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Abstract

Thispaperpresentsanew techniquefor renderingbidirectionaltex-
ture functions (BTFs) at different levels of detail (LODs). Our
method�rst decomposeseachBTF imageinto multiple subbands
with a Laplacianpyramid. Eachvector of Laplaciancoef�cients
of a texel at the samelevel is regardedas a Laplacianbidirec-
tional re�ectancedistribution function (BRDF). Thesevectorsare
then further compressedby applying principal componentsanal-
ysis (PCA). At the renderingstage,the LOD parameterfor each
pixel is calculatedaccordingto thedistancefrom theviewpoint to
thesurface. Our renderingalgorithmusesthis parameterto deter-
minehow many levelsof BTF Laplacianpyramidarerequiredfor
rendering.Under the samesamplingresolution,a BTF gradually
transitsto a BRDF as the cameramoves away from the surface.
Ourmethodprecomputesthis transitionandusesit for multiresolu-
tion BTF rendering.Our Laplacianpyramid representationallows
real-timeanti-aliasedrenderingof BTFs usinggraphicshardware.
In additionto provide visually satisfactorymultiresolutionrender-
ing for BTFs,ourmethodhasacomparablecompressionrateto the
availablesingle-resolutionBTF compressiontechniques.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—Antialiasing;I.3.7 [Computer Graphics]: Three-
DimensionalGraphicsand Realism—Color, shading,shadowing,
andtexture

Keywords: levels of detail, bidirectionaltexture function, anti-
aliasing,real-timerendering

1 Intro duction

Over thepastfew years,we have seenan impressive improvement
in the capabilitiesof graphicsprocessingunits (GPUs). Among
many revolutionary features,the most fascinatingachievementis
therealizationof GPUprogrammabilityfor real-timerealisticren-
dering.Today, real-timerenderingtechniqueshavebeenwidely uti-
lizedin videogames.However, evenwith thehelpof today'sgraph-
ics hardware,the visual quality of mostgamesis still not aspho-
torealisticaswe might expect(althoughnot every computergame
needsthis characteristic).Oneof the reasonsbehindis that most
materialsof 3D objectsarestill only modelledby a combination
of multiple textures,suchasthe combinationof bump, shininess,

Figure1: ComparisonsbetweentheBTF renderingswith andwith-
out LOD representation.On the left, we show a model mapped
with a BTF. On the right, the top portion shows the renderingre-
sultwithout LOD andthebottomshows theresultswith LOD. The
smallerimagesaretheoriginal imagedisplayedon thescreenand
thelargeronesaretheirmagni�cations.WithoutLOD, therearethe
artifactsof jaggylineson themodel.With LOD, theseartifactsare
removed.

specularanddiffusemaps.Sucha materialsynthesistechniqueis
widely adoptedby gamesbecauseit is suitablefor GPUimplemen-
tation. For example,in Xbox's Halo 2 [Bungie2004],mostof the
objectsarebumpmappedto createdepthillusion. However, bump
mappinghasits limitations. It only capturestheshadingcausedby
normalvariation,but not thevisually importanteffectssuchasself-
shadowing, maskingandcomplex non-diffusere�ection. To render
more realisticmaterialsinteractively, thereis a needfor the gen-
eralandef�cient representationsof complex materialssuitablefor
real-timerendering.

BTF is anextensionto texturesdependentonthelighting andview-
ing direction and is suitablefor modelingcomplex materialsfor
real-timerendering.While renderingof BTF hasbeenextensively
studiedfor years,to bestof our knowledge,thereis no multires-
olution techniquefor anti-aliasedBTF rendering.Multiresolution
techniquefor texturing is importantas it allows anti-aliasingand
ef�cient rendering.Thegoal of this paperis to bridgethis gapby
providing a multiresolutionrepresentationfor real-timerendering
of BTF at differentLODs.
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Figure2: Illustrationof theLOD issuein pixel shading.

Appearanceof real materialshasdifferent LOD properties. Re-
�ectanceof homogeneousmaterials,which canbe representedby
a singleBRDF, hasno LOD issue:becausetheBRDF is only the
ratio betweenincomingandoutgoing�ux. Theratio is alwaysthe
samedespitethe distanceto the camera. However, complex ma-
terialsrepresentedby BTF aredifferent: underthesamesampling
resolution,theBTF ratiocouldbedifferentasthedistancefrom the
camerato the objectchanges.For example,if we take a look at a
weave cloth closely, the knitting patternsarevisible anddistinct.
On theotherhand,if thecloth is locatedfar away from us,we can
hardlyseethesedetails.

Take Figure2 asanexample.Two pixels areprojectedon areasa
andb, which areon surfacesA andB respectively. Without loss
of generality, the areaof b is larger than a becausesurfaceB is
fartheraway from the viewpoint. If the samplingratesat a and
b areequal,moresamplesare requiredto preciselycalculatethe
color of b. The implication is that it actually takesmoretime to
correctlyshadethe areawhich is far from the viewpoint. This is
not reasonableandrun-timeinef�cient, sinceusuallywe paymore
attentionto theshadingof theobjectsnearthecamera,not the far
background.Hardwaremultisamplingcannotsolve this issuebe-
causethenumberof samplesis notproportionalto thepixel projec-
tion area(it is basedupon�x edsubpixel samples).Insteadof trying
to integratethesampleson-the-�y, we proposean ideacalledpre-
computedLOD re�ectanceto solve this problem: the appearance
(re�ectance)of differentLODs shouldbeprecomputedandstored
for later use. In this paper, we proposean LOD representationof
BTF basedonLaplacianpyramid.Ourspeci�c contributionsare:

1. LOD Representationfor BTF Rendering: At the render-
ing stage,the numberof texture accessdependson which
LOD is chosen.If thesurfaceis far away from theviewpoint,
fewerlevelsarerequiredto reconstructits BTF. Therefore,the
numberof textureaccessesis reducedandtheperformanceis
enhanced.Thus, the proposedmethodcanachieve the anti-
aliasedBTF renderingin real-time.

2. Good CompressionRate of BTF: Althoughour initial goal
is theanti-aliasedandef�cient renderingof BTFs,our repre-
sentationalsohasa comparablecompressionrateto theother
availableBTF compressionmethods.It is becauseour BTF
Laplacianpyramidnot only providesa multiresolutionrepre-
sentationbut alsoremovesmuchof the texel-to-texel BRDF
correlation.Hence,thenormsof mostof theLaplacianBRDF
vectorsarearoundzero. Therefore,thevarianceandentropy
arereducedanda goodcompressionrateis achieved.

2 Related Work

Our methodbuilds uponprior work in the�elds of BTF andLOD.
This sectiongivesa brief overview of the relatedwork andback-
groundknowledgerelevantto theproblemwe try to address.

2.1 BTF

Danaet al. [1999] proposedthe BTF representationto represent
theappearancesof real-world surfaces.A BTF is asix dimensional
re�ectance�eld:

F(p;wi ;wo); (1)

whichconnectsfor eachtexturecoordinatep theoutgoingdirection
wo to the incidentdirectionwi . The raw dataof a BTF is a series
of imagestaken from differentviewpoints undervariousincident
lighting conditions.Usuallytherearetwo waysto arrangetheBTF
data: oneis to treatit asa setof BTF imagesFwi ;wo( p), which is
the imagefor the lighting directionwi andthe view directionwo;
anotheris to take it asa setof per-texel BRDFsF p(wi ;wo), which
is thesetof colorsat a pixel p underdifferentviewing andlighting
directions.

Due to its high dimensionality, a BTF requiresgigantic memory
spacefor storage(usually more than hundredsof mega-bytes).
Hence,similar to mostimage-basedrenderingapproaches,how to
ef�ciently compressandmanipulatethe BTF becomesan impor-
tant issue.MethodssuchasPCA [Sattleret al. 2003;Müller et al.
2004a], chainedfactorization[Suykens et al. 2003], re�ectance
�eld [McAllister 2002; Mesethet al. 2004], andvectorquantiza-
tion [Leung and Malik 2001] have alreadybeenadoptedto deal
with the BTF in orderto get betterrun-timeef�ciency. Recently,
multilineardecompositionis alsousedfor BTF analysis[Vasilescu
andTerzopoulos2004].Ma et al. [2004]proposedto split theBTF
into two bands:a lowpass(anaverageBRDF of thematerial)and
a highpassband(shadingeffectsof surfacemesostructures).The
lowpassbandis �tted by thePhongshadingmodel.This operation
compressesthelowpassbandto only a few of coef�cients (shading
parameters).For thehighpassband,a polynomial-basedcompres-
sionmethodis appliedto it. However, thehighpassbandstill com-
priseshadingsignalswith variousfrequencies.Directcompression
of theintermixedhighpassbandmayresultin a lessaccuraterecon-
struction,in otherwords,the lossof visible shadingvariations. It
is alsohardto computethecoef�cients of high power termswith a
polynomial-basedmethodbecauseof therestrictionson numerical
precision.

How to renderBTF in real-time becomesanotherimportant is-
sue. Many recentmethodsdemonstratethe ability of rendering
a single BTF mappedobject in real-time. Thesemethodsusu-
ally take advantagesof thegraphicshardwareto achieve real-time
performance.For the readerswho areinterestedin BTF process-
ing and rendering,we recommendthe excellent survey paperby
Müller etal. [2004b].

2.2 LOD

LOD hasmany applicationsin graphicssuchasmeshsimpli�cation
and terrain rendering. Here, we only discussthe LOD methods
relatedto materialshadingandrendering.

Renderingin differentLODs is very importantin computergraph-
ics. In a dynamicscene,a complex-shadedobjectcouldbeviewed
at different distancesfrom the viewpoint. As the object moves
further away from the viewpoint, one may notice someobvious



D0

F0

D1

F
2

L1

L0

Laplacian
Transform

PCA
Compression

PCA
Weight Maps

Laplacian BTF
Principle Components

Per-Pixel
�

i, 
�

o, p, 
�

Rendering
Result

Shading
Fitting Shading

Parameters

Synthesis

p
x

p y

(

�

i
, 

�

o
)

D2

Laplacian
BTF

BTF

D
2

Mean Vector

e0

e1

e2

Figure3: Illustrationof theproposedalgorithm.First, a Laplaciantransformis appliedto theBTF images.Then,theBTF subbands,which
containinformationof image-basedappearance,arefurthercompressedby PCA.Themeanvectorof thetoplevel Laplacianpyramidis �tted
by a parametricshadingfunction. With the extractedeigenLaplacianBRDFsandshadingparameters,we canreconstructthe BTF at the
pixel shaderstage.

aliasingartifactssuchasshimmering,scintillation, andthe Moiré
patterns. The most popular anti-aliasingmethodfor textures is
mipmapping[Williams 1983]. Mipmapping works by creating
lower resolution, pre�ltered versionsof the texture map. Dur-
ing rendering,themipmapat theappropriateresolutionis chosen.
Hence,thetexturepixels(texels)arealreadyproperly�ltered when
they are renderedon the screen. The intent of mipmappingis to
keepthepixel-to-texel at least1:1 in orderto catchup theNyquist
rate,or in otherwords, to avoid aliasing. However, mipmapping
canonly beappliedoncolor texture.Shadingparametermapssuch
asshininessmapcannotapplymipmappingbecauseit is notphysi-
cally correct.

For achieving LOD of arbitraryshading,Goldman[1997] created
multiple shadersmanuallyin orderto renderfur at differentLODs.
Meyer et al. [2000] proposedananalyticalshadermodelbasedon
micro-geometryre�ection for renderingaforestof pine-trees.Self-
shadowing andvisibility aretakeninto accountin theshaderswith-
outhaving to samplethem.Adabalaet al. [2003]demonstratedthe
ability of renderingwoven clothesat any LOD. For LOD of nor-
malmaps,Fournier[1992]suggestedto useanormalmappyramid,
whereeachlevel storesdistributionsof surfacenormals.Thesedis-
tributionsarerepresentedassumsof a smallnumberof Phong-like
spreadsof surfacenormalsatagivenresolution.Kautzetal. [2001]
presentedamethodthatautomaticallysynthesizesbumpmapsatar-
bitrary LOD usinga normaldensityfunction. Toksvig[2004] pro-
posedamipmappingtechniqueof normalmapswhichusesshorten-
ing asameasureof normalvariationto eliminatespecularhighlight
aliasing.

Run-timeef�ciency is anotherimportantLOD topic,aspointedout
by Olanoet al.[2003]. They proposedanautomaticshadersimpli-
�cation algorithm.Thebasicideais to manuallyidentify blocksof
shadercodethat arecandidatesfor reduction. And then,an LOD
shaderis createdautomaticallyby assemblingthesecodeblocks
with appropriateconditionals. The LOD could be chosenby dif-
ferent viewing distances.They also mentionedthe possibility of
usingdifferentLOD selectioncriterions,suchashardwareresource
limits.

3 Algorithm

In thissection,wedescribeouralgorithmfor generatingandrender-
ing theLOD representationsof BTFs. Figure3 shows anoverview
of our algorithm. The methodfor generatingthe LOD represen-
tation consistsof threestages:bandsegmentationof BTF images
with Laplacianpyramids(Section3.1), compressionof Laplacian
BRDFs with PCA (Section3.2), and datapacking(Section3.3).
For renderingtheLOD representationsin real-time,we rely on the
power of modernconsumergraphicshardware(Section3.4).

3.1 Band segmentation of BTF images with Lapla-
cian pyramids

Theinput to our algorithmfor generatingLOD representationsis a
BTF, F(p;wi ;wo). We take BTFsfrom theBTF databaseprovided
by Universityof Bonn1. In this database,for eachmaterial,6,561
imagesaretaken(81 lighting and81 viewing directions)to sample
thevariationsof theappearance.

To reducethecolorcorrelationfor highercompressionrate,we�rst
convert eachBTF image,Fwi ;wo( p), to theYCbCr colorspace.We
thenperformamultiresolutionanalysisfor eachchannelseparately.
For eachcolor channel,we decomposea BTF imageinto multi-
ple subbandsusingLaplacianpyramids[Burt andAdelson1983].
TheresultedLaplacianpyramid representsan imageasa seriesof
bandpass-�lteredimages,eachsampledatsuccessively sparserspa-
tial densities.The scaleof the Laplacianoperatordoublesfrom a
level to theabove level of thepyramid,while thecenterfrequency
of the passbandis reducedby an octave. The Laplacianpyramid
is a versatiledatastructurewith many attractive featuresfor im-
ageprocessing.Oneessentialpropertyof Laplacianpyramidis that
the �rst-order statisticsof the bandpass�ltered imagesarehighly
peaked aroundzero,which meanstheseimagesarelargely decor-
relatedandcanbehighly compressed.Anotherobviousoptionfor
bandsegmentationis the wavelet transform. We choseLaplacian
transformbecauseit requireslesscomputationandis easierto be
implementedon GPU.

1http://btf.cs.uni-bonn.de/



Figure4: Elimination of shadingdiscontinuityusinga parametric
shadingfunction.Ontheleft is theBTF renderingusingthenearest
lighting andviewing directions,which producesa distinct zigzag
pattern.On theright, a parametricshadingmodelis usedto rectify
theresult.

We obtaina Laplacianpyramidfor a BTF imageby repeatedlyap-
plying thefollowing procedure:

Fwi ;wo
k+ 1 ( p) = #p g(p) � Fwi ;wo

k ( p); (2)

Lwi ;wo
k ( p) = Fwi ;wo

k ( p)� " p Fwi ;wo
k+ 1 ( p); (3)

where Fwi ;wo
0 ( p) = Fwi ;wo( p) is the original BTF image and

Fwi ;wo
k ( p) is the result of applying an appropriatelow-pass�lter

g(p) and the downsamplingoperation#p on Fwi ;wo
k+ 1 ( p). The di-

mensionof Fwi ;wo
k ( p) is 1=2k of thedimensionof theoriginalBTF

image. The kth-level BTF Laplaciancoef�cients, Lwi ;wo
k is the

bandpass�ltered imageobtainedby subtractingthelowpass�ltered
Fwi ;wo

k+ 1 from Fwi ;wo
k as shown in Equation(3), where" p donates

the upsamplingoperation.We performthe above procedurel max
times.TheLaplaciancoef�cients Lwi ;wo

0 ( p); � � � ;Lwi ;wo
l max� 1( p) andthe

lowpass�ltered imageFwi ;wo
l max

( p) arekeptto build a(l max+ 1)-level
Laplacianpyramid. In our implementation,we chosea 3� 3 box
�lter for downsamplingandlow-pass�ltering, andusedthenearest
neighborastheupsamplingoperation.

3.2 Compression of Laplacian BRDFs with PCA

We stackall the Laplaciancoef�cients at level k obtainedin the
previous section,Lwi ;wo

k ( p), togetherto form the LaplacianBTF
at level k, Lk, whereLk( p;wi ;wo) = Lwi ;wo

k ( p). EachLaplacian
BTF Lk can be regardedas a set of per-texel LaplacianBRDFs,
Lp

k (wi ;wo). We treat eachLaplacianBRDFs Lp
k as a vector and

performPCA on thesevectorsto �nd then mostdominatingprin-
cipal componentsat level k, ek j , j = 1::n. We call ek j the j-th
LaplacianBRDF principalcomponent(or eigenLaplacianBRDF)
at level k. We canthenapproximateeachLp

k (wi ;wo) usinga linear
combinationof ek j :

Lp
k (wi ;wo) �

 
n

å
j= 1

dk j ( p)ek j (wi ;wo)

!

+ mk(wi ;wo);

wheredk j ( p) storesthe PCA weightsfor a pixel p and mk is the
meanof LaplacianBRDFs.Dueto thepropertyof Laplaciantrans-
form, mk is actuallyequalto a zerovector, sowe canapproximate
thewholeLaplacianBTF at level k as

Lk( p;wi ;wo) �
n

å
j= 1

dk j ( p)ek j (wi ;wo): (4)

Hence,for eachLaplacianBTF, Lk, weonly needto storetheeigen
LaplacianBRDFsek j andthecorrespondingweightsdk j for recon-
struction.

Westoptheconstructionof thepyramidwhenthenumberof Lapla-
cian BRDFs is close to n and PCA is not necessaryany more.
For the top of the Laplacianpyramid, Fl max

, we alsoapproximate
it by PCA. However, Fl max

is a lowpass�ltered imageinsteadof
Laplaciancoef�cients, so its meanvectoris not zeroandhasto be
stored. As suggestedby Ma et al. [2004], we �t the meanvec-
tor ml max

(wi ;wo) of Fl max
by a parametricshadingfunction. It is

because,afterseveralpassesof lowpass�ltering, only thelow fre-
quency appearanceof aBTF, suchasthediffusecomponents,stays
in ml max

(wi ;wo). Hence,it is usuallysuf�cient to �t ml max
(wi ;wo)

with aparametricshadingmodelandonly to storethe�tted shading
parameters.Ideally, a complex BRDF modelcouldbeused.In our
implementation,we usedthePhongshadingmodelbecauseit is a
built-in shadingmodel in GPU andwe found it suf�cient for the
materialswe have experimented.Hence,we approximateFl max

by
m0

l max
:

m0
l max

(wi ;wo) = ka + kd(N � L) + ks(N � H)a ; (5)

whereka is the ambientcontribution, kd is the diffusecoef�cient,
ks anda arethespecularcoef�cients, N = (0;0;1) is thenormal,L
dependson wi andH is a functionof wi andwo. To �nd theshad-
ing parameterska, kd, ks anda , we usedtheLevenberg-Marguardt
algorithmfor theresultednon-linearoptimizationproblem.

Anotherbene�t of usingashadingmodelinsteadof storingtheorig-
inal meanvectorml max

(wi ;wo) is thatwecanavoid theshadingdis-
continuitieswithout usingexpensive interpolationoperations.Be-
causeBTF is only sampledfrom asetof viewing andlighting direc-
tions,to evaluateml max

(wi ;wo) for anarbitrarysetof wi andwo, one
solutionis to interpolatethenearbysamples[Liu et al. 2004;Sat-
tler et al. 2003]by assumingthat ml max

is a piecewise-linearfunc-
tion. However, the interpolationoperationan expensive operation
on GPU. Also, since ml max

is an averageof per-texel BRDFs, it
shouldbebetterapproximatedby shadingmodels.Figure4 shows
thecomparisonsbetweenusingthenearestneighborandtheshad-
ing model.

Notethat theabove approximationis only valid for theY channel.
For theCr andCb channels,we found that their meanvectorsfor
Fl max

arenearlyconstantwith respectto thechangeof lighting and
viewing. Hence,for meanvectorsin Cb(andCr) channels,weonly
approximateit asa constantfunctionwhosevalueis theaverageof
all theCb (or Cr) values,c, thatis,

m0
l max

(wi ;wo) = c: (6)

3.3 Data packing

We assumethattheoriginal BTF is consistedof p� q 24-bit RGB
imagesof sizer � r, wherep andq arethenumberof lighting and
viewing samplingdirections.To ef�ciently rendertheLOD repre-
sentationusingGPU,we have to compactlypackthe LOD repre-
sentationinto several texturemaps.For thatpurpose,we useeight
eigenLaplacianBRDFsfor Y channelandtwo for CbandCr chan-
nelsateverylevel. TheLOD representationcanthenberepresented
astwo texturemapsfor ef�cient BTF renderingon GPUs:

1. EigenLaplacianBRDFmap. EacheigenLaplacianBRDF, as
shown in the top of Figure5, is tabulatedandindexed by a
light-view index Tpc = (Twi ;Two), whereTwi andTwo arethe
sequencenumberscorrespondingrespectively to the lighting
andviewing directionsthatBTF imagesweresampled.This



L0

Y5-8

L0

Cb1-2 ,Cr1-2

L0

Y1-4
L1

Cb1-2, Cr1-2

L1

Y5-8

L1

Y1-4L2L2

x L2

L0
Y1-4

L0
Y5-8

L0
   Cb1-2
   Cr1-2

L1
Y1-4

L1
Y5-8

L1
   Cb1-2
   Cr1-2

L2
Y1-4

L2
Y5-8

L2
   Cb1-2
   Cr1-2

L3
Y1-4

L3
Y5-8

L3
   Cb1-2
   Cr1-2

F4
Y1-4

F4
Y5-8

F4
   Cb1-2
   Cr1-2

Figure5: On the left, eigenLaplacianBRDF map(top) andPCA
weightmap(bottom)areshown. Themapdataisscaledandshifted,
andonly RGB channelsaredisplayed. On the right is the corre-
spondingarrangementsof themaps.Eight eigenvectorsarestored
for Y channel(Y1� 8) andtwo for Cb andCr (Cb1� 2;Cr1� 2).

mapis storedasa 3p� (l max+ 1)q 128-bit RGBA �oating
point texture,andthetotal sizeis 48pq(l max+ 1) bytes.

2. PCAweightmap. We packthePCA weightmapsat different
levels into a single squaretexture, as shown in the bottom
of Figure5. This mapis storedasa 2r � 2r 128-bit RGBA
�oating point texture,andthetotal sizeis 64r2 bytes.

In our experiments,q= p= 81 andr = 64. Hence,the sizeof the
originalBTF datais 80,621,568bytes.Wechoosel max= 4. There-
fore, thesizeof eigenLaplacianBRDF mapandPCA weightmap
is 1;574;640and262;144bytesrespectively.

3.4 Rendering

Thewholerenderingprocedureis executedby GPU.For eachpixel,
we usea pixel shaderprogramto perform the following stepsto
calculateits pixel color.

1. Obtain the surfacetexture coordinateand the light-view in-
dex. For the pixel to be rendered,we �rst obtainits surface
texturecoordinatep astheindex to accessPCA weightmap.
Let wi andwo bethelighting andviewing directionswith re-
spectto thepixel to berendered.First, we have to obtainthe
correspondingsequencenumbersto index the eigenLapla-
cianBRDF map. For thatpurpose,we usethenearestneigh-
bor approach.That is, we �nd the closestlighting(viewing)
direction to wi (wo) at which BTF wassampled,anduseits
correspondingsequencenumberto index theeigenLaplacian
BRDF map. To speedup thenearestneighborsearch,in the
preprocessingstage,wepreparea lookuptableto storethese-
quencenumberof the closestdirectionfor many directions.
Wecanthendeterminethelight-view index Tpc for wi andwo
by simply lookingup this map.

2. DeterminetheLOD parameter. Weusetherange-basedLOD
selectionmethod[Akenine-M̈oller andHaines2002]to obtain
a continuousLOD parameterl between0 and l max. More
speci�cally, l = min(l max;max(log2(d);0)) , whered is the

distancefrom theviewpoint to thesurfacepoint correspond-
ing to thepixel to berendered.

3. Obtain the eigen Laplacian BRDFsand PCA weights. For
eachlevel k, bl c� k� l max, we composetwo n-dimensional
vectors: (a) PCA weight vector Dk, in which Dk[ j ] =
dk j ( p);1 � j � n, and(b) eigenLaplacianBRDF vectorEk,
in which Ek[ j ] = ek j(Tpc);1 � j � n. Thesevectorsarecom-
posedby directly looking up the PCA weight map and the
eigenLaplacianBRDF mapusingp andTpc.

4. Calculatethepixel color. Thepixel color is calculatedas
 

l max

å
k= bl c

wkDT
k Ek

!

+ m0
l max

(wi ;wo); (7)

wherewk = min(max(1� l + k;0);1) is theweightfor thecon-
tribution of level k of l and the vector m0

l max
(wi ;wo) is the

Fl max
meanvectorapproximationdescribedin Equations(5)

and(6). Finally, weconvert theYCbCrpixel colorbackto the
RGBcolorspace.

Themaximallevel, l maxaffectsthenumberof textureaccessin the
renderingstage. The reconstructionof a single level requiressix
textureaccesses.

4 Results

We useda desktopPCwith anIntel Pentium4 3.0GHzCPU,1GB
memoryandan NVIDIA GeForce6800GPU with 128MB video
memoryto demonstrateour system.Vertex andfragmentshaders
were implementedwith the NVIDIA Cg shadinglanguage. The
window size of the renderingsystemis 1024� 768. Under this
presetcon�guration,the�lling rateof 30+framespersecondcould
bereached.However, becausethealgorithmis �ll-limited, therun-
timeperformancevariedwith thenumberof pixelsontheprojected
image.

4.1 LOD

Figure 7 comparesthe imagesgeneratedwith and without LOD
BTF rendering.WithoutLOD rendering,distinctMoirépatternsre-
vealwhentheobjectis renderedatadistance.Theproposedmethod
providescontinuousLODsusinglinearinterpolationsbetweenlev-
els. Our LOD BTF representationsuccessfullycapturesthe pro-
gressive transitionbetweenBTF andBRDF. The performanceof
our renderingsystemvarieswith differentselectedLODs: lessde-
tailed BTF renderingresultsin a fasterframeratebecausefewer
texture accessesare needed. (Notice that GeForce 6 Seriessup-
port dynamicbranching,which allows true loopsandconditionals
in shaderprograms.Weusedconditionalsin thefragmentshaderto
determinewhich level we needto access.)

4.2 Compression

Using the datapackingschemadescribedin Section3.3, the total
sizeof the compresseddatais 1;836;784 bytesandthe compres-
sionrateis 43.9x.Table1 lists themeansquareerrors(MSE)of the
reconstructionsfor differentmaterials.The measurementof error
is thesameassuggestedby Mesethetal. [2004]. Notethatmostof
theshadingvariationsandreconstructionerrorslie in theY chan-
nel. Figure6 shows thereconstructionerrorsin theY channelwith



Material Average Minimum Maximum
error error error

Y 0.0285 0.0161 0.0379
Wool Cb 0.0075 0.0037 0.0128

Cr 0.0089 0.0048 0.0146
Y 0.0359 0.0182 0.0925

Impalla Cb 0.0046 0.0033 0.0083
Cr 0.0040 0.0027 0.0064
Y 0.0137 0.0069 0.0373

Wallpaper Cb 0.0034 0.0025 0.0080
Cr 0.0028 0.0019 0.0079
Y 0.0302 0.0186 0.0404

Proposte Cb 0.0104 0.0063 0.0200
Cr 0.0081 0.0049 0.0133
Y 0.0254 0.0142 0.0354

Corduroy Cb 0.0068 0.0041 0.0085
Cr 0.0043 0.0028 0.0059

Table1: BTF reconstructionerrorsof differentmaterialsin theY,
Cb and Cr channelsusing the datapackingschemadescribedin
Section3.3. This table justi�es why we allocatemore spacefor
theY channelthanCb andCr channels.Noticethateightprincipal
componentswereusedfor theY channelin this table.

respectto the numberof principal componentsused. This �gure
justi�es ourchoiceof usingeighteigenLaplacianBRDFsfor theY
channel.

5 Conclusions and Future Work

We have presenteda methodwhich introducesLaplacianpyramid
into theBTF renderingframework to achieve continuousLOD ren-
dering. We take an arbitrary BTF as the input, build a multires-
olution representationanduseit for shadingreconstructionat the
renderingstage.Theadvantagesof theproposedLOD BTF repre-
sentationinclude:

1. Anti-aliasingrenderingis achieved by our LOD BTF repre-
sentation. Subbandsof the BTF progressively contribute to
therenderingresultaccordingto theviewing distance.

2. At therenderingstage,thereal-timeperformancedependson
which LOD is chosen.If the BTF surfaceis far away from
the viewpoint, fewer BTF levels are requiredto reconstruct
theappearance.Therefore,thenumberof textureaccessesis
reduced.andtheframeratecouldbeincreased.

3. Thecompressionrateof oursubbandcompressionmethodfor
BTFs is comparableto the bestavailableBTF compression
methods.

BTF is aneffective representationfor complex materialsandthere
arenumberof waysto make it morepracticalto beusedin gameor
�lm industry. We would like to proceeda betteranalysison BTF
subbanddata. We also like to studyand implementthe wavelet-
basedBTF representation,and try to integrateit into the wavelet
lighting framework [Ng et al. 2003; Ng et al. 2004]. In addition,
how to synthesizetheBTF on arbitrarysurfacewith our represen-
tation is alsoan challenge.We alsoplan to studyon othertopics
suchas large-scaleBTF acquisitionand synthesis(suchas grass
�eld, sandybeach,forestandsoon) andthe importancesampling
for fasterBTF acquisition.

1 2 3 4 5 6 7 8 9 10 11 12
0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

Number of Principal Components

M
S

E

Impalla 

Proposte 

Corduroy 

Wool 

Wallpaper 

Figure6: Plot of the reconstructionerrorsin the Y channelwith
respectto thenumberof principalcomponents.This plot indicates
that it is suf�cient to useeightprincipalcomponentsfor mostma-
terialswe have tested.
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Figure8: Renderingresultof differentmaterialsundervariouslighting conditions. From top to bottom: impalla, wallpaper, proposteand
corduroy. (Modelscourtesyof NVIDIA Corp.)


