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Abstract
We proposea simplemethodto acquire and reconstructmaterial appearancewith sparselysampleddata.Our
techniquerenders elaborateview- andlight-dependenteffectsandfaithfully reproducesmaterialssuch asfabrics
andknitwears.Our approach usessparsemeasurementsto reconstructa full six-dimensionalBidirectionalTexture
Function(BTF).Our reconstructiononly require input imagesfromthetopview to beregistered,which is easyto
achievewith a �xed camera setup.Bidirectionalpropertiesare acquired froma sparsesetof viewing directions
throughimagestatisticsandthereforepreciseregistrationsfor theseviewsareunnecessary. Our techniqueis based
on multi-scalehistogramsof image pyramids.Thefull BTF is generatedby matching thecorrespondingpyramid
histogramsto interpolatedtop-view images.Weshowthattheuseof multi-scaleimagestatisticsachievesa visually
plausibleappearance. However, our techniquedoesnot fully capturesharpspecularitiesor thegeometricaspects
of parallax. Nonetheless,a largeclassof materialscanbereproducedwell with our technique, andour statistical
characterizationenablesacquisitionof such materialsef�ciently usinga simplesetup.

Categories and SubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Three-Dimensional
GraphicsandRealism

1. Intr oduction

Thecreationof photorealisticimageshasbeengreatlyfacil-
itatedby dramaticadvancesin 3D geometryscanningand
renderingalgorithms.In contrast,theacquisitionandrepro-
ductionof real materialappearanceremainsa critical chal-
lenge.Themostcommonsolutionis theuseof photographic
textures,but plain texture mappingis only a crudeapprox-
imation for most real world materialsas it is only suitable
for representingperfectlysmoothsurfaceswith albedovari-
ation and is unableto simulatethe effect of any underly-
ing mesostructureof thematerial.TheBidirectionalTexture
Function(BTF) [DvGNK99] is a6D functionthatdescribes
the full light/view dependenceof an imagepatch.Unfortu-
nately, the measurementof BTFs is a formidabletask that
requirestheimagingof a singlesamplefor all pairsof view
and light directions.A robotic setupis typically used,and
precisecalibrationis necessaryto align all theseimages,a
taskmadeharderby thevariousmoving parts.

In this work, we proposea methodto capturecomplex
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materialssuchaswool knitwearin minutes,with a focuson
visualfaithfulnessratherthangeometricandphotometricac-
curacy. Simplicity of implementationis our main goal,and
we thereforeseekto minimize the relianceon precisereg-
istrationandalleviate the needfor robotic parts.While our
approachcannothandlehighly specularmaterialssuchas
metalsanddoesnot fully measureparallax,for a largeclass
of materialsit producesphotorealisticBTFs using a setup
thatis muchsimplerthancomprehensive approaches.In ad-
dition, while disparityaspectsof parallaxarenot captured,
its statisticaleffectssuchastheview-dependentchangesof
color distribution andsharpnessare reproduced,which re-
sultsin compellingmaterials.

Key to our approachis a novel BTF reconstructiontech-
nique that takessparsemeasurementsand reconstructsthe
full BTF. Our reconstructionis basedon theinterpolationof
statisticalproperties,therebyalleviating theneedfor precise
registrationandavoidingcross-fadingartifactsthatcouldbe
causedby simpledatainterpolation.
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Figure 1: Indoor scenerendered using4 texturesacquired
andreconstructedwith our technique.

Contrib utions This paperintroducesthe following contri-
butions:

� We proposea new algorithm to reconstructBTFs from
sparselysampledandunalignedmeasurements.

� This enablesa simpleandlow-costacquisitionsetupthat
allowsfor thesimultaneouscaptureof multipleviewsand
doesnot requirerobotically-controlledmoving parts.

1.1. RelatedWork

We give a brief overview of work on BTFs and material
measurementand refer the readerto the survey by Müller
et al. [MMS� 05] for a comprehensive studyof recentworks
on BTFs.We focuson BTF acquisitionandreconstruction
andour work is orthogonalto issuessuchas BTF render-
ing [SSK03,SBLD03,MMK04].

