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Abstract

In this paperwe presenta high-quality image-spaceappioad to illustration that preservescontinuoustone by

probabilisticallydistributing primitiveswhile maintaininginteractiverates.Our methodallowsfor frame-to-fame
coheenceby matding movement®f primitiveswith changesin theinputimage. It canbeusedto createa variety

of drawing stylesby varying the primitive typeor direction.\We showthat our approad is ableto both preserve
toneand (dependingon the drawing style) high-frequencydetail. Finally, while our algorithm requires only an

image asinput, additional 3D informationenableghe creationof a larger variety of drawing styles.

Catagories and Subject Descriptors (accordingto ACM
CCs) 1.3.3 [ComputerGraphics]:NonrealisticRendering,
Halftoning & Dithering, Monte Carlo Techniques|mage
ProcessingPrinting, Rendering

1. Intr oduction

lllustrations are interestingalternatves to traditional pho-
torealistic renderingin terms of both artistic expression
and the power to convey information more effectively us-
ing a possibly limited palette of tones.A numberof ap-
proacheshave beenproposedto simulateillustration with

computergeneratedmagery Pen-and-inkillustration tech-
niguesare the most comparableto our work and can be
groupedroughly into two cateories:image-spacenethods
(e.g? 2) andobject-spacenethodqe.g31 32 18 11 14 22)

Theformerhave usuallyaimedat producinghigh-quality
imagesfor printing, while mostof the latter have beende-
signed for interactive applications.Consequentlyimage-
spacemethodsfocus more on representingone and avoid-
ing the undesirable'shower door6 effect, where strokes
“stick” in image spaceindependenf object movement.
Object-spacanethodsconcentrateon achieving interactve
rates and frame-to-framestroke cohereng. Someimage-
spacemethoddiscretizetonefor cartoonshadingeffectsor
usea minimumnumberof strokesfor expressienessThose
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that attemptto accuratelyrepresentone with a signi cant

numberof primitives (penor brushstrokes or stipples)are
notsuitablefor interactive applicationdecausef theircom-
putationakostandtheirlackof primitive cohereng between
individual frames. Alternatively, object-spacenethodsare
typically restrictedto attachingstroke texturesdirectly to the
3D geometry Suchmethodscannoteasily simulatecertain
expressive drawing styles,suchasallowing strokesto cross
boundariesor the use of motion lines. Not insigni cantly,

object-spacenethodsrequire 3D geometryand cannotbe
applieddirectly to imagesor photographs.

In this paperwe proposeanimage-spacenethodthatac-
curatelyrepresentglobaltonein a scale-independemban-
nerwhile preservingrame-to-frameoherenceThemethod
is capableof producingboth high-quality imagessuitable
for printing andinteractve renderingsat lower resolutions.
Our approachis similar to that of Saliskury et al.?5 in that
we derive a probability densityfunction (PDF), or “impor-
tance” from the input image.A sequencef precomputed,
uniformly distributed pointsin 2D is thenredistributedac-
cording to the PDE Our PDF is designeda priori to ac-
countfor thetonethatwill be generatedy the redistritu-
tion processThis eliminatesthe expensve incrementalup-
datingprocedure®f theimportanceequiredin Salishury et
al.?5 Also, sincethe PDF varies continuouslyas the input
imagechangesve canachieze frame-to-framecoherencef
theprimitive positionsby reusingthe samesequencef uni-
formly distributedinputpointsfor every frame.We supporta
large variety of differentdrawing stylesincluding examples
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Figure 1: A hatdhed pen-and-inkillustration usingthe im-
age gradientfor primitive orientation.

thatpresere sharpfeaturesandedgesandothersthatallow
individual strokesto crossedgesFigurel shavsanexample
renderedwith a feature-preservingtyle. Additional styles
arepossiblef additional3D geometryis available.

In the next section,we describethe necessaryprevious
work, followed by the derivation of the PDF andthe redis-
tribution of theinput pointsin Section3. Sectiond describes
differentchoicesof input pointdistributions.Finally, in Sec-
tion 5 we describehow to achieve differentdrawing styles,
beforepresentingesultsin Section6 andconcludingwith a
discussiorof futurework in Section?.

2. RelatedWork

Our work attemptsto automaticallyplace primitivesfor il-
lustrative purposesvhile accuratelyepresentingonewith a
limited paletteandmaintainingframe-to-framecoherenceat
interactive framerates Relevantrelatedwork includesauto-
maticillustrationtechniquesteal-timeNPRtechniquesand
techniquegor accuratelyepresentingone.lllustrationtech-
niguesbasedon userguidedsystemsdor placingprimitives
(e.g?* %) arelessrelatedandwill notbediscussed.

