EurographicsSymposiunon Rendering(2006)
TomasAkenine-MdollerandWolfgangHeidrich (Editors)

Statistical Acquisition of Texture Appearance

Addy Ngan FrédoDurand

ComputerScienceandArti cial IntelligenceLaboratory
Massachusettsistituteof Technology

Abstract

e proposea simplemethodto acquire and reconstructmaterial appeaancewith spaisely sampleddata. Our
techniquerendes elaboiate view- andlight-dependenéffectsandfaithfully reproduceamaterialssud asfabrics
andknitweas. Our appoac usesspaisemeasuementso reconstruct full six-dimensionaBidirectionalTexture
Function(BTF). Our reconstructioronly require inputimagesfromthetop view to beregistered, which is easyto
achieve with a xed camean setup.Bidirectionalpropertiesare acquired from a spaise setof viewing directions
throughimage statisticsandtherefore preciseregistrationsfor theseviewsare unnecessaryur techniqueis based
on multi-scalehistogramsof image pyramids.Thefull BTF is geneatedby matding the correspondingpyramid
histagramsto interpolatedtiop-vien images.We showthattheuseof multi-scaleimage statisticsachievesa visually
plausibleappeaance However, our techniquedoesnotfully captuie sharpspecularitiesor the geometricaspects
of parallax. Nonetheless large classof materialscanbereproducedwell with our technique andour statistical

characterizationenablesacquisitionof sud materialsef ciently usinga simplesetup.

Cateories and SubjectDescriptors(accordingto ACM CCS}) 1.3.7 [Computer Graphics]: Three-Dimensional

GraphicsandRealism

1. Intr oduction

Thecreationof photorealistidmageshasbeengreatlyfacil-
itated by dramaticadvancesin 3D geometryscanningand
renderingalgorithms.In contrastthe acquisitionandrepro-
ductionof real materialappearanceemainsa critical chal-
lenge. Themostcommonsolutionis theuseof photographic
textures,but plain texture mappingis only a crudeapprox-
imation for mostreal world materialsasit is only suitable
for representingperfectlysmoothsurfaceswith albedovari-
ation and is unableto simulatethe effect of ary underly-
ing mesostructuref the material.The Bidirectional Texture
Function(BTF) [DvGNK99] is a 6D functionthatdescribes
thefull light/view dependencef animagepatch.Unfortu-
nately the measuremendf BTFsis a formidabletask that
requirestheimagingof a singlesamplefor all pairsof view
andlight directions.A robotic setupis typically used,and
precisecalibrationis necessaryo align all theseimages,a
taskmadehardery the variousmoving parts.

In this work, we proposea methodto capturecomple
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materialssuchaswool knitwearin minutes,with afocuson

visualfaithfulnessatherthangeometriandphotometriac-
curag. Simplicity of implementatioris our main goal,and
we thereforeseekto minimize the relianceon precisereg-

istrationandalleviate the needfor robotic parts.While our

approachcannothandlehighly specularmaterialssuchas
metalsanddoesnot fully measurgarallax.for alargeclass
of materialsit producesphotorealisticBTFs using a setup
thatis muchsimplerthancomprehensie approachedn ad-

dition, while disparity aspectf parallaxare not captured,
its statisticaleffectssuchasthe view-dependenthangef

color distribution and sharpnessire reproducedwhich re-

sultsin compellingmaterials.

Key to our approachs a novel BTF reconstructiortech-
nigue that takes sparsemeasurementand reconstructshe
full BTF. Ourreconstructions basedn theinterpolationof
statisticalpropertiestherebyalleviating the needfor precise
registrationandavoiding cross-adingartifactsthatcould be
causedy simpledatainterpolation.
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Figure 1: Indoor scenerendeed using4 texturesacquired
andreconstructeavith our technique

Contributions This paperintroducesthe following contri-
butions:

We proposea new algorithmto reconstructBTFs from
spaiselysampledandunalignedmeasurements.

This enablesa simpleandlow-costacquisitionsetupthat
allows for the simultaneousaptureof multiple views and
doesnotrequirerobotically-controllednoving parts.