SinceDanaet al. [DNvGK97] introducedthe notion of
theBidirectionalTextureFunction(BTF) andpublishedthe
�rst BTF database[Cur], asmallnumberof teamshaveper-
formed measurementsusing robotically-controlledsetups
[SSK03, KMBK03]. Theserobotic setupsinvolve a mov-
ing materialsample,asa result,measurementsat different
view/light directionsarenotalwaysperfectlyaligned,asalso
observed by Filip andHaindl [FH05]. Despitetheseprob-
lems,thesedensemeasurementsareinvaluableandprovide
uswith referencesto evaluateour reconstructiontechnique.

Recently, a numberof setupshave beendescribedto cap-
turematerialappearancemoreef�ciently by simultaneously
capturingmultiple views usingmultiple cameras[MBK05]
or mirrors [HP03,DW04]. Our goal is to enablesimplerse-
tupsandminimize the time andeffort of measurementsby
introducingastatisticalreconstructionof BTFs.

In particular, we want to leveragethe increasedresolu-
tion of digital camerasandperformmultiple measurements

within a single picture using spatialmultiplexing as done
for BRDF by Marschneret al. [MWL � 99] and Ngan et
al. [NDM05]. However, this is morechallengingfor BTFs
becausethey areby de�nition not spatiallyuniform, andit
mightnotbepossibleto putdifferentsamplesin perfectcor-
respondence.This motivatesour useof statisticsthatarero-
bustto registration.

A number of acquisition techniqueshave been devel-
oped to capturesimpli�ed versionsof the BTF. Kautz et
al. [KSS� 04] only capturevariation due to light elevation
andobtainconvincing resultswhenlight azimuthandview
direction are not important.Malzbenderet al. [MGW01]
capturetheeffectof light dependenceandapproximatethem
with smoothpolynomials.Our approachprovidesincreased
accuracy for thelight samplingandaddsview-dependentef-
fectssuchaslow-frequency BRDFsandtheintricateappear-
anceexhibitedby fuzzymaterialssuchasfabrics.

TheBTF synthesiswork by Liu et al. [LYS01] is closely
relatedto our work. They usea sparsesetof imagesto es-
timatean approximateheight �eld by shape-from-shading,
andsynthesizenew geometrythat is statisticallysimilar to
the acquiredsample.Pixel samplesfrom the input arethen
copied to the synthesizedimage basedon featurematch-
ing to reconstructthe bidirectionalappearance.Their tech-
niqueis limited to stochastictexturesthat canbedescribed
as height �elds. Our work is different as we do not make
theheight�eld assumption,andwedonotrely ongeometric
informationfor reconstruction.

Our work is related to efforts on BTF compression
[SSK03,KMBK03,VT04] sinceit reconstructsaBTF from a
sparsesubset.However, mostcompressionapproachesseek
to optimizedecompressionat renderingtime, a featurethat
is not directly possiblewith our method.Nevertheless,the
compressiontechniquebyFilip andHaindl[FH05] is closely
relatedto our work. They �t per-texel Lafortunelobesto-
getherwith per-view/light histogramremappingfunctionsto
achievecompressionandfastrendering.Thecontext of BTF
compressionis differentbecausethey aregiventhefull BTF
to perform parameterestimation,while we needto �ll in
missingdata.In addition,our statisticalcharacterizationis
moreelaborateandincludesfrequency content.

Ourwork is inspiredby studiesin visionthatanalyzebidi-
rectionaltexture from a statisticalpoint of view. Leungand
Malik [LM01] haveshown thatview-dependentmaskingef-
fectscansigni�cantly changethe color distribution, which
explainswhy sun�ower �elds look moreyellow at grazing
angles.CulaandDana[CD01] usemulti-scalefeaturesfrom
BTF for materialrecognition.PontandKoenderink[PK05]
useasimplemicro-facetLambertianmodeltopredicttexture
contrastatdifferentlighting andviewing con�gurations.We
build on experimentsby Ginnekenet al. [vGKD99] who in-
vestigatethepixel histogramsof awiderclassof materialsin
theCUReTdatasetasafunctionof view andlight direction.
In particular, in the caseof surfaceswith uniform albedo,
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Figure 2: Acquisitionsetup- boththecamera andthemea-
suredtarget are �xed, anda handheldwireless�ash is used
asthelight source. During measurement,theusermovesthe
�ash sourcearoundto roughlycover all possibledirections,
andremotelytriggers thecamera shutterto takepictures.

they show that a single texture modulatedwith histogram
matchingoffersimprovedmaterialappearance.

DanaandNayar's work [DN98, DN99b] is mostclosely
relatedto our reconstructiontechnique.They studyBTF un-
der varying light/view con�gurations and proposeanalyt-
ical histogramand correlationmodelsin the specialcase
of randomisotropicsurfaceswith Lambertianre�ectance.
They alsoproposeBTF synthesisbasedon histogramtrans-
fers [DN99a]. The top-view imagewith correctlighting is
�rst synthesizedandthentheimageis transformedto anar-
bitraryview throughpixel histogramstransfer. They showed
that the techniqueworkswell for a sampleLambertianma-
terial with gaussianheightdistributions.Our reconstruction
techniqueextendsthis ideato a wider classof materialsby
usingmulti-scalestatistics.In particular, we show that the
idea of pyramid matchingtraditionally usedto synthesize
texturesfrom white noise[HB95] canbeadaptedto modify
a basetexture andenforcethe mostsalientvisual variation
dueto a material's appearance.In addition,our reconstruc-
tion schemeis speci�cally designedfor sparselysampled
dataandallows for meaningfulhistograminterpolationsand
extrapolations.

1.2. Overview

Our methodseeksto reconstructa full BTF basedon mea-
surementsthat areeasyto obtain.We only requirethe im-
agesof thefrontalview of thematerialsampleto bealigned,
which is easyto achieve with a �x ed cameraand sample,
anda moving light source.The imageswith differentview
directionsdonotneedto beregisteredwith thefrontal view.
In particular, we cancombinemultiple views perimagesby
usingmultiplesamplesof thematerialplacedatdifferentan-
gles(seeFig. 2), whichgreatlyacceleratesacquisition.

Our reconstructionalgorithm is the centralcontribution
that makes it possibleto obtain BTFs from unregistered
views. It is basedon the ideaof characterizingtexturesby

their multi-scalestatistics[HB95]. Our reconstructionuses
thenaturally-alignedimagesfrom thetop view asbasetex-
tures.View-dependenteffectsare then transferredto these
basetexturesusingthehistogramsof thepyramidsubbands.
For a largeclassof materials,our reconstructionprovidesa
visuallyplausibleapproximationto thetrueBTF.

2. Acquisition

We �rst presentour acquisitionsetupto make theinputdata
of ourreconstructiontechniqueconcrete.However, different
acquisitionsetupscouldbeusedwith our reconstructionas
long as they provide alignedimagesfor at leastone view
direction.

Our acquisitionsetup(Fig. 2) exploits the ability of our
reconstructiontechniqueto work with view imagesthatare
not aligned.It typically captures13 views of a materialat
a time usingdifferentsamplesat variousorientations.The
camerais �x edandthelight directionis sampledby moving
a light source.

In practice,we pastea numberof planarpatchesof the
material onto squarebacking boardswith known dimen-
sions,which arethenpositionedto form a pyramid-like tar-
get. The arrangementprovides 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. Thecamerais setup on a tripod at a �x edpo-
sition about1 meterabove themeasurementtarget,andthe
sizeof thetop-view patchin theimageis roughly500� 500
pixels. We put specularspheres(billiard balls) aroundthe
target for light positionestimation.Theuserholdsthe �ash
directedat the target from variousdirections,anda remote
controlis usedto triggerthecamera.Wetakeabout100pic-
turesfor eachmaterialin about10� 15minutes.

Thecamerais calibratedautomaticallyusingseveral im-
agesof acheckerboard[Zha00]. For eachsequence,theuser
manuallymarksthe positionof the cornersof eachsquare
backingboards.With the known dimensionsof the boards,
we computethe positionandorientationof eachpatchus-
ing a least-squareoptimization.The �ash sourceis small,
andweapproximateit asapointsource.For eachimage,the
mirror peakoneachspecularsphereis locatedautomatically,
if available,andthelight sourcepositionis estimatedwith a
least-square�t.

For eachmeasuredimage,weresampleeachlit patchinto
a texture imageat a resolutionof 512� 512.As the extent
of asinglepatchis relatively small,weassumethelight and
view directions(wi ;wo) areconstantacrosseachpatch.The
resampledtextureis thennormalizedby theestimatedirradi-
anceto form a 2D spatialsliceof theBTF. Eventhoughthe
�ash power is manuallyset to constantpower, in practice
the �ash output can deviate from the speci�ed power sig-
ni�cantly. We put diffusegraycardsnext to thepyramid to
getareliableestimateof the�ash power. However, for some
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Figure 3: Reconstructionpipelinefor producinga texture at light/view directionwi ;wv. Fromthesetof top-view textures,we
interpolatetheneighbors of wi to producea basetexture Ibase. Fromthe full datasetcomprisingall light/view combinations,
we locate the closestneighbors of (wi ;wv). We interpolate(and potentially extrapolate)the subbandhistogramsand pixel
histogramto formthedesiredhistogramsof our target texture. Thebasetexture Ibaseis decomposedinto a multi-scaleoriented
pyramid,andeach subbandis matchedto thedesiredhistogram.We thencollapsethepyramidto reconstructtheimage, which
is thenmatchedto thedesiredpixelhistogram.Thisproducesour �nal texture.

measuredimagesthegraycardsareshadowedandin those
casesthemean�ash power is assumed.To furthercompen-
satefor the �ash power estimationerror, we computethe
averageBRDF of themeasureddataby averagingover each
normalizedtexture. We thensmooththis BRDF anduseit
to re-scaleourmeasureddatasothatit is consistentwith the
smoothedBRDF. In practicetheBRDFblurringdoesnotde-
gradethe quality of measurementasour ability to measure
specularmaterialsis limited by the sparsesamplingof the
view.

3. Reconstruction

The central idea of our reconstructionis to usethe actual
imagesonly from the top view and to characterizethe vi-
sual propertiesof other views using alignment-insensitive
statistics.We reconstructa BTF one texture at a time, for
eachpairof view-light directions.A textureis reconstructed
in two steps(Fig. 3). We �rst useour setof top-view im-
ages,whichareassumedto bealigned,andinterpolatethem
linearly basedon the light direction to obtain a basetex-
ture. This texture containsappropriateshadowing effects
but mightexhibit cross-fadingartifactsanddoesnot include
view-dependenteffectssuchasmasking,BRDF, andasper-
ity scattering.Our secondstepimprovesinterpolationqual-
ity andreproducestheseeffectsby enforcingstatisticscor-
respondingto theappropriateview-light directions.

3.1. Histogram Statistics

Beforepresentingour full reconstructionpipeline,we dis-
cussour choiceof statisticsto characterizematerialappear-
ance.We observe thatthepixel histogramencodesvariation

in the color distribution due to effects suchas shadowing
andmasking.Fig. 4(a) shows a BTF slice of the measured
knitwearat [wv = (60;0);wi = (60;180)].y Fig. 4(b) shows
the basetexture from the top-view with approximatelythe
samelight directionwi . We observe prominentshadowing
due to the low elevation of the light in the basetexture,
but theeffect is signi�cantly reducedwhenviewedfrom the
side in (a), both dueto maskingandthe increasedscatter-
ing pathlength.By matchingthepixel histogramof thebase
imageto thetarget image,we canrecover theoverall distri-
bution of intensity, andasa resultshadows aremostlyelim-
inated(Fig. 4(c)). This pixel histogrammatchingtechnique
hasbeenproposedby DanaandNayar[DN99a]. However,
pixel histogrammatchingdoeslittle to the structureof the
imageasit is insensitive to multi-scaleeffectssuchasblur-
ring.

