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Abstract.  Realistic modeling and high-performane renderingof cloth and
clothing is a challendng problem. Often thesematerialsare seenat distances
whereindividual stitchesand knits can be madeout and needto be accounted
for. Modeling of thegeometryatthis level of detailfails dueto sheercompleity,
while simpletexture mappingtechniqueslo not producethe desiredquality.

In this paper we describean efficient andrealisticapproab that takesinto ac-
countview-dependenteffectssuchassmall displacemets causingocclusionand
shadwvs, aswell asillumination effects. Themethodis efficientin termsof mem-
ory consumpion, andusesa combindion of hardwareandsoftwarerenderingto
achieve high performarce. It is concevablethatfuture graphicshardwarewill be
flexible enoughfor full hardwarerenderingof the propcsedmethod.

1 Intr oduction

One of the challergesof mockling and
rencering realistic cloth or clothing is

that individual stitchesor knits can of-

tenberesohed from normalviewing dis-
tances. Especially with coarselywo-
ven or knitted fabiic, the surfacecannot
be assumedo be flat, since occlusion
and self-shadwing effects becomesig-
nificantat grazirg angles.This rulesout
simpletexture mappng schemeaswell

as bump mapping Similarly, mocel-

ing all the geametricdetailis prohibitive
both in terms of the memory require-
mentsandrendeing time. On the other
hand it is prabably possibleto commse .
a compex fabric surfacefrom copiesof Fig. 1. Woolensweaterrenderedusing our ap-
individual weaving or knitting patterrs  Proach(knit andperiloops).

unlessthe viewer gets close enoudp to

thefabricto noticethe periddicity. Thisleadsto apprachedik e virtual ray-tracing[5],

which aremorefeasiblein termsof memoy consumfgion, but still resultin long ren-
derirg times.

In this papemwe present fastandmemoy-efficient methodfor modeling andren-
derirg fabricsthatis basedon replicatingweaving or knitting patterns.While theren-
derirg partcurrerily makesuseof a combirationof hardvareandsoftwarerencering,
it is con@ivablethatfuture graphicshardvarewill beflexible enowghfor full hardvare
rencering.

Our metha assumesve have one or a small nunber of stitch types, which are
repeateaver thegarment. Usingageometic modelof asinglestitch,we first compute
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the lighting (including indirect lighting and shadevs) usingthe methals describedn
[3]. By samplingthestitchreguarly within a planewe thengeneateaview depenént
texture with perpixel nomalsandmaterialproperties.

Beforewe cover the detailsof this representatioin Section3, we will briefly sum-
marizerelatedwork in Section2. We thendescrile acqusition andfitting of datafrom
mockledmicro-geomety in Sectionst, and5. After discussingherenceringalgoithm
in Section6 we finally presehourresultsin Section?.

2 RelatedWork

In orderto efficiently rencer replicatingpatterrs suchascloth without explicitly repre-
sentingthe geonetry at the finestlevel, we canchoosebetweenseveral differert rep-
resentation. Thefirst possibility is to compseglobal patternsof partswith precan-
putedillumination, suchaslight fields [13] andLumigraphs[6]. However, theseap-
proachesassumdixedillumination conditions,andexparding themto arbitrasy illumi-
nationyieldsan8-dimensionafunction(which hasbeencalledthereflectacefield[4])
thatis toolargeto storefor practicalpurposes.

Anotherpossibility is to mocel the patterrs asvolumes [7, 14] or simple geone-
try (for examge, heigh fields) with a spatiallyvarying BRDF. Hardware accelerated
methals for rendering shadeving andindirectillumination in heigh fields have been
proposedrecently[8, 16], aswell ashardwarealgorithms for rendering arbitraryuni-
form [9, 10] and space-gariant materials[11]. However, the combindion of space-
variart materialswith bump- or displacemenmapsis well beyond the capabilitiesof
currentgraphicshardvare. Thiswouldrequie anexcessve numbe of renceringpasses
whichis neitherpracticalin termsof perfamancenorin termsof numeical precision

For highperfomancerendering we therefae needto comeup with moreefficient
representationghatallow usto simulateview-dependengeometriceffects(shadeving
andocclusion)aswell asillumination effects (spectlarity andinterrefletion) for space-
variart materialsn away thatis efficientbothin termsof memoryandrendeing time.

In work pardlel to ours,Xu etal. [18] develgpedthelumislice whichis arendering
methal for textiles thatis more tailoredfor high-quality, off-line rendeing, wherea
ourmethodusesmore precanputationto achieve nearinteractive performane. In fact,
thelumislice couldbe usedasa way to preomputethe datastructueswe use.

Themethodwe proposeis mostcloselyrelatedto bidirectioral texture functiors[2]
andvirtual ray-tracing[5]. As we will discussbelow, our representatiois, however,
more conmpactandis easyto filter for correctanti-aliasing Our appoachis alsore-
latedto imagebasedenceringwith contollableillumination, asdescribedy Wonget
al. [17]. Again, ourrepresentigon is morecompat, easierto filter andlendsitself to
partial useof graghics hardvare. Futurehardvareis likely to have enowgh flexibility
to eliminatethe remainirg software steps,making the methodsuitablefor interadive
applications.

3 Data Represenation

Ourrepresetationof cloth detailis basednthe compsitionof repeding patterrs (in-
dividualweavesor knits) for which efficientdatastructuesareused.In orderto capture
thevariatian of theopticalpropertiesacrassthe material we emplg aspatiallyvarying
BRDF representatio. The two spatialdimensims are point samplednto a 2D array
For eachentry we storedifferent parametes for a Lafortunereflectionmodel[12], a



lookuptable,aswell asthenormal andtangent.

An entry's BRDF fT(l_: ¥) for the light directian [ andthe viewing direction? is
given by thefollowing equation

(7)) =T@ - A7), 1)

wheref (i, ) denoteghe Lafortunemodé and7'(#) is thelookup table?.
TheLafortune modelitself consistsof a diffusepartp anda sumof lobes®:
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Eachlobe’'s shapeandsizeis definedvy its four parametesC',, Cy, C,, andN. Sincef
is wavelengthdepeneént, we represenevery paraméer asa three-dinensionalvector
onedimersionpercolorchanrel. Beforeevaluatirg thelobewe transfam thelight and
viewing directim into thelocal coordnatesystengivenby thesamplingpoint'saverage

nomal andtangem, yielding I and#. In orderto accout for areaforeshortenig we
multiply by .

ThelookuptableT (%) storescolorandalphavaluesfor eachof theoriginal viewing
directims. It therebre closelyresembesthedirectioral partof alight field. Valuesfor
directimsnotstoredn thelookuptableareobtainedoy interpdation. Althoughgeneral
view-dependat reflectionbehavior including highlights etc., could be descrited by a
simpleLafortuneBRDF, weintroducethelookup tableto take more compgex properties
like shadaving and masking(occlusior) into account that are causedby the complex
geonetry of theundeltying cloth mockl.

Like in redistritution bump mapping[1], this appoachaimsat simulatingthe oc-
clusioneffectsthatoccurin bumpmapsat grazirg angles.In contrasto redistritution
bumpmappirg, however, we only needto storea singlecolor valueperviewing direc-
tion, ratherthana completenormal distribution. Figure5 demamstrategheeffectof the
modulationwith thelookuptable. Thesamedata,acquredfrom thestitchmodelshavn
in the middle, wasusedto fit a BRDF mockel without a lookuptable,only consisting
of several cosinelobes(displayed on the left cloth in Figure5) anda modelwith an
additinal lookup table (cf. Figure5 ontheright). Both imageswererendeed using
the samesettingsfor light andviewing direction Generally without a lookup table,
the BRDF tendsto blur over the singleknits. Also the BRDF withoutthelookuptable
clearlyis not ableto capturethe color shiftsto red at grazingangles, which arenicely
visible ontheright cloth.

The alphavaluestoredin the lookup tableis usedto evaluatethe transparecy. It
is not consideed in the multiplication with £, but usedasdescribedn Section6 to
deternineif thereis aholein themodelata certainpointfor a given viewing direction.
Thealphavaluesareinterpdatedsimilarly to the color values.

4 Data Acquisition

After discussinghe datastructurewe usefor represeting the detail of thefabrics,we
now describenow to obtainthenecessargatafrom a given 3D mocel.
2Both T'(%) and f; aredefinedfor ead color chamel, so- denoesthe componetrwise multiplication of

the color channés.
STheoperdor ¥ is definedto retun zemif a < 0.




We modelthe basegeonetry of our knits andweavesusingimplicit surfaces, the
skeletonsof which aresimple Béziercurves. By applyirg the Marching Cubesalgo-
rithm we geneatetrianglemesheswhich aretheinput for our acqusition algoithm.

Now we canobtaintherequred data.As mentioredin Section3, the spatialvaria-
tions of the fabric patternarestoredasa 2D arrayof BRDF mockls. Apart from radi-

ancesamples ([: ) for all combinaions of viewing andlight directiors, we alsoneed
anaveragenomal, an averagetangent,andan alphavaluefor eachviewing directin
for eachof theseentries.

We usean extensionof Heidrich et al’'s algorithm ([8]) to triangle meshed[3]),
which allows usto compue thedirectandindired illumination of atrianglemeshfor a
given viewing andlight direction pervertex in hardware (for detailssee[3]). In order
to accountfor maskingandpartsof therepeatedjeanetrybeingvisible through holes,
we pastetogetler multiple copiesof thegeoméry.

Now we need to
collecttheradianedata
for eachsamplingpoint.

We obtainthe 2D sam-
pling locationsby first

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

mockl’s bounding box tions,discardingsamplesat holes.

as can be seenon the
left in Figure2. Thenwe projectthesepoints accordimg to the current viewing di-
rection(seeFigure2 in the middle) andcollectthe radiarce samplesrom the surface
visible throudh these2D projectins (seeFigure2 right), similarly to obtairing a light
field.
Notethat,dueto pardlax effects,for eachentrywe comline radiarce samplegrom
a nunber of differert pointson the actualgeanetry. Like in [17], we will usethis
informationfrom differentsurfacepointsto fit a BRDF for the givensamplingocation.
As the stitch geonetry can have

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

St or eNor mal s() ;
St or eAl pha();

for each 4{

formaion as a bodean transpagng/
in the alphachanrel for that sample.

Conput eLi ghting() ; Multiple levels of transareny values

Repeat Scene(vertex col or=lighting); can be obtaired by supersanpling,

} St or eRadi ance() ; i.e. corsideringthe neighloring pix-
els.

}

Aver ageNor mal s() : In orderto comptue the normals,

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

codedascolorvalues.An averag nor-
mal is computed by addirg the normals separatelyfor eachsamplingpoint and aver-
agingthemat the end. We cancorstructa tangentfrom the norma andthe bi-normal,
whichin turnwe defineasthe vecta perpewlicularto boththe normal andthe -axis.
Figure3 shavs how the stepsareputtogethelin theacquisitionalgorithm.



5 Fitting Process

Oncewe have acquire all the necessarylata,we useit to find an optimal setof pa-
rametes for the Lafortune mockl for eachentryin the array of BRDFs. This fitting
procedurecanbe divided into two major stepswhich areappliedalternaely. At first,
the paraméersof the lobesarefit. Then in the secondstep,the entriesof the lookup
tableareupdded. Now thelobesarefit againandsoon.

Givena setof all radiarce samplesandthe corresppndingviewing andlight direc-
tions acquirel for one samplingpoint, the fitting of the parametes of the Lafortune
mockl fi requresa noniinearoptimization metha. As proposedin [12], we applied
the Leverberg-Marqguardtalgorithm [15] for this task.

The optimizationis initiatedwith anaveragegray BRDF with a modeatespecular
highlight andslightly anisotrojic lobes,e.g. C, = C, for thefirstandCy =

C, for thesecondobeif two lobesarefit. For thefirst fitting of the BRDF the
lookup tableT'(%) is ignored,i.e. all its entriesaresetto white.

After fitting thelobe paraneterswe needo adap thesamplingpoint’s lookup table
T (¥). Eachentry of thetableis fit separately This time only thoseradiarce samples
of the samplingpoint that correspondto the viewing directionof the current entryare
consideed. Theoptimd colorfor oneentryminimizesthefollowing setof equations:

T.,», ¢,9, ,T,5 =T@ HT,,/0,D, LT ,D @O

where (I',7), , (I ,7) aretheradiane samplesof the samplingpoint with the
comnon viewing direction? andthedistinctlight directins ! , ,I . Thecurrenly

estimatedobesare evaluatedfor every light directionyielding f |(l_{, 7). Treatingthe
color channés separatelyEquation3 canbe rewritten by replacingthe column vector

onits left sideby (%), thevectoronits right sideby f(#), yielding (&) = T(%) - f(7).
Theleastsquaessolutionto this equaion is given by

7(@) = L1019 @
f(@) 1(9)
where - - dendesthedotprodict. Thisis dore separatelyor every color chanmel and
easilyextends to additinal spectraconponerts.

To further improve the result we alternatelyrepeatthe stepsof fitting the lobes
andfitting the lookup table. The iteration stopsas soonasthe averagedifferenceof
the previouslookuptables entriesto the new lookup tables entriesis below a certain
threshdd.

In addition to the color, eachentryin thelookup tablealsocontainsanalphavalue
indicatirg the opacity of the samplepoint. This valueis fixed for every viewing di-
rectionandis not affectedby thefitting process.Insteadit is deteminedthrowgh ray-
castingduiing the dataacqusition phase.

Currently we alsoderive thenormad andtangent at eachsamplepoirt directly from
thegeometic model.However, theresultof thefitting processouldprobalty befurther
improvedby alsocomputing a nev normal andtangem to bestfit theinputdata.

5.1 Mip-Map Fitting

The samefitting we have donefor every single samplepoint canalso be perfamed
for groups of samplepoints. Let a samplepoint be atexel in a texture. Collectingall



radiarce sampledor four neighhoringsamplepoints,averagirg the nomals, fitting the
lobesandthe entriesof thelookup tablethenyieldsthe BRDF correspndingto atexel
onthenext highermip-map level.

By grouping even more samplepoirts, further mip-maplevels can be generatd.
Theoverall effort perlevel staysthe samesincethe samenumker of radiarce samples
areinvolvedat eachlevel.

6 Rendering

After the fitting processhasbeencompléaed for all samplingpointswe arereadyto

applyour represetationof fabiic patterngo a geonetric modd. We assumehe given

mockl haspervertex normalsandvalid texturecoodinates 0 n , where y isthe
nunberof timesthepatternis to berepeate@crosshewholecloth geornetry. Further

more we assumethe fabric patterrs arestoredin a 2D array the dimensiors of which
correspondo thepatterns spatialresolution(res,, res,). Ourrenderingalgorithmthen
consistsof four steps:

1. Interpdate perpixe normals

2. Computendices into the patternarray yielding aBRDF f,.

3. Evaluatef, with light andview mapgedinto geonetry’s local coordnatesystem
4. Write resultto framebuffer

Thegoalof Stepl is to estimateanormad for eachvisible point ontheobjed. Wedo
this by color coding thenormds at the verticesandrendeing the sceneusingGouraw
shading Eachframehuffer valuewith analphavalue= 0 now codesanomal.

Thenext stepis to find outwhich BRDF we needto evalude in orde to obtainthe
color for eachpixel. In orderto do this we first geneate a texture with the resolutian
(res;, res,) in whichtheredandgreen chanrel of eachpixel encoet its position. Note
thatthis texture hasto be generged only onceandcanbe reusedor otherviews and
light directims. Using hardware texture mapping with the abore mentiored texture
coodinatesthetextureis replicated n timesacrosgheobjed. Now theredandgreen
chanrel of eachpixel in the frameluffer holds the correctindicesinto the 2D arrayof
BRDFsfor this specificfabric pattern

Oncewe know which BRDF to evaluate,we mapthe light andviewing directin
into the geomdry’s local coordnatesystem,usingthe normalsobtairedin Stepl and
atanget constrietedasdescribedn Section4. Note thattwo mappigs needto take
place: this one, which mapsthe world view andlight to the cloth geoméry’s local
coodinatesystem(yielding fandz‘;’), andanothe when evaluating the BRDF, which
transfamsthesevaluesto the patterns local coordnatesystem(yielding v ).

Thesoftwareevaluationof theBRDF model(seeSection3) returrs threecolors and
analphavalue from thelookuptable ,whichwe thenwrite to the frameluffer.

The presentedencering techniqe utilizes hardware asfar aspossible. However,
the BRDF mocel is still evaluatedin software,althowgh mappirg this onto hardvare
shouldbefeasiblewith the next generéion of graplics cards.

6.1 Mip-Mapping

As describedn Section5.1, we cangenerée several mip-maplevels of BRDFs. We
will now explain how to enharwe the above algorithmto correctly usedifferert mip-
maplevels,therebyexploiting OpenGLmip-mapping



Firstwe modfy Step2 andnow gengateonetexture permip-maplevel. Eachtex-
ture’s resolutian correspadsto the BRDF's spatialresolutionat this level. As befae,
theredandgreenchanrel coce thepixel’'slocationin thetexture. Additionally, we now
useeachpixel’s blue chamel to codethe mip-maplevel of the correspondimg texture.
For exanple,if wehave levels,all pixel's bluevalues are0 in texture 0,0 in texture
1,0 intexture2andsoon.

If we setup OpenGLmip-mappingwith thesetextures specifiedfor the correct
levels,thebluechannéof eachpixel will tell uswhichtextureto use while theredand
greenchanrel still codetheindicesinto thearrayof BRDFsat this level.

Blendingbetweertwo mip-maplevelsis alsopossible As we do notwantto blend
thetexture coordnatesin thered andgreenchanrels, however, we needtwo passeso
do so. Thefirst passis the sameashbefore. However, in the secondpasswe setupthe
mip-map technque to linearly interpolate betweentwo levels. We avoid overwriting
thevalues in thered andgreenchanrels by usinga color mask. Now the valueof the
bluechanml v codesbetweenwhich levelsto blend(in the abore exanple between
levelsi = » 0 andl = v 0 )andalsotellsustheblendng factor(here
(v I -0)0)

7 Resultsand Applications

We implementedour algoritims on a PC with an AMD Athlon 1GHz processorand
a GeForce2 GTS graphics card. To geneatetheimagesin this paperwe appliedthe
acquied fabric patterrs to cloth mockels we modeled with the 3D Studio Max plug-
ins GarmentMaker and Stitch. Our geometic mockls for the knit or weave patterrs
consistof 1300-2300 verticesand2406-31M0 triangles. The computationtimes of
the acquisitionprocessdependon the numter of triangles,as well asthe sampling
densityfor the viewing and light directiors, but generdly vary from 15 minutesto
abou 45 minutes. We typically used32 32 or 64 64 viewing andlight diredions,
uniformly distributedover the hemisfere,geneatingup to 40% radiarce samplegper
samplingpoint on thelowestlevel. We found a spatialresolutionof 32 32 samplego
besufficient for ourdetailgeonetry, whichresultsin 6 mip-maplevelsand1365BRDF
entries. The paraneterfitting of a BRDF arrayof this sizetakesabaut 2.5 hours. In
ourimplementationeachBRDF in the array(including all the mip-ma levels) hasthe
samenunber of lobes. We found out thatgenerallyoneor two lobesaresuficient to
yield visually pleasing-esults.Thethresh¢d mentioredin Section5 wassetto 0.1and
we notedthatcornvergencewasusuallyachieved after2 iterations.Onceall parametes
have beenfit we needonly 4 MB to storethe completedatastructue for onetype of
fabric,including all mip-maplevelsandthelookup tableswith 64 entriesperpoirt.

Therendeing timese.g.for Figurel areabou 1 framepersecondor aresolutin
of 0 00 pixels. Thebulk of this time is spenton readingbackthe frameluffer
conterts in order to evaluatethe BRDF for every pixel. We therebre expectthatwith
the adwent of moreflexible hardware, which will allow usto implementthe rencering
partof this paperwithout suchasoftwarecommnent thepropsedmethal will becane
feasiblefor interactive applicatiors.

The dressin Figure 4(a) displaysa fabric patterncomputedwith our methal. In
Figure4(b) we compae the resultsof a mip-mappedBRDF to a singlelevel one. As
expectedthe mip-magping nicely getsrid of the severealiasingclearly visible in the
not mip-mappedleft half of thetable. Figure5 illustrateshow even comgex BRDFs
with color shiftscanbe captuedusingourmodel.Figurel andFigure6 show different
fabricpatterngdisplayedon the samecloth geomdry.



8 Conclusions

In this paper we have presentech memay-efficient representatiorfor modelingand
renceringfabricsthatis basednreplicatirg individualweaving or knitting patternsWe
have demorstratedhow our represetation canbe geneatedby fitting samplefrom a
global illumination simulationto it. In asimilarfashionit shouldbepossibleto acquire
a fitted represent#on from measuredmagedata. Our mockl is capableof capturirg
color variatiors dueto self-shadwing and self-occlision aswell astranspagngy. In
additi, it natually lendsitself to mip-mapping therebysolvingthefiltering prodem.

Furthernore we presentedan efficient rendeing algorithm which canbe usedto
applyour modelto ary geoméry, achievzing nearinteractive framerateswith a cornrbi-
nationof hardwareandsoftwarerendeing. With theincreaingflexibility of upcaming
geneationsof graphcs boads, we expect to be ableto implenmentthe renceringalgo-
rithm compléely in hardware soon This would male the apgoachsuitablefor fully
interactve andevenrealtime applicatiors.
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(a) (b)

Fig. 4. (a) A dressrenderedvith BRDFsconsistingof only onelobe. (b) Left: Aliasing artifacts
areclearlyvisible if nomip-mappng is used.Right: usingseveralmip-mappingayers.

Fig. 5. Thefabricpatterngdisplayedon the models(left andright) werebothcompuedfrom the
micro geometryin themiddle. In contrasto theright BRDF model,theleft onedoesnotinclude
alookup table.Clearly this BRDF is not ableto capturethe color shift to red for grazingangles,
nicely displayedon theright.

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