1.1. RelatedWork

We give a brief overview of work on BTFs and material
measuremenand refer the readerto the suney by Miller

etal. [MMS 05] for acomprehense studyof recentworks

on BTFs. We focuson BTF acquisitionandreconstruction
and our work is orthogonalto issuessuchas BTF render

ing [SSK03 SBLD03 MMKO04].

SinceDanaet al. [DNvGK97] introducedthe notion of
the Bidirectional Texture Function(BTF) andpublishedthe
rst BTF databas¢Cur], asmallnumberof teamshave per
formed measurementsising robotically-controlledsetups
[SSK03 KMBKO3]. Theserobotic setupsinvolve a mov-
ing materialsample,as a result, measurementat different
view/light directionsarenotalwaysperfectlyaligned asalso
obsered by Filip andHaindl [FHO5. Despitetheseprob-
lems,thesedensemeasurementareinvaluableandprovide
uswith referenceso evaluateour reconstructioriechnique.

Recentlya numberof setupshave beendescribedo cap-
ture materialappearanceoreef ciently by simultaneously
capturingmultiple views usingmultiple camerag MBKO05]
or mirrors[HP03 DWO04]. Our goalis to enablesimplerse-
tupsandminimize the time and effort of measurementsy
introducinga statisticalreconstructiorof BTFs.

In particular we want to leveragethe increasedesolu-
tion of digital camerasand performmultiple measurements

within a single picture using spatial multiplexing as done
for BRDF by Marschneret al. [MWL 99 and Ngan et
al. INDMO5]. However, this is more challengingfor BTFs
becausehey areby de nition not spatially uniform, andit
mightnotbepossibleto put differentsamplesn perfectcor
respondenceTl his motivatesour useof statisticsthatarero-
bustto registration.

A number of acquisitiontechniqueshave been devel-
opedto capturesimpli ed versionsof the BTF. Kautz et
al. [KSS 04] only capturevariation due to light elevation
andobtaincorvincing resultswhenlight azimuthandview
direction are not important. Malzbenderet al. [MGWO01]
capturetheeffectof light dependencandapproximatehem
with smoothpolynomials.Our approactprovidesincreased
accuray for thelight samplingandaddsview-dependengf-
fectssuchaslow-frequeny BRDFsandtheintricateappear
anceexhibited by fuzzy materialssuchasfabrics.

The BTF synthesisvork by Liu etal. [LYSO0]] is closely
relatedto our work. They usea sparsesetof imagesto es-
timate an approximateheight eld by shape-from-shading,
andsynthesizenew geometrythatis statisticallysimilar to
the acquiredsample.Pixel samplesrom the input arethen
copiedto the synthesizedmage basedon feature match-
ing to reconstructhe bidirectionalappearanceTheir tech-
niqueis limited to stochastidexturesthat canbe described
as height elds. Our work is differentaswe do not make
theheight eld assumptionandwe do notrely ongeometric
informationfor reconstruction.

Our work is related to efforts on BTF compression
[SSKO3KMBKO03,VT04] sinceit reconstructa BTFfrom a
sparsesubsetHowever, mostcompressiorapproacheseek
to optimize decompressioat renderingtime, a featurethat
is not directly possiblewith our method.Neverthelessthe
compressiotechniqueby Filip andHaindI[FHOg is closely
relatedto our work. They t pertexel Lafortunelobesto-
gethemwith perview/light histogranremappingunctionsto
achieve compressiomndfastrenderingThecontext of BTF
compressioiis differentbecausehey aregiventhefull BTF
to perform parameterestimation,while we needto Il in
missingdata.In addition, our statisticalcharacterizatioris
moreelaborateandincludesfrequeng content.

Ourworkis inspiredby studiesn visionthatanalyzebidi-
rectionaltexture from a statisticalpoint of view. Leungand
Malik [LMO1] have shavn thatview-dependentnaskingef-
fectscansigni cantly changethe color distribution, which
explainswhy sun ower elds look moreyellow at grazing
anglesCulaandDana] CDO01] usemulti-scalefeaturedrom
BTF for materialrecognition.Pontand Koenderinkf PK05
useasimplemicro-facetLambertiammodelto predicttexture
contrasiat differentlighting andviewing con gurations.We
build on experimentshy Ginnelenetal. [vGKD99] whoin-
vestigatethepixel histogram®f awider classof materialdn
the CUReTdatasetasafunctionof view andlight direction.
In particular in the caseof surfaceswith uniform albedo,
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Figure 2: Acquisitionsetup- boththe camen andthe mea-
suredtargetare xed, anda handheldwirelessash is used
asthelight source During measuementtheusermovesthe
ash sourcearoundto roughlycover all possibledirections,
andremotelytriggers the camea shutterto take pictures.

they shav that a single texture modulatedwith histogram
matchingoffersimproved materialappearance.

DanaandNayars work [DN98, DN99h is mostclosely
relatedto ourreconstructioriechniqueThey studyBTF un-
der varying light/view con gurations and proposeanalyt-
ical histogramand correlationmodelsin the specialcase
of randomisotropic surfaceswith Lambertianre ectance.
They alsoproposeBTF synthesidasedon histogramtrans-
fers [DN994. The top-view imagewith correctlighting is

rst synthesized@ndthentheimageis transformedo anar
bitrary view throughpixel histogramgransfer They shaved
thatthe techniqueworkswell for a sampleLambertianma-
terial with gaussiarheightdistributions.Our reconstruction
techniqueextendsthis ideato a wider classof materialsby
using multi-scalestatistics.In particular we shov that the
idea of pyramid matchingtraditionally usedto synthesize
texturesfrom white noise[HB95] canbe adaptedo modify
a basetexture and enforcethe mostsalientvisual variation
dueto a materials appearancdn addition,our reconstruc-
tion schemeis speci cally designedfor sparselysampled
dataandallows for meaningfulhistograminterpolationsaand
extrapolations.

1.2. Overview

Our methodseeksto reconstruct full BTF basedon mea-
surementghat are easyto obtain.We only requirethe im-

agesf thefrontal view of thematerialsampleto bealigned,
which is easyto achieze with a x ed cameraand sample,
anda moving light source. The imageswith differentview

directionsdo not needto beregisteredwith thefrontal view.

In particular we cancombinemultiple views perimagesby
usingmultiple sample®f thematerialplacedat differentan-
gles(seeFig. 2), which greatlyaccelerateacquisition.

Our reconstructioralgorithmis the central contribution
that malkes it possibleto obtain BTFs from unregistered
views. It is basedon the ideaof characterizingexturesby
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their multi-scalestatisticsiHB95]. Our reconstructioruses
the naturally-alignedmagesfrom the top view asbasetex-
tures.View-dependeneffects are then transferredo these
basetexturesusingthe histogramf the pyramid subbands.
For a large classof materials,our reconstructiorprovidesa
visually plausibleapproximatiorto thetrue BTF.

2. Acquisition

We rst presenburacquisitionsetupto make theinputdata
of ourreconstructiortechniqueconcreteHowever, different
acquisitionsetupscould be usedwith our reconstructioras
long asthey provide alignedimagesfor at leastone view
direction.

Our acquisitionsetup(Fig. 2) exploits the ability of our
reconstructiortechniqueto work with view imagesthatare
not aligned.It typically capturesl3 views of a materialat
a time using different samplesat variousorientations.The
camerds x edandthelight directionis sampledoy moving
alight source.

In practice,we pastea numberof planarpatchesof the
material onto squarebacking boardswith knovn dimen-
sions,which arethenpositionedto form a pyramid-like tar-
get. The arrangemenprovides 4 views at about30 inci-
denceangle,8 views at about60 andthetop view. We use
an 8 megapixel digital SLR camerawith a hand-heldelec-
tronic ash. The camerais setup on atripod ata x edpo-
sition aboutl meterabove the measuremertamget, andthe
sizeof thetop-view patchin theimageis roughly500 500
pixels. We put specularspheregbilliard balls) aroundthe
targetfor light positionestimation.The userholdsthe ash
directedat the target from variousdirections,anda remote
controlis usedto triggerthe cameraWe take about100pic-
turesfor eachmaterialin aboutl0 15minutes.

The camerais calibratedautomaticallyusingseveralim-
agesof acheclerboard Zha0q. For eachsequenceheuser
manuallymarksthe position of the cornersof eachsquare
backingboards.With the known dimensionf the boards,
we computethe position and orientationof eachpatchus-
ing a least-squareptimization.The ash sourceis small,
andwe approximatet asapointsource For eachimage the
mirror peakoneachspeculaspherés locatedautomatically
if available,andthelight sourcepositionis estimatedvith a
least-squard.

For eachmeasuredmage ,we resampleachlit patchinto
atexture imageat a resolutionof 512 512. As the extent
of asinglepatchis relatively small,we assumehelight and
view directions(w;; wp) areconstantacrosseachpatch.The
resampledextureis thennormalizedby theestimatedrradi-
anceto form a 2D spatialslice of the BTF. Eventhoughthe

ash power is manuallysetto constantpower, in practice
the ash output candeviate from the speci ed power sig-
ni cantly. We put diffusegray cardsnext to the pyramidto
getareliableestimateof the ash power. However, for some
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Figure 3: Reconstructiompipelinefor producinga texture at light/view directionw;; wy. Fromthe setof top-view textures,we
interpolatethe neighbos of w; to producea basetexture I,55¢ Fromthefull datasetcomprisingall light/view combinations,
we locate the closestneighbos of (wj;wy). We interpolate (and potentially extrapolate) the subbandhistogramsand pixel
histagramto form the desied histogramsof our target texture. Thebasetexture I 55¢iS decomposeihto a multi-scaleoriented
pyramid,andead subbands matdedto the desied histagram.\We thencollapsethe pyramidto reconstructheimage, which

is thenmatdedto thedesied pixel histagram. Thisproducesour nal texture.

measuredmagesthe gray cardsareshadeved andin those
casegshe mean ash poweris assumedTo furthercompen-
satefor the ash power estimationerror, we computethe
averageBRDF of the measurediataby averagingover each
normalizedtexture. We then smooththis BRDF and useit
to re-scaleour measuredlatasothatit is consistentvith the
smoothedBRDE In practicethe BRDF blurringdoesnotde-
gradethe quality of measuremerdasour ability to measure
speculamaterialsis limited by the sparsesamplingof the
view.

3. Reconstruction

The centralidea of our reconstructioris to usethe actual
imagesonly from the top view andto characterizehe vi-
sual propertiesof other views using alignment-insensitie
statistics.We reconstructa BTF one texture at a time, for
eachpair of view-light directions A textureis reconstructed
in two steps(Fig. 3). We rst useour setof top-view im-
ageswhichareassumedo bealigned,andinterpolatethem
linearly basedon the light directionto obtain a basetex-
ture. This texture containsappropriateshadeving effects
but might exhibit cross-&dingartifactsanddoesnotinclude
view-dependeneffectssuchasmasking,BRDF, andasper
ity scatteringOur secondstepimprovesinterpolationqual-
ity andreproducesheseeffectsby enforcingstatisticscor
respondingo theappropriateview-light directions.

3.1. Histogram Statistics

Before presentingour full reconstructiorpipeline, we dis-
cussour choiceof statisticsto characterizenaterialappear
ance We obsene thatthe pixel histogramencodewariation

in the color distribution due to effects suchas shadaving
andmasking.Fig. 4(a) shovs a BTF slice of the measured
knitwearat [wy = (60;0);w; = (60;180)].Y Fig. 4(b) shovs
the basetexture from the top-view with approximatelythe
samelight directionw;. We obsere prominentshadaving
due to the low elevation of the light in the basetexture,
but the effectis signi cantly reducedvhenviewedfrom the
sidein (a), both dueto maskingandthe increasedscatter
ing pathlength.By matchingthe pixel histogramof the base
imageto the targetimage,we canrecover the overall distri-
bution of intensity andasaresultshadovs aremostly elim-
inated(Fig. 4(c)). This pixel histogrammatchingtechnique
hasbeenproposedoy Danaand Nayar[DN994. However,
pixel histogrammatchingdoeslittle to the structureof the
imageasit is insensitve to multi-scaleeffectssuchasblur-
ring.

To further improve the appearancéransfer we employ
the steerablgoyramidin anapproactsimilar to Heegerand
Bergen[HB95]. The baseandtargetimagearebothdecom-
posedinto animagepyramid with multiple scaledand ori-
entedsubbandsandthe coefcient histogramof eachsub-
bandis matchedindependentlyBoth pixel histogramsand
pyramidcoefcient histogramsanbecomputedvithoutim-
ageregistrationandarewell suitedfor ourgoal. Thesubband
histogrammatchingcaptureseffects suchas the fuzziness
thatsomematerialsexhibit atgrazingangle.In Fig. 4(d), we
rst transferthe subbanchistogramdsrom the targetimage
tothebasamage followedby thepixel histogrammatching.

HeeggerandBermgen[HB95] generateew texturesstarting

Y We representlirectionvectorsw in sphericalcoordinategq;f ),
whereq andf aretheincidenceandazimuthanglesrespectiely.
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(a) hrget texture (b) Op-view base texture

(c) Rxel histogram matched

(d) Rull reconstruction (e) Texture synthesis from (a)

Figure 4: Multi-scalestatisticstransfer We seekto reproducethe statisticsof a target texture (a) startingfroma top-viev base
texture (b). Notehow our full technique(d) improvesthe reconstructiorguality beyondpixel histagram matding (c). Without
the spatial structue providedby the basetexture, texture synthesigechniqueby Heeger and Bergen [ HB99 (e) is unableto

reproducethetarget texture.

from noiseanditeratively enforcingthe histogramof pixel
color and pyramid coefcients. As a result, their method
is generallyunableto reproduceextendedspatialstructure.
Fig. 4(e) shawvs the resultwhenwe directly apply their tex-
ture synthesigechniquewith ve iterationsusing statistics
from (a).In contrastwe usethemulti-scalestatisticso mod-
ify thebaseextureobtainedor agivenlight direction,which
alreadycontainsavery similar spatialstructureto thetamet.

Our reconstructiormakesuseof both pixel andsubband
histogramsto statistically characterizehe BTF. For each
BTF imageslice in the measurediataset, we decompose
theimageinto orientedsubbandsvith 4 orientationsandall
levelsof scale We computeandstorethehistogranfor each
subbandeadyfor thetexture generatiorstep.

3.2. Texture Generation

To reconstructhe full BTF we reconstrucD imageslices
at discretelysampledview/light directions.The pipelinefor
reconstructions shavn in Fig. 3. To generatehe texture at
a particularlight/view con guration (w;j;wy), we rst nd
neighborsof w; in the set of top-view textures.We rst
gatherall the texturesfrom the top view, andwe projectthe
light direction of eachtexture in the unit hemisphereonto
the unit disk. We perform a Delaunaytriangulationof the
set,and nd thethreeneighboringtexturesof w; by search-
ing the containingtriangle.If w; is outsidethe corvex hull,
we projectw; radially onto the corvex hull. We blend the
correspondingexturesusingthebarycentrioveightsto form
lpase Which roughly correspondso the texture lit from the
desireddirectionw; but viewedfrom thetop.

To obtainthe desiredhistogramstatisticswe needto nd
the closeneighborsand determinethe appropriatenterpo-
lation weights.As the setof view andlight directionsare
separablg2D 2D), we canperforma two-level interpo-
lation: 1) rst nd the weightsfor view interpolation,2)
for eachneighboringview we nd theinterpolationweights
for the neighboringlight directions.As the view direction
is assumedo be sparselysampledand roughly structured,
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Figure 5: View interpolation/extrapolationin sphericalco-
ordinates.Theview directionsare groupedinto classeswith
similar incidenceangleq andformrings onthehemisphes.
With this semi-uniformstructure, the view directioncan be
interpolatedor extrapolatedin a bilinear fashion.

we use a different interpolationschemeto avoid skewed
trianglesfrom triangulations,and to allow for meaningful
extrapolation.We representhe view directionsin spheri-
cal coordinategq; f) andgrouptheminto classedbasedon

theincidenceangleq (Fig. 5). For our setupwe have three
classeqy 0;q 30andg 60.We join the view direc-
tions within eachclasswith a polyline, andwe assumehe
polylinesdo not crosseachother Thesepolylinesdivide the
sphericaldomaininto rings,with which a bilinearinterpola-
tion/extrapolationcanbe well-de ned. The second-leel in-

terpolationof thelight directionfor eachview is performed
usingthe samestratgyy asthe basetexture.

We interpolatethe pixel andsubbanchistogramsaccord-
ing to thecomputedlendingweights.Histogramsareinter
polatedby linear blendingof the inverseCDFs(cumulatve
densityfunction), asproposecdby Matusik et al. [MZDO05].
In practicesuchinterpolationgivesmuchmorenaturaltran-
sitions.Also, inverseCDFscanbereadily extrapolatedwith
negative weightsthat sumto one,while directly extrapolat-
ing histogramscanleadto invalid negative density

We decomposé,gseWith the samesteerablgyramid,and
we matcheachsubbando the correspondinglendedhis-
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togram.We then collapsethe pyramid to recover animage
12,<e Finally, we matchthepixel histogranof 10, .to thein-
terpolatedpixel histogranto produceour nal reconstructed
texture.

4., Results

We evaluateour approachin two differentways. First, we

performnew measurementssingthesimplesetupdescribed
in Section2, andshaw thatwe areableto capturemportant
visual characteristicof realistic textures. Second,we use
publicly-availableBTF databaseseasuredisingroboticse-

tupsasgroundtruth andperformour reconstructiorusinga

subsebf thedata.

Acquisition and reconstruction We have measured 6 ma-

terialsincluding differentkinds of carpetsand fabricsand

reconstructethefull BTF from themeasurementsendered
imagesareshavn in Fig. 13. Theclothgeometryusedin the

renderedmagess generatedhroughstandardloth simula-

tion without consideringphysical propertiesof therendered
materials As a result,the amountof folding andstretching
maynotbeconsistentvith therealmaterialsln addition,our

texturerepresentatiomheritsthelimitation of BTFs:silhou-

ettesare not captured and effects dueto surfacecurvature

areignored.Nonethelessin mostcasesour reconstruction
is ableto reproducehevisualquality of realmaterialsfaith-

fully. Pleasereferto our supplementalvideofor animated

sequence®f the acquired BTFs.

Acquisitiontime is dependentn the samplingdensityof
the light directions;in practice,we captureabout100 im-
agesfor a materialin about10 15 minutes.Next theim-
agesareprocessedndindividual patcheg512 512pixels)
areresampledThis processingakes20 30 minuteson a
P43.0GHzPCandabout800slicesof the BTF is typically
captured.

We decomposeachtexturesliceof thecaptured3TF into
a steerableoyramid asdescribedn Section3, andwe com-
puteandstorea histogramfor eachsubbandjn additionto
the pixel histogramof theimage.This steptakesabout2 3
hourson our PC. Texture reconstructioriakesabout20 sec-
ondsperimage,andit takes 36 hoursto reconstructa full
BTF with 81 81 views and lights. Our reconstructioris
implementedisingMatlabandcouldbe greatlyoptimized.

Validation To further validate our reconstructiormethod,
we compareour resultsagainst a numberof materialsin
theBonnBTF databas¢SSK03. Eachmaterialin theBonn
databasés measuredt 81 light directions 81 view direc-
tions,for atotal of 656 1textureimagesTo testthecapability
of ourreconstructionwe pick 13 viewsroughlycorrespond-
ing to our acquisitionsetup,including 8 views at 60 inci-
dence4 at30 andthetop view. We useall 81 light direc-
tionsfor eachof the 13 views. Theinput to our reconstruc-
tion thusincludesthe 81 light-dependentexturesfrom the

topview, and13 81 setsof pixel andsubbanchistograms.
This is roughly equalto the numberof samplesve collect
in ouracquisition despitehefactthatour sampledirections
arenotasuniform.

We reconstructhe BTF at eachof the original 6561 di-
rection pairs with our technique.The rst two columnsof
Fig. 12 shawvs the comparisonbetweenthe reconstruction
andoriginal BTF for the materialscordurg, wool andpro-
poste.

We alsocompareour reconstructiorwith otherapproxi-
mationtechniquesThe third columnof Fig. 12 shavs ren-
deringswhenonly the top-view texturesare used,without
ary statisticdransferNoticethatthiscanbeseerasanupper
boundfor the approximationquality of view-independent
methods,e.g. [MGWO01]. The fourth column usesa sin-
gle texture (light and view both from the top), modulated
by the averageBRDF computedfrom the original Bonn
data(i.e. 6561 samples)We do the samecomparisonfor
our measuredmaterialsknitwearl and green-knitwearin
Fig. 11. Notethe comple visualfeaturesnot reproducedn
the texture-mappedand top-view versions,notably the re-
ductionof theshadavedtexelsdueto masking.andhow the
texturebecomesnoreblurry atgrazinganglesyevealingthe
uf ness of the materials.Interestingly we have obsered
that,in theabsencef context, casualbbserersoftenprefer
the top-view versionbecauset exhibits more contrastand
sharpnessThisis awell-known biasin imagequality evalu-
ation,e.g.[JFOQ. We however emphasiz¢hatthis excessie
sharpnessesultsin hyperrealisticimageghatlook arti cial
in complex scenesContrast/sharpnesgductionis anim-
portanteffect that mary real materialsexhibit andthatit is
particularlycritical to reproducduzzy materialdik e fabric.
In additionreducedontrasdueto maskings alsoimportant
in moresolid materialssuchastreebarkandplasterf PK05.

Statistical characterization In Figs.4 and6, we show re-
sultsof our reconstructiorfor a few exampleslicesviewed
from60 incidenceOurreconstructioprovidesgoodvisual
matchedo the targetimagesin termsof brightnesscolor,
contrastplurrinessandothersubtlemulti-scaleeffects.No-
tice that theseside-viav imagesarerecti ed to the normal
view for display:for wy = (60;0), the width of the texture
would be halved when usedfor actualrendering.As a re-
sult, ary discrepang alongthe horizontaldimensionwould
bediminished.

Our methodcaptureseffects suchasthe Fresneltermto
a rst-order approximation.As describedin Section 3.2,
we extrapolatethe histogramdor slicesbeyond 60 degrees,
andin practice,it is able to provide plausibleincreaseof
the brightnessat grazingangle (Figure 7). It is in particu-
lar importantthatwe extrapolatetheinversecumulativehis-
togramswhich faithfully increasedrightnessvhenappro-
priate and avoids numericalproblemssuchas invalid his-
togramsHowever, becauseve performlinearextrapolation,
we can underestimatéehe increaseof brightnesswhen the

¢ TheEurographicsAssociation2006.
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(a) Brget texture (b) Base ima@ (c) Rconstruction

Figure 6: Texture reconstructionat wy = (60;0). Row 1:
Carpetfrom Koudelkaet al. [KMBKO03, Row2: Measued
materialcarpet-1

1

View = (0,0) View = (15,120)

View = (30,150)

measured
reconstruction

View = (45,140)

View = (60,144)  View = (75,150)

Figure 7: Comparingthe interpolatedpixel histagramsto
the Bonnmeasuementof the material proposte Fixing the
light direction at (75;0), we compae histograms for six
viewing directions.All views except(0,0) are not presentin
the reconstructiondata set. The (75,150) view is extrapo-
latedasour mostinclinedviewsare at 60 dggrees.

functionis concae (Figure7). Unfortunatelywe have found
it dif cult to reliably quantifythe extrapolationerrors,since
availablemeasurementretypically unreliableneargrazing

angle(e.g.the75degreemeasurementsf theBonndataset).

Sampling Density Experimentingwith reducingthe sam-
pling densityin the light direction,we found that for some
materials high delity canbe achieved with a surprisingly
low numberof lights. In Fig. 8(b) we shav that our recon-
structionyields very goodresultseven whenonly 13 lights
perview are used.ln comparisonwhenthe samenumber
of texture imagesare directly usedfor renderingvia inter-

polation, the result exhibits strong cross-blendingartifacts
(Fig. 8(a)).
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Figure 8: Comparingdifferentsamplingdensityof light di-
rections:(a) Directinterpolationof 13 13 (view light)
texturesfromBonndata,(b) Our reconstructiorwith 13 13
textures,(c) Our reconstructiorwith 13 81 texturesand(d)
Original BTFwith81 81= 6561textures.

Limitations Ouracquisitionis limited to materialswithout
sharpspecularitiesdue to the sparsesamplingof the view
directions.Strong parallaxeffect is also dif cult to repro-
ducewith histogramstatisticsas spatialstructureis not di-
rectly encoded For example,the Lego materialmeasured
by Koudelkaet al. [KMBKO03] exhibits strongparallaxdue
to its relatively steepdepth,while having an otherwisesim-
ple geometrythatlackssigni cant scatteringit is theworst-
casescenaridor our approachin Fig. 9(a) we shawv aslice
of the BTF viewedat 60 incidence.Comparedo the base
imagefrom thetop view, the bumpsareoffsetdueto dispar
ity, while shadavs arestretcheddueto perspectie. Our re-
constructions unableto capturethe disparity but its multi-
scalenatureallowsit to partially reproduceheelongationof
shadavs. In Fig. 10 we comparethe original andtherecon-
structedLego BTF renderecbn a sphereNotethatthelight
fall-off nearthetextureboundaryin boththe Lego BTF and
the spongeBTF shavn in the video are artifactsfrom the
original measurementdn summarywhile we considerthe
Lego materialasa failure casefor our approachtherecon-
structionstill looks surprisinglygoodandexhibits more3D
effectsthana at texture,in particularin thevideo.

5. Discussion

We have presented simple methodto acquirethe appear
anceof materialssuchas fabric and knitwear that present
rich spatial and angularvariation. Our main contritution
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(a) Rrget texture (b) Base imag (c) Roonstruction

Figure9: Failure casefor theLegoBTF[wy = (60;0)]. Our
reconstructions unableto reproducethe disparity, but the
shadowelongationis partially captued.

(a) Oiginal (b) Reconstruction

Figure 10: Failure casefor the Lego BTF: original vs our
reconstruction.

is a reconstructioralgorithm that generates full bidirec-
tional texture function (BTF) from a sparsesetof measure-
ments Differentviews of thematerialsampledo not needto
be alignedbecauseve characterizeriew-dependeneffects
usingalignment-insensi statistics,namelymaiginal and
multi-scalehistograms.

As we have limited resolutionin the view dimension,it
is clearthatourtechniquecannotcapturehigh-frequenyg ef-
fectssuchashighly speculamaterials Our statisticalchar
acterizationdoesnot handlethe geometriceffect of paral-
lax but it reproducesomeof its effects suchas masking.
Our statisticareconstructioniendsto work beston materials
with comple spatialstructure(e.g. wool, proposte) asthe
high-frequeng contentandthestatisticalvariationdominate
thevisualappearancd-or suchmaterialsjt ts animportant
gapsincerealisticfuzzy fabricandknitwearappearanchas
beenchallengingo measuravith simplemeans.

Our techniqueinherits from the limitations of the BTF
concept.While BTFs capturestatisticaleffects of multiple
scattering,they do not model the spatial componentthat
causedlurredshadaevs andlight bleeding Moreover, BTFs
do not capturethe appearancef materialsilhouettesa crit-
ical visual factor for which appropriateacquisitiontech-
niguesareneeded.

We believe that our statisticalreconstructiorhas poten-
tial beyondour simplesetup hotablyto exploit partialviews

suchasthe one obtainedwith the kaleidoscopecquisition
setup.We alsobelieve that statisticalmaterialmodelingcan
beappliedto the captureof appearanc&om asinglephoto-
graph.Domain-speci cknowledgeor priorson BTFsmight
alsoenablea betteruseof the higherlight samplingrateto
improvereconstructiomlongtheview directionandto better
handleparallax.Finally, our statisticalreconstructiorfrom
sparsesamplesuggestshatthe 6D BTF canbe avoidedal-
together andwe wantto develop a compactrepresentation
basedon statisticsthatwill enablereal-timerenderingwith
asmallmemoryfootprint.
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Figure 13: Rendeedimagesof themeasuedmaterials.Fir strow: pink-knitwear eece, denim carpet-2,secondow: carpet-3,
velcmo, knitwear1, green-knitweaandthird row: carpet-1,pattern-3,pattern-2nd pattern-1.
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