To further improve the appearancetransfer, we employ
thesteerablepyramid in anapproachsimilar to Heegerand
Bergen[HB95]. Thebaseandtargetimagearebothdecom-
posedinto an imagepyramid with multiple scaledandori-
entedsubbands,andthe coef�cient histogramof eachsub-
bandis matchedindependently. Both pixel histogramsand
pyramidcoef�cient histogramscanbecomputedwithoutim-
ageregistrationandarewell suitedfor ourgoal.Thesubband
histogrammatchingcaptureseffects suchas the fuzziness
thatsomematerialsexhibit atgrazingangle.In Fig. 4(d), we
�rst transferthe subbandhistogramsfrom the target image
to thebaseimage,followedby thepixel histogrammatching.

HeegerandBergen[HB95] generatenew texturesstarting

y We representdirectionvectorsw in sphericalcoordinates(q; f ),
whereq andf aretheincidenceandazimuthanglesrespectively.
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(a) Target texture (b) Top-view base texture (d) Full reconstruction(c) Pixel histogram matched (e) Texture synthesis from (a) 

Figure4: Multi-scalestatisticstransfer. Weseekto reproducethestatisticsof a target texture (a) startingfroma top-view base
texture (b). Notehowour full technique(d) improvesthereconstructionquality beyondpixel histogrammatching (c). Without
the spatial structure providedby the basetexture, texture synthesistechniqueby Heeger and Bergen [ HB95] (e) is unableto
reproducethetarget texture.

from noiseanditeratively enforcingthe histogramof pixel
color and pyramid coef�cients. As a result, their method
is generallyunableto reproduceextendedspatialstructure.
Fig. 4(e) shows theresultwhenwe directly apply their tex-
ture synthesistechniquewith � ve iterationsusingstatistics
from (a).In contrast,weusethemulti-scalestatisticsto mod-
ify thebasetextureobtainedfor agivenlight direction,which
alreadycontainsaverysimilarspatialstructureto thetarget.

Our reconstructionmakesuseof bothpixel andsubband
histogramsto statistically characterizethe BTF. For each
BTF imageslice in the measureddataset,we decompose
theimageinto orientedsubbandswith 4 orientationsandall
levelsof scale.Wecomputeandstorethehistogramfor each
subbandreadyfor thetexturegenerationstep.

3.2. TextureGeneration

To reconstructthe full BTF we reconstruct2D imageslices
at discretelysampledview/light directions.Thepipelinefor
reconstructionis shown in Fig. 3. To generatethetextureat
a particularlight/view con�guration (wi ;wv), we �rst �nd
neighborsof wi in the set of top-view textures. We �rst
gatherall thetexturesfrom thetop view, andwe projectthe
light directionof eachtexture in the unit hemisphereonto
the unit disk. We perform a Delaunaytriangulationof the
set,and�nd thethreeneighboringtexturesof wi by search-
ing thecontainingtriangle.If wi is outsidetheconvex hull,
we project wi radially onto the convex hull. We blend the
correspondingtexturesusingthebarycentricweightsto form
Ibase, which roughly correspondsto the texture lit from the
desireddirectionwi but viewedfrom thetop.

To obtainthedesiredhistogramstatistics,weneedto �nd
the closeneighborsanddeterminethe appropriateinterpo-
lation weights.As the set of view and light directionsare
separable(2D � 2D), we can perform a two-level interpo-
lation: 1) �rst �nd the weights for view interpolation,2)
for eachneighboringview we �nd theinterpolationweights
for the neighboringlight directions.As the view direction
is assumedto be sparselysampledandroughly structured,

f
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0 360
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q » 30

q » 0
0

Interpolation

Extrapolation

Figure 5: View interpolation/extrapolationin sphericalco-
ordinates.Theview directionsare groupedinto classeswith
similar incidenceangleq andformringsonthehemisphere.
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 representthe view directionsin spheri-
cal coordinates(q; f ) andgrouptheminto classesbasedon
the incidenceangleq (Fig. 5). For our setupwe have three
classesq � 0;q � 30 andq � 60. We join the view direc-
tions within eachclasswith a polyline, andwe assumethe
polylinesdonotcrosseachother. Thesepolylinesdivide the
sphericaldomaininto rings,with whichabilinearinterpola-
tion/extrapolationcanbewell-de�ned. Thesecond-level in-
terpolationof thelight directionfor eachview is performed
usingthesamestrategy asthebasetexture.

