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Abstract
In this paperwe presenta high-quality, image-spaceapproach to illustration that preservescontinuoustoneby
probabilisticallydistributingprimitiveswhilemaintaininginteractiverates.Ourmethodallowsfor frame-to-frame
coherencebymatchingmovementsof primitiveswith changesin theinput image. It canbeusedto createa variety
of drawingstylesby varying theprimitive typeor direction.We showthat our approach is able to bothpreserve
toneand (dependingon the drawing style)high-frequencydetail. Finally, while our algorithm requiresonly an
image asinput,additional3D informationenablesthecreationof a larger varietyof drawingstyles.

Categories and Subject Descriptors (according to ACM
CCS): I.3.3 [ComputerGraphics]:NonrealisticRendering,
Halftoning & Dithering, Monte Carlo Techniques,Image
Processing,Printing,Rendering

1. Intr oduction

Illustrationsare interestingalternatives to traditional pho-
torealistic rendering in terms of both artistic expression
and the power to convey information more effectively us-
ing a possibly limited paletteof tones.A numberof ap-
proacheshave beenproposedto simulateillustration with
computergeneratedimagery. Pen-and-inkillustration tech-
niquesare the most comparableto our work and can be
groupedroughly into two categories:image-spacemethods
(e.g.25� 2) andobject-spacemethods(e.g.31� 32� 18� 11� 14� 22).

Theformerhave usuallyaimedat producinghigh-quality
imagesfor printing, while mostof the latter have beende-
signed for interactive applications.Consequently, image-
spacemethodsfocusmoreon representingtoneandavoid-
ing the undesirable“shower door”16 effect, wherestrokes
“stick” in image spaceindependentof object movement.
Object-spacemethodsconcentrateon achieving interactive
ratesand frame-to-framestroke coherency. Some image-
spacemethodsdiscretizetonefor cartoonshadingeffectsor
useaminimumnumberof strokesfor expressiveness.Those
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that attemptto accuratelyrepresenttonewith a signi�cant
numberof primitives(penor brushstrokesor stipples)are
notsuitablefor interactiveapplicationsbecauseof theircom-
putationalcostandtheir lackof primitivecoherency between
individual frames.Alternatively, object-spacemethodsare
typically restrictedto attachingstroketexturesdirectly to the
3D geometry. Suchmethodscannoteasilysimulatecertain
expressive drawing styles,suchasallowing strokesto cross
boundariesor the useof motion lines. Not insigni�cantly,
object-spacemethodsrequire3D geometryand cannotbe
applieddirectly to imagesor photographs.

In this paperwe proposeanimage-spacemethodthatac-
curatelyrepresentsglobal tonein a scale-independentman-
nerwhile preservingframe-to-framecoherence.Themethod
is capableof producingboth high-quality imagessuitable
for printing andinteractive renderingsat lower resolutions.
Our approachis similar to that of Salisbury et al.25 in that
we derive a probability densityfunction (PDF),or “impor-
tance” from the input image.A sequenceof precomputed,
uniformly distributedpoints in 2D is thenredistributedac-
cording to the PDF. Our PDF is designeda priori to ac-
count for the tone that will be generatedby the redistribu-
tion process.This eliminatestheexpensive incrementalup-
datingproceduresof theimportancerequiredin Salisbury et
al.25 Also, sincethe PDF variescontinuouslyas the input
imagechangeswe canachieve frame-to-framecoherenceof
theprimitive positionsby reusingthesamesequenceof uni-
formly distributedinputpointsfor everyframe.Wesupporta
largevarietyof differentdrawing stylesincludingexamples
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Figure 1: A hatchedpen-and-inkillustration usingthe im-
age gradientfor primitiveorientation.

thatpreserve sharpfeaturesandedgesandothersthatallow
individualstrokesto crossedges.Figure1 showsanexample
renderedwith a feature-preservingstyle. Additional styles
arepossibleif additional3D geometryis available.

In the next section,we describethe necessaryprevious
work, followed by thederivation of the PDF andthe redis-
tributionof theinputpointsin Section3. Section4 describes
differentchoicesof inputpointdistributions.Finally, in Sec-
tion 5 we describehow to achieve differentdrawing styles,
beforepresentingresultsin Section6 andconcludingwith a
discussionof futurework in Section7.

2. RelatedWork

Our work attemptsto automaticallyplaceprimitivesfor il-
lustrativepurposeswhile accuratelyrepresentingtonewith a
limited paletteandmaintainingframe-to-framecoherenceat
interactive framerates.Relevantrelatedwork includesauto-
matic illustrationtechniques,real-timeNPRtechniquesand
techniquesfor accuratelyrepresentingtone.Illustrationtech-
niquesbasedon user-guidedsystemsfor placingprimitives
(e.g.24� 4) arelessrelatedandwill not bediscussed.

Accuraterepresentationof continuoustonehaslongbeen
animportantgoalof many traditionalartists.However, many
of thecurrentautomaticillustrationtechniquesfocusonsim-
ulatinga particularmediumor styleandarelessconcerned
with representationof toneandmayevenpurposelylimit the
tonal range.6 Consequently, the placementof primitives is
oftenguidedlessby tonethanby thedesireto representtex-
turesor features.However, increasingtheaccuracy of tonal
reproductionprovidestheartistwith acontinuousratherthan

discretepaletteandaidsin producinglessheavily stylizedil-
lustrations.Thecurrentautomaticapproachesto illustration
canbegroupedinto two categories,object-spaceandimage-
spacemethods.We focusmainly on the pen-and-inktech-
niquesin thesecategories,sinceour approachalso usesa
two-tonepalette.

Object-spacetechniquesareoftenusedfor interactive ap-
plications and attach individual primitives directly to the
3D geometry. For example,WinkenbachandSalesin31 de-
velopedthe conceptof a stroke texture, which is a priori-
tized list of strokesfor a singlegeometricobject.A subset
of thesestrokes is then usedto approximatethe local tar-
get tone. Hertzmannand Zorin11 placehatchesand cross
hatchesalong a cross �eld derived from the local curva-
ture of a 3D object.They approximatea discretizedsetof
tonesusingregionsof cross,singleor no hatching(in addi-
tion to undercutsandMachbandsto improve contrast)and
varystrokewidth for continuitybetweentones.Klein etal.14

developedtheconceptof art maps, whicharepre�ltered tex-
turesrepresentingacertaindrawing stylefor differenttarget
resolutions.Praunet al.22 extendedthis conceptto tonal art
maps, which allow for smoothtransitionsbetweenart maps
to achieve continuoustoneimages.

Theseobjectspacemethodscanusuallyachieve interac-
tive frame rateswith a high degreeof coherencebetween
successive framesby attachingthestrokesto the3D geom-
etry. Stroke locationsremain�x edin objectspace,andonly
the intensitiesof the strokes vary dependingon the view.
Thesemethodslimit thedrawing stylesthatcanbeachieved.
Somedrawing stylesin traditionalpen-and-inkillustration
call for fuzzy outlinesor individual strokescrossingsilhou-
ette edges8 which cannotbe easily simulatedwith object-
spacemethods.Praunet al.22 achieve real-timeframerates
and accuraterepresentationof tone, but cannotmove the
strokesoff thesurfaceof theobject.

Image-spacemethodsplaceprimitivesusinganinput im-
age,which can of coursebe the result of a rendered3D
model.Using imagesas input ratherthan3D models,Sal-
isbury et al.23 developeda methodfor generatingpen-and-
ink illustrations that preserve tone acrossscalesby using
fairly expensive datastructuresto track discontinuitiesand
preserve edges.Deussenet al.2 presenta stippling method
that usesrelaxationto ensurethat the �nal pointsareuni-
formly spaced(Poissondisk, or “blue noise” distributed)
which is visually more pleasing.Energy minimization in
image-spacehas beenusedfor certain types of primitive
placement,includingpaintandstreamlinevisualization.12� 28

Salisbury et al.25 placeindividual strokes in the imageand
distribute themaccordingto an importancefunction that is
derived from the differencebetweenthe input image and
the sumof the precedingstrokes.The importancefunction
is storedin an imagepyramid that needsto be updatedaf-
ter every stroke is placed.Our proposedapproachusesa
similar distribution of primitives. Techniquesfor accurate
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representationof continuoustonein a discretedomainhave
beenwidely studiedfor creatingphoto-realrepresentations
in the �eld of halftoning. Somehalftoning techniquesthat
extendinto NPRplacevaryingtypesof primitivesbasedon
tone27 or convey patternby carefullyconstructingditherma-
tricesbasedon imagetone20 or 3D sceneinformation30. Us-
ing 3D geometryas input hasallowed someimage-space
methodsto usesilhouetteinformation,but replacestraight
silhouetteedgeswith sketchylines (e.g.Markosianet al.18)
in image-space,or replaceindividual partsof thegeometry
with texturedpolygonsthat areorientedto facethe viewer
(DeussenandStrothotte3). While thedescribedimage-space
algorithmsproduceimagesof veryhighquality, they usually
requireoff-line processingandeitherdo not addressissues
of accuratelyrepresentingtonewith largerprimitivesor do
notaddressthe“shower door” effect.

Somemethodsuseacombinationof techniquesto achieve
interactive frame rates.Kowalski et al.15 place primitives
similar to Salisbury et al.'s25 image-spacemethod,but �x
themin object-spaceto achieve multiple frames-per-second.
Kaplanetal.13 achieve interactiveratesby extendingKowal-
ski'swork to includeamethodof interactively placingprim-
itives.They obtainframe-to-framecoherenceby varyingthe
shapeandsizeof the primitives.Lake et al.16 achieve real-
time ratesby usingprecomputedtexturesto representthree
or four tones.Thetonesareassociatedwith materialson the
surfaceof 3D objectsandstrokesareaddedin image-space
for expression.Freudenberg etal.5 provideamethodfor pre-
serving tone of �ltered texturesby manuallyconstructing
carefullydesignedink-maps. While thelatter threemethods
achieve interactive ratesandcanplaceprimitivesin image-
space,whichallowsawidervarietyof styles,they donotat-
temptto ensureaccuraterepresentationof continuoustone.
Theformermethodmaintainscontinuoustoneat interactive
ratesbut requirestoomuchmanualconstructionof textures.

In our work, we derive a probability density function
(PDF) from the input image,which is similar to the impor-
tancefunction of Salisbury et al.25 The PDF is designeda
priori to position primitives to achieve the correctoutput
tone.The renderingitself thenmerelyconsistsof taking a
sequenceof precomputed,uniformly distributed points in
2D, andredistributing themaccordingto thePDF. Oncethe
primitive locationsare de�ned a variety of drawing styles
can be used.Since the locations vary continuouslywith
changesin theinput thetechniquenaturallyachievesframe-
to-framecoherenceand scale-independenttone. We show
that both the derivation of the PDF from an imageandthe
actualrenderingcanbedoneat interactive framerates.

3. Real-time Image-spaceIllustration

As outlinedin Section2, our methodtakesa setof possibly
precomputeduniformly distributedrandomor quasi-random
points,andredistributesthemaccordingto aprobabilityden-
sity function (PDF) derived from an input image.We then

placeprimitivesat the redistributedpointsto obtaina pen-
and-inkstyleimageof theoriginal scene.

We �rst describethedetailsof this redistribution process
and thendiscussthe derivation of a PDF from a given in-
put image.Thetoneof theoriginal imagein thestippledor
hatchedpen-and-inkoutputis preservedby thederivedPDF.

3.1. GeneratingRandomPoints With a 1D PDF

Givena one-dimensionalprobabilitydensityfunction p � x� ,
x �
	 0� 1� , andasetof uniformly distributedrandomsamples




xi �

over 	 0� 1� , we canredistribute the samplesaccording
to p � x� . An exampleof a 1D probabilitydensityfunction is
shown in Figure 2(a). The transformationmethodis well-
describedin theliterature(e.g.21):

We computethecumulativedensityfunction

C � x� ���

x

0
p � t � dt

asshown in Figure2(b).We theninvertC � x� andtransform
eachsamplexi to get x�i � C �

1
� xi � . This is shown graph-

ically in Figure 2(c) by mappinga set of sampleson the
y-axis throughto the x-axis.The set




x�i �

, drawn ascircles
on the x-axis of Figure2(c), is distributedaccordingto the
original probabilitydensityfunction p � x� . Note that for the
purposesof theillustration,theinput samplesetis regularly
distributed,but it shouldbechosenfrom a uniform random
distribution.Also, anintuitive explanationof themechanics
of thetransformationmethodis possiblewith Figure2. The
peaksin the probability density function are transformed
through integration into areasof high slope. Theseareas
of high slopeconsequentlygathermoreinput samplesthan
otherareas.Symmetrically, valleys in the densityfunction
correspondto areasof low slopein the cumulative density
function,which intersectfewer inputsamples.

3.2. GeneratingRandomPoints With a 2D PDF

Given a 2D probability density function p � x � , x ��	 0� 1�

2,
anda setof uniformly distributedrandompoints




pi �

over
	 0� 1�

2, wecanredistributethepointsaccordingto p � x � using
thetransformationmethod.

To �nd they-coordinateqi � y of a redistributedpointqi we
computethecumulativedensityfunction

M � y� ���

y

0
m� t � dt � wherem� y� ���

1

0
p � x � dx�

and obtain qi � y � M �

1
� pi � y � . The function m� y� is the

marginal densityfunctionof p � x � . In a 2D image,m� y� can
be consideredthe averageintensityof the scanliney. Note
that M � y� is monotonic,but not necessarilystrictly mono-
tonic if somescanlineshave zero intensity. Hence,the in-
verseM �

1
� y� exists almosteverywhereexcept at isolated

points.

c
�

TheEurographicsAssociation2002.



Secord, Heidrich andStreit / FastPrimitive Dist'n for Illustration

0 0.5 1
0

1

2

(a) Example1D probability density
function.
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(b) Example1D cumulative density
function.
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(c) Example 1D cumulative density
function and regular samplingof its
inverse.

Figure2: 1D exampleof redistributingpointsaccording to a probabilitydensityfunction.Compare thesamples(circles)at the
bottomof Figure 2(c) to thedensityfunctionin Figure2(a).

Given qi � y, we can now determinethe x-coordinateqi � x
by redistributing pi � x accordingto thePDFof therespective
scanline.Mathematically, this is describedby a conditional
PDF

c � x � qi � y � �

p � x� qi � y �

m� qi � y �

andits cumulative densityfunction

C � x � qi � y � ���

x

0
c � s� qi � y �

ds�

As before,thex componentof thenew point is givenby the
inverseof thatfunction:qi � x �

C �

1
� pi � x � qi � y �

.

For a discretePDF p � x
�

, suchasonearisingfrom anim-
age,M � y

�

andC � x � y
�

areeasilyprecomputedasa 1D anda
2D table,respectively.

3.3. Deriving a PDF From an Image

In stippling, hatchingand other applications,the samples
that we would like to placehave �nite area.It is possible,
andwith increasingdensityquite likely, that two randomly
placedsampleswill overlap.Oncea pixel hasbeencovered
by a primitive, further overlaphasno effect. Thusthe area
coveredby all samplesdoesnot changelinearly with the
numberof samples.For example,if we wereto setN pix-
els uniformly at randomin an imageof M total pixels, the
ratioof thenumberof pixelssetto thenumberof pixelscho-
senis nonlinearandreachesonly about60%whenN

�

M.
The non-linearityis solely due to overlap – pixels chosen
morethanoncedonotchangetheresultingimage.It is,how-
ever, possibleto correctfor overlapby modifyingthedensity
functionaccordingly. We will �rst considerthesimplecase
whereall primitivescover a singlepixel.

Let I � xi �

bethe intensityof thebaseimageat pixel xi as
avaluebetween0 and1. Notethat2D pixel positionsdonot
play a role in thecaseof singlepixel primitives,sowe use
the simpler notationwith a single subscriptto distinguish
betweenpixels.Thedrawing processshouldcreatea binary
imagewheretheprobabilitythata pixel xi is setis identical
to theintensityof thecorrespondingpixel in thebaseimage,
that is, p � xi �

1
���

I � xi �

. Furthermore,we want to beable
to independentlyplacerandomsamplesfor generatingthis
binary image.We needto �nd a PDFq � x

�

thatcanbeused
with the algorithmfrom Section3.2 suchthat onceprimi-
tiveshave beenplacedandoverlaptakeninto consideration,
theprobabilityof eachpixel beingsetis asabove.

After placingN samplesaccordingto thedensityfunction
q � x

�

, the probability that pixel xi hasnot beenset is � 1  

q � xi � �

N. Therefore,we requirethat

1  �� 1  q � xi � �

N
�

p � xi �

1
�

q � xi �!�

1  

N
"

1  p � xi �

1
�

(1)

for all i
�

1 � � � n. We alsorequirethatq � xi �

integrateto one
sothatit satis�esthede�nition of aprobabilitydensityfunc-
tion. Combiningthis constraintwith Equation1 givesus

n

å
i # 1

q � xi ���

1 $&% % % $

n

å
i # 1

N
"

1  p � xi �

1
� �

n  1� (2)

This non-linearequationfor N canonly be solved directly
for aconstantintensityimageI � xi � �

I0. For generalimages
thisequationsystemcannotbesolveddirectly, howeverstan-
dardnumericalmethodswork well. We bracket thevalueof
N betweena minimum andmaximumvalueandperforma
binary search.Themaximumcanbechosenasthe number
of samplesthatwouldberequiredto cover animageof con-
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stantintensityvery closeto black.Furthermore,in practice
this binarysearchdoesnot have to extendover thefull sum
in Equation2. Every term in the sumonly dependson the
probability p � xi � 1� for eachpixel, which in turn depends
only ontheintensityI � xi � of thebaseimage,andthatis usu-
ally quantized,for exampleto 256 levels. Therefore,if we
denotethe quantizedintensity levels asI j , j � 1 ' ' ' K, and
thehistogramof the intensitiesin thebaseimageasH � I j � ,
we canrewrite Equations1 and2 as

q � I j � � 1 (

N
)

1 ( I j (3)

and
K

å
j * 1

H � I j �

N
)

1 ( I j � n ( 1 (4)

which involvessumsover only K levelsratherthann pixels.

A similarformulacanbederivedfor primitiveslargerthan
a singlepixel (seeAppendixA). That methodrequiresthe
additionalassumptionthat the toneto be reproducedis ap-
proximatelyconstantover thesupportof thestroke. This is
thecase,for example,if thestrokesarethin in onedirection
andthey areorientedorthogonalto thegradientof the tone
in the sourceimage.Note that drawing stylesthat require
individualstrokesto crossdiscontinuityedgesautomatically
compromiseon thetonereproduction,sothis assumptionis
notaseriouslimitation.Similarly, it is clearthatnopen-and-
ink renderingstyle canpreciselypreserve featuressmaller
thanthestroke width. A grayscalerampillustratingthetone
preservationwith thismethodis shown in Figure3.

3.4. Algorithm

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

1. Captureaninput image,possiblyfrom a 3D object
2. Build thehistogramof theimageintensities
3. Searchfor N, the numberof primitives to place,using

Equation4
4. Computeq � I j � , j � 1 ' ' ' K usingEquation3
5. Integratescanlinesandinvert to form M �

1

6. Integrateandinvert to form C �

1

7. DistributetheN primitivesaccordingto M �

1 andC �

1

4. Input Point Distrib utions

To thispointwehaveassumedthattheinputpointsarePois-
sondistributed,i.e.areindependentlychosen,uniformly dis-
tributedrandompoints.Thisdoesnotnecessarilyhave to be
the case;we canchoosethe input points from a variety of
differentrandomdistributionsandquasi-randomsequences.

Poissondistributionstendto form smallclustersof points
thatarerelatively closetogether. It is widely acceptedin the
stippling and halftoning literature29� 2 that a more uniform

point spacingyields morevisually pleasingresults,so that
Poissondisk distributions(“blue noise”29) areusuallypre-
ferred.

Ourmethodmapsany giveninputpoint setthrougha dis-
tribution function to determinethe �nal location of prim-
itives. If the baseimageusedto generatethe distribution
function is approximatelyconstantlocally arounda given
point,thenthemappingobtainedby thedistributionfunction
is approximatelylinear locally. This indicatesthatdesirable
propertiessuchasminimal distancesin a Poissondisk dis-
tribution shouldbe locally preserved in regionsof approxi-
matelyconstantintensity. This propertybreaksdown in re-
gionsof strongchangessuchasedges,but that is also the
casefor traditionalimages.

We usethe �rst N samplesof a precomputedpoint se-
quence(whereN is determinedaccordingto Section3.3)
for every framein orderto maintainframe-to-framecoher-
ence.This meansthat we arerestrictedto point sequences
whereany subsetconsistingof the �rst N samplesis well
distributed.This eliminates,for example,theHammersley10

point set,which is only well-distributed in its entirety, but
allowsusto usetheHalton9 or Sobol26 sequences.

Figure3: Comparisonof differentinputdistributionswith a
pointdistributionanda grayscaleramp.Fromtopto bottom:
Poissondistribution, Halton sequence, Sobolsequenceand
hierarchical Poissondisksequence.

In addition, we experimentedwith Poissