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Abstract

Translucentobjectsarecharacterizedby diffuselight scatteringbe-
neaththeobject's surface.Light entersandleavesanobjectat pos-
sibly distinctsurfacelocations.Thispaperpresentsthe�rst method
to acquirethis transportbehavior for arbitraryinhomogeneousob-
jects.Individual surfacepointsareilluminatedin our DISCOmea-
surementfacility andtheobject's impulseresponseis recordedwith
a high-dynamicrangevideo camera.The acquireddatais resam-
pledinto a hierarchicalmodelof theobject's light scatteringprop-
erties. Missing valuesare consistentlyinterpolatedresulting in
measurement-based,completeandaccuraterepresentationsof real
translucentobjectswhichcanberenderedwith variousalgorithms.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—DigitizingandScanning,Viewing Algorithms, I.3.5
[Computer Graphics]: Computational Geometry and Object
Modeling—PhysicallyBasedModeling

Keywords: SubsurfaceScattering,BSSRDF, Translucency, Ac-
quisition,Re�ection Model

1 Intr oduction

Light interactswith idealopaqueobjectspurelylocally – it is scat-
teredat the point of incidenceaccordingto the bidirectional re-
�ectance distribution function (BRDF) [Nicodemuset al. 1977].
In contrast,light passesstraightthroughtransparentobjects(e.g.,
glass)and is only re�ected or refractedat material boundaries.
Many daily life objects(e.g.,milk, skin or marble)aretranslucent
andbelongto neitherof thesecategories.They arecharacterizedby
multiple light scatteringinsidetheobject.This subsurfacescatter-
ing behavior leadsto a very distinct appearancewhich is visually
important: light shinesthroughobjects,they appearsmoothand
surfacedetailsarehidden(seeFigure2 for anexampleof thesame
objectwith andwithoutsubsurfacescattering).

Translucentobjectscanbe renderedusinga variety of physical
simulationtechniques.Most recentrenderingsystemsarebasedon
thedipoleapproximationto a diffusionmodel[Jensenet al. 2001].
This approachenablesinteractive evaluationwhile providing good
visual quality. Furthermore,physically correctparameterscanbe
determinedfor homogeneousmaterialsby a point-basedmeasure-
ment setup[Jensenet al. 2001]. To our knowledge,thereexists
howeverno techniquethatcanderive thenecessaryinputdatafor a
real objectwith spatiallyvarying properties.Several image-based
acquisitionsystemsareableto captureobjectsthatexhibit subsur-
facescattering. But, they do not take the speci�c propertiesof
translucentobjectsinto accountandareunableto provide a com-
prehensive modelof suchan object. They areespeciallynot able
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Figure1: A modelof analabasterhorsesculptureacquiredby our
DISCO method. Differencesin materialareclearly visible when
the modelis lit from behind. Figure2 shows a photographof the
sculptureandSection9 discussestheresultin detail.

to rendertranslucentobjectsfrom arbitraryviewpointsandunder
arbitrarylighting conditionswheretheincidentillumination varies
per surfacepoint (e.g., illumination with texturedpoint lights, or
projectedshadow borders).

We thereforeproposea method to acquire a comprehensive
modelof a translucentobjectwith diffuselight propagation inside
theobjectandlocal illuminationvariationdueto shadowsor direc-
tionally dependentlight sources.To thisendwesequentiallyillumi-
natea densesetof locationson anobject's surfaceandobserve its
impulseresponsefunction with a high-dynamicrangevideo cam-
era. Theacquireddatais resampledinto a hierarchicaldatastruc-
ture taking advantageof the speci�c propertiesof translucentma-
terial suchas the exponentialfall-off nearthe point of incidence
andthesmoothglobal response.We introducemethodsto consis-
tently interpolateholes(mainly causedby occlusion)in the local
andglobaldataandto reducethevariancedueto noisein theacqui-
sition process.We implementedthe renderingmethodof Lensch
et al. [2003b] that allows us to displaythe acquiredobjectsinter-
actively. Finally, we discusshow theacquireddatacouldbeincor-
poratedinto many currentrenderingalgorithmsasa modelfor real
objectsexhibiting subsurfacescattering.

Our main contribution is our DISCO method(Digital Imaging
of SubsurfacesCatteringObjects)which acquiresa generalmodel
of real translucentobjects. The modelcanbe renderedunderar-
bitrary viewing andillumination conditionsincludinglocal illumi-
nation. We describeour completepipeline including acquisition,
post-processinganddisplayandvalidateour approachusingsev-
eralobjectswith diverseproperties.

The remainderof this paperis structuredasfollows: After dis-
cussingpreviouswork (Section2) wesummarizethetheoryof sub-
surfacescattering,brie�y describeour measurementapproach,and
stateour modelingassumptionsin Section3. We describedetails
of our acquisitionin Section4. The resamplingandpostprocess-
ing stepsarepresentednext, followedby adiscussionof applicable
renderingmethodsin Section8. Resultsof ourmeasurement-based
modelingarepresentedin Section9 beforeweconcludeanddiscuss
futurework.
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Figure2: Photographsof analabasterhorsemodelwith andwithout
subsurfacescatteringunderidenticalillumination conditions.The
objectwascoveredwith �ne dustto “turn off ” subsurfacescatter-
ing. Muchsurfacedetail is hiddenby thetranslucency.

2 Previous Work

Thetheoryof radiationin scatteringmediaisawell studiedproblem
[Ishimaru1978]andis of interestin many applications(e.g.,wave
propagation for communication,medicine,remotesensing). The
goal in medicineandremotesensingis to draw conclusionsabout
the interior of a region by analyzingthe scatteredresponseto in-
comingradiationwhichrequiressolvingadif�cult inverseproblem.
The predominantgoal in computergraphicsis to acquireenough
datato achieve a realisticvisual modelof an object's responseto
incidentillumination. While knowledgeof theinterior structureof
an object is requiredto performexact simulationsof the physical
behavior, it is neithermandatorynor necessarilyef�cient. Our ap-
proachis entirelybasedonexternalmeasurementsanddependsnot
on theinversion.

2.1 Models for Translucent Objects

Translucentobjectscanbe modeledby de�ning their basicphysi-
cal properties(e.g.,theabsorptionandscatteringcrosssections� a

and� s [Ishimaru1978]) for eachpoint insidetheir volume. Ren-
deringsuchanobjectcouldthenmake useof physicalsimulations
or appropriateapproximations.

Alternatively, it is suf�cient to record the visible effects of
subsurfacescattering. Translucentobjectscan be modeledusing
a bidirectionalscattering-surfacere�ectancedistribution function
S(x i ; ! i ; xo ; ! o) (BSSRDF)[Nicodemuset al. 1977] that relates
irradianceatasurfacepositionx i to there�ectedradianceatxo for
arbitrary incomingandoutgoingdirections! i and! o . The com-
plexity of this 8D function makeshandlingit quite cumbersome.
However, for thecaseof opticallydensematerial,thedirectionalde-
pendency is negligible sincetheresponseis dominatedby multiple
scatteredparticles.The BSSRDFmodelof Jensenet al. [2001] is
thereforesplit into a directionallydependentsinglescatteringterm
S(1) anda directionally independentmultiple scatteringterm Sd .
Omitting the singlescatteringterm, the BSSRDFof a translucent
object can be collapsedto the 4D diffuse subsurfacere�ectance
function Rd (x i ; xo) that dependsonly on the incoming and out-
goingsurfacepositions.

2.2 Acquisition Techniques

BRDF acquisitiontechniques[Marschneret al. 1999;Lenschet al.
2003a]canonly recover thelocal re�ectancepropertiesbut areun-
ableto modelthedistantlight transportcharacteristicfor subsurface
scattering[Jensenet al. 2001]. Many image-basedacquisitionand
renderingtechniquesareableto recordandreproducesomeaspects
of translucentobjects:Techniquesbasedon light �elds [Levoy and

Hanrahan1996] or lumigraphs[Gortler et al. 1996] achieve this
for a given set of viewing and lighting conditions. Surfacelight
�elds [Miller et al. 1998; Wood et al. 2000] recordobjectsunder
a single�x ed illumination for arbitraryviewpoints. In contrastto
surfacelight �elds, re�ectance�elds [Debevecet al. 2000]aswell
aspolynomialtexturemaps[Malzbenderetal.2001]captureanob-
ject illuminatedby a setof distantpoint light sourcesseenfrom a
�x edviewpoint.

Stronglytranslucentandtransparentobjectswith re�ection and
refractioneffectscanberecordedfor asingleviewpointusingenvi-
ronmentmatting[Zongkeretal.1999;Chuangetal.2000].Matusik
etal. [2002]combineenvironmentmattingandre�ectance�elds to
acquireanimage-basedrepresentationof transparentandrefractive
objectsincluding their 3D shape.Even thoughsomeof theabove
techniquesrecordobjectsundervarying illumination, they record
only caseswherethe whole object is illuminatedby distantlight
sources.Hence,asnotedby Debevec et al. [2000], they areun-
ableto faithfully reproducethe effectsof local illumination varia-
tion suchasshadow boundariesprojectedontoanobject.

Masseluset al. [2003] capturethe re�ectance�eld of a scene
for a �x ed viewpoint and arbitrary illumination parameterizedas
a 4D incidentlight �eld. This allows to light the scenewith arbi-
trary light sourcesincludinglocal illuminationwithin therelatively
coarseresolutionlimit of theincidentlight �eld.

Jensenet al. [2001] measurethescatteringparametersfor com-
mon materialssuchas marbleor skin. They illuminate a single
point on the surface,capturethe re�ected radiancewith a digital
camera,andcomputethe absorptioncrosssection� a and the re-
ducedscatteringcrosssection� 0

s . Their resultsallow modelingof
homogeneousobjectsmadefrom thesematerials.Arbitrary inho-
mogeneousobjectsarebeyondthescopeof their measurementap-
proach.

In contrast, we take advantageof the speci�c propertiesof
translucentmaterialsandacquirethediffusesubsurfacere�ectance
function Rd (x i ; xo) that hasno angularvarianceat incident and
exiting surface locations. This allows us to denselysamplethe
incomingandoutgoingsurfacelocations. We furthermorego be-
yondapureimage-basedrepresentationandtransformtheacquired
datainto ahierarchicaldatastructurewhichreducesthestoragecost
considerablyandallows us to interpolatemissingdatapointscon-
sistently.

2.3 Rendering

A variety of renderingtechniquessuchas �nite elementmethods
[Rushmeierand Torrance1990; Sillion 1995; Blasi et al. 1993],
bidirectionalpathtracing[HanrahanandKrueger1993;Lafortune
andWillems1996],photonmapping[JensenandChristensen1998;
Dorsey et al. 1999],MonteCarlosimulations[PharrandHanrahan
2000; Jensenet al. 1999], or diffusion [Stam 1995; Stam2001]
areable to simulatethe effectsof subsurfacescatteringbasedon
physicalprinciples. Subsurfacescatteringcanalsobeintegratedin
theframework of precomputedradiancetransfer[Sloanetal.2003].

Jensenet al. [2001] introduceda practicalBSSRDFmodelcon-
sistingof a dipoleapproximationof thediffuse,multiplescattering
termandanextensionof theHanrahanandKruegerBRDF model
[HanrahanandKrueger 1993] for the local, directionaldependent
effectscausedby singlescattering.Thesimplicity of themodelim-
pliesdrasticallyreducedrenderingtimescomparedto a full Monte
CarloSimulation. Although thedipoleapproximationis only cor-
rect for thesurfaceof a homogeneous,in�nite half-space,it yields
visually convincing results. The degreeof realismcanbe further
improvedby addingamodulationtextureto simulatespatiallyvary-
ing materials.

Renderingwith BSSRDFsis expensivesincecontributionsfrom
the whole surfacemust be taken into account. Jensenand Buh-
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ler [2002] samplethereforethe irradiance�rst andhierarchically
evaluatethe diffusion approximationin a secondpass. Hao et
al. [2003]usea local illuminationmodelandprecomputethetrans-
fer factorsfor all vertex neighborhoods.Mertenset al. [2003a]
use a clusteringhierarchy which is re-built in real time to ren-
der deformabletranslucentobjectsinteractively. They also pro-
posealocalsubsurfacescatteringalgorithmthatintegratesthesam-
plesin imagespaceat interactive ratesusinghardwareacceleration
[Mertenset al. 2003b].Thetranslucentshadow map[Dachsbacher
andStamminger2003] augmentsa shadow mapby the irradiance
enteringtheobjectandthesurfacenormal.This informationis used
to evaluatethedipoleapproximationby hierarchically�ltering the
translucentshadow mapin realtime ongraphicshardware.Lensch
et al. [2003b] computethe local andglobal responsedue to sub-
surfacescatteringin a preprocessingphase.The local responseis
storedas�lter kernelsfor anilluminationmap,theglobalresponse
is modeledby vertex-to-vertex throughputfactors.Both termsare
evaluatedin parallelat renderingtime. Carr et al. [2003] built an
adaptive link structurein a preprocessingphaseencodingtheover-
all responseto incominglight andevaluateit atrenderingtimeusing
3 passeson thegraphicsboard.

Apart from Jensenet al. [2001], noneof the above rendering
methodsarebasedon extensive setsof measuredinput data. The
main focusof DISCOis thereforeto capturetheexactbehavior of
realtranslucentobjectsincludingeffectsthatcannotbecapturedby
simpli�ed modelssuchasthedipoleapproximation(e.g.,cracksin
anobject,volumetricallyvaryingproperties,hollow objects).The
acquiredmodel is comprehensive andversatile. We will alsodis-
cusshow it canbe integratedinto a varietyof theabove rendering
algorithmsandpresenttheacquiredmodelsrenderedby themethod
of Lenschetal. [2003b].

3 Backgr ound

TheBSSRDFS providesa generalmodelfor basiclight transport.
Omitting spectraleffects,polarization,and �uorescence,the out-
going radianceL ! (xo ; ! o) at a surfacelocationxo anda direc-
tion ! o is relatedto theincidentradianceL  (x i ; ! i ) at all surface
locationsx i andfor all directions! i via

L ! (xo ; ! o) =
Z

A

Z


 + ( x i )
L  (x i ; ! i )S(x i ; ! i ; xo ; ! o)d! i dx i :

A denotesthesurfaceof theobjectand
 + (x i ) is thehemisphere
of directionson theoutsideof thesurfaceat x i .

Undertheassumptionof multiple light scatteringinsidetheob-
jectwhichremovestheangulardependenciesat incomingandexit-
ing surfacelocationswecanreplaceS with a4D diffusesubsurface
re�ectancefunctionRd (x i ; xo):

L ! (xo ; ! o) =
1
�

Ft;o (� ; ! o)
Z

A
Rd (x i ; xo) (1)

�
Z


 + ( x i )
L  (x i ; ! i )Ft;i (� ; ! i )hN i � ! i i d! i dx i :

TheFresneltransmittancefactorsF t (� ; ! ) modelwhat fractionof
the�ux or radiosityis transmittedthroughthesurfaceboundaryfor
a direction! anda givenrelative index of refraction� . Thefactor
1=� convertsradiosityinto exitant radiance.Theareaforeshorten-
ing is representedby hN i � ! i i .

Thegoalof ourwork is to measureRd (x i ; xo) percolorchannel
for all incomingandoutgoingsurfacelocationsx i andxo . If we
illuminate a target objectat a singlesurfacepoint x0

i with known
incidentradianceL  (x0

i ; ! i ), we canobserve L ! (xo ; ! o) on the
object's surface. InvertingEquation1 becomestrivial andwe can
recordtheimpulseresponseRd (x0

i ; xo) for all xo .

3.1 Hierar chical Model

Storingandrenderingthefull 4D functionRd with high resolution
is impractical. The natureof optically densetranslucentobjects
makes Rd however well suitablefor a hierarchicalmodelingap-
proach:Rd will typically vary stronglyin theproximity of x i due
to theexponentialfall-off of radiosityinsidethescatteringvolume.
In distantareas,Rd variesquitesmoothly. Sharpfeaturesareusu-
ally causedby inhomogeneousmaterialpropertieswithin a small
volumeon andright below the object's surfaceat x i andxo . All
photonspassthroughthesevolumesandtheir in�uence is signi�-
cant(seeFenget al. [1993] for a studyof photonpathdistributions
within scatteringmaterial).

Lenschet al. [2003b]introducedthereforea three-partmodelin
their renderingsystem:The irradiancefor all surfaceareasis col-
lectedin a texture atlasin the form of a diffuse light map. Spa-
tially varying�lter kernelsK ( u;v ) thatareconvolvedwith thelight
mapmodelanobject's impulseresponsein the immediatevicinity
of the incomingsurfacelocationx i . The global term is modeled
by a vertex-to-vertex throughputfactormatrix F . Energy transport
is performedby multiplicationwith theper-vertex irradiance.The
global responseis linearly interpolatedbetweentheverticesof the
underlyingtrianglemesh(equivalentto Gouraudinterpolation).An
optionalmodulationtexture T� addssurfaceappearancedetail by
modulatingtheglobalresponse.

Thegeneralstrategy is to useamodelwith highsamplingdensity
in the vicinity of the incoming impulseanda muchcoarsersam-
pling in distant,smoothareas(still modulatedby a detail texture
T� ). Thesamplelocationcouldfor examplealsobedeterminedby
adaptively subdividing the input mesh. Subdivision allows oneto
choosethesizeof thedenselysampledareaadaptively andto guar-
anteethatglobalandcorrespondinglocal samplescoincidewhen-
everpossible.

We implementedour rendererbasedon thetechniqueof Lensch
etal. [2003b]andwill describeall furtherprocessingstepswith re-
spectto this renderingtechnique.Theproblemsandtheproposed
solutionsarehowever generalandtransferringthemto analterna-
tivehierarchicaldatastructureshouldbestraightforward.

3.2 Measurement Overview

In ourmeasurements,we illuminateindividual surfacepointsof an
object with a narrow laserbeamas shown in Figure 3. A digi-
tal cameraobservesthe re�ected radiance.Given thegeometryof
both setupandobjectaswell asthe Fresneltransmittancefactors
Ft (� ; ! ), we caninvert Equation1 andrecordsamplesof thedif-
fusesubsurfacere�ectancefunctionRd (x i ; xo). Rd (x i ; xo) canbe
sampleddenselyby changingthelaser's point of incidenceandthe
camerapose.

In practice,the targetobjectis illuminatedwith a narrow beam
of light with �nite width. Regardingthe in�uence of the incident
angle! i on the outgoingradianceL ! (xo ; ! o) we can therefore
distinguishbetweentwo cases.If xo is locatedoutsidethe beam
incidentat x i we can assumethat the full energy (modulatedby
theFresnelfactorFt (� ; ! i )) enterstheobjectat x i andis scattered
diffusely inside. The angleof incidence! i in�uences then only
Ft (� ; ! i ), theareaforeshorteninghasto beomitted.

Within theareaof incidenceof thebeam,theareaforeshortening
is de�nitely importantsinceit scalesthe irradianceat eachpoint.
The shapeof the peakaroundthe incidentbeamwill alsochange
to somedegreedependingon thebeamwidth andtheangleof inci-
dence! i .

An unknown factorin our measurementsaretheFresnelfactors
Ft (� ; ! ). They representonly anapproximationto therealbehav-
ior of asurface[Schlick1994]andrequireat leastknowledgeof the
relative index of refraction� . We follow hereJensenet al. [2001]
andset� = 1:3 but acknowledgethatthis is notexact.
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Figure3: Acquisitionsetupandacquisitionorder. Leftandmiddle:Thelaserprojectorilluminatesthetargetobject(restingon theturntable).
Thesceneis observedby theHDR videocamerafrom severalpositions.Thetwo spotlightsvisible on bothsidesof thecamerain theright
imageareusedto illuminatetheobjectduringsilhouettedetection.Right: Acquisitionorderin pseudocode.

Godin et al. [2001] have shown that 3D laser rangescanning
of translucentobjectssuffersfrom a systematicbiassincethepeak
locationismovedfor varyingviewingandlightingdirections.Since
we alsorely on peakdetection,we expect that our measurements
arein�uencedby thisbehavior to somedegree.

Overall, theidealmeasurementsetupwould thereforeilluminate
anobjectwith anin�nitesimal beamof light alongthesurfacenor-
mal in orderto avoid all theseproblems.But asthis is notpractical
we have to compromise.Onegoodcriterion to limit the amount
of error introducedis to consideronly sampleswheretheangleof
incidenceis below a threshold.Theintroducednoisemustbedealt
with in laterstagesof thepipeline.

4 Acquisition Setup

Figure3 shows anoverview over theDISCOsetup:Thetargetob-
ject is illuminatedby a laserprojectionsystemthatsweepsa laser
beamover theobject's surface.Theobjectis placedon a turntable
in orderto illuminateasmany surfaceregionsaspossible.Theob-
ject's responseto the illumination is recordedby a high-dynamic
rangevideo camera. The camerais manuallyplacedat different
locationsrelative to theprojectionsystemin orderto minimizeoc-
clusionsand to recordthe object from all sides. We rely on the
repeatabilityof the laserprojectorandthe turntableto ensurethat
identicalsurfacepositionsarelit for all camerapositions.Werecord
oneimageper view (a combinationof turntableandcameraposi-
tion) wherethe objectis fully illuminatedby additionalspotlights
for registrationof theobjectwith respectto thecamera.Thewhole
acquisitionrunsat 15 fps (half thecameraspeed)aswe discardall
framesduring which the laserposition was changed.Additional
breaksoccurwhenthe lasercolor is changed(dueto the warmup
curveof thelasers)or whentheturntableis rotated.

Theacquisitionorderin pseudocodeis shown in Figure3 (right).
We will again make useof this order in our postprocessingsteps
wheremany computationsneedonly to bedoneonceperview.

4.1 Laser System

Thecustom-built lasersystemconsistsof threeindividual lasers–
a red diodelaserandgreenandblue solid-statelaserswith wave-
lengthsof 635nm,532nm,and476nm and10 mW opticalpower
perlaser. All laserbeamsarefedinto asingleoptical�ber to ensure
exact alignmentof the resultingbeams.A collimator at the other
endof the �ber focusesthe beamto a sizeof about2 mm within
theworking range.A 2D galvanometerscannerde�ects thebeam
with highprecisionalongaregularangulargrid to achieveasample
spacingof about1 mm. Careis takenin thewhole lasersystemto
reducelaserspeckleto a minimumin orderto avoid measurement
artifacts.

4.2 High-Dynamic Range Video Capture

High-dynamicrange(HDR) video capturecan be achieved with
specializedcamerasand/orsoftware (seeKang et al. [2003] for
an overview). A speci�c requirementof our measurementsetup
is thequiteextremedynamicrangefor which we needlinear radi-
ancevalueswithout interferingquantizationartifactsor blooming.
In addition,caremustbe taken that the interestingfeaturesin the
vicinity of thelaserspotarenot maskedby lens�are or otherarti-
factscausedby thehigh scenecontrast.Theuseof a high quality
lensis thereforemandatory.

Cameraswith standardlogarithmicCMOSchipsarein principle
well suitedfor the taskat handdue to the exponentialfall-off of
subsurfacescattering.Linearresponsecanbeachievedby asimple
HDR calibrationstep[Debevec andMalik 1997; Robertsonet al.
1999]. Thesecamerassuffer however often from strongquanti-
zation artifactsas the imagesare quantizedto 8–12 bits. Newer
technologiessuchasthePhotonfocusLINLOG technologyshould
improve thissituation.

In DISCO,we usea Silicon Vision LarsIII high-dynamicrange
video cameraequippedwith a JenoptikLametar2.8/25mm lens.
Thecamerarecordsgrayscaleimageswith 768� 496pixel resolu-
tion at up to 30 fps andreturnslinearradiancevaluesover a range
of approximately120dB. Thebasicprincipleof thiscamerais that
eachpixel decidesat �x ed time steps(powersof two) whetherit
alreadyreceived suf�cient irradiance. This correspondsto an es-
timatewhetherthepixel will beoverexposedat thenext time step
givenconstantirradiance.Eachpixel recordstheexposuretimeand
theamountof chargecollectedwithin this time from which linear
radiancevalueswith high precisionthroughoutthedynamicrange
arecomputed. The acquiredimagestreamsare thencompressed
andstoredonadedicatedRAID array.

4.3 Geometr y Acquisition

Optical 3D scanningof translucentobjectsis challengingdue to
thenon-locallight re�ection [Levoy et al. 2000;Godinet al. 2001;
Matusiket al. 2002]– evena humanobserver canhave dif�culties
to visually detect�ne shapedetails(Figure2). We cover therefore
thetestobjectswith a thin layerof white dustto achieve analmost
Lambertianre�ection (seeFigure2). Theobjectsarethenscanned
with a Minolta VI-910 laserscannerand�nal trianglemeshesare
generatedusingcommercialgeometry-processingtools.

4.4 Geometric and Photometric Calibration

Weperformedageometriccameracalibration[Bouguet2003]to re-
cover theintrinsic parametersof theHDR camera.Dueto thelack
of featureson translucentobjectsandtheeaseof silhouettedetec-
tion causedby theglobal light transport,we usea silhouettebased
registrationalgorithm[Lenschetal.2001]to recovertheposeof the
targetobjectrelative to thecamera.Givena setof laserhit points
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Figure4: The global term for the starfruit model. Left: A single
columnof theglobalthroughputfactormatrix. Thegreenvertex in
the centermarksthe point of incidence,red areasdenotemissing
values.Right: Thesamevertex afterinterpolation.Notethatvalues
on theridgeareinterpolatedconsistently.

on theobject's surfaceandthecorrespondingde�ection settingsof
the laserprojector, we areableto recover thepositionof the laser
projectorrelative to thesetup.

For thephotometriccalibration,we rely on theoverall linearity
of the cameraoutputandassumethat the laserpower is constant
over time. We then needto perform a white balancingstepfor
theindividual laserstakingthespectralresponseof thecamerainto
account.To this end,we sequentiallyilluminatea white,scattering
calibrationtargetwith thethreelasersandsumup thecontribution
of all imagepixels.

5 Ef�cient Data Access

A typical acquisitionyieldsanuncompresseddatavolumeof sev-
eralhundredsof gigabytes.(Datacompressioncanreducethesize
of the raw datato a few tensof gigabyteswhile our �nal models
are typically only a few hundredsof megabytes.) It is therefore
mandatoryto useef�cient algorithmsto accesstheinputdatawhen
estimatingour hierarchicalmodel. In this section,we describethe
measureswe took to speedup this accessbeforewe describethe
post-processingof the global and local term in Sections6 and7,
respectively.

Eachcompleteacquisitionconsistsof a small numberof views
(combinationsof camerapositionandturntablerotation,typically
20–30views). Mostof theessentialinformationfor thefurtherpro-
cessingstepsis constantper view andneedsto be computedonly
onceasthecameraobservestheobjectalwaysfrom thesameper-
spective. This informationincludesthe positionof the objectand
thelaserprojectorrelative to thecamera.We precomputetheFres-
nel termandassignall pixelsin theinput imageacon�dencevalue
basedon theviewing andlighting directionsthatis usedasweight-
ing factorfor the input data. We alsorejectat this stageall pixels
thatarecloseto a specularhighlight or seenundergrazingangles
andgeneratethemappingfrom our textureatlasinto the input im-
ages.Themappingfrom verticesto imagecoordinatesandthevis-
ibility areprecomputed.

In estimatingour hierarchicalmodel,we evaluateall imagesfor
a given turntableandlaserprojectorposition. Theseimagesshow
theobjectunderidenticalilluminationconditionsandcontainall in-
formationthatis availablefor aspeci�c illuminationcondition.We
�rst decidewhethertheimagetuple is valid, i.e.,whetherthelaser
spotis visible, andcanthenef�ciently resamplethedatausingthe
precomputedinformation. Our currentimplementationprocesses
theinput datastreamswith up to 50 fps on a PCwith 3 GHz Xeon
CPUwhich is morethanthreetimesthespeedof theacquisition.

6 Global Term Post-Pr ocessing

An object'sdiffusesubsurfacere�ectancefunctionRd (x i ; xo) (see
Section3) away from the point of incidenceis representedwith a

Figure5: Theglobal termfor thestarfruitmodel.Left: Irradiance.
Middle: The global term beforeinterpolation. Missing dataleads
to artifacts.Right: Theglobaltermafterinterpolation.Theartifacts
arereducedandmissingdatais �lled in.

global term in our hierarchicalmodel. Thediscreterepresentation
of this global term is the matrix of throughputfactorsF . In our
methodtheshapeof theobjectis representedasatriangularsurface
mesh.Thevariationof thediffusesubsurfacere�ectancefunctionis
approximatedlinearlybetweenverticesin responseto incidentlight
at a vertex. This discretizationapproachcorrespondsto a Galerkin
methodwith linear triangularelements,i.e., linearshapefunctions
over triangularelementswith hat functionsat incident light loca-
tions.ThethroughputfactormatrixF is then�lled with subsurface
re�ectancefunctions– onefunction per vertex which is storedin
a columnof F . Light transportis of coursesymmetricandso is
F . The taskin post-processingis to estimatethe throughputfac-
tor matrixF basedon theacquiredmeasurements.Post-processing
combinesindividual observationsfor a speci�c point of incidence
x i , it interpolateswithin a single subsurfacere�ectancefunction
(a columnof F ) andbetweensubsurfacere�ectancefunctionsof
neighboringvertices. During interpolationthe distribution of en-
ergy within the materialneedsto be taken into account. In ho-
mogeneousmaterialthe energy falls off exponentiallyaway from
thepointof incidentlight accordingto thediffusionapproximation.
However, our methodis aimedat inhomogeneousobjectswith be-
havior which deviatesfrom the smoothdiffusion approximation.
Figure 4 shows an individual subsurfacere�ectancefunction for
thestarfruit modelbeforeandafterinterpolationof missingvalues.
Figure5 shows renderingswith the full matrix F beforeandafter
interpolation.

6.1 Data Resampling

The acquireddata is in a suitable format for a subsurface re-
�ectancefunctionrepresentationbecauseof ourchoiceof measure-
mentmethod.Werecordtheresponseof theobjectto incidentlight
atapointonthesurface.A high-dynamicrangeimageof theobject
is alreadya scaledsubsurfacere�ectancefunction for light enter-
ing at a point x i . However, thedataconsistsof samplesat discrete
locationsof the imageplane. It also only covers the part of the
surfacewhich is in a view. Knowing the3D geometryof themea-
surementsetupallows us to resamplethedataon theobject's sur-
face.Thesurfaceis representedasa triangularsurfacemeshwhere
eachtrianglerepresentsa similar surfacearea.Resamplingthenis
the look-up of the bi-linearly interpolatedimageintensityat each
vertex location. Thepositionof the incidentlight needsalsoto be
resampledandis assumedto contribute to thethreeverticesof the
enclosingtriangle.Weweightthelight accordingto thebarycentric
coordinatesof thepoint insidethetriangle. We combinemeasure-
mentsof the samesubsurfacere�ectancefunction observed from
differentviewpointsandwith varyinglasercolors.Theresultof the
resamplingarecolumnsof the throughputfactormatrix F in RGB
color spacewith somemissingentriesdueto unobserved surface
areaand completelymissingcolumnsfor verticeson the surface
whichwerenever lit. Theinterpolationof thematrixof throughput
factorswhichaddressesthesecasesis describednext.
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6.2 Interpolation

Interpolationof thethroughputfactorswithin a columnof thema-
trix is the taskof function interpolationon an irregularly meshed
surface. In the diffusion approximationfor homogeneousmedia
thefunctionis a sumof exponentialdecayswhichnon-trivially de-
pendon distance.Jensenet al. [2001] reportdif�culties in �tting
the diffusion approximationwith dipole lighting to the measured
responsesof homogeneousmaterialsamples.Thefunctionis more
complicatedfor inhomogeneousobjectsand,in our casethe inter-
polationhasto potentially�ll in largeunseenareas.We conclude
that function �tting seemsinappropriate.Instead,we use�ltering
of throughputfactorson themesh(similar to meshfairing [Taubin
1995]) with differentaveraging�lter kernels. The edgelength in
themeshis takeninto accountasby Desbrunet al. [1999]. The�l-
ter operateson thelogarithmof thetransfercoef�cients becauseof
the exponentialdecayof the subsurfacere�ectancefunction. The
�ltering operateson color informationwhich originatesfrom sepa-
rateimageswith sequentiallaserillumination. Therefore,thenoise
in thecolorinformationwill affectluminanceandchrominance.We
choosetheCIE YU� V� model[CIE 1986]sinceit yields linear lu-
minancevaluesandallows interpolationof chrominancevaluesin
anear-linearspacewith respectto thehumanvisualsystem.

OnthesymmetricmatrixF we�ll all themissingentriesF r ;k in
columnsk wherewe observe theincidentlight point F k ;k . Filling
is performedby weightedaveraging�xing theobservationvalues.
In particular, wesolvethefollowing iteration(similarto Peronaand
Malik [1990]but onameshdomain)

F t +1
r ;k = F t

r ;k + � � (1 � cr ) �
X

n 2N

 
�

F n;k � F r k

en;r
; �

�

The neighborsn of a vertex r are its one-ringneighborhoodN
connectedwith edgesof length en;r . The weighting function  
can be understoodas the derivative of a error norm � with the
scaleparameter� [Sapiro 2001]. We employ leastsquareswith
 (x; � ) = 2 � x=� 2 andmedian�ltering with  (x) = sign(x).
Thechoiceof con�dencecr in thecurrenttransfercoef�cient F r ;k

controlstheupdaterateandcr = 1 keepstheexistingmeasurement
�x ed. We observed satisfactory resultswith this approach. For
highly non-smoothtransfermatricesimageinpainting techniques
(e.g.,[Bertalmio et al. 2000]) may be ableto interpolatestructure
aswell.

Subsurfacere�ectancefunctionsfor verticesfor which thelaser
did not reachthe triangle surface fan are interpolatediteratively
from neighboringvertices.This is justi�ed sincea throughputfac-
tor F k ;c far from the point of illumination is typically similar to
throughputfactorF k ;n connectingthesamevertex k with incident
light positionsn closeto thepositionof illumination c. Theneigh-
borhoodN is theone-ringof thevertex c. Thisapproachwill break
down for thediagonalentryF k ;k andclose-bypoints. Theneigh-
borhoodN of diagonalelementsF k ;k aretheneighboringdiagonal
F n;n of theone-ring.We de�ne theverticesof theone-ringneigh-
borhoodas closepoints and blend diagonalinterpolationand far
interpolation.We de�ne diagonalneighbors of a closepoint asthe
distance-weightedaverageresponseof theverticesof theone-ring
neighborhoodof diagonalneighbors.(This is similar to the inter-
polationof Green's functionsof an elasticsolid describedby Pai
et al. [2001]). Far anddiagonalinterpolationareillustratedin Fig-
ure6.

We ensuresymmetryof the throughputfactormatrix by setting
F t +1 = 1

2 (F t + (F t )T ) betweeneachkind of interpolation,aswell
as,atthebeginningandtheendof thepost-processing.Theinterpo-
lationfor missingentriesin acolumnof F andfor missingcomplete
columnsis achievedwith thesame�ltering framework. Thediffer-
encesbetweenthe two tasksarelimited to differentneighborhood
de�nitions. Our �ltering framework couldalsobeeasilyextended

Figure6: Faranddiagonalinterpolationof throughputfactormatrix
F . Thethroughputfactorshown in redis interpolatedbasedon the
neighboringfactorsshown in black.

Figure 7: Left: Texture atlaswith bordersfor the horsemodel.
Right: Recovereddetail texture (color codedversionof the green
channel: blue areasbecomedarker, red areasbecomebrighter,
greenareasremainunchanged).

to diffusionsolvedby forwardEuleriterationsanddiffusionsolved
with implicit schemes[Desbrunetal. 1999].

6.3 Detail Texture

Thedetail representedin thethroughputfactormatrix F is limited
by theresolutionof theunderlyingmesh.We follow Lenschet al.
[2003b] in increasingthe resolutionof the subsurfacere�ectance
functionswith two kind of textures. We estimateillumination de-
pendentlocal high-resolution�lter kernels(seeSection7) and a
global illumination independentmodulationtexture T� . The tex-
turevaluesof T� arederivedduringresamplingfrom objectregions
distantfrom thepoint of incidenceof the illumination. For a texel
in T� that is visible andsmoothlylit in an input imagewe record
its RGB valuetuv . We selecttheappropriatemeshtriangleandin-
terpolatet int basedon thethroughputfactorsat thecorresponding
vertex locations. The weightedaverageof the ratio t uv =tint over
all appropriateinput imagesis storedin T� . At renderingtime,we
multiply theglobalresponsewith T� . Theconstructionensuresthat
theradiosityremainsunchangedatmeshverticesandisconsistently
modulatedat all otherlocations.Figure7 shows asanexamplethe
recovereddetailtexturefor thehorsemodel.

7 Local Term Post-Pr ocessing

We follow Lenschet al. [2003b]andmodellocal light propagation
by �x ed sizedspatially varying �lter kernelsK ( u;v ) (7� 7 pixels
in all our examples)on a textureatlas.The �lter kernelsconvolve
theirradianceat texel locationsfor local energy transfer. We usea
texture atlaswith a borderandwith a low guaranteedupperlimit
for texturestretch(on theorderof 2). Figure7 shows anexample
textureatlasof size512� 512pixel with borders.The�lter kernels
areestimatedin the texture atlasdomainbasedon imageswhere
the laserspotis visible. In general,thepeakof the laserspotwill
fall betweenthediscretepixel locationsin thetextureatlas. In the
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Figure8: Building the �lter kernels.Left: Locationof the laserpeakmappedto its' nearestneighbortexel. The plot shows monochrome
luminancevaluesfrom the8� 8 texel neighborhoodaroundthehighlight. Thehorizontalaxisis thedistancein mm to a neighboringtexel in
the textureatlas. Thevaluesshow a fall-off with distancebut no clearstructure.Middle: If we plot thesamedataover thedistanceto the
sub-pixel peaklocation,a fall-off resemblingthesumof two exponentialfunctionsappears.Right: Plot of thedipoleapproximationfor the
materialpropertiesof marblefrom Jensenetal. [2001] for shapecomparison.

following, wedescribetheresamplingnecessaryto ensureaccurate
�lter kernels.

7.1 Data Resampling

Figure 8 (left) shows an example of the peak of a �lter kernel
mappedto the nearestneighbortexel. All texels in an 8� 8 pixel
neighborhoodaroundthe peak location are plotted accordingto
their 3D distanceto the peaktexel. A clearly structuredfall-off
is not visible. If we however plot themaccordingto their distance
to the subpixel location of the peak(seecenterof Figure 8), the
generalshapeof thefall-off of subsurfacescatteringmaterialis rec-
ognizable(seeFigure8 (right) for a comparisonto the dipole ap-
proximationwith arbitraryparameters).Themeasurementdataalso
revealsstrongvariationsdueto surfacedetailat a giventexel loca-
tion. Surfacedetail is associatedwith a texel locationandshould
notberesampledto preserve thesharpnessof features.

In orderto recover plausible�lter kernels,we thereforeshift the
peaklocationto all four neighboringpixel locationswhile keeping
thesurfacedetailsspatially�x ed.To separatetheilluminationfrom
thesurfacedetail,we �t theapproximation

m(d) = c1 � e� 1 d + c2 � e� 2 d

to the data. d is the 3D distancefrom the peaklocation, c1 and
c2 are�t per color channel,� 1 , and� 2 areidentical for all color
channels.In order to achieve a stable�t we �rst setc2 to 0 and
�t � 1 andc1 in log spaceto all datapointswith d > � 1 . We then
�x � 1 and c1 and �t the remainingparametersto all datapoints
with d < � 2 (� 1 = 3 mm and � 2 = 1 mm for the examplein
Figure8). This typically resultsin a stable�t of theexponents.In
thenext step,we�t only thecolorvaluesc1 andc2 to all datapoints.
Thedifferencebetweenthemeasureddatapointsandm(d) is then
encodedin a8� 8 pixel multiplicativecorrectiontextureC.

In order to computethe four �lter kernelsfor the neighboring
vertices,we evaluatem(d) for their respective centerlocationand
divide the resultvaluesby C. If somepixels in theneighborhood
werenotvisible in theinput images,wecaninterpolatethemusing
m(d).

7.2 Interpolation

Interpolationof �lter kernelsis performedby vector�ltering over
thesurfaceof theobject.Each7� 7 �lter kernelis representedasa
49-vector. We usethesame�ltering framework asfor the transfer
coef�cients F but onthetextureatlasdomaininsteadof thetriangu-
lar mesh.TheneighborhoodN in thetextureatlascontainsatexel's
four-neighborsexceptfor textureatlasboundaries.Theboundaries

needto betreatedspeciallyin orderto ensurethecorrectneighbor-
hoodinformation. Eachboundarytexel links thereforeto a corre-
spondingnon-boundarytexel in a differentmapof theatlasthat is
usedinsteadof the boundarytexel during �ltering. Filter kernels
alsodiffer in sizesincedifferentareasin the atlasarenot isomet-
ric. Thefunctionalapproximationallows for aneasyinterpolation
independentof sizeat texturemapboundaries.

Besidethevectorof functionparameters,we alsopropagatethe
multiplicative correctiontexturesC. Typically, mostof themulti-
plicative texturesoverlapin our examplesdueto their sizeandthe
laserspotsamplespacingsothatlittle interpolationis necessary.

8 Rendering

Theacquiredandprocesseddatasetcanbedirectly renderedusing
the approachof Lenschet al. [2003b]. While they computedthe
throughputfactors,the�lter kernelsandthemodulationtexturein a
pre-processingstepbasedonthedipoleapproximation,wemeasure
this data. The actualrenderingstepis then straightforward: We
�rst renderanillumination mapof theobject.Theglobalandlocal
energy 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 contain the basic parame-
ters neededfor a physical simulation, it can still be treatedas a
“black box” by a MonteCarlo raytraceror a photonmappingsys-
tem. Both requireonly a probabilisticevaluationof the local and
global throughputfactorswhich canbe spedup usingan inverted
cumulative densityfunction [Pitman 1992]. The model can also
be directly integratedin the preprocessingphaseof precomputed
radiancetransfer[Sloanet al. 2003], the local illumination frame-
work of Hao et al. [2003] or the adaptive link techniqueby Carr
et al. [2003]. Themodelcansubstituteanevaluationof thedipole
approximation[Jensenet al. 2001] althoughthe size of the data
structuremakesan evaluationon currentgraphicshardwaredif�-
cult.

9 Results

We acquiredthefollowing objectsto validateour approach:An al-
abasterhorsesculpture,a rubberduckanda starfruit (carambola).
Thealabasterhorsehasstrongvariationin its subsurfacescattering
propertiesandcomplex geometry. It consistsof regionswith varied
translucency andcontainscracksinsidethematerial.Thebasema-
terialof therubberduckis uniform,stronglyscatteringrubber. The
beakandthe eyesarepaintedon the outsidewith glossy, opaque
paint. Incominglight is so stronglydiffusedat the rubbersurface
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Figure9: Thetestobjectsunderindoor illumination (top row) and
illuminatedby all threelasers(bottomrow).

Horse Duck Starfruit
# inputviews 24 25 20
# input images 1.065.744 541.125 401.220
input size
(compressed) 31G 14G 12G
acquisitiontime 20.5h 11.25h 8h
# vertices 8924 5002 5001
# �lter kernels 82.390 115.151 112.538
processingtime 7.8h 3.6h 3.4h
(resampling)

Table1: Somestatisticsabouttheacquiredmodels.

thattheassumptionof diffuse,multiplescatteringremainsvalid al-
thoughthe duck is empty inside. The starfruit is an exampleof
a translucentbiological object with concave geometryand a rel-
atively specularsurface. Figure9 shows all objectsunderindoor
illumination, as well as, illuminated by the threelasers(i.e., the
object's impulseresponse).Synthesizedimagesof the measured
modelsarepresentedin Figures1, 4, 5, 10,11,12,and13. Table1
summarizesimportantpropertiesof thesemodels.

DISCOcapturesmodelswith local variationandsigni�cant de-
tail. Themodelof thealabasterhorsesculpturein Figure1 shows
nicely areasof differing translucency. Thereis a moreopaquere-
gion at theheadaroundtheeyeswhile themuzzleis quite translu-
cent.Theleft sideof thehead(whenviewedfrom themuzzle)has
variousopaqueareastowardsthe supportandin the mane. There
is a crackrunningtop to bottomin the centerat the neckaswell.
Themodelcapturesthesevolumeeffects. Figure10 demonstrates
how the local light transportaddssurfacedetail andgivesan im-
pressionof thevaryingopticaldensitiesat theobject'ssurface.The
structureis alsovisible in the global throughputfactormatrix al-
beit smoother. The side-by-sidecomparisonof a renderingof the
modelandaphotographshowsthatourmethodrecovers�ne struc-
turedetail (seelower imagesin Figure10). Thehighly translucent
veinsaswell asthestronglydiffusepatcheswhicharevisible in the
photographarepresentin our model.Theslightly brownishregion
in thecenteris alsocapturedwell by our model,both,in color and
shape.

The duck model in Figures11 and12 shows how our method
candealwith completelyheterogenousobjectswithoutrepresenting
the materialdistribution within the object explicitly. The rubber
duckis madeof regularmaterialoverall but headandbodyappear
nearlyseparatewhenlit from behind.Thewingsblock morelight
probablybecauseof the extra thickness. The beakand eyes are

Figure10: Thehorsemodel. Top: Irradiance,local light transport
by �lter kernels,andglobal light transportdue to the throughput
factormatrix. Bottomleft: Combinedrenderingof localandglobal
term. Thelocal light transportaddssurfacedetailandgivesanim-
pressionof thematerialpropertiesat theobject'ssurfacewhoseba-
sicstructureis alsovisible in theglobalterm.Bottomright: Photo-
graphof therealobjectundersimilar conditions.A slideprojector
wasusedto producethesharpshadow boundary.

Figure11: Theduckmodelilluminatedwith a spotlight. Left: Lo-
cal �lter kernels.Center: Global throughputfactorsRight: Com-
binedrendering.

markedwith anopaquepaintlayer. Themodelcapturesthesemajor
deviation from homogeneousbehavior while beingsmoothoverall.
Theheadof therenderedducklacksfeaturessincewearereaching
thelimits of thedynamicrangeof ourvideocamera.

The starfruit is visually quite interestingbecauseof its shape.
Themodelin Figure13 is of good�delity despitemissingcapture
datadueto thegeometricallycomplex shape.Additional input im-
ageswould �ll gapsbetterthanourdatainterpolationtechnique.

9.1 Discussion

Thequalityof theinputdata,both,in termsof surfacecoverageand
in termsof noise,determinestheamountof post-processingneces-
saryandultimatelythequalityof the�nal model.Surfacecoverage
is limited by the classicalstereovision occlusionproblem. There
is alsoa trade-off betweenadditionalimageryandincreasedacqui-
sition time. The intensityof the low-cost lasersof our projection
systemvariesdueto noiserequiringadditionalsmoothingduring
the interpolation. This variationaswell asthe observed intensity
drift due to thermaleffects leadcurrently to color artifactsin the
�nal renderings.Theseissuescanbe solved by eitherlocking the
lasers'intensityor by monitoringandcalibratingfor thevariations.

Our DISCOmethodis limited to a speci�c classof objectswith
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Figure12: Detailsof the duck model. Left: Headof the duck il-
luminatedwith a small spotlightfrom theback. Thebeakandthe
eyesareclearlyvisible. Thespotnearthetail is causedby diffuse
re�ection from thebackof theheadduringtheacquisition.Middle:
Bodyof theduckmodelilluminatedwith asmallspotlightfrom the
back. Right: Photographof the duck taken undersimilar condi-
tions. The imagesshow thespeci�c propertyof the realduck that
light illuminating theheadis scatteredmainly insidetheheadand
light illuminating thebodyis scatteredmainly insidethebody.

Figure13: Starfruit modelwith global transferfunction andlocal
term(7� 7 �lter kernels).Left: Thehierarchicalmodelof thestar-
fruit is illuminated from the front right. Right: The samemodel
illuminated from the back. The global transferfunction aloneis
renderedin Figures4 and5.

strongsubsurfacescatteringanddiffusesurfacere�ection. Thedif-
fusesubsurfacere�ectancefunction isunableto representtheangu-
lar dependency of thedirectsurfacere�ection. This is noticeablein
therenderingof thehorseaswell asthestarfruit. In weaklyscatter-
ing mediasuchasmurky wateror honey, thediffuselight transport
assumptiondoesnothold. But asthisassumptionis widely usedin
currentrenderingsystems,ourapproachcanbeusedfor bothqual-
itativeandperceptualvalidationof thesemodelsbeyondtheresults
shown in Figure8.

10 Conc lusion and Future Work

We presentedDISCO – the �rst methodto acquirethe subsurface
scatteringbehavior of opticallydensetranslucentobjects.Thecom-
prehensive,hierarchicalmodelscanbeusedby a varietyof render-
ing approaches.Missing information is consistentlyinterpolated
andnoiseartifactsof theacquisitionarereduced.We validatedthe
approachby acquiringthreetranslucentobjectswith stronglydif-
feringbehavior.

For the future, we would like to improve the quality of the ac-
quiredmodelsby improving the acquisitionsetupasdiscussedin
Section9.1. An acquisitionplanningstepwhich determinesthe lit
surfacepositionsshouldbeableto improve thequalityof themod-
els,reducethepost-processingeffort andspeedup theacquisition.
Furthermore,we would like to validatethe methodby acquiring
well-de�ned test targetsand comparingthe resultsboth to other
measurements(e.g., point-basedmeasurementsfor homogeneous
materials),as well as, to simulationresults. We expect that the
DISCO approachis not only useful to digitize translucentobjects
but canalsohelp to analyzestrengthsandweaknessesof current
renderingapproaches.
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