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Abstract

Felt is mankind'soldestandsimplesttextile, composedof apressed
massof �bers. Imagescanbe formeddirectly in the fabric by ar-
rangingthe�bers to representtheimagebeforepressureis applied.
Wedescribeacomputationalmethodfor transforminginput images
into objectswhich look asif they wereproducedby a felting pro-
cess.Thesynthesismethodplacesthreedimensionalline segments
oneby one,analogousto individual �bers beingplaced.Individual
layersof �bers aredrawn accordingto imagestructureandaproba-
bilistic framework. A fuzzy threedimensionalfelt objectis created
by compositinglayersof �bers; renderingusesadeepshadow map
for correctself-shadowing of themattedfelt.
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1 Intro duction

Oneof the tasksof nonphotorealisticrenderingis to produceim-
ageswhich have thesameappearanceastraditionalmedia,suchas
oil paints[Meier 1996] or pen-and-ink[Winkenbachand Salesin
1994]. Although cloth hasbeenusedby artiststhroughthe ages,
andmodelingandphotorealisticrenderingof cloth art have been
common in computergraphics, nonphotorealistictreatmentsof
cloth have beenlacking. In this paper, we presenta methodfor
transforminganinput imageinto animagedonein a feltedstyle.

Felt is mankind's oldest textile, and felt art, such as rugs and
tapestries,datesback thousandsof years [Gordon 1980; Evers
1987].While plainfelt canbemadeby heatingandpressingamass
of woolen �bers, art objectscan be madeby properly arranging
differenttypesof �bers beforepressingthem.Thefelt styleis char-
acterizedby the underlyingtangleof differentiated�bers, which
givesriseto a �ne-scalefuzzy surfacetextureandto a blendingof
colorsacrossboundariesin a feltedimage.

In thispaper, weareinspiredby real-world feltmakingprocessesto
produceimageswhich look asif they aremadeof felt. Plain, �at
felt canbehand-constructedusingthefollowing process,wherewe
follow thedescriptiongiven by Gordon[Gordon1980]. First, the
�bers of wool areseparatedby beingcombed,or cardedto spread
the �bers andorient theminto a singledirection. Next, piecesof
wool areplacedin layersontopof somesortof substrate.Typically,
eachlayer is rotatedin theplanesothattheaverage�ber direction
is perpendicularto thatof theprevious layer. Thewool is secured
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in placeandkneaded,hammered,or poundeduntil the individual
�bers have hardenedinto a singlecohesive sheetof felt.

The above abbreviated descriptiongivesus the basicsof the felt-
makingprocess,which – donewith raw wool, or wool of a single
color – canproducetextures,but not meaningfulimages. Images
canbe placedin the felt by directly printing on or dyeingthe �n-
ishedfelt. However, weareinterestedin so-called“inlay” of colors,
whereanimageis constructedby arranging�bers or piecesof dif-
ferentlycoloredwool. Arrangingwool �bers in a structuredimage
andthenpressingtheresultingarrangementproducesapieceof felt
containingthedesiredimage.

Felt artistshave tremendousleeway in arrangingthe image. Un-
like woven fabrics,felt placesno constraintson the orientationof
theconstituent�bers. While thefelt processofteninvolvesplacing
�bers in alternatingperpendicularlayers,this aspectof theprocess
is doneto ensurestrengthanddurability in the�nal felt, andhence
maynot becompulsoryin thecaseof a pieceof feltedart. As we
shallshow in laterexamplesof realfelt images,thedirectionalityof
the �bers is often lost during themattingprocess,leaving a tangle
of connected�bers whichresultsin thefuzzyappearanceof thefelt
piece. In our algorithm,we automatetheprocessof placingwool,
guidedby aninput image.

Thepaperis organizedasfollows. First,wediscusspreviouswork.
Second,we describeour algorithmfor creatingsyntheticfelt im-
ages.Third, we show our results,chie�y consistingof imagessyn-
thesizedby our method.Finally, we closeandgive pointersahead
to futureresearchdirections.

2 Previous Work

Photorealisticrenditionsof cloth have beenundertaken by numer-
ous authors,including Sattler et al. [Sattler et al. 2003], Xu et
al. [Xu et al. 2001],andmany others.However, to our knowledge,
little work hasbeendoneon NPR in the context of textiles. The
batik modelingby Wyvill et al. [Wyvill et al. 2004] is an excep-
tion, treatingtheappearanceof cracksin thedyeingprocessof batik
painting.

