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Figure 1: Framestaken from an interactive animation (6Hz) of a hair modelconsistingof 100K line sgments.Left: image without

self-shadowsOthers:imagesrendeedwith our algorithm.

Abstract

Self-shadowings animportantfactorin theappeaanceof hair andfur. In this paperwe presenia new rendering
algorithmto accurately computeshadowechair at interactive ratesusing graphicshardware. No constaint is
imposednthehair style andits geometrycanbedynamic.

Similar to previously presentednethodsa 1D visibility functionis constructedor ead line of sightof the light
souice view. Our approad differs from other work by treating the hair geometryas a 3D density eld, which
is sampledon the y using simplerasterization.The rasterizedfragmentsare clusteed, effectively estimating
the densityof hair along a ray. Basedhereon, the visibility functionis constructed\e showthat realistic self-
shadowingof thousandf individual dynamichair strandscan be rendeed at interactiveratesusingconsumer
graphicshardware.

Categgoriesand SubjectDescriptorgaccordingto ACM CCS) 1.3.7 [ComputerGraphics]:Color, shadingshadev-

ing, andtexture

1. Intr oduction

Renderinchair, smole andothersemi-transparertbjectsis

challenging becauseself-shadwing hasto be handledcor

rectly. Variousalgorithmsexist, but areeithergearedowards
of ine rendering[LV0O, Sta94 KH84] or not quiteinterac-
tiveyet[KNO1]. We presenaamethodthatallows interactive

renderingof dynamichair with dynamiclighting. While we

focuson therenderingof hair in this paper renderingother
semi-transparenprimitives can be handledwith the same
techniqueln Figurel, anexamplerenderingusingourtech-
nigueis demonstrated.
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Similar to deepshadav maps[LV00], we do not storea
singledepthateachpixel of ashadev map,but ratherafrac-
tional visibility function (or simply visibility function)that
recordsthe approximateamountof light thatpasseshrough
the pixel andpenetrateso eachdepth.This visibility func-
tion takesinto accountthe opacities(cf. coverage)of hair
strands.The partial attenuatiorof light passingthroughan
objectcanbeaccuratelymodelledwith the helpof thisfunc-
tion.

The novelty of our algorithm lies in the way the visi-
bility function is constructedIn contrastto deepshadaov
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maps[LV00], we do not computethefull visibility function
for eachshadav map pixel and compresst later— we do
both at the sametime. We rasterizeall hair primitivesinto
the framebuffer. During rasterizationwe createandupdate
clustersof nearbyprimitives. Theseclustersare then used
to constructa piecavise linear approximatiorto the visibil-
ity function.An objectcanthenbe shadaeved, by evaluating
theapproximate@ndcompressedisibility function.Oural-
gorithm canbe implementedbn currentgraphicshardware,
achieving interactve results(Figurel). Onfuture hardware,
we expectreal-timeframerates.

2. RelatedWork

Marny techniquesiave beenproposedor renderingshadevs.
Traditionalshadav maps[Wil78] placea virtual cameraat
the light sourceandrenderthe depthof all visible surfaces
into a shadowmap A pointis in shada, if its distanceto
the light sourceis biggerthanthe deph-walue storedin the
shadev map.This algorithmcannothandlesemi-transparent
objects,sinceonly asingledepthvalueis stored.

Anti-aliased shadev maps can be rendered using
percentaye-closer ltering [RSC87. In this case,multiple
samplesin a Iter region are queriedand the fraction of
samplesn shadev de nestheshadaev value.In theory this
canbe usedto rendershadavs from e.g.hair, but requiresa
largeamountof samplesandstill oftensuffersfrom aliasing
[LVOQ].

Crow [Cro77 proposedshadowolumeswherea polyg-
onal representatiorof the volumesde ning the shadaved
regionsis createdAt run-timeevery visible pointis testedf
it liesinsideary of theseshadav volumes It cannotbeused
to rendersemi-transparertbjectssuchashair, sinceonly a
binarydecisioncanbe made.

For the specialcaseof static modelsbut dynamiclight-
ing, variousalgorithmshave beenproposedo rendershad-
ows for semi-transparenbbjectsor volumesin real-time
[SKS02 DHK 03, NRH03. Our algorithm allows for dy-
namicmodels,anddoesnot needary expensve preprocess-
ing like thesetechniques.