We interpolatethepixel andsubbandhistogramsaccord-
ing to thecomputedblendingweights.Histogramsareinter-
polatedby linearblendingof the inverseCDFs(cumulative
densityfunction),asproposedby Matusik et al. [MZD05].
In practicesuchinterpolationgivesmuchmorenaturaltran-
sitions.Also, inverseCDFscanbereadilyextrapolatedwith
negative weightsthatsumto one,while directly extrapolat-
ing histogramscanleadto invalid negativedensity.

WedecomposeIbasewith thesamesteerablepyramid,and
we matcheachsubbandto the correspondingblendedhis-
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togram.We thencollapsethe pyramid to recover an image
I0
base. Finally, wematchthepixel histogramof I 0

baseto thein-
terpolatedpixel histogramto produceour�nal reconstructed
texture.

4. Results

We evaluateour approachin two differentways.First, we
performnew measurementsusingthesimplesetupdescribed
in Section2, andshow thatwe areableto captureimportant
visual characteristicsof realistic textures.Second,we use
publicly-availableBTFdatabasesmeasuredusingroboticse-
tupsasgroundtruth andperformour reconstructionusinga
subsetof thedata.

Acquisition and reconstruction Wehavemeasured16ma-
terials including different kinds of carpetsand fabricsand
reconstructedthefull BTF from themeasurements;rendered
imagesareshown in Fig. 13. Theclothgeometryusedin the
renderedimagesis generatedthroughstandardclothsimula-
tion without consideringphysicalpropertiesof therendered
materials.As a result,theamountof folding andstretching
maynotbeconsistentwith therealmaterials.In addition,our
texturerepresentationinheritsthelimitationof BTFs:silhou-
ettesarenot captured,andeffectsdueto surfacecurvature
are ignored.Nonetheless,in mostcasesour reconstruction
is ableto reproducethevisualqualityof realmaterialsfaith-
fully. Pleaserefer to our supplementalvideofor animated
sequencesof the acquiredBTFs.

Acquisitiontime is dependenton thesamplingdensityof
the light directions;in practice,we captureabout100 im-
agesfor a materialin about10� 15 minutes.Next the im-
agesareprocessedandindividualpatches(512� 512pixels)
areresampled.This processingtakes20� 30 minuteson a
P43.0GHzPCandabout800slicesof theBTF is typically
captured.

Wedecomposeeachtexturesliceof thecapturedBTF into
a steerablepyramidasdescribedin Section3, andwe com-
puteandstorea histogramfor eachsubband,in additionto
thepixel histogramof theimage.Thissteptakesabout2� 3
hourson our PC.Texturereconstructiontakesabout20 sec-
ondsper image,and it takes36 hoursto reconstructa full
BTF with 81� 81 views and lights. Our reconstructionis
implementedusingMatlabandcouldbegreatlyoptimized.

Validation To further validateour reconstructionmethod,
we compareour resultsagainst a numberof materialsin
theBonnBTF database[SSK03]. Eachmaterialin theBonn
databaseis measuredat 81 light directions� 81 view direc-
tions,for atotalof 6561textureimages.To testthecapability
of ourreconstruction,wepick 13viewsroughlycorrespond-
ing to our acquisitionsetup,including 8 views at 60� inci-
dence,4 at 30� andthe top view. We useall 81 light direc-
tions for eachof the13 views. The input to our reconstruc-
tion thusincludesthe 81 light-dependenttexturesfrom the

top view, and13� 81 setsof pixel andsubbandhistograms.
This is roughly equalto the numberof sampleswe collect
in ouracquisition,despitethefactthatoursampledirections
arenotasuniform.

We reconstructthe BTF at eachof the original 6561di-
rectionpairswith our technique.The �rst two columnsof
Fig. 12 shows the comparisonbetweenthe reconstruction
andoriginal BTF for thematerialscorduroy, wool andpro-
poste.

We alsocompareour reconstructionwith otherapproxi-
mationtechniques.The third columnof Fig. 12 shows ren-
deringswhenonly the top-view texturesareused,without
any statisticstransfer. Noticethatthiscanbeseenasanupper
bound for the approximationquality of view-independent
methods,e.g. [MGW01]. 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 measuredmaterialsknitwear-1 and green-knitwearin
Fig. 11. Notethecomplex visual featuresnot reproducedin
the texture-mappedand top-view versions,notably the re-
ductionof theshadowedtexelsdueto masking,andhow the
texturebecomesmoreblurry atgrazingangles,revealingthe
�uf �ness of the materials.Interestingly, we have observed
that,in theabsenceof context, casualobserversoftenprefer
the top-view versionbecauseit exhibits morecontrastand
sharpness.This is awell-known biasin imagequalityevalu-
ation,e.g.[JF00]. Wehoweveremphasizethatthisexcessive
sharpnessresultsin hyper-realisticimagesthatlook arti�cial
in complex scenes.Contrast/sharpnessreductionis an im-
portanteffect that many real materialsexhibit andthat it is
particularlycritical to reproducefuzzy materialslike fabric.
In additionreducedcontrastdueto maskingis alsoimportant
in moresolidmaterialssuchastreebarkandplaster[PK05].

Statistical characterization In Figs.4 and6, we show re-
sultsof our reconstructionfor a few exampleslicesviewed
from60� incidence.Ourreconstructionprovidesgoodvisual
matchesto the target imagesin termsof brightness,color,
contrast,blurrinessandothersubtlemulti-scaleeffects.No-
tice that theseside-view imagesarerecti�ed to the normal
view for display: for wv = (60;0), the width of the texture
would be halved whenusedfor actualrendering.As a re-
sult, any discrepancy alongthehorizontaldimensionwould
bediminished.

Our methodcaptureseffectssuchasthe Fresnelterm to
a �rst-order approximation.As describedin Section 3.2,
we extrapolatethehistogramsfor slicesbeyond60 degrees,
and in practice,it is able to provide plausibleincreaseof
the brightnessat grazingangle(Figure 7). It is in particu-
lar importantthatweextrapolatetheinversecumulativehis-
tograms,which faithfully increasesbrightnesswhenappro-
priate and avoids numericalproblemssuchas invalid his-
tograms.However, becauseweperformlinearextrapolation,
we can underestimatethe increaseof brightnesswhen the
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(a) Target texture (b) Base image (c) Reconstruction

Figure 6: Texture reconstructionat wv = (60;0). Row 1:
CarpetfromKoudelkaet al. [KMBK03], Row2: Measured
materialcarpet-1.
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Figure 7: Comparingthe interpolatedpixel histogramsto
the Bonnmeasurementof the material proposte. Fixing the
light direction at (75;0), we compare histograms for six
viewing directions.All viewsexcept(0,0) are not presentin
the reconstructiondata set.The (75,150)view is extrapo-
latedasour mostinclinedviewsareat 60degrees.

functionis concave(Figure7). Unfortunately, wehavefound
it dif�cult to reliablyquantifytheextrapolationerrors,since
availablemeasurementsaretypically unreliableneargrazing
angle(e.g.the75degreemeasurementsof 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 show that our recon-
structionyieldsvery goodresultsevenwhenonly 13 lights
per view areused.In comparison,when the samenumber
of texture imagesaredirectly usedfor renderingvia inter-
polation, the result exhibits strongcross-blendingartifacts
(Fig. 8(a)).

(a) (b)

(c) (d)

Figure 8: Comparingdifferentsamplingdensityof light di-
rections:(a) Direct interpolationof 13� 13 (view � light)
texturesfromBonndata,(b) Our reconstructionwith 13� 13
textures,(c) Our reconstructionwith 13� 81texturesand(d)
Original BTFwith 81� 81= 6561textures.

Limitations Our acquisitionis limited to materialswithout
sharpspecularitiesdue to the sparsesamplingof the view
directions.Strongparallaxeffect is also dif�cult to repro-
ducewith histogramstatisticsasspatialstructureis not di-
rectly encoded.For example,the Lego materialmeasured
by Koudelkaet al. [KMBK03] exhibits strongparallaxdue
to its relatively steepdepth,while having anotherwisesim-
plegeometrythatlackssigni�cant scattering:it is theworst-
casescenariofor our approach.In Fig. 9(a) we show a slice
of theBTF viewedat 60� incidence.Comparedto thebase
imagefrom thetopview, thebumpsareoffsetdueto dispar-
ity, while shadows arestretcheddueto perspective. Our re-
constructionis unableto capturethedisparity, but its multi-
scalenatureallowsit to partiallyreproducetheelongationof
shadows. In Fig. 10 we comparetheoriginal andtherecon-
structedLego BTF renderedon a sphere.Notethatthelight
fall-off nearthetextureboundaryin boththeLego BTF and
the spongeBTF shown in the video are artifactsfrom the
original measurements.In summary, while we considerthe
Lego materialasa failurecasefor our approach,therecon-
structionstill lookssurprisinglygoodandexhibits more3D
effectsthana �at texture,in particularin thevideo.

5. Discussion

We have presenteda simplemethodto acquirethe appear-
anceof materialssuchas fabric and knitwear that present
rich spatial and angularvariation. Our main contribution
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(a) Target texture (b) Base image (c) Reconstruction

Figure9: Failurecasefor theLegoBTF[wv = (60;0)]. Our
reconstructionis unableto reproducethe disparity, but the
shadowelongationis partially captured.

(a) Original (b) Reconstruction

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

is a reconstructionalgorithm that generatesa full bidirec-
tional texture function(BTF) from a sparsesetof measure-
ments.Differentviewsof thematerialsampledonotneedto
be alignedbecausewe characterizeview-dependenteffects
usingalignment-insensitive statistics,namelymarginal and
multi-scalehistograms.

As we have limited resolutionin the view dimension,it
is clearthatour techniquecannotcapturehigh-frequency ef-
fectssuchashighly specularmaterials.Our statisticalchar-
acterizationdoesnot handlethe geometriceffect of paral-
lax but it reproducessomeof its effects suchas masking.
Ourstatisticalreconstructiontendsto work bestonmaterials
with complex spatialstructure(e.g.wool, proposte),asthe
high-frequency contentandthestatisticalvariationdominate
thevisualappearance.For suchmaterials,it �ts animportant
gapsincerealisticfuzzy fabricandknitwearappearancehas
beenchallengingto measurewith simplemeans.

Our techniqueinherits from the limitations of the BTF
concept.While BTFs capturestatisticaleffectsof multiple
scattering,they do not model the spatial componentthat
causesblurredshadows andlight bleeding.Moreover, BTFs
do not capturetheappearanceof materialsilhouettes,a crit-
ical visual factor for which appropriateacquisition tech-
niquesareneeded.

We believe that our statisticalreconstructionhaspoten-
tial beyondoursimplesetup,notablyto exploit partialviews

suchasthe oneobtainedwith the kaleidoscopeacquisition
setup.We alsobelieve thatstatisticalmaterialmodelingcan
beappliedto thecaptureof appearancefrom asinglephoto-
graph.Domain-speci�cknowledgeor priorson BTFsmight
alsoenablea betteruseof thehigherlight samplingrateto
improvereconstructionalongtheview directionandtobetter
handleparallax.Finally, our statisticalreconstructionfrom
sparsesamplessuggeststhatthe6D BTF canbeavoidedal-
together, andwe want to develop a compactrepresentation
basedon statisticsthatwill enablereal-timerenderingwith
asmallmemoryfootprint.
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Figure13: Renderedimagesof themeasuredmaterials.First row: pink-knitwear, �eece, denim,carpet-2,secondrow: carpet-3,
velcro, knitwear-1, green-knitwearandthird row: carpet-1,pattern-3,pattern-2andpattern-1.
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