Animationandmodelingof clothhashadalonghistoryin computer
graphics,continuingto recentwork suchasthatof Baraff, Witkin,
andKass[Baraff et al. 2003]. However, the patternsand images
appearingon the cloth are outsidethe scopeof suchmodels; in
contrast,this paperfocuseson synthesizingpatternsthatappearon
themodel.

Self-shadowing is necessaryfor realistic rendering of semi-
transparentobjectslike clouds,fur, or hair. Shadow mapsareone
techniqueusedto properlycastself-shadows for thesevolumetric
objects. Lokovic andVeach[Lokovic andVeach2000] extended
traditionalshadow mapsto deepshadow mapswherebyeachpixel
storesa transmittanceor visibility function, rather than a single
depthvalue. This function representsthe amountof light pene-
trating to eachdepthand allows properself-shadowing of semi-
transparentobjects.

Bertailset al. [Bertails et al. 2005] further extendedthis approach
to createa self-shadowing algorithmfor interactive hair animation.



They proposeda 3D light-orientatedshadow mapcomposedof a
uniform cubic voxel grid with bothdensityandtransmittanceval-
uesfor eachvoxel. Eachvertex is projectedinto the light's view
directionandincrementsthedensityvalueof thecontainingvoxel
or cell. Onceall thedensityvalueshave beencomputed,light rays
arecastfrom the light throughthevoxel grid to �nd the transmit-
tanceor visibility of eachcell. Light raysareassumedtobeparallel,
sothatcalculatingthetransmittancevaluesimply involvesiterating
througha row of thevoxel grid. Theequationfor thetransmittance
of cell (i; j ;k) is givenby:

Ti;j;k =
i

å
m= imin

exp(� dm;j;k f ds) (1)

wheredi;j;k is the densityof cell (i; j ;k), f is a scalingfactor, ds
is the cell width and imin is the index of the mapslice closestto
the light. Their algorithmallows an ef�cient computationof self-
shadowing for a largenumberof transparent�bers andis thuswell
suitedfor realisticrenderingof felt objects.

In ourwork, we concentrateoncreatingrealisticthreedimensional
modelsof felt inlaid with coloursfrom an input image. How can
we useanimageto createa modelthat looksasif it hadbeencon-
structedof felt? For cluesabouthow to answerthis question,we
looked to both thereal-world felting processandto previouswork
in NPR.Although felting hasnot beenpreviously treatedin com-
puter graphics,our solution hasmuch in commonwith painterly
rendering,which hasseena greatdealof attention.Early painterly
renderingsystemssuchasthoseof Meier [Meier 1996]andHertz-
mann[Hertzmann1998] placedindividual strokes of paint on an
initially emptycanvas;this processis analogousto theprocessde-
scribedearlierof layingdown �bers of wool oneby oneto build up
a pieceof felt. In fact,felt artistssometimesreferto theprocessas
“felt painting” [Gordon1980].

One of the differencesbetweenour automatedfelt painting and
other painterly renderingwork is in the numberof strokes used.
Our felt paintingsrequirepotentiallydozensof strokesper image
pixel. In many automatedpainterlysystems,this ratio is reversed.
A largenumberof �bers arerequiredin orderfor our algorithmto
producea detailedtextureresemblingfelt.

3 Algorithm

The fuzzy, textured surfaceof felt offers an intriguing modeling
challenge,similar to thoseexperiencedin theareasof fur andhair
simulation.To simulatethis texture,ourcomputationalprocessim-
itatesthe real-world felting process.Fibersaredrawn in threedi-
mensionsaccordingto theimagestructureandrandomvariations.

Thebasicprimitive for our felt modelis a strandof wool. Individ-
ual strandsof wool arequite thin, andlike other�bers, arepartly
transparent.Strandsare modeledin this work using short trans-
parentpiecewise linearcurves. While strandsmaintaina displace-
mentvector, denotedby Dx;y;z, thatcontrolstheir overall direction,
segmentsof the �ber (the individual linearcurves)canvary prob-
abilistically from this direction. The direction of strandsegment
i, denotedby Di

x;y;z, is given by a normal randomvariablewith a
meanof theoverall stranddirectionandavarianceparameters .