Deepshadowmaps[LVO00] do not storea single depth
valuepershadav mappixel, but insteadstorefractionalvis-
ibility throughall possibledepths First, this (perpixel) 1D
visibility functionis sampledat mary locations.Thenit is
ef ciently compressethto a piecaviselinearfunction.Ren-
deringshadaevs from thisrepresentatiois simple:every vis-
ible pointis intersectedvith the correspondind.D visibility
function. Thefractionalvisibility is simply queriedfrom the
approximatedisibility function,andthenusedto modulate
thecolor atthe point.

Our methodis basedn the sameidea:constructhefrac-
tional visibility function and representit compactly The
main differenceis how we sampleand compresgshe func-

tion. We have alsodecidedo usea piecaviselinearapprox-
imation. During sampling,we alreadydecideon the posi-
tion of the verticesof the piecavise function,whichis done
through k-meansclusteringand histogrambinning of the
densities.l.e., we never needto storethe full 1D function
beforewe compresst. Furthermorepur algorithmwasde-
signedto beimplementedn graphicshardware,resultingin
interactve performance.

Opacityshadowmaps KNO1] arebasicallyasimplerver
sion of deepshadov mapsusing graphicshardware. The
main differenceto deepshadev mapsis, thatthe fractional
visibility functionis notcompressedt is sampledegularly
andstoredin texture maps.Visibility queriesaredoneusing
texture mapping.Regularsamplingof thevisibility function
using graphicshardware is expensve, becauset eitherre-
quiressorting the primitives (and renderingthem back-to-
front), or slicingandre-renderinghefull geometryfor every
samplelocationand (usedby Kim and Neumann KNO1]).
Thisapproactrequiregensof re-rendering$o achieve plau-
sible results.In contrast,our methodrequiredsigni cantly
lessrenderingpassesRecently Kosteret al. [KHS04] de-
scribedanaccelerated@nplementatiorof theopacityshadav
mapalgorithm.In theirwork, real-timeresultsareachieved,
atthecostof signi cantly reducingtheaccurag of hairrep-
resentatiorand shadaving (empirical offsetsare necessary
to avoid falseshadaving artifacts).

As a side note,we mentionthat the ideaof representing
hair asa density eld hasbeenproposedby Hadapet al.
[HMTO1] for the purposeof modelingandanimation but is
notrelatedto theapproactdiscussedh this paper

3. Density Clustering

Similar to the deepshadev mapping[LV00] and opacity
shadev mapping[KNO1], we constructa 1D visibility func-
tion alongtheraysof thelight view. In this sectionwe will
elaborateon this.

3.1. Hair asa Density Field

We castthe problemof shadeving complex volumetricge-
ometryinto volumerenderingterms.Theideais to estimate
a 3D density eld over the geometryof interest.This den-
sity eld is analogougo theextinction coefcient st, which
representthe chanceperunitlengththatlight getsabsorbed
or scatteredilongaray[Ish7g. Thedensity eld is notcon-
tructedexplicitly, but rathersamplednthe y usingsimple
rasterizationLine primitives representinghair strandsare
rasterizedor eachpixel. Due to the high depthcompleity
of hair, rangingup to 200in our experimentsseveralraster
ized fragmentswill mapto the samepixel. Eachfragment
hasanopacityvaluea associateavith it, indicatingthefrac-
tion of light thatis blocked,i.e. the chancethata light parti-
cle getabsorbedr re ected (scattered)ln the caseof hair,
thisis the fraction of the projectedareaof a hair strandthat
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coversthe pixel. Multiple a's occupying the samepixel are
compositedoy multiplication. This opacityis relatedto the
extinction coefcient st asfollows. Take a small ray seg-
mentof length Ds, containingN fragments.The extinction
coefcient for thatsegmentis expresseds
2 N

PN.(1 a)=e 3™ iff s= a%b'; 1)
with b = In(1 a;). Thelastequationimplies the den-
sity eld maybe computedby meansof densityestimation
[Sil86] of b valuesalongtheray. Oncethe densityfunction
is known, we canobtainthevisibility functionby simplyin-
tegratingst:

RS
V(g =e oSt )

In volumerenderinditerature this functionis alsoknown
asthe transpareng andis calledtransmittancdunctionin
the deepshadav map paper[LVO0Q]. In the following sec-
tionswgzwill de ne theintegral functionin the exponentas
T(s) = ¢ stdt, calledopticaldepthin volumerendering.

Fastandaccurateestimatiorof thedensity eld st will be
themainchallengen ourapproach.

3.2. Construction of the Visibility Function

A straightforvard way to estimatedensityis the histogram
method[Sil86], which accumulatepoint samplesof aden-
sity function in discretebins. This essentiallygeneratesa
piecavise constantapproximationof the density which re-
sultsin pieceviselinearopticaldepthaftertheintegrationof
Equation2.

Histogrambin extentscanbe placedeitheruniformly or
non-uniformlyalongthedepth.The rst approachs related
to opacityshadev mappingtechniqug KNO1]: thegeometry
is uniformly slicedandalphavaluesarecompositedor each
slice. This correspond$o accumulatingy-valuesin uniform
bins. Imagequality is heaiily dependenbn the numberof
slices.Usuallyahighnumbere.g.80,is requiredto achieve
reasonableesults.

We wish to have a representatiof the visibility which
hasno restrictionon placemenbf verticesof the piecavise
approximatiorondepthaxis,i.e.theextentsof thehistogram
bins arechosemon-uniformly Deepshadev maps[LV00]
arealsobasedon a generalpiecavise linearapproximation,
however the constructionis too complicatedto be imple-
mentedin graphicshardware. The improvementsover uni-
form histogramsarediscussedn section5

To accomplishthis, we clusterthe fragments'depthval-
ues,andplacethebinsaroundthe clustersin away thatthey
re ect the distribution of theintersectinggeometryA clus-
terrepresenta bundleof coherentairgeometryandcauses
anincreaseof T. This increasds proportionalto the clus-
ter's density Assumingit is populateduniformly, T behaes
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Figure 2: Clusteringof hair geometry Thedashedine rep-
resentsa ray intersectionhair geometryat differentdepths.
Thisis obtainedby rasterizingthe hair. Thedepthsare clus-
tered,yieldingC; to C4, andtheir contribution (log of opac-
ity) is accumulatedn the correspondingcluster histagram
bins. TheresultingT functionis obtainedby integrating the
histagram.

linearly (seeFigure2). Thewidth of thebin is relatedto the
standarddeviation s of a cluster It measureshe spreadof
the fragmentsn the cluster indicatingthe length of the in-
crease.

More precisely we computeour histogramasfollows:

clusterfragmentswhile rasterizingyielding the mean;.
rasterizeagain to computestandarddeviation s j of each
clusterbasednits meany;.
constructK bins betweeny;
gaconstant.
Performhistogrambinningin anothemrasterizatiorpass.

Dj, withDj=g sj,and

This procedureas depictedin Figure2. Pleasenote,thatthe
geometrydoesnot needto be sortedatall.

Again underthe assumptiorof uniform densityinside a

cluster we estimatethevalueof g as:
g= 3
This is derived from the fact that a uniform distribution of
width W, hasvariances? = W2, andW = 2D;. Since
g> 1, two adjacentbins might overlap, and caremustbe
taken that fragmentsare not accountedor twice (it canbe
shavn thatfor g< 1 binswill neveroverlap).We handlethis
exceptionasfollows. Let R1 betheright handextent of the
rst overlappingbin, andL2 theleft handextentof the sec-
ond bin. We wish to avoid that R1 > L2, andthereforelet
Rl= L2= RL2
2

The remainingbinsin betweerthe clusterbinswill also
receve contritutions,but in amuchlessamount.To account
for thesefragmentswe simply addtheir contrikution to the
nearestluster

3.3. Clustering

We optedfor the k-meansclusteringalgorithm[LIo82] be-
causeof its simplicity. First, K initial clusterpositionsare
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chosenln aniterative fashion,the positionare updatedby
the meanof the closestsamplesfor eachcluster until the
positionsstagnateFor every iteration, the scenehasto be
re-renderedWe restrictthe numberof iterationsto one.In
our experiencehis hasnot compromisedmagequality.