Accuraterepresentationf continuougonehaslong been
animportantgoalof mary traditionalartists. However, mary
of thecurrentautomatidllustrationtechniquegocusonsim-
ulating a particularmediumor style andarelessconcerned
with representationf toneandmayevenpurposellimit the
tonal range® Consequentlythe placementof primitivesis
oftenguidedlessby tonethanby thedesireto representex-
turesor featuresHowever, increasinghe accurag of tonal
reproductiorprovidestheartistwith acontinuousatherthan

discretepaletteandaidsin producingessheaily stylizedil-
lustrations The currentautomaticapproacheto illustration
canbegroupednto two cateyories,object-spacandimage-
spacemethods.We focus mainly on the pen-and-inktech-
niguesin thesecateyories, since our approachalso usesa
two-tonepalette.

Object-spac¢echniquesreoftenusedfor interactive ap-
plications and attachindividual primitives directly to the
3D geometry For example, Winkenbachand Salesifi! de-
velopedthe conceptof a stroke texture, which is a priori-
tizedlist of strokesfor a single geometricobject. A subset
of thesestrokes is then usedto approximatethe local tar
get tone. Hertzmannand Zorin'! place hatchesand cross
hatchesalong a cross eld derived from the local curva-
ture of a 3D object. They approximatea discretizedset of
tonesusingregionsof cross,singleor no hatching(in addi-
tion to undercutandMach bandsto improve contrast)and
vary stroke width for continuitybetweertonesKlein etal.14
developedtheconcepof art mapswhicharepre Itered tex-
turesrepresenting certaindrawing stylefor differenttarget
resolutionsPraunet al 22 extendecthis concepto tonal art
maps which allow for smoothtransitionsbetweerart maps
to achieve continuougoneimages.

Theseobjectspacemethodscan usuallyachieve interac-
tive frame rateswith a high degreeof coherenceébetween
successie framesby attachingthe strokesto the 3D geom-
etry. Stroke locationsremain x edin objectspaceandonly
the intensitiesof the strokes vary dependingon the view.
Thesamethoddimit thedrawing stylesthatcanbeachieved.
Somedrawing stylesin traditional pen-and-inkillustration
call for fuzzy outlinesor individual strokescrossingsilhou-
ette edge& which cannotbe easily simulatedwith object-
spacemethods Praunet al.22 achieve real-timeframerates
and accuraterepresentatiorof tone, but cannotmove the
strolesoff thesurfaceof the object.

Image-spacenethodsplaceprimitivesusinganinputim-
age,which can of coursebe the result of a rendered3D
model. Using imagesas input ratherthan 3D models,Sal-
isbury et al.23 developeda methodfor generatingpen-and-
ink illustrations that presere tone acrossscalesby using
fairly expensve datastructuregto track discontinuitiesand
presere edges.Deusseret al.2 presenta stippling method
that usesrelaxationto ensurethatthe nal pointsare uni-
formly spaced(Poissondisk, or “blue noise” distributed)
which is visually more pleasing.Enegy minimization in
image-spacéhas beenusedfor certaintypesof primitive
placementincluding paintandstreamlinevisualization!2 28
Salishury et al.?5 placeindividual strokesin the imageand
distribute themaccordingto animportancefunction thatis
derived from the differencebetweenthe input image and
the sumof the precedingstrokes. The importancefunction
is storedin animagepyramid that needsto be updatedaf-
ter every stroke is placed.Our proposedapproachusesa
similar distribution of primitives. Techniquesfor accurate
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representationf continuougonein a discretedomainhave
beenwidely studiedfor creatingphoto-realrepresentations
in the eld of halftoning Somehalftoning techniqueghat
extendinto NPR placevarying typesof primitivesbasedon
tone’ or corvey patternby carefullyconstructinglitherma-
tricesbasednimagetone?® or 3D scenanformatiorf?. Us-
ing 3D geometryas input has allowed someimage-space
methodsto usesilhouetteinformation, but replacestraight
silhouetteedgeswith sketchylines (e.g.Markosianet al.18)
in image-spacepr replaceindividual partsof the geometry
with textured polygonsthat are orientedto facethe viewer
(DeusserandStrothott€). While thedescribedmage-space
algorithmsproduceimagesof very high quality, they usually
requireoff-line processingand eitherdo not addressssues
of accuratelyrepresentindonewith larger primitivesor do
notaddresshe“shower door” effect.

Somemethodausea combinatiorof techniqueso achieve
interactive frame rates.Kowalski et al.15> place primitives
similar to Salishury et al!s?®> image-spacenethod,but x
themin object-spacéo achieve multiple frames-peisecond.
Kaplanetal.13 achie/e interactve rateshy extendingKowal-
ski'swork to includeamethodof interactiely placingprim-
itives.They obtainframe-to-framecoherencéy varyingthe
shapeandsize of the primitives.Lake et al.16 achieve real-
time ratesby usingprecomputedexturesto representhree
or four tones.Thetonesareassociatedvith materialsonthe
surfaceof 3D objectsandstrokesareaddedin image-space
for expressionFreudenbeyetal 5> provide amethodfor pre-
servingtone of Itered texturesby manually constructing
carefullydesignednk-maps While thelatterthreemethods
achieve interactve ratesandcanplaceprimitivesin image-
spacewhich allows awider variety of styles,they donotat-
temptto ensureaccurataepresentationf continuoustone.
Theformermethodmaintainscontinuougoneatinteractve
ratesbut requirestoo muchmanualconstructiorof textures.

In our work, we derive a probability density function
(PDF) from theinputimage,which is similar to the impor-
tancefunction of Salishury et al.2> The PDF is designeda
priori to position primitives to achiere the correctoutput
tone. The renderingitself then merely consistsof taking a
sequenceof precomputeduniformly distributed points in
2D, andredistrituting themaccordingto the PDFE Oncethe
primitive locationsare de ned a variety of draving styles
can be used. Since the locationsvary continuouslywith
changesn theinputthetechniquenaturallyachievesframe-
to-frame coherenceand scale-independerntbne. We shav
that both the derivation of the PDF from animageandthe
actualrenderingcanbedoneatinteractve framerates.

3. Real-time Image-spacdllustration

As outlinedin Section2, our methodtakesa setof possibly
precomputediniformly distributedrandomor quasi-random
points,andredistributesthemaccordingo aprobabilityden-
sity function (PDF) derived from an input image.We then
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placeprimitivesat the redistributed pointsto obtaina pen-
and-inkstyleimageof theoriginal scene.

We rst describethe detailsof this redistrilution process
andthendiscussthe derivation of a PDF from a given in-
putimage.Thetoneof the original imagein the stippledor
hatchedben-and-inloutputis preseredby thederived PDE

3.1. Generating Random Points With a 1D PDF

Given a one-dimensiongbrobability densityfunction p x ,
X 0 1, andasetof uniformly distributedrandomsamples

X over 0 1, we canredistritute the samplesaccording
to p x . An exampleof a 1D probability densityfunctionis
shavn in Figure 2(a). The transformationmethodis well-
describedn theliterature(e.g?%):

We computethe cumulativedensityfunction
X
C x pt dt
0

asshawn in Figure2(b). We theninvertC x andtransform

eachsamplex; to getx, C L% . Thisis shavn graph-

ically in Figure 2(c) by mappinga setof sampleson the

y-axis throughto the x-axis. The set x; , drawn ascircles

on the x-axis of Figure2(c), is distributedaccordingto the

original probability densityfunction p x . Notethatfor the

purpose®f theillustration,theinput samplesetis regularly

distributed,but it shouldbe choserfrom a uniform random
distribution. Also, anintuitive explanationof the mechanics
of thetransformatiormethodis possiblewith Figure2. The

peaksin the probability density function are transformed
throughintegration into areasof high slope. Theseareas
of high slopeconsequentlyathermoreinput sampleghan

otherareas.Symmetrically valleys in the densityfunction

correspondo areasof low slopein the cumulative density
function,whichintersecfewerinputsamples.

3.2. Generating Random Points With a 2D PDF

Given a 2D probability densityfunctionp x , x 012,
anda setof uniformly distributedrandompoints p; over
0172 we canredistributethepointsaccordingo p x using
thetransformatiormethod.

To nd they-coordinateq; y of aredistritutedpointg; we
computethe cumulativedensityfunction

1
p x dx
0

My Oymt dt wheremy
and obtain gijy M 1 pPiy - The function my is the
mauginal densityfunctionof p x . In a2D image,my can
be consideredhe averageintensity of the scanliney. Note
thatM y is monotonic,but not necessarilystrictly mono-
tonic if somescanlineshave zerointensity Hence,the in-
verseM !y exists almosteverywhereexcept at isolated
points.
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(a) Example1D probability density

function. function.

05

(b) Example 1D cumulatve density

(c) Example 1D cumulatve density
function and regular samplingof its
inverse.

Figure 2: 1D exampleof redistributing pointsaccouding to a probability densityfunction.Compae the sampleqcircles)at the

bottomof Figure 2(c) to thedensityfunctionin Figure 2(a).

Given iy, we cannow determinethe x-coordinateq; x
by redistrituting p; x accordingto the PDF of therespectie
scanline Mathematically this is describedby a conditional
PDF
P XQiy

m g y

andits cumulatve densityfunction

C X0y

X
C xaiy CSQjy ds
0
As before,the x componenbf the new pointis givenby the
inverseof thatfunction:qix C 1 Pix iy -

For adiscretePDF p x , suchasonearisingfrom anim-
age,M y andC xy areeasilyprecomputedsa 1D anda
2D table,respecitiely.

3.3. Deriving a PDF From an Image

In stippling, hatchingand other applications,the samples
that we would like to placehave nite area.lt is possible,
andwith increasingdensityquite likely, thattwo randomly
placedsampleswill overlap.Oncea pixel hasbeencovered
by a primitive, further overlap hasno effect. Thusthe area
covered by all samplesdoesnot changelinearly with the
numberof samplesFor example,if we wereto setN pix-
els uniformly at randomin animageof M total pixels, the
ratio of thenumberof pixelssetto thenumberof pixelscho-
senis nonlinearandreacheonly about60%whenN M.
The non-linearityis solely dueto overlap — pixels chosen
morethanoncedonotchangeheresultingimage It is, how-
ever, possibleo correctfor overlapby modifyingthedensity
functionaccordingly We will rst considerthe simplecase
whereall primitivescover asinglepixel.

Letl x; betheintensityof the baseimageat pixel x; as
avaluebetweerD and1. Notethat2D pixel positionsdo not
play arole in the caseof single pixel primitives,sowe use
the simpler notationwith a single subscriptto distinguish
betweerpixels. The draving processhouldcreatea binary
imagewherethe probabilitythata pixel x; is setis identical
to theintensityof thecorrespondingixel in thebasemage,
thatis, px; 1 | xj . Furthermorewe wantto be able
to independentlyplacerandomsamplesfor generatinghis
binaryimage.We needto nd aPDFq x thatcanbeused
with the algorithm from Section3.2 suchthat once primi-
tiveshave beenplacedandoverlaptakeninto consideration,
the probability of eachpixel beingsetis asabove.

After placingN samplesccordingo thedensityfunction
g x , the probability that pixel x; hasnot beensetis 1

ax V. Thereforewe requirethat
1 1 gx N pxi 1
gxi 1 "1 px 1 @)
foralli 1 n.Wealsorequirethatq x; integrateto one

sothatit satis esthede nition of aprobabilitydensityfunc-
tion. Combiningthis constraintwith Equationl givesus

n
o

a"l px 1 n 1
i1

gxi 1 2

Qo5

i1
This non-linearequationfor N canonly be solved directly
for aconstanintensityimagel x;  lg. For generaimages
thisequatiorsystencannotbesolveddirectly, however stan-
dardnumericalmethodswork well. We braclet the value of
N betweena minimum and maximumvalue and performa
binary search.The maximumcanbe chosenasthe number
of sampleghatwould berequiredto cover animageof con-
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stantintensity very closeto black. Furthermorejn practice
this binary searchdoesnot have to extendover the full sum
in Equation2. Every termin the sumonly dependsn the

probabilityp x; 1 for eachpixel, which in turn depends
only ontheintensityl x; of thebasemage,andthatis usu-
ally quantizedfor exampleto 256 levels. Therefore,if we

denotethe quantizedintensitylevelsaslj, j 1 K, and

the histogramof the intensitiesin the baseimageasH 1 ,

we canrewrite Equationsl and2 as

qlj 1 N [ 3)
and

-~

aHI, YT 1 n 1 (4)
j1
whichinvolvessumsover only K levelsratherthann pixels.

A similarformulacanbederivedfor primitiveslargerthan
a single pixel (seeAppendixA). That methodrequiresthe
additionalassumptiorthat the toneto be reproduceds ap-
proximatelyconstantover the supportof the stroke. This is
thecasefor example,if the strokesarethin in onedirection
andthey areorientedorthogonalto the gradientof the tone
in the sourceimage.Note that drawing stylesthat require
individual strokesto crossdiscontinuityedgesautomatically
compromiseon thetonereproductionso this assumptions
notaserioudimitation. Similarly, it is clearthatno pen-and-
ink renderingstyle can preciselypresere featuressmaller
thanthe strole width. A grayscaleampillustratingthetone
preserationwith this methodis shavn in Figure3.

3.4. Algorithm

To summarizehe previous theoryandthe following imple-
mentationdetails, we list the stepsof the completealgo-
rithm:

1. Captureaninputimage,possiblyfrom a 3D object

2. Build the histogramof theimageintensities

3. Searchfor N, the numberof primitivesto place,using
Equationd

. Computeq I ,j 1 KusingEquation3

. Integratescanlinesandinvertto form M !