Di
x;y;z = (N(Dx;s );N(Dy;s );N(Dz;s )) (2)

whereDi
x;y;z is thedirectionof strandsegmenti, Dx;Dy, andDz are

thex;y;z componentsof thestrand's overall direction,andN(m;s )
is anormalrandomvariablewith meanmandstandarddeviations .

Therefore,thesegmentsof thestranddisplayanoverall orientation
but alsoauser-controlledprobabilisticdeviation. As shown in Sec-
tion 4, with an increasedvariancethe imagelosesde�nition and
becomesfuzzier. The varianceparameteralsovariesthe segment
lengths,a desirablepropertysincereal-world �bers vary in length.

Strandsare combinedtogetherto form layersof �bers. A layer
is createdby drawing a singlestrandfrom eachpixel of theimage.
Layersarecompositedby placingeachlayerasmalldistanceabove
thepreviousone.Strandsarecoloredby theiroriginatingpixel and
remainthesameover all thestrandsegments.No intersectiontests
areperformedonthestrands,noraredensityteststo preventclumps
of �bers; eachstrandis drawn independentlyof all otherstrands.

In the simplestcase,the overall directionsfor the strandsarese-
lectedfrom auniformrandomvariableandnormalized.Wecontrol
thedirectionof thestrandsby weightingthez componentlessthan
thex andy components:

Dx;y;z = (a U;a U;bU) (3)

wherea is theweightingcomponentfor thex andy dimension,b
is theweightingcomponentin thez dimension,andU is a uniform
randomvariablebetween� 1 and1.

Theweightingallows us to orient thestrandsapproximatelyalong
a plane.In therealworld felting process,hunksof wool arecarded
beforethey areplacedonthefelt object,sowhile eachlayerof wool
is threedimensional,it is relatively thin andnearlyplanar. Fig 1
showstheeffectof usingtheseundirectedlayers.Ontop,wehavea
singlelayerof �bers drawn from thecommonmandrill testimage.
After compositinga numberof undirectedlayers,the result is the
imageshown in thebottomof Fig 1.

Homogenousfuzzinessdoesnot characterizeall felt work. Felt
artistshave the ability to orient strandsof wool and place them
in suf�cient density, either by layeringor using larger, half-spun
piecesof wool, to produceareasof sharperde�nition where�bres
of varyingcolourhave beenused.For example,in Fig 12 thepur-
ple wool in the top third of thepiecehasnot blendedsigni�cantly
with the surroundingpinkish regions leaving a distinctive border.
However, theagitationstageof the felting processcauses�bers to
shift; even distinctive borderswill often show somevisible color
spill whenexaminedclosely.

To modelthis phenomenonwe introducea directedlayerof felt. A
directedlayeris identicalto aregularfelt layerexceptfor its overall
stranddirection. Edgestructurein the imageis usedto in�uence
thedirectionof strands.First, theedgemagnitudeanddirectionare
measuredfor eachpixel in theimageusingtheSobeloperator. The
stranddirectionis theedgedirectionrotated90o to lie perpendicular
to the gradient,multiplied by the edgemagnitudeandaddedto a
scalableuniformrandomvariable.Theequationis givenby

Dx;y;z = (GxjGj + a U;GyjGj + a U;bU) (4)

where(Gx;Gy) is the90o rotationof the x andy gradients,jGj is
thegradientmagnitude,(a ;b) areweightingcomponents,andU a
uniformrandomvariablebetween� 1 and1.

The stranddirection is now controlledby the edgemagnitude.If
themagnitudeis low, therandomvariablewill dominateandthere-
sultingstrandwill beundirected.As theedgemagnitudeincreases,
thestrandwill orientitself alongtheedge.Finally, sinceedgeinfor-
mationis only givenin two dimensions,auniformrandomvariable
givesa small displacementin the z direction. This displacement
vectoris normalizedsothestrandlengthis independentof theedge
magnitude.Fig 2 shows adirectedlayerfrom themandrill testim-
age.Section 4 containsnumerousexamplesof imagescomposited
usingdirectedlayers. Note that the strandsof both Fig 1 and 2



Figure1: Undirectedmandrill felt images.Top,asingleundirected
layerof felt; bottom,ninelayerscomposited.

have ahighertransparency (0:5) thantheimageswith multiple lay-
ers(wherethetransparency is 0:1). Thehighertransparency is nec-
essaryto view a singlelayerwith its low numberof strands.Color
spill, as shown in Fig 8, still occurswith directedlayerswhen
longerstrandsfrom inside a region, and thereforewith no direc-
tional bias,passover anedge.However, this spilling is not critical
astheorientatedstrandsemphasizetheedgeandalittle spill is both
acceptableandsimilar to realfelt borders.

While input imagescanbeany size,thealgorithmcanalsoupscale
theresultingfelt image.A randomoffset is addedto thestartposi-
tion of eachstrandto �ll in emptyareas.Thealgorithmcombines
multiple layerswith differentcharacteristicsto createthe�nal im-
age.Lower layersof thefelt objectareundirected,creatinga fuzzy
basewhichcoverstheimageplane.A few upperdirectedlayersare
drawn to enhanceedgeinformation.For our work, nineundirected
layersweredrawn followedby threedirectedlayers;input images
were256� 256andtheresultingfelt imageswere1024� 1024. In
Fig 3 we alsoshow the felt objectfrom differentanglesto better
view its dimensions.

Theilluminationof felt posesachallenge.Thehighnumberof thin,

Figure2: A directedlayerof felt

translucent�bers produceaself-shadowing effect thatis vital to re-
producefor realisticrendering.As mentionedearlier, theef�ciency
of Bertailsetal.'salgorithm[Bertailsetal. 2005]for renderinghair
makesit ideal for calculatingthe self-shadowing of the numerous
�bers of a felt model. Initially, a voxel grid is createdto encom-
passthe felt model. The voxel grid is orientatedto lie along the
light'sview direction,allowing anef�cient calculationof thetrans-
mittancefunction.Tracingalight rayfrom thelight sourceinvolves
simply iteratingthrougharow of thegrid.

The �rst stepof the illumination algorithm �lls the shadow map
with �ber densities. Each�ber is projectedinto the light's view
direction and the associatedcell density incremented.Secondly,
thetransmittancevaluesarecalculatedby tracinglight raysthrough
thegrid alongthelight direction.Thetransmittancefor eachcell is
calculatedaccordingto Equation1. Lastly, transmittancevaluesare
�ltered usingtrilinear interpolationto remove any patternsaligned
with theshadow map.

Oncethe transmittancevaluesarecalculated,we apply a lighting
calcuationto eachvertex during rendering.Unlike other�ber ob-
jectslikehair, specularhighlightsarenotcommonin felt work. The
common�ber in felt, wool, hasa matteappearance.Therefore,the
lighting modelfor felt is composedsimply of anambientanddif-
fusecomponent.Thestrandcolor is sampledfrom theunderlying
imagenearthe strand's originatingpixel andmaintainsthe same
color for all strandvertices.Thecolor f P of vertex P is givenby:

f P = f strand� f Ambient+ f strand� Trans(P) � f Diffuse (5)

wheref strand is the strandcolor, f Ambientandf Diffuseare the
colorsof thelight sources,andTrans(P) is thetransmittancefrom
thelight sourceto vertex P. However, real felt objectscanbecom-
posedof �bers, or blendsof �bers, otherthanwool. Futurework
may includea betteranalysisof �ber propertiesto allow realistic
renderingof avarietyof �ber typessuchassilk or mohair.

In Fig 14 we comparethealgorithmwith self-shadowing lighting
disabledandenabled. We feel the deepshadow map producesa
morecohesive,realisticlookingsurfacetexturethanthesimpletex-
tureproducedwithout self-shadowing. Thesurfacetexturewithout
self-shadowing is sign�cantly moreblurredandlackstheuniform
�brous surfacetextureapparenton theself-shadowedimage.



Figure3: Differentviewsof themandrilland�eld �o werfelt pieces

4 Results and Discussion

Herewe show a collectionof imagesgeneratedby our algorithm,
aswell astheeffectsof changingvariousparameters.Wealsocom-
pareour syntheticimageswith work producedby professionalfelt
artists.For all imagespresentedin thissection,12 layerswereused
to producethe felt model. The lower nine layersareundirectedto
allow abasethatcoverstheimageplane.Theupperthreelayersare
directedto enhanceedgeinformation. Sincea strandis drawn for
eachpixel of the image,twelve layersfor a 256� 256 imagewill
produce786432strandsto display.

We begin by showing theeffect of modifying thestrandlengthon
the resultingimage. We control thestrandlengthby changingthe
numberof segmentsfor eachstrand.Fig 4 shows theoriginal fence
imagealongwith felted imageswith segmentcountsof 10 and30.
The longerstrandlength resultsin a lessde�ned image. By us-
ing a smallvarianceparameterwith a longerstrand,theprimitives
becomestraighterandincreasinglyapparent.

As we mentionedearlier, the varianceparametercan be usedto
control the fuzzinessof theresultingfelt object. A largervariance
will createmore randommovementof strandsegments,blurring

Figure4: The effect of changingthe strandsegmentcount. Top,
theoriginal image;middle,segmentcountof 10; bottom,segment
countof 30.

the boundaries.Fig 5 shows the effect of changingthe variance
parameteron the mandrill test image. We must also modify the
transparency asthehighervariancecreateslongerstrands,resulting
in a brighterimage.To controlfor this effect,we have reducedthe
transparency asthevarianceis increased,allowingabettercompari-
son.As thevarianceincreases,theresultingimagesbecomefuzzier.
The�nal imagebearsa strongresemblanceto theundirectedcom-
positeof Fig 1, which is not surprisingasedgedirectionbecomes
increasingirrelevantwith a highervariance.Theimportanceof the
varianceparameterlies in the lengthof the �ber strands.If longer
strandsareusedwith a low variance,asin Fig 4, theselongstraight



Figure5: Theeffect of changingthevarianceandtransparency pa-
rameters.Top,variance= 0,transparency = 0.1;middle,variance=
1, transparency = 0.07;bottom,variance= 2, transparency = 0.05.

Figure6: Felt pieceby artistPatAdams

Figure7: Felt pieceby artistKaroliinaArvilommi

strandsbecomeincreasinglynoticeable. If a longerstrandis de-
sired,thevarianceparameteris necessaryfor visually pleasingre-
sults. For theremainingimages,a small varianceof 0:2 is usedto
providea smalldeviation from theoverall stranddirection.

Figs. 6, 7, 12 and 13 show felt piecescreatedby professionalfelt
artists.Fig. 12by MyrnaHarris1 suggestssomeof thestrengthsof
thefelt medium.Therelatively featurelesssky canbeenrichedwith
colourful felted regions. Note that the lower half of the imageis
createdby embroideredfabricratherthanfelting. Carefullychosen
detailssuchasthetreein theforegroundweresewn in afterthefelt
wasmade.In Fig 6 by PatAdams,theartisthasusedlargeregions
of graduallyblendedcolors to depict a landscape.The random-
ized, fuzzy textureof felt increasesthedetail of theseregionsand
createsa moreattractive image. While theabstractregionsof Fig
7 by Karoliina Arvilommi 2 areprimarily homogenous,the artist
hasaddedwool of variouscolorsto increasecomplexity in thefelt
texture. While the underlyingtexturesremainsimilar, longersur-
facestrandsaremorevisible in Fig 7 thanin theotherfelt pieces.
Thesedifferencesaredueby differentwoolsor techniquesusedby
the differentartists. The black outline is yarn attachedto the felt

1http://myrhar.sasktelwebsite.net - usedby permission
2http://www.4felts.com- usedby permission



Figure8: Top, original checkerboard;middle, the felted checker-
board;bottom,closeupof lower right corner.

piece. While suchpost felting processesadddetail, they arenot
part to the felting process.We have chosennot to simulatesuch
processesasthey suit a moreinteractive felt creationprogramthan
ourdatadrivenapproach.

Our syntheticfelt processproducesa texturedimagewith several
importantcharacteristics.First, individual strandsarenot notice-
ableunlessin high contrastareasor theimageis scaledto a higher
resolution.Thethin andtransparentindividual strandsarelessim-
portantthan the combinationof strands. It is the tangle, the in-
terwovenstructure,that is perceptibleandproducesa �brous, ran-
domizedsurfacetexture.This fuzzy surfacetextureis themostim-

Figure9: Top,theoriginalorange�o wersimage;middle,thefelted
image;bottom,closeupdetailof petalsfrom theorangeimage.

portantcharacteristicof felt anda primarygoal for our algorithm.
Fig. 13shows acomparisonbetweenthedetailsof realfelt andour
syntheticfelt model. While thereremainsroom for improvement
in the algorithm,the resultingsynthetictexture doesresemblethe
undirected,chaotictextureof real felt work. However, the texture
existsat quitea �ne scale.As in real felt work, astheviewing dis-
tanceincreasesor theimageis scaledto a lower resolution,the�ne
textureof thestrandsis lost andtheimagebecomesblurred.

We next examinethe effect of applying the algorithm to images
with a varietyof region sizesandhomogeneities.In Fig 8, we test
the algorithmon a syntheticcheckerboardof variouscolors. The



Figure10: Top, the�eld �o wer image;bottom,thefeltedimage.

syntheticimagegivesa goodtestof the algorithm's effect on ho-
mogenousregions,allowing usto view thefelt textureindependent
of thevisual complexities of high frequency colors. Fig 8 shows
that thealgorithmproducesthe �brous felt texturewithout relying
on high frequency contentfrom theimage.Also, while theborders
betweencolorscontainorientatedstrands,thereis a smallamount
of crossover thatproducesa colorspill.

In Fig 9 weapplythealgorithmto animagewith smaller, relatively
homogenousregions.While theboundariesof thepetalsandstems
arepreserved,somelinesdodeviatefrom theboundaryandproduce
a fuzzy appearance.Within thepetals,therandomizedfelt texture
is apparent.

In Fig 10 we seethe effect of the algorithm on a naturalimage
with a greatdeal of high-frequency detail in the stalksof plants
andbladesof grass. In the resultingfelt image,mostof the �ne
local detailhasbeenlost. However, we shouldnot expectthatde-
tails of this kind shouldbepreserved; thefelting mediumdoesnot
well lend itself to representingarbitrary �ne-scale structure. The
resultingimageis alsosigni�cantly �atter andmorecohesive; even
thoughthe regionsareseperate,the impressionis of a singlesur-
facewith changingcolours.Thiscohesivenessis anotherimportant
characteristicof felt work. By having a single, �ne-scale texture
over theentireimage,the regionsarerelated,creatingtheappear-
anceof a single surfacewith an inlaid image. In this imagethe
regionsof theimagehave blendedtogetherto form a homogenous
surfacetexture that maintainsthe overall appearanceof the image
in a ratherimpressioniststyle. In Fig 15 we show a closeupof the
�eld �o wer imageto betterdemonstratethefelt texture.

Thefelting processappearsto removesomeof thesubtledepthcues
of images.Thedistant�eld in the upperpart of Fig 10 is unrec-
ognizableassuchin the felted image.This �attening is causedby

theremoval of thehigh frequency detailsfrom theimage.Whereas
in therealimage,thedistinctionbetweenthehigh frequency of the
foregroundandthelow frequency of thebackgroundis noticeable,
in thefelt image,thetwo regionshave a similar texture.

Anotherissueis thecomplexity of color in felt pieces.Dueto the
transparency of wool strandsandtheeffectsof color dithering,felt
artistsareable to producea vastarrayof colorsby layeringwith
evena smallnumberof colors.Currentlyour algorithmrepeatedly
samplesfrom theunderlyingimageto determinestrandcolorsfor
differentlayers.Theeffect is thathomogenousregionslike in Fig
8 producea fuzzy felt texturewithout greatcolor variation. While
felterscananddoproduceregionsof �at color, thecolorcomplexity
possiblein felt is oneof its attractive features.This complexity is
approachedin our algorithmwhentheimagecontainsa numberof
differentcolorsin a smallregionasin Fig. 5 or 10. With a higher
frequency of color, ditheringandblendingover thelayersincrease
thecolor variationandsimilarity to realfelt work while alsomain-
tainingthesame�brous textureasin homogenousregions. Future
work may includelessrelianceon the imagefor color complexity
by modifying the strandcolorsfor different layersto increasethe
complexity of homogenousregions.

Our felting algorithmdoescontainseveral limitations. The algo-
rithm doesnotcurrentlyallow a tremendousvariationin theresult-
ing image.Thereis little effect if we addnumerousmorestrands;
by varyingparameters,wecontrolonly strandlengthandfuzziness.
Theseparameterchangesareonly variationsof a single,uniform
felting style;they donotallow thewidevarietyof texturespossible
with felt. Thestylesof felt work canberadicallydifferent;every-
thing from Fig 6 to Fig 12, to densefelt hats,to long, loosely
matteddecorative piecesarepossible. The artist hastremendous
control in choosing,orientating,andpressingthe wool �bers. In
contrast,our approachis mostly data-driven with little input from
the userasidefrom modifying initial conditions. Unlike real felt
working, thereis no control for modifying parametersfor different
regions. Lastly, artistsare free to manipulatethe felt objectonce
thefelting processis complete.They canembroiderthework, add
otherfabrics,re-dye,or performotherpost-feltingoperations.Our
processdoesnotconsiderany of thesefurthersteps.

4.1 Timing

The felting processis moderatelyexpensive, owing chie�y to the
renderingtime for thelargenumberof strandsin a felt object.The
felting processtakes approximately40s to run on a 2.4 GHz P4
with inputimagesof size256� 256andresultingfelt imagesof size
1024� 1024. Of this, modellingis approximately10s, calculating
thedeepshadow mapsanother10sandrenderingtheremaining20s.
This expensecouldbe improveduponby modifying thealgorithm
to draw the strandsaway from densefelt regions, resulting in a
smallernumberof strandsneededto cover theimageplane.

5 Conclusions

We have presentedanautomatedmethodfor transforminga given
imageinto a feltedversionof theimage.Ratherthansynthesizing
two-dimensionalimages,as hasbeencommonplacein NPR, our
work createsa threedimensionalfelt object. Strandsof wool are
drawn in threedimensionsandorganizedinto layersof �bers. We
employ imagestructureandauser-controlledvarianceparameterto
control the fuzzinessof our felt objects.We alsousedeepshadow
mapsto accountfor thecomplex self-shadowing of thelargenum-
berof transparentwool strands.



Theresultingobjectsresemblerealfeltedartworks,having visually
similar surfacedetail anddepictingthe artisticcompositionof the
inputimage.Wesuggestthatthemethodmightbeemployedby real
felt artistsasa way of previewing a projectbeforeactuallystarting
thecrafting.Thereis alsoscopefor futurere�nementsof theproce-
dureon this topic,somepossibilitiesfor which wedescribebelow.

5.1 Future Work

Futurework may include exploring the effect of using �bers for
otherNPRstyles.In Fig 11weshow theeffectof producinglonger
strandswhichgrow upoutof theimage.Theresultingtexturebears
a resemblanceto mossor fur.

Figure11: Mossyimageof thestandardpepperstestimage

More complex modelsareneededto bettersynthesizefelt objects.
Modelling larger piecesof wool may result in more realistic felt
objects.Fiber densityandintersectionsarealsoimportantaspects
of the interwoven natureof textiles. Adding in further interwo-
ven structuremay alsoalleviate computationaldemandsas fewer
strandswill benecessarytocovertheimageplane.Someartistsalso
usefelt to create3D felt sculputures.An intriguingmodellingchal-
lengewould beto createa felt sculpturefrom anabitrarymodel.A
morecomplex self-shadowing algorithmmayalsobeimplemented
to allow moresophisticatedlighting effectssuchasspotlights.De-
viation from thecolorsof theunderlyingimagefor differentlayers
shouldallow amoreattractiveblendof colorwherethehomogenity
of theimageis notdesiredin theresultingfelt object.

As mentionedearlier, anotheravenueof further researchmay ex-
ploretheeffectsof usingvarious�bers. Somefelt artistsuse�bers,
or blendsof �bers, otherthanwool to createpieceswith different
surfaceproperties.Oneof thelimitationsrealfelt artistsmustcon-
sider is the matting abilities of certain�bers. Silk, for instance,
doesnot lenditself well to felt pieces.In simulationhowever, these
propertiesareirrelevantandcomplex renderingexploring thesevi-
sual�ber propertiesmayallow additionaleffectssuchasshinierfelt
objects.Artists maybeableto explore thevisualizationof felting
diverse�bers to inspirenovel real-world felting techniques.
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Figure12: SunriseII by artistMyrnaHarris

Figure13: Top,detailfrom Fig 7; bottom,detailfrom thesynthetic
felt mandrill

Figure14: Glassbird images.Top,closeupwithout self-shadowed
lighting; bottom,closeupwith self-shadowed lighting usingdeep
shadow maps.

Figure15: Closeupof �eld �o wer image