Sinceopacitiescanvary signi cantly amongfragments,
we computethe meanandvariancein aweightedfashion:
U= &ibi depthi o_ &b (b depth;)2 3

&ibi &b

The efciency of this clusteringalgorithmis dependent
on the choiceof theinitial clusterpositions.We chooseto
constructthem uniformly betweenthe nearestand furthest
fragment.

3.4. Filtering

Filtering of the geometryprimitivesis animportantaspect
for the caseof hair, sincestrandsusuallycover only a frac-

tion of apixel. If not, severealiasingartifactswill bevisible

in the shadavs. Insteadof supersamplin@nd post- Itering

[LVOQ], or point splatting[KNO1], we rasterizepre- Itered

lines during the clustering.This is accomplishedisingtex-

ture mapping.Each of the line sggmentsare renderedin

a fashionsimilar to so-called“billboards” which are com-

monly usedto renderparticles.

A rectangle is constructed
in screen space such that it
is aligned along the 3D trans-
formed line sggmentwhile fac-
ing the imageplane.A 1D tex-
ture containsa pre- Itered gaus-
sian pro le of the line, and is
applied to the rectanglealong
the length of the sggment. A
depiction is given in gure 3.
The width of the kernelcontrols
the smoothnes®f the resulting
shadev. Mipmappingwill assure
thatthe pro le is Itered onceagain to matchthe sampling
resolutionof thescreen.

N
Figure 3: Filtered hair
strands: we use “bill-

boarded” lines that

have a 1D pre- Itered
line texture applied.

In caseof perspectie projection,a line's pixel coverage
decreasewith depth.To accounffor this, the contrikution of
eachrasterizedragmentis weightedby its reciprocaldepth
value.

4. Implementation

The presentedalgorithm was implementedon an ATI
Radeon 9800XT graphics board, equipped with pro-
grammablevertex and fragment shading units. We im-
plementedthe clusteringfor K = 4, sinceit ts bestin
the 4-vectorformat usedthroughoutthe graphicshardware
pipeline. This optimally utilizes texture spaceand vector

Figure4: Hair modelusedn Matlab experimen{seeFigure
5). Left: themodelconsistingof several squae hair bundles.
Right: a histagram of the gatheed data. Thegeometrywas
sampledby tracing a ray throughthe hairs, and intersects
with 3 bundles.

processingperformanceThe bulk of the computationsof
the renderingis donein fragmentshadersExceptfor the
constructionof line rectanglesas describedn section3.4,
whichis performedn avertex shader

We will not go into the low level detailsof our imple-
mentation,sinceit is quite involved on currenthardware.
Next generationGPUswill easethis, andallow to achiere
higher performanceand precision. In particular oating
pointblending[nVI] will have thebiggestmpact.Currently
to computethesumsin equation3, we have to emulatehigh-
precisionblendingon 8-bit integersusing a techniquethat
guadrupleghe numberof renderingpasse$Jam03. There-
fore, we expectour resultsdescribedn section5 to gain at
leasta factor4 speedupn thefuture.

5. Resultsand Discussion

In Figure 1 several framesof an animatedsequenceare
shavn. The rst frameshaws the unshadwed version.It is
clearthatshadevs have aseriousmpactontherealism.Fig-
ure 5 shavs variousotherresults:long hair, curly hair and
even grass.For a highly detailedmodel of 200K line sey-
mentswe obtainaninteractve framerateof 3 Hz onanintel
P4 at 1.3Ghz.Performancescaledinearly with the number
of sgments.

We validatedthe ef ciency of the algorithmdescribedn
section3 experimentallyin a MatlabimplementationAlso,
a comparisoris madewith usinga uniform histogramcon-
taining 2K bins. Theresultsareshavn in Figure5.

In the rst experimentwe ranthealgorithmon datagath-
eredfrom anactualhairmodel,shavn in Figure4 andFigure
5. In the second=xperiment we simulatedfragmentdataby
generatingl0O0 randomdepthvaluesbetweerD and1 using
a mix of Q gaussiardistributionswith a randommeanand
variance.Two situationsareshavn in Figure5: Q = K, and
Q> K. It is clearthatthe clusteringapproachoutperforms
the uniform histogrammethod.The latter is proneto e.g.
falseshadaving, which happensvhentheincreasestartstoo
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early Whenthe numberof gaussiangxceed«, themethod
seemgo breakdowvn becausenoreactualgeometricclusters
get mappedto the available clustersin the representation.
We notethatthe quality in this caseis heavily dependentn
the choiceof initial clusterpositions,which arechoseruni-
formly betweerD and1. The bottomright imageshaows the
samesituation,exceptthatinitial positionshave beenscaled
75% towardsthe left. This resultsin a more accurateap-
proximationnearthe origin, wherethe visibility functionis
moreproneto visual artifactsdueto the exponentialfall-off
(equatior?). In generalgaussiangetassignedo theclosest
k-meanscluster This impliesthatthosewhich aretoo close
togetherarelikely candidateso getputinto asinglecluster
especiallywhenQ> K. Visualqualitymightgetaffectedif it
occursneartheorigin. The choiceof optimalinitial clusters
remainsanopenproblem.

Comparingo Kim etal. [KNO1], we achiere higherqual-
ity while displayratesareoneorderof magnitudefaster Al-
thoughthe stepsin our algorithmare computationallymore
intensive, opacityshadev mappingrequiresto re-rendeithe
scenesigni cantly morethanthe O(K) stepsn ourcaseThe
opacityshadev mappingapproachs qualitatively compared
tooursin gure 5. Onecanopbserethattheopacityshadav
mapis too brightin directly lit areasandalsolackssignif-
icantshadav detail there.We suspecthis is mainly caused
by theempiricaloffsets,asdiscussed [KHS04]. Theseare
indispensibleto avoid falseshadaving artifacts,even for a
highamountof slices(256in this case).

6. Conclusionand Futur e Work

We have presented novel approacthto renderself-shadws
for dynamichair geometry Each hair strandis taken into
accountthusallowing every possiblehair style. Thekey in-
sightis that we treat hair geometryasa 3D density eld,
whichis notreconstructe@xplicitly, but sampledonthe y
usinghardwarerasterizationA clusteringalgorithmis used
to estimatehegeometrydensity andusedto constructvis-
ibility functionw.r.t. thelight sourceWe have demonstrated
the effectivenessof our algorithmboth for renderingspeed
andquality. Resultswill dramaticallyimprove with the ad-
ventof next generatiorhardvare.

Severalissuesremainfor the problemof renderinghair.
Firstof all, aliasingstill occurswhendisplayingthe geome-
try in eye spaceA similar methodto the onedescribehere
maybedevisedto alsotacklethis problem possiblycreating
agenerarenderingframework for hair, which mayevenbe
suitableto display othercomplex semi-transparergeome-
try.

As mentionedn section5, imagequality dependn the
choiceof initial clustersfor the k-meansalgorithm[LI082].
We wish to investigate how to improve this choicewhich is
doneratheradhocin thecurrentimplementationMoreover,
otherclusteringalgorithmsmay aswell applyto this prob-
lem.
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Figure 5: Quality of reconstructedvisibility function. Theblue line representghe refelencesolution. Thered and greenline
indicate the approximation using 4-meansclusteringand a uniform 8 bin histogram, respectivelyThe red stars and blue
trianglesonthehorizontalaxisindicateclustermeansandbin extents respectivelylLeft: resultson datagatheedfromthehair
modelof gure 4. Middle andright: resultsfor simulationwith 4 and 8 gaussiandistributions,respectivelyThecyanline in
theright gure showsthe outputof the clusteringalgorithmwhenscalingtheinitial clusteis 75% towards the origin (cluster
indicationsonly correspondo solutionin red).

Figure 6: Rendering®f variousmodels.Top row: redlong hair consistingof 3600strands(210Kline sggments)runningat 3
Hz. Thelastimage (with red border) showthe resultof running the opacity shadowmapalgorithm [ KNO1] using256slices,
for thesamesettingasin the 3rd image. Bottomrow, fromleft to right: closeupof thelong hair; curly hair model,consistingof
3900strands(200K sggments)renderinggrassas hair.
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