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Abstract.  Realistic modelingand high-performanceenderingof cloth and
clothing is a challengingproblem. Often thesematerialsare seenat distances
whereindividual stitchesandknits can be madeout and needto be accounted
for. Modelingof thegeometryat thislevel of detailfails dueto sheercomplexity,
while simpletexture mappingtechniquesio not producethe desiredquality.

In this paper we describean efficient andrealisticapproachthat takesinto ac-
countview-dependeneffectssuchassmalldisplacementsausingocclusionand
shadws, aswell asillumination effects. Themethods efficientin termsof mem-
ory consumptionandusesa combinationof hardwareandsoftwarerenderingto
achieve high performancelt is concevablethatfuturegraphicshardwarewill be
flexible enoughfor full hardwarerenderingof the proposednethod.

1 Intr oduction

One of the challengesof modelingand
rendering realistic cloth or clothing is

that individual stitchesor knits can of-

tenberesohedfrom normalviewing dis-

tances. Especially with coarsely wo-

ven or knitted fabric, the surfacecannot
be assumedo be flat, since occlusion
and self-shadwing effects becomesig-

nificantat grazingangles.This rulesout

simpletexture mappingschemesaswell

as bump mapping. Similarly, model-
ing all the geometricdetailis prohibitive

both in terms of the memory require-
mentsandrenderingtime. On the other
hand,it is probablypossibleto compose )
a complex fabric surfacefrom copiesof Fig. 1. Woolensweaterenderedusingour ap-
individual weaving or knitting patterns Proachiknitandperiloops).

unlessthe viewer gets close enoughto

thefabricto noticethe periodicity. Thisleadsto approacheske virtual ray-tracing[5],

which aremorefeasiblein termsof memoryconsumptionput still resultin long ren-
deringtimes.

In this papemwe presenta fastandmemory-eficient methodfor modelingandren-
deringfabricsthatis basedon replicatingweaving or knitting patterns.While theren-
deringpartcurrentlymakesuseof a combinationof hardwareandsoftwarerendering,
it is concevablethatfuturegraphicshardwarewill beflexible enoughfor full hardware
rendering.

Our methodassumesve have one or a small numberof stitch types, which are
repeateaverthegarment.Usingageometrionodelof asinglestitch,we first compute
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the lighting (including indirect lighting and shadavs) usingthe methodsdescribedn
[3]. By samplingthe stitchregularly within a planewe thengenerate view dependent
texturewith perpixel normalsandmaterialproperties.

Beforewe coverthedetailsof this representatiom Section3, we will briefly sum-
marizerelatedwork in Section2. We thendescribeacquisitionandfitting of datafrom
modeledmicro-geometryn Sectiongd, and5. After discussingherenderingalgorithm
in Section6 we finally presenbur resultsin Section?.

2 RelatedWork

In orderto efficiently rendermreplicatingpatternssuchascloth without explicitly repre-
sentingthe geometryat the finestlevel, we can choosebetweenseveral differentrep-
resentationsThe first possibility is to composeglobal patternsof partswith precom-
putedillumination, suchaslight fields [13] and Lumigraphg[6]. However, theseap-
proachesssumédixedillumination conditions andexpandingthemto arbitraryillumi-
nationyieldsan8-dimensionafunction(which hasbeencalledthereflectancdield [4])
thatis too largeto storefor practicalpurposes.

Anotherpossibility is to modelthe patternsasvolumes[7, 14] or simplegeome-
try (for example,heightfields) with a spatiallyvarying BRDF. Hardware accelerated
methodsfor renderingshadeving andindirectillumination in heightfields have been
proposedecently[8, 16], aswell ashardwarealgorithmsfor renderingarbitrary uni-
form [9, 10] and space-ariantmaterials[11]. However, the combinationof space-
variantmaterialswith bump- or displacementmapsis well beyond the capabilitiesof
currentgraphicshardware. Thiswould requireanexcessve numberof renderingpasses
whichis neitherpracticalin termsof performancenorin termsof numericalprecision.

For high-performanceenderingwe thereforeneedto comeup with moreefficient
representationthatallow usto simulateview-dependengeometriceffects(shadaving
andocclusion)aswell asillumination effects(specularityandinterreflectionfor space-
variantmaterialsin away thatis efficientbothin termsof memoryandrenderingiime.

In work parallelto ours,Xu etal. [18] developedthelumislice whichis arendering
methodfor textiles thatis moretailoredfor high-quality, off-line rendering,whereas
ourmethodusesmoreprecomputatiorio achieve nearinteractve performanceln fact,
thelumislice couldbe usedasaway to precomputehe datastructuresve use.

Themethodwe proposds mostcloselyrelatedto bidirectionaltexturefunctions|2]
andvirtual ray-tracing[5]. As we will discussbelow, our representatiofs, however,
more compactandis easyto filter for correctanti-aliasing. Our approachs alsore-
latedto imagebasedrenderingwith controllableillumination, asdescribedy Wonget
al. [17]. Again, our representatiofis more compact,easierto filter andlendsitself to
partial useof graphicshardware. Futurehardwareis likely to have enoughflexibility
to eliminatethe remainingsoftware steps,making the methodsuitablefor interactve
applications.

3 Data Representation

Ourrepresentationf cloth detailis basedn the compositionof repeatingpatterngin-
dividualweavesor knits) for which efficientdatastructuresareused.In orderto capture
thevariationof theoptical propertiesacrosghe material, we employ aspatiallyvarying
BRDF representationThe two spatialdimensionsare point samplednto a 2D array
For eachentry we storedifferentparameterdor a Lafortunereflectionmodel[12], a



lookuptable,aswell asthe normalandtangent.
An entry’s BRDF f,.(I, ¥) for thelight direction! andthe viewing direction ¢ is

givenby thefollowing equation:
Fr(L0) = T(@) - fil,0), &
wherefi (I, ) denoteghe Lafortunemodeland (%) is thelookuptablé?.
The Lafortunemodelitself consistf a diffusepart p anda sumof lobes:
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Eachlobe’sshapeandsizeis definedby its four parameters’,,, C,, C, andN. Sincef;
is wavelengthdependentywe representvery parameteasa three-dimensionalector
onedimensiormpercolor channel Beforeevaluatingthelobewe transformthelight and
viewing directioninto thelocalcoordinatesystengivenbythesampling:)oint’sa/erage

normalandtangentyielding I and#. In orderto accountfor areaforeshorteningve
multiply by [’..

TheIookuptabIeT(ﬁ) storescolorandalphavaluesfor eachof theoriginal viewing
directions.It thereforecloselyresembleshe directionalpartof alight field. Valuesfor
directionsnot storedin thelookuptableareobtainedoy interpolation.Althoughgeneral
view-dependenteflectionbehaior including highlights etc., could be describedby a
simpleLafortuneBRDF, weintroducethelookuptableto take morecomple< properties
like shadaving and masking(occlusion)into accountthat are causedby the complex
geometryof the underlyingcloth model.

Like in redistritution bump mapping[1], this approachaimsat simulatingthe oc-
clusioneffectsthatoccurin bump mapsat grazingangles.In contrastto redistritution
bump mapping,however, we only needto storea singlecolor valueperviewing direc-
tion, ratherthana completenormaldistribution. Figure5 demonstratethe effect of the
modulatiorwith thelookuptable. Thesamedata,acquiredrom thestitchmodelshovn
in the middle, was usedto fit a BRDF modelwithout a lookup table, only consisting
of several cosinelobes(displayedon the left cloth in Figure5) anda modelwith an
additionallookup table (cf. Figure5 ontheright). Both imageswererenderedusing
the samesettingsfor light andviewing direction. Generally without a lookup table,
the BRDF tendsto blur over the singleknits. Also the BRDF without thelookuptable
clearlyis not ableto capturethe color shiftsto red at grazingangles which arenicely
visible on theright cloth.

The alphavaluestoredin the lookup tableis usedto evaluatethe transpareng It
is not consideredn the multiplication with f;, but usedasdescribedn Section6 to
determindf thereis aholein themodelata certainpointfor a givenviewing direction.
Thealphavaluesareinterpolatedsimilarly to the color values.

4 Data Acquisition

After discussinghe datastructurewe usefor representinghe detail of the fabrics,we
now describehow to obtainthe necessargatafrom a given3D model.

2Both T'(%) and f; aredefinedfor eachcolor channelso- denoteghe component-wisenultiplication of
thecolor channels.
STheoperatora N is definedto returnzeroif a < 0.



We modelthe basegeometryof our knits and weavesusingimplicit surfacesthe
skeletonsof which are simple Béziercurves. By applyingthe Marching Cubesalgo-
rithm we generatdrianglemesheswhich aretheinput for our acquisitionalgorithm.

Now we canobtaintherequireddata.As mentionedn Section3, the spatialvaria-
tions of the fabric patternarestoredasa 2D arrayof BRDF models. Apart from radi-

ancesamples:(, 7) for all combinationsof viewing andlight directions we alsoneed
an averagenormal,an averagetangent,andan alphavaluefor eachviewing direction
for eachof theseentries.

We usean extensionof Heidrich et al’s algorithm ([8]) to triangle mesheg]3]),
which allows usto computethe directandindirectillumination of atrianglemeshfor a
givenviewing andlight directionpervertex in hardware (for detailssee[3]). In order
to accountfor maskingandpartsof therepeatedjeometrybeingvisible throughholes,
we pastetogethemultiple copiesof thegeometry

Now we need to
collecttheradiancedata
for eachsamplingpoint.
We obtainthe 2D sam-
pling locationshy first

defininga setof evenly
spacedsamplingpoints Fig. 2. Computingthe samplinglocationsfor the radiancevalues.
on the top face of the Left: top view, middle: projection,right: resultingsamplingloca-

model’s boundingbox tions,discardingsamplesat holes.

as can be seenon the
left in Figure 2. Thenwe projectthesepoints accordingto the currentviewing di-
rection(seeFigure2 in the middle) andcollectthe radiancesampledrom the surface
visible throughthese2D projections(seeFigure2 right), similarly to obtaininga light
field.
Notethat,dueto parallaxeffects,for eachentrywe combineradiancesamplegrom
a numberof different points on the actualgeometry Like in [17], we will usethis
informationfrom differentsurfacepointsto fit aBRDF for thegivensamplinglocation.
As the stitch geometrycan have

for each 7 { holes, there might be no surfacevis-
Conput eSanpl i ngPoi nt s() ; ible at a samplingpoint for a certain
Repeat Scene(vertex col or=normal's); viewing direction. We store this in-

St oreNormal s();
St or eAl pha();

for each f{

formation as a booleantranspareng
in the alphachannelfor that sample.

Conput eLi ghting(); Multiple Ieve_Is of transparen;cvalges
Repeat Scene(vertex col or=lighting); can be obtainedby supersampling,
St or eRadi ance() ; i.e. consideringthe neighboringpix-
) } els.
Aver ageNor mal s() : In orderto computethe normals,

we display the sceneonce for each
Fig. 3. Pseudaodefor theacquisitionprocedure. viewing direction with the normals

codedascolorvalues.An averagenor-
mal is computedby addingthe normalsseparatelyfor eachsamplingpoint and aver
agingthemat the end. We canconstructa tangentfrom the normalandthe bi-normal,
whichin turn we defineasthe vectorperpendiculato boththe normalandthe z-axis.
Figure3 shavs how the stepsareputtogetherin the acquisitionalgorithm.



5 Fitting Process

Oncewe have acquiredall the necessarylata,we useit to find an optimal setof pa-
rameterdor the Lafortunemodelfor eachentryin the array of BRDFs. This fitting
procedurecanbe divided into two major stepswhich areappliedalternately At first,
the parametersf the lobesarefit. Then,in the secondstep,the entriesof the lookup
tableareupdated Now thelobesarefit againandsoon.

Givena setof all radiancesamplesandthe correspondingiewing andlight direc-
tions acquiredfor one samplingpoint, the fitting of the parameterof the Lafortune
model f; requiresa non-linearoptimizationmethod. As proposedn [12], we applied
the Levenbeg-Marquard algorithm[15] for thistask.

The optimizationis initiatedwith anaveragegray BRDF with a moderatespecular
highlight andslightly anisotropiclobes,e.g. C, = 1.22 = C,, for thefirstandC, =
1.22 x C,, for thesecondobeif two lobesarefit. For thefirst fitting of the BRDF the
lookuptableT (¥) isignored,i.e. all its entriesaresetto white.

After fitting thelobeparametersye needto adapthesamplingpoint’slookuptable
T (v). Eachentry of thetableis fit separately This time only thoseradiancesamples
of the samplingpoint that correspondo the viewing directionof the currententry are
consideredTheoptimalcolor for oneentryminimizesthefollowing setof equations:

N N N T N N N T
(T(llaﬁ)ar(l%g)a'"7T(ZR717)> :T(ﬁ) (f|(llag)7ﬁ(127ﬁ)7"'7.f|(lR7’U)) (3)

wherer(ly, #),...,r(lz,¥) arethe radiancesamplesof the samplingpoint with the
commonviewing direction andthedistinctlight directionsly, ..., lg. Thecurrently

estimatedobesare evaluatedfor every light directionyielding ﬁ([{, ¥). Treatingthe
color channelsseparatelyEquation3 canbe rewritten by replacingthe columnvector

onits left sideby (#), thevectoronits right sideby f(#), yielding#(#) = T'(7) - f(7).
Theleastsquaresolutionto this equationis givenby

v)|Ir\v
7(5) = L) @
(f(O)]f(@))
where(-|-) denoteghedotproduct.This is doneseparateljor every color channeknd
easilyextendsto additionalspectrakcomponents.

To further improve the result we alternatelyrepeatthe stepsof fitting the lobes
andfitting the lookup table. The iteration stopsas soonasthe averagedifferenceof
the previouslookup table’s entriesto the new lookuptable’s entriesis below a certain
threshold.

In additionto the color, eachentryin the lookuptablealsocontainsanalphavalue
indicating the opacity of the samplepoint. This valueis fixed for every viewing di-
rectionandis not affectedby the fitting process.Insteadit is determinedhroughray-
castingduringthe dataacquisitionphase.

Currently we alsoderive thenormalandtangentateachsamplepointdirectly from
thegeometrianodel. However, theresultof thefitting procescouldprobablybefurther
improvedby alsocomputinga new normalandtangento bestfit theinput data.

5.1 Mip-Map Fitting

The samefitting we have donefor every single samplepoint canalso be performed
for groupsof samplepoints. Let a samplepoint be a texel in atexture. Collectingall



radiancesampledor four neighboringsamplepoints,averagingthe normals fitting the
lobesandthe entriesof thelookuptablethenyieldsthe BRDF correspondingo atexel
onthenext highermip-maplevel.

By groupingeven more samplepoints, further mip-maplevels can be generated.
The overall effort perlevel staysthe samesincethe samenumberof radiancesamples
areinvolvedateachlevel.

6 Rendering

After the fitting processhasbeencompletedfor all samplingpoints we are readyto
applyourrepresentationf fabric patterngo a geometriomodel. We assumehe given
modelhaspervertex normalsandvalid texture coordinatess [0..t y]%, wheret y is the
numberof timesthe patternis to berepeatedcrosshewhole cloth geometry Further
more,we assumehe fabric patternsarestoredin a 2D array the dimensionsof which
correspondo thepatterns spatialresolution(res;, res,). Our renderingalgorithmthen
consistof four steps:

1. Interpolateperpixel normals

2. Computeindicesinto the patternarray yieldinga BRDF f,.

3. Evaluatef, with light andview mappednto geometryslocal coordinatesystem
4. Write resultto framehuffer

Thegoalof Stepl is to estimateanormalfor eachvisible pointontheobject. We do
this by color codingthe normalsat the verticesandrenderingthe sceneusingGouraud
shading.Eachframehuffer valuewith analphavalue# 0 now codesa normal.

The next stepis to find out which BRDF we needto evaluatein orderto obtainthe
color for eachpixel. In orderto do this we first generatea texture with the resolution
(res;, res,) in which theredandgreenchannelf eachpixel encodéts position. Note
thatthis texture hasto be generatednly onceandcanbe reusedfor otherviews and
light directions. Using hardware texture mappingwith the abose mentionedtexture
coordinatesthetextureis replicated: iy timesacrosghe object. Now theredandgreen
channelof eachpixel in the frameluffer holdsthe correctindicesinto the 2D array of
BRDFsfor this specificfabricpattern.

Oncewe know which BRDF to evaluate,we mapthe light andviewing direction
into the geometrys local coordinatesystem,usingthe normalsobtainedin Stepl and
atangentconstructecasdescribedn Section4. Note thattwo mappingsneedto take
place: this one, which mapsthe world view and light to the cloth geometrys local
coordinatesystem(yielding ['and 7)), andanotherwhen evaluatingthe BRDF, which
transformshesevaluesto the patterns local coordinatesystem(yielding ’, 7).

The softwareevaluationof theBRDF model(seeSection3) returnsthreecolorsand
analphavaluefrom thelookuptable,which we thenwrite to the framehuffer.

The presentedenderingtechniqueutilizes hardware asfar as possible. However,
the BRDF modelis still evaluatedin software, althoughmappingthis onto hardware
shouldbefeasiblewith the next generatiorof graphicscards.

6.1 Mip-Mapping

As describedn Section5.1, we cangenerateseveral mip-maplevels of BRDFs. We
will now explain how to enhancehe above algorithmto correctly usedifferentmip-
maplevels,therebyexploiting OpenGLmip-mapping.



Firstwe modify Step2 andnow generatenetexture per mip-maplevel. Eachtex-
ture’s resolutioncorresponds$o the BRDF's spatialresolutionat this level. As before,
theredandgreenchannekodethepixel’'slocationin thetexture. Additionally, we now
useeachpixel's blue channelto codethe mip-maplevel of the correspondindexture.
For example,if we have 6 levels,all pixel’'s bluevaluesare0 in texture0, 0.2 in texture
1,0.4 in texture2 andsoon.

If we setup OpenGL mip-mappingwith thesetexturesspecifiedfor the correct
levels,thebluechannebf eachpixel will tell uswhichtextureto use while theredand
greenchannekitill codetheindicesinto thearrayof BRDFsat this level.

Blendingbetweertwo mip-maplevelsis alsopossible As we do not wantto blend
thetexture coordinatesn thered andgreenchannelshowever, we needtwo passeso
do so. Thefirst passis the sameasbefore. However, in the secondpasswe setupthe
mip-maptechniqueto linearly interpolatebetweentwo levels. We avoid overwriting
the valuesin the red andgreenchanneldy usinga color mask. Now the value of the
blue channelv, codesbetweenwhich levelsto blend(in the above examplebetween
levelsimin = [v5/0.2] andlmax = [v5/0.2]) andalsotells usthe blendingfactor(here
(Q)b — lmin . 02)/02)

7 Resultsand Applications

We implementedour algorithmson a PC with an AMD Athlon 1GHz processomland
a GefForce2 GTS graphicscard. To generatghe imagesin this paperwe appliedthe
acquiredfabric patternsto cloth modelswe modeledwith the 3D Studio Max plug-
ins GarmentMaker and Stitch. Our geometricmodelsfor the knit or weave patterns
consistof 1300-23000verticesand 2400—-31000riangles. The computationtimes of
the acquisitionprocessdependon the numberof triangles,as well asthe sampling
densityfor the viewing and light directions,but generallyvary from 15 minutesto
about45 minutes. We typically used32x 32 or 64x 64 viewing and light directions,
uniformly distributedoverthe hemispheregeneratingip to 4096radiancesampleger
samplingpoint on thelowestlevel. We found a spatialresolutionof 32x 32 sampledo
besuficientfor our detailgeometrywhichresultsin 6 mip-maplevelsand1365BRDF
entries. The parametefitting of a BRDF arrayof this sizetakesabout2.5 hours. In
ourimplementatioreachBRDF in the array(includingall the mip-maplevels) hasthe
samenumberof lobes. We found out thatgenerallyone or two lobesare sufficient to
yield visually pleasingresults.Thethresholdmentionedn Section5 wassetto 0.1and
we notedthatconvergencewvasusuallyachievedafter 2 iterations.Onceall parameters
have beenfit we needonly 4 MB to storethe completedatastructurefor onetype of
fabric,includingall mip-maplevelsandthelookuptableswith 64 entriesperpoint.

Therenderingiimese.g. for Figure1 areaboutl framepersecondor aresolution
of 730 x 400 pixels. The bulk of this time is spenton readingbackthe framehuffer
contentsin orderto evaluatethe BRDF for every pixel. We thereforeexpectthatwith
the adwentof moreflexible hardware,which will allow usto implementthe rendering
partof this papemwithoutsuchasoftwarecomponenttheproposednethodwill become
feasiblefor interactive applications.

The dressin Figure 4(a) displaysa fabric patterncomputedwith our method. In
Figure4(b) we comparethe resultsof a mip-mappedBRDF to a singlelevel one. As
expectedthe mip-mappingnicely getsrid of the severealiasingclearly visible in the
not mip-mappedeft half of thetable. Figure5 illustrateshow even complex BRDFs
with color shiftscanbe capturedusingour model.Figurel andFigure6 show different
fabricpatterngdisplayedon the samecloth geometry



8 Conclusions

In this paperwe have presentech memory-eficient representatiorfior modelingand
renderingabricsthatis basednreplicatingindividualweaving or knitting patterns We
have demonstratethow our representatioganbe generatedy fitting samplesrom a
globalillumination simulationto it. In asimilarfashionit shouldbe possibleto acquire
a fitted representatiofrom measuredmagedata. Our modelis capableof capturing
color variationsdueto self-shadwing and self-occlusionaswell astranspareng In
addition,it naturallylendsitself to mip-mappingtherebysolvingthefiltering problem.

Furthermorewe presentedan efficient renderingalgorithmwhich can be usedto
applyour modelto arny geometryachiezing nearinteractve framerateswith a combi-
nationof hardwareandsoftwarerendering.With theincreasindglexibility of upcoming
generation®f graphicsboardswe expectto be ableto implementthe renderingalgo-
rithm completelyin hardware soon. This would make the approactsuitablefor fully
interactive andevenrealtime applications.
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(@) (b)

Fig. 4. (a) A dressrenderedvith BRDFsconsistingof only onelobe. (b) Left: Aliasing artifacts
areclearlyvisible if nomip-mappings used.Right: usingseveral mip-mappindayers.

S

Fig. 5. Thefabric patterndisplayedon the models(left andright) werebothcomputedrom the
micro geometryin themiddle. In contrasto theright BRDF model,theleft onedoesnotinclude
alookuptable.Clearlythis BRDF is not ableto capturethe color shift to redfor grazingangles,
nicely displayedon theright.

Fig. 6. Differentfabric patternonthesamemodel. Left: plainknit, middle: loopswith different
colors,right: perlloops.