. Integrateandinvertto form C 1

. DistributetheN primitivesaccordingoM *andC !

~NOo 0o b

4. Input Point Distrib utions

To this pointwe have assumedhattheinput pointsarePois-
sondistributed,i.e. areindependentlghosenuniformly dis-
tributedrandompoints.This doesnot necessariljnave to be
the case;we canchoosethe input points from a variety of
differentrandomdistributionsandquasi-randonsequences.

Poissordistributionstendto form small clustersof points
thatarerelatively closetogetherlt is widely acceptedn the
stippling and halftoning literaturé® 2 that a more uniform

¢ TheEurographicsAssociation2002.

point spacingyields morevisually pleasingresults,so that
Poissondisk distributions (“blue noise™9) areusually pre-
ferred.

Ourmethodmapsary giveninput point setthrougha dis-
tribution function to determinethe nal location of prim-
itives. If the baseimage usedto generatethe distribution
function is approximatelyconstantlocally arounda given
point,thenthe mappingobtainedy thedistributionfunction
is approximatellinearlocally. This indicatesthatdesirable
propertiessuchas minimal distancesn a Poissondisk dis-
tribution shouldbe locally presered in regions of approxi-
mately constantintensity This propertybreaksdown in re-
gionsof strongchangessuchas edgesbut thatis alsothe
casefor traditionalimages.

We usethe rst N samplesof a precomputedooint se-
quence(whereN is determinedaccordingto Section3.3)
for every framein orderto maintainframe-to-framecoher
ence.This meansthat we arerestrictedto point sequences
whereary subsetconsistingof the rst N samplesis well
distributed.This eliminates for example,the Hammerslg1®
point set,which is only well-distributedin its entirety but
allows usto usethe Haltor? or Sobof® sequences.
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Figure 3: Comparisorof differentinput distributionswith a
pointdistributionanda grayscaleramp.Fromtopto bottom:
Poissondistribution, Halton sequenceSobolsequencend
hierarchical Poissondisksequence

In addition, we experimentedwith Poissondisk dis-
tributed points generatedvith the hierarchicalapproachof
McCool andFiumé?. Besidesheingfasterthanothermeth-
odsfor generatingPoissondisk distributed points, this ap-
proachalso hasthe adwantageof producinga sequencef
points that are Poissondisk distributed with a decreasing
disk radius.In Figure3 we comparethe performancef the
differentapproacheby applyingthemto asimplegrayscale
ramp.

It canbe seenthatthe Poissordistribution clustershein-
dividual samplesresultingin a very noisy andirregularim-
age.The otherdistributions avoid excessie clusteringand
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achieze moreuniform samplespacing The Sobolsequence,
however, sometimesendsto form undesirablgatternsThe
Halton sequenceandthe hierarchicalPoissorndisk distribu-
tion arefree of thoseartifacts.Basedon this experiencewe
usuallychoosethe Halton sequencéor our methodsinceit
is computationallynoreef cient to generateThe otherim-
agesin this paperare renderedusing the Halton sequence
unlessotherwisenoted.

5. Drawing Styles

The algorithmsfrom Section3 can be usedto determine
stroke positionsfrom inputimages.Whatremainsopenare
issuesof acquiringthe input imagesfrom 3D modelsand
orientingthe strokes.Differentchoicesof methoddor these
tasksgive riseto alargevariety of renderingstyles.

The basicalgorithmfor placingthe strokesonly requires
agrayscalénputimageto generatea PDFE Hence our algo-
rithm is ableto work from datalike photographor paint-
ings. Thesecan be preprocessedavith ary kind of image
processingool to achieve the desiredeffect. For example,
indicatior? 31 canbe achieved by increasingor decreasing
the brightnessin selectedpartsof the input image.In ad-
dition, we include a transferfunctionin our system,which
allows for on-the- y adjustment®f contrastor toneon the
wholeimage.

Startingfrom a 3D modelratherthananinputimage,we
rst usean OpenGLrenderingpasswith traditional shad-
ing andspecularanddiffuselighting to generateanimage.
However, by startingfrom a 3D modelwe caneasilygener
ateadditionalinformation,encodet into theimage andlater
useit to drive differentdrawing styles.For example,we can
draw silhouetteoutlineseitherusingenvironmentmapsg or
by explicitly traversingthe input meshand nding silhou-
etteedges Similarly, we canencodeadditionalinformation
for determiningthe strolke direction into other color chan-
nels.In an RGRA framehuffer, this givesusthreechannels
to be usedfor suchadditionalinformation.We have exper
imentedwith the following optionsand more are certainly
possible:

Computinga pervertex tangentor parametricdirection,
projectingit into imagespaceandinterpolatingit for ev-
ery pixel (all stepsarepossiblein a single passin hard-
ware) to be usedas a stroke direction. This yields re-
sults similar to the onesdescribedby Winkenbachand
Salesif?.

Computingandencodinga normaldirectionin muchthe
sameway. Thisis aninterestingway of draving shortfur
or grass.

Encoding2D stroke directionsinto a camera-aligneén-
vironmentmap.This canbeusedto give areagacingdif-
ferentdirectionsdifferentstroke properties.
Encodingobjector materialidenti cations for individual
partsof the scenewhich canthenbe usedto renderdif-
ferentobjectsin differentstyles.

Basedon this information,we cangeneratesariationson
threebasicdrawing styles:

Point Stippling

The simplestrenderingstyle is point stippling, which does
not requireary directionalinformation. We simply place
OpenGLpointsor scannedstipple texturesat the positions
obtainedwith themethoddescribedn Section3.

Figure 4: A stippledimage of footbones.

Hatching

For hatchingwe eitheruseOpenGLlinesof differentwidths

and lengths,or scannedexture mapsof real pen-and-ink
strokes. For the stroke orientationwe canchoosebetweera

constantirectionor ary kind of directionencodednto color

channelsasdescribedabore. Finally, we canalsocompute
the gradient eld of theimageintensity and orient strokes

orthogonalto it. This works both for imagesand 3D mod-

els,andorientsstrolesparallelto discontinuityedgeswhich

helpspreservingthe tone of the input image as described
above. In areasn which the intensitygradientis not strong
enoughwe caneitherdefault to a constanstrole direction,

or searchfor astrongergradientin animagepyramid.

CrossHatching

For crosshatchingwe can vary the hatchdirection proba-
bilistically. Saywe wantto startcrosshatchingfor somein-
tensitythresholdl x  a. Wheneer we placea stroke at
pixelx; j , wechooseheorientationasfollows: if theinten-
sity of theinputimagel x; j atthatlocationis lessthenthe
threshold we computethe stroke directionwith ary of the
methodsdescribedhbove. If | x; j is largerthanthethresh-
old, hawever, thenwe choosethe original orientationwith
a probability of a | xj j , and a secondarydirection with
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a furry look.

probability 1 a | xjj . This secondaryorientationcan
eitherbe a x eddirection,the original directionrotatedby
some x edangle,or ary rotationinferredfrom anencoding
of anobject-spac@ropertyasdiscussedbove.

Figure 6: Crosshatcing in very dark areastogetherwith
silhouetteextraction causea hairy appeaance of the legs
andantennae

6. Results

We have implementedh systemdemonstratingur approach
to distributing primitives that preseres continuoustonein
a scale-independemhanner We can eitherload imagesor
3D scenesasa startingpoint for our method.The different
draving methodsdescribedn the previous section,aswell
asthe parametersor theinitial renderingof the 3D model,
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canproducea multitude of differentstylesof which we can
only shav asmallsubset.

Figure 1 shavs a bust model renderedwith hatching,
wherethe hatchesare aligned againstthe image gradient.
Only therenderedscends usedto align the strokes,andnot
the 3D modelinformation. Figure 1 shavs a good preser
vation of sharpfeatures.Figure 4 and 5 shav resultsfor
stippling and hatching,respectiely. Figure 6 shavs a bee
renderedwith crosshatching,which givesthe legs andthe
antennae hairy appearancerigure 8 shavs how our sys-
tem accuratelypreseres continuoustone. Figure 9 (Top)
shavs every fth frameof antwenty- ve frameanimation.
All of theprimitivesin theframeonthefar left appeain the
frameon thefarright at adjustedocations Extraprimitives
have beenaddedoverthetwenty- veframessincetheimage
darkens.The primitiveshave been“shape-encodedto help
tracetheir movement.More examplescan be found at the
endof this paper

The performanceof our methoddependson several fac-
tors.The rst oneis the size of the table usedfor the PDF
and the distribution functions. This size is algorithmically
independenof theresolutionof the nal image,sosmallta-
ble sizescanbe usedto reducerenderingcost.However, if
thetablegetstoo small, sharpedgeswill startto alias.The
resolutionat which theseartifactsstartto bevisible depends
on the size of strokes, but we generallyfound that usinga
PDFtableof half the sizeof thetargetimageproducegood
resultsexceptfor stipplingwith very small point sizes.The
secondfactorfor performances the renderingstyle. Com-
putingimage-spacegradientgor orientingthe strolesis rel-
atively expensve, while generatinghe orientationfrom en-
coding a 3D directionis practically free. The costof ren-
deringthe initial 3D modelis negligible sincethe meshes
do not needto be very detailedto sene asa basisfor pen-
and-inkillustration. The numberof strokesrendereds an-
other costfactor Very dark imagestake longer than light
onesandimageswith largestrokesrenderfastetthanimages
with very smallones Themajorcosthereis therenderingof
theindividual points,lines, or texture-mappedtrokesusing
OpenGL(which is a geometry-bounaperationon current
graphicshardvare).

Dependingon the abore parametersye were able to
achie/e betweer? framesperseconcandl15 framespersec-
ondonal.5GHzPentiumwith aGeForce3 card,usingPDF
sizesbetweer56 256and512 512for thesceneshown
in this paper No specializedhardware was usedwith our
softwareimplementatiorto obtaintheseframerates.

A commongoal of mary real-timeNPR techniquess to
achiee frame-to-framecoherenceof primitive placement.
In our approachindividual primitives are placedin image-
space are thereforenot attachedto 3D geometryand can
move aroundfreely. Thus,we cannotexpectthemto move
exactly with the 3D objectpoints.However, sincewe re-use
the samesetof uniformly distributed points,small changes
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in theinputimage(andthereforan thePDF)will only result
in small adjustment®f the point positions.For example,if
a highlight movesacrossa 3D objectdueto a moving light
sourcethentheindividual strokeswill rearrangehemseles
continuouslyaroundthehighlightasshavn in thetop of Fig-
ure 9. Similarly, if the transferfunctionis adjustedcontinu-
ously thestrokeswill slowly move acrosgheimageto adapt
for thechangesTheseeffectsaredemonstratedh thevideo.
Sinceour approachdistributesprimitivesin real-timebased
on intensityand primitive size,continuougoneis precisely
replicated Evenwith theuseof slightly largerprimitivesthe
globaltoneis accuratelypreseredandis scale-independent.
Our methodis basedentirely on the locationof primitives,
allowing usto easilysimulatemary drawving stylesby alter
ing the primitive type or direction.

7. Conclusionsand Futur e Work

In this paperwe have presentedan image-spacealgorithm

for generatingcontinuoustone illustrations at interactve

framerates.Our approachfor distributing primitives natu-
rally providesscaleindependentesultswith frame-to-frame
cohereng. Thatis, individual strokesmove continuouslyas
the input imagechangesWe demonstratehat a numberof

differentdrawing stylesarepossibleusingonly animageas
aninput. More stylesare possibleif additionalinformation

suchassilhouetteedgesor materiallDs canbederivedfrom

a3D model.

Preseration of continuoustonewith our approactis de-
pendenton the size of the primitive, the featureto be pre-
sened (i.e. edges)andthe viewing distance This is a stan-
dardlimitation, since,aswith ary halftoningtechniquethe
formation of continuoustone from a discretepaletterelies
on the spatial integration of the eye. Thus, our approach
preserestoneif the choiceof draving primitive, imageor
model and viewing distanceis reasonableOur frame rate
dependson several factors(brightness size of PDF table,
drawing styleetc.)andis thusnot constantThis couldlimit
the applicability of our methodin somesituations.A -
nal limitation is the distancea primitive movesfrom frame
to frame.While primitivesmove continuouslythe apparent
movementfrom frameto framecanbedistracting especially
atthelower framerates.

In the future we would like to extend the tone correc-
tion methodto work for grayscaleand color primitives or
graftal$s. Grayscaleor semi-transparerdtrokesor brushes
couldbeusedto simulateothernon-photorealisticendering
effects suchas watercolot. Additional pen-and-inkstyles
could also be incorporatedinto our method.For example,
it would be easyto clip strokes againstobject masksren-
deredusing an ID buffer algorithm. This would presere
discontinuitiesin the imagewithout having to align strokes
orthogonalto the gradient eld. Finally, it shouldbe pos-
sible in the future to of oad the placementof the stipples
onto the graphicschip, which would drasticallyreducethe

bandwidthrequirement®f the method.This would require
a programmablevertex enginesimilar to the onedescribed
by Lindholm et al.1?, but with the additional possibility to
performpervertex tablelookups.
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Figure 7: Renderingof the Lenaimage usinghatcing and
crosshatcing. Primary strokes are aligned perpendicular
to the gradientin regionsof strong gradientsand at a 45
anglein areaswhele thegradientis small.

Appendix A: ToneCorrectionfor Large Stroke Sizes

Tonereproductionis possiblefor larger stipplesor strolkes
undertwo assumptiongFirstly, it is clearthatdrawing styles
thatrequirestrokesto crossdiscontinuitiescannotprecisely
presere tone aroundthosediscontinuities.We can there-
fore only hopefor exacttonereproductionf we eitheralign
strokesparallelto discontinuitiesor clip themaccordingly
Secondlywe canonly hopeto presere featuresizesthatare
no smallerthanthewidth of the strolesused.

Under theseassumptionshowever, the tone correction
proceduregrom Section3.3 canbe extendedto strokesand
stipplesof larger size. Wherewe could previously ignore
spatialrelationshipsetweerthe differentpixels, thesenow
have to betakeninto accountWe adaptour notationto 2D
indicesfor the imagesand probability tables(e.g. p X;
ratherthanp x; ).

We canthendescribethe probability p i j 1 thata
pixel is setafterrenderingN stipplesas
D §
pxij 1 1 1 @ adXk SX il j %)
k 11 1
wherei 1 nxj 1 nyandsx i j istheimageof

thesstrole or stipplethatwould bedrawn if a samplewasto
be placedin pixel Xy, . Thevalueof s x is eitheroneor
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Figure 8: A buststippledwith pixel-sizedstipples.Theleft image is the original greyscaleinput andtheright is the stippled
image. Thisresultis similar to the onesthatwouldbeobtainedby halftoningmethodsAnyappamant differencesn tonebetween

thesetwo images,whenviewedfroma distanceof several feet,is dueto the halftoningscreenof theindividual printer.

zero;we do not considergrayscalevalues With the updated
notation,the constrainfrom Equation2 becomes

L
aadx 1 (6)
K 11 1

To determineg x; j andthenumberof samplesN, Equa-
tions 5 and 6 have to be solved simultaneouslyHowever,
it is easyto seethat this systemof equationsdoesnot in
generalhave a solution:consideranimagewith a one-piel
wide dark line on white backgroundanda circular stipple
patternof radiuslarger than1 pixel. Sincethe line is very
dark,the stippleshave to be denselyspacedn it. However,
since every individual stipple is wider thanthe line itself,
it will automaticallyalsocover adjacentpartsof theimage
which shouldbe white,i.e. p X; j 1 0. Thusit is ob-
vious that the systemof Equations5 and 6 is not solvable
if theimagecontainsfeaturesnarraver thanthe stipplesor
strokesusedfor hatching.

An alternatve stratgyy would be to minimize the differ-
encebetweertheleft andtheright sideof Equation5 subject
to Equation6 with the additionalconstrainthatq x| 0
for all k |. Thisis anon-linearconstraintoptimizationprob-
lemwith alargenumberof variablegequalto the numberof
pixelsin the nal image).While this systemis rathersparse
for reasonablestrole sizes,it is beyond hopeof solvingin
realtime.

However, we can simplify Equation5 by assumingthe
targettoneis approximatelyconstantover the supportof a
stipple.This maysoundrestrictive, but is easilyachiezed by
aligning the stroles orthogonalto the gradient eld of the
inputimageor otherwisegpreventingthestroke from crossing
discontinuitiesasdescribedabove. With this simpli cation,

Equation5 becomes

D "
1 1 aadxXl SX il j (1)
DT
gx gy N
1 1 gxXijaasxX il j (8)
k10 1
N
1 1 gXijsj
wheres | &P, &,",SX i1 j . Intuitively, s j is the

numberof pixels x. y; thatwould causepixel x;; to be

coveredif asamplewasplacedn oneof them.Notethatthis

relationshipallows for differentstrole sizesandorientations
dependingnthelocalintensityor evenpixel position.How-

ever, this relationshipshouldbe simpleto computein order
to facilitatea rapid calculationof thes j.

Onces j hasbeencomputedwe cansolve Equation8 for
g X j justasin Section3.3.ThesearcHor thecorrectnum-
berof sampledo be placedcanagainbe spedup by usinga
histogrambasedapproachwherethe size of the histogram
is the productof the numberof quantizationlevels for the
imageintensity and the numberof differentsizesusedfor
strokesduringrendering For a smallsetof differentlysized
strokesthis will still bemoreefcient thana searchdirectly
onthefull resolutionimage.

¢ TheEurographic#ssociation2002.
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Figure 9: Top: Framesof an animationshowingstroke movement.Bottom: A
simple3D scenaendeed with differentstroke directionsfor thedifferentobjects

Figure 10: Stanfod bunny hatced with
usingmaterialIDs and object-codedlirections. g y

curvedstrokes.

Figure 11: A hatchedrenderingusingCezannes “Still Life With Apples” asinput. Thestroke directionsare a functionof the
colorin theoriginal image.
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Figure 12: A hatchedrenderingusingVan Gogh's “Self Portrait With Felt Hat, 1888” as input. The stroke directionsare a
functionof the color in the original image.
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