 and 7,
respectiely.

Eachcompleteacquisitionconsistsof a smallnumberof views
(combinationsof camerapositionandturntablerotation, typically
20-30views). Most of theessentiainformationfor thefurtherpro-
cessingstepsis constantper view andneedsto be computedonly
onceasthe cameraobseresthe objectalwaysfrom the sameper
spectve. This informationincludesthe positionof the objectand
thelaserprojectorrelative to the camera We precomputehe Fres-
neltermandassignall pixelsin theinputimageacon dencevalue
basedn theviewing andlighting directionsthatis usedasweight-
ing factorfor the input data. We alsorejectat this stageall pixels
thatarecloseto a speculatighlight or seenundergrazingangles
andgeneratehe mappingfrom our texture atlasinto the inputim-
ages.The mappingfrom verticesto imagecoordinategndthevis-
ibility areprecomputed.

In estimatingour hierarchicaimodel,we evaluateall imagesfor
a giventurntableandlaserprojectorposition. Theseimagesshav
theobjectunderidenticalillumination conditionsandcontainall in-
formationthatis availablefor aspeci c illumination condition. We

rst decidewhethertheimagetupleis valid, i.e., whetherthelaser
spotis visible, andcanthenef ciently resampleghe datausingthe
precomputednformation. Our currentimplementationprocesses
theinput datastreamsawith up to 50 fps on a PCwith 3 GHz Xeon
CPUwhichis morethanthreetimesthe speedf theacquisition.

6 Global Term Post-Processing

An objects diffusesubsurécere ectancefunctionRq(Xi; Xo) (see
Section3) away from the point of incidenceis representeavith a
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Figure5: Theglobaltermfor the starfruitmodel. Left: Irradiance.
Middle: The globalterm beforeinterpolation. Missing dataleads
to artifacts.Right: Theglobaltermafterinterpolation.Theartifacts
arereducedandmissingdatais lled in.

globaltermin our hierarchicalmodel. The discreterepresentation
of this global term is the matrix of throughputfactorsF. In our
methodtheshapeof theobjectis representedsatriangularsurface
mesh.Thevariationof thediffusesubsurécere ectancefunctionis
approximatedinearly betweerverticesin responséo incidentlight
atavertex. This discretizatiorapproactcorrespondso a Galerkin
methodwith lineartriangularelementsi.e., linear shapeunctions
over triangularelementswith hat functionsat incidentlight loca-
tions. Thethroughputfactormatrix F is then lled with subsuréce
re ectancefunctions— one function per vertex which is storedin
acolumnof F. Light transportis of coursesymmetricandso is
F. Thetaskin post-processing to estimatethe throughputfac-
tor matrix F basedontheacquiredmeasurement$0st-processing
combinesindividual obsenationsfor a speci ¢ point of incidence
Xi, it interpolateswithin a single subsurécere ectancefunction
(a columnof F) andbetweensubsurécere ectancefunctionsof
neighboringvertices. During interpolationthe distribution of en-
ergy within the materialneedsto be taken into account. In ho-
mogeneousnaterialthe enegy falls off exponentiallyaway from
thepointof incidentlight accordingo thediffusionapproximation.
However, our methodis aimedatinhomogeneousbjectswith be-
havior which deviatesfrom the smoothdiffusion approximation.
Figure 4 shavs an individual subsurécere ectancefunction for
thestarfruit modelbeforeandafterinterpolationof missingvalues.
Figure5 shavs renderingswith the full matrix F beforeandafter
interpolation.

6.1 Data Resampling

The acquireddata is in a suitable format for a subsuréce re-
ectancefunctionrepresentatiobecaus®f our choiceof measure-
mentmethod.We recordtheresponsef the objectto incidentlight
atapointonthesurface.A high-dynamiacdangeimageof theobject
is alreadya scaledsubsurécere ectancefunction for light enter
ing ata pointx;. However, the dataconsistof samplest discrete
locationsof the imageplane. It alsoonly coversthe part of the
surfacewhichis in aview. Knowing the 3D geometryof the mea-
suremensetupallows usto resamplethe dataon the objects sur
face.Thesurfaceis representedsatriangularsurfacemeshwhere
eachtrianglerepresentsa similar surfacearea.Resamplinghenis
the look-up of the bi-linearly interpolatedmageintensity at each
vertex location. The positionof theincidentlight needsalsoto be
resampledandis assumedo contriktute to the threeverticesof the
enclosingriangle. We weightthelight accordingo the barycentric
coordinatef the pointinsidethe triangle. We combinemeasure-
mentsof the samesubsuricere ectancefunction obsered from
differentviewpointsandwith varyinglasercolors. Theresultof the
resamplingare columnsof the throughputfactormatrix F in RGB
color spacewith somemissingentriesdue to unobsered surface
areaand completelymissing columnsfor verticeson the surface
whichwerenever lit. Theinterpolationof the matrix of throughput
factorswhich addressethesecasess describecdext.
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6.2 Interpolation

Interpolationof the throughputfactorswithin a columnof the ma-
trix is the task of function interpolationon an irregularly meshed
surface. In the diffusion approximationfor homogeneousnedia
thefunctionis a sumof exponentialdecayswvhich non-trivially de-
pendon distance.Jenseret al. [2001] reportdif culties in tting
the diffusion approximationwith dipole lighting to the measured
responsesf homogeneoumaterialsamplesThefunctionis more
complicatedfor inhomogeneousbjectsand,in our casetheinter
polationhasto potentially Il in large unseerareas.We conclude
thatfunction tting seemsdnappropriate.Instead,we use ltering
of throughputfactorson the mesh(similar to meshfairing [Taubin
1995]) with differentaveraging Iter kernels. The edgelengthin
themeshis takeninto accountasby Desbruretal. [1999]. The |-
ter operate®n thelogarithm of thetransfercoefcients becausef
the exponentialdecayof the subsurécere ectancefunction. The
Itering operate®n colorinformationwhich originatesfrom sepa-
rateimageswith sequentialaserillumination. Thereforethenoise
in thecolorinformationwill affectluminanceandchrominanceWe
choosethe CIE YU V model[CIE 1986]sinceit yieldslinear lu-
minancevaluesandallows interpolationof chrominancevaluesin
anearlinearspacewith respecto the humanvisual system.

Onthesymmetricmatrix F we Il all themissingentriesF, « in
columnsk wherewe obsenre theincidentlight point F . . Filling
is performedby weightedaveraging xing the obsenationvalues.
In particular we solve thefollowing iteration(similarto Peronaand
Malik [1990] but on ameshdomain)

X |
FIY = Flh+ (1 o) P Fr,

n2N

The neighborsn of a vertex r areits one-ring neighborhood\
connectedwith edgesof lengthen, . The weighting function
can be understoodas the derivative of a error norm  with the
scaleparameter [Sapiro2001]. We employ leastsquareswith

(x; ) = 2 x= 2 andmedian ltering with (x) = sign(x).
Thechoiceof con dencec; in the currenttransfercoefcient F .
controlstheupdaterateandc; = 1 keepgheexistingmeasurement
x ed. We obsered satishctory resultswith this approach. For
highly non-smoothtransfermatricesimage inpainting techniques
(e.g.,[Bertalmio et al. 2000]) may be ableto interpolatestructure
aswell.

Subsurécere ectancefunctionsfor verticesfor which the laser
did not reachthe triangle surface fan are interpolatediteratively
from neighboringvertices.Thisis justi ed sinceathroughputac-
tor Fy.c far from the point of illumination is typically similar to
throughpufactorF ., connectinghe samevertex k with incident
light positionsn closeto the positionof illumination c. Theneigh-
borhoodN is theone-ringof thevertex c. Thisapproactwill break
down for the diagonalentry F « x andclose-bypoints. The neigh-
borhoodN of diagonakelementd= x aretheneighboringdiagonal
Fn.n of theone-ring.We de ne theverticesof the one-ringneigh-
borhoodas close points and blend diagonalinterpolationand far
interpolation.We de ne diagonalneighbos of a closepointasthe
distance-weightedverageresponsef the verticesof the one-ring
neighborhoodf diagonalneighbors.(This is similar to the inter-
polation of Greens functionsof an elasticsolid describedby Pai
etal. [2001]). Far anddiagonalinterpolationareillustratedin Fig-
ure6.

We ensuresymmetryof the throughputfactormatrix by setting
F'*1 = 1(F'+ (F")") betweereachkind of interpolation aswell
as,atthebeginningandtheendof thepost-processindl heinterpo-
lationfor missingentriesn acolumnof F andfor missingcomplete
columnsis achievedwith the same Itering framework. Thediffer-
encesbetweerthe two tasksarelimited to differentneighborhood
de nitions. Our ltering framework could alsobe easilyextended

far interpolation

diagonal interpolation

Figure6: Faranddiagonalnterpolationof throughpufactormatrix
F . Thethroughputactorshavn in redis interpolatecbasedn the
neighboringfactorsshawvn in black.

Figure 7: Left: Texture atlaswith bordersfor the horsemodel.
Right: Recorereddetail texture (color codedversionof the green
channel: blue areasbecomedarler, red areasbecomebrighter
greenareagemainunchanged).

to diffusionsolved by forward Euleriterationsanddiffusionsolved
with implicit scheme$Desbrunetal. 1999].

6.3 Detail Texture

The detail representeth the throughputfactormatrix F is limited
by the resolutionof the underlyingmesh.We follow Lenschet al.
[2003b] in increasingthe resolutionof the subsurécere ectance
functionswith two kind of textures. We estimateillumination de-
pendentiocal high-resolution lter kernels(seeSection7) anda
global illumination independentnodulationtexture T . The tex-
turevaluesof T arederivedduringresamplingrom objectregions
distantfrom the point of incidenceof theillumination. For a texel
in T thatis visible andsmoothlylit in aninputimagewe record
its RGB valuet,y . We selectthe appropriateneshtriangleandin-
terpolatetiny basedon thethroughputfactorsat the corresponding
vertex locations. The weightedaverageof theratio t,y =tinx Over
all appropriaténputimagesis storedin T . At renderingtime, we
multiply theglobalresponseavith T . Theconstructiorensureshat
theradiosityremainsunchangedtmeshverticesandis consistently
modulatedat all otherlocations.Figure7 shovs asanexamplethe
recovereddetailtexturefor thehorsemodel.

7 Local Term Post-Processing

We follow Lenschetal. [2003b]andmodellocal light propagtion
by x ed sizedspatiallyvarying lter kernelsK ;) (7 7 pixels
in all our examples)on atexture atlas. The Iter kernelscorvolve
theirradianceat texel locationsfor local enegy transfer We usea
texture atlaswith a borderandwith a low guaranteedipperlimit

for texture stretch(on the orderof 2). Figure7 shavs an example
textureatlasof size512 512 pixel with borders.The lter kernels
are estimatedn the texture atlasdomainbasedon imageswhere
thelaserspotis visible. In generalthe peakof the laserspotwill

fall betweerthe discretepixel locationsin the texture atlas. In the
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Figure8: Building the lter kernels. Left: Locationof the laserpeakmappedo its' nearesheighbortexel. The plot shavs monochrome
luminancevaluesfrom the8 8 texel neighborhoodaroundthe highlight. The horizontalaxisis thedistanceén mmto a neighboringexel in
the texture atlas. The valuesshav a fall-off with distancebut no clearstructure.Middle: If we plot the samedataover the distanceto the
sub-pixel peaklocation,a fall-off resemblinghe sumof two exponentialfunctionsappearsRight: Plot of the dipole approximatiorfor the
materialpropertief marblefrom Jenseretal. [2001] for shapecomparison.

following, we describeheresamplinghecessaryo ensureaccurate
Iter kernels.

7.1 Data Resampling

Figure 8 (left) shavs an example of the peakof a Iter kernel
mappedto the nearesheighbortexel. All texelsin an8 8 pixel

neighborhoodaroundthe peaklocation are plotted accordingto

their 3D distanceto the peaktexel. A clearly structuredfall-off

is notvisible. If we however plot themaccordingto their distance
to the subpiel location of the peak(seecenterof Figure 8), the

generakhapeof thefall-off of subsurfcescatteringnaterialis rec-

ognizable(seeFigure 8 (right) for a comparisorto the dipole ap-

proximationwith arbitraryparameters)Themeasuremerttataalso
revealsstrongvariationsdueto surfacedetail at a giventexel loca-

tion. Surfacedetailis associatedvith a texel locationand should
notberesampledo presere the sharpnessf features.

In orderto recover plausible Iter kernelswe thereforeshift the
peaklocationto all four neighboringpixel locationswhile keeping
thesurfacedetailsspatially x ed. To separat¢heilluminationfrom
thesurfacedetail,we t theapproximation

md=c e¥+c e?

to the data. d is the 3D distancefrom the peaklocation, c; and
c; are t percolor channel, 1, and » areidenticalfor all color
channels.In orderto achieve a stable t we rst setc, to 0 and
t 1 andc; in log spaceo all datapointswith d > ;. Wethen
X 1 andc; and t the remainingparametergo all datapoints
withd < 2 (1 = 3mmand » = 1mm for the examplein
Figure8). Thistypically resultsin astablet of theexponents.In
thenext stepwe t onlythecolorvaluesc; andc; to all datapoints.
Thedifferencebetweerthe measurediatapointsandm(d) is then
encodedn a8 8 pixel multiplicative correctiontextureC.

In orderto computethe four lter kernelsfor the neighboring
vertices,we evaluatem(d) for their respectie centerlocationand
divide theresultvaluesby C. If somepixelsin the neighborhood
werenotvisible in theinputimageswe caninterpolatethemusing
m(d).

7.2 Interpolation

Interpolationof lter kernelsis performedby vector Itering over
thesurfaceof theobject.Each7 7 lter kernelis representedsa
49-vector We usethe same ltering framework asfor thetransfer
coefcients F but onthetextureatlasdomaininsteadf thetriangu-
lar mesh.TheneighborhoodN in thetextureatlascontainsatexel's
four-neighborsexceptfor texture atlasboundariesThe boundaries

needto betreatedspeciallyin orderto ensurehecorrectneighbor
hoodinformation. Eachboundarytexel links thereforeto a corre-
spondingnon-boundaryexel in a differentmapof the atlasthatis
usedinsteadof the boundarytexel during ltering. Filter kernels
alsodiffer in sizesincedifferentareasin the atlasare not isomet-
ric. Thefunctionalapproximatiorallows for an easyinterpolation
independenof sizeattexture mapboundaries.

Besidethe vectorof functionparametersye alsopropagtethe
multiplicative correctiontexturesC. Typically, mostof the multi-
plicative texturesoverlapin our examplesdueto their sizeandthe
laserspotsamplespacingsothatlittle interpolationis necessary

8 Rendering

Theacquiredandprocessediatasetanbe directly renderedising

the approachof Lenschet al. [2003b]. While they computedthe

throughpufactorsthe lter kernelsandthemodulationtexturein a

pre-processingtepbasednthedipoleapproximationywe measure
this data. The actualrenderingstepis then straightforvard: We

rst renderanillumination mapof the object. The globalandlocal

enepy transferare evaluatedin parallel using the CPU and both

partsare renderedtogether A more detaileddescriptioncan be

foundin [Lenschetal. 2003b].

The model is however not limited to this particular render
ing technique. Although it doesnot containthe basic parame-
ters neededfor a physical simulation, it canstill be treatedas a
“black box” by a Monte Carloraytraceror a photonmappingsys-
tem. Both requireonly a probabilisticevaluationof the local and
global throughputfactorswhich canbe spedup usinganinverted
cumulatve densityfunction [Pitman 1992]. The model canalso
be directly integratedin the preprocessingphaseof precomputed
radiancetransfer[Sloanet al. 2003], the local illumination frame-
work of Hao et al. [2003] or the adaptve link techniqueby Carr
etal. [2003]. The modelcansubstitutean evaluationof the dipole
approximation[Jensenet al. 2001] althoughthe size of the data
structuremakes an evaluationon currentgraphicshardware dif -
cult.

9 Results

We acquiredthefollowing objectsto validateour approachAn al-
abastehorsesculpture a rubberduck anda starfruit (carambola).
Thealabastehorsehasstrongvariationin its subsuréicescattering
propertiesandcomplex geometry It consistf regionswith varied
transluceng andcontainscracksinsidethe material. Thebasema-
terial of therubberduckis uniform, stronglyscatteringubber The
beakandthe eyes are paintedon the outsidewith glossy opaque
paint. Incominglight is so strongly diffusedat the rubbersurface
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Figure9: Thetestobjectsunderindoorillumination (top row) and
illuminatedby all threelaserg(bottomrow).

| | Horse | Duck [ Starfruit |
#inputviews 24 25 20
#inputimages | 1.065.744| 541.125| 401.220
inputsize
(compressed) 31G 14G 12G
acquisitiontime 20.5h 11.25h 8h
# vertices 8924 5002 5001
# Iter kernels 82.390 | 115.151| 112.538
processindgime 7.8h 3.6h 3.4h
(resampling)

Tablel: Somestatisticsabouttheacquiredmodels.

thattheassumptiorof diffuse,multiple scatteringemainsvalid al-
thoughthe duck is empty inside. The starfruitis an example of
a translucentbiological objectwith concae geometryand a rel-
atively specularsurface. Figure 9 shaws all objectsunderindoor
illumination, aswell as, illuminated by the threelasers(i.e., the
object’s impulseresponse).Synthesizedmagesof the measured
modelsarepresentedn Figuresl, 4,5,10,11,12,and13. Tablel
summarizesmportantpropertiesof thesemodels.

DISCO capturesnodelswith local variationandsigni cant de-
tail. The modelof the alabastehorsesculpturein Figure1 shavs
nicely areasof differing transluceng. Thereis a moreopaquere-
gion atthe headaroundthe eyeswhile the muzzleis quitetranslu-
cent. Theleft sideof the head(whenviewed from the muzzle)has
variousopaqueareastowardsthe supportandin the mane. There
is a crackrunningtop to bottomin the centerat the neckaswell.
The modelcaptureghesevolume effects. Figure 10 demonstrates
how the local light transportaddssurface detail and gives an im-
pressiorof thevaryingopticaldensitiesatthe objects surface.The
structureis alsovisible in the global throughputfactor matrix al-
beit smoother The side-by-sidecomparisorof a renderingof the
modelanda photograptshavs thatour methodrecovers ne struc-
ture detail (seelowerimagesin Figure10). Thehighly translucent
veinsaswell asthestronglydiffusepatchesvhicharevisiblein the
photographarepresenin our model. Theslightly brownishregion
in the centeris alsocapturedwell by our model,both,in colorand
shape.

The duck modelin Figures11 and 12 showvs how our method
candealwith completelyheterogenousbjectswithoutrepresenting
the materialdistribution within the object explicitly. The rubber
duckis madeof regular materialoverall but headandbody appear
nearlyseparatavhenlit from behind. Thewings block morelight
probablybecauseof the extra thickness. The beakand eyes are

Figure10: The horsemodel. Top: Irradiance ocal light transport
by Iter kernels,andglobal light transportdueto the throughput
factormatrix. Bottomleft: Combinedrenderingof local andglobal
term. Thelocal light transportaddssurfacedetailandgivesanim-

pressiorof thematerialpropertiesat the objects surfacewhoseba-
sic structureis alsovisible in theglobalterm. Bottomright: Photo-
graphof therealobjectundersimilar conditions.A slide projector
wasusedto producethe sharpshadev boundary

Figurell: Theduckmodelilluminatedwith a spotlight. Left: Lo-
cal Iter kernels.Center: GlobalthroughputfactorsRight: Com-
binedrendering.

markedwith anopaquepaintlayer Themodelcaptureshesemajor
deviation from homogeneoubehaior while beingsmoothoverall.
Theheadof therenderedlucklacksfeaturessincewe arereaching
thelimits of the dynamicrangeof ourvideocamera.

The starfruitis visually quite interestingbecauseof its shape.
Themodelin Figure13is of good delity despitemissingcapture
datadueto the geometricallycomplex shape Additional inputim-
ageswould Il gapsbetterthanour datainterpolationtechnique.

9.1 Discussion

Thequality of theinputdata,both,in termsof surfacecoverageand
in termsof noise,determineshe amountof post-processingeces-
saryandultimatelythe quality of the nal model.Surfacecoverage
is limited by the classicalstereovision occlusionproblem. There
is alsoatrade-of betweeradditionalimageryandincreasedcqui-
sition time. The intensity of the low-costlasersof our projection
systemvariesdueto noiserequiring additionalsmoothingduring
the interpolation. This variationaswell asthe obsered intensity
drift dueto thermaleffectslead currentlyto color artifactsin the
nal renderings.Theseissuescanbe solved by eitherlocking the
lasers'intensityor by monitoringandcalibratingfor thevariations.
Our DISCO methodis limited to a speci ¢ classof objectswith
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Figure 12: Details of the duck model. Left: Headof the duckil-

luminatedwith a small spotlightfrom the back. The beakandthe
eyesareclearlyvisible. The spotnearthetail is causedy diffuse
re ection from thebackof theheadduringtheacquisition.Middle:
Body of theduckmodelilluminatedwith asmallspotlightfrom the
back. Right: Photograplof the duck taken undersimilar condi-
tions. Theimagesshaow the speci ¢ propertyof the realduckthat
light illuminating the headis scatterednainly insidethe headand
light illuminating the bodyis scatterednainly insidethe body.

Figure 13: Starfruitmodelwith global transferfunction andlocal
term(7 7 Iter kernels).Left: The hierarchicalmodelof the star
fruit is illuminated from the front right. Right: The samemodel
illuminated from the back. The global transferfunction aloneis
renderedn Figures4 and5.

strongsubsuréicescatteringanddiffusesurfacere ection. Thedif-
fusesubsurécere ectancefunction is unableto representheangu-
lar dependengof thedirectsurfacere ection. Thisis noticeabldén
therenderingof thehorseaswell asthestarfruit. In weaklyscatter
ing mediasuchasmurky wateror hongy, thediffuselight transport
assumptiordoesnot hold. But asthis assumptions widely usedin
currentrenderingsystemspur approactcanbeusedfor bothqual-
itative andperceptualalidationof thesemodelsbeyondtheresults
shovnin Figure8.

10 Conclusion and Future Work

We presentedISCO - the rst methodto acquirethe subsuréce
scatteringpehaior of opticallydensdranslucenbbjects.Thecom-
prehensie, hierarchicaimodelscanbe usedby a variety of render
ing approaches.Missing informationis consistentlyinterpolated
andnoiseartifactsof the acquisitionarereduced We validatedthe
approachby acquiringthreetranslucenibjectswith strongly dif-
fering behaior.

For the future, we would like to improve the quality of the ac-
quired modelsby improving the acquisitionsetupas discussedn
Section9.1. An acquisitionplanningstepwhich determineghelit
surfacepositionsshouldbe ableto improve the quality of the mod-
els, reducethe post-processingffort andspeedup the acquisition.
Furthermorewe would like to validate the methodby acquiring
well-de ned test targets and comparingthe resultsboth to other
measurementée.g., point-basedneasurementor homogeneous
materials),as well as, to simulationresults. We expectthat the
DISCO approachis not only usefulto digitize translucenbbjects
but canalso help to analyzestrengthsand weaknessesf current
renderingapproaches.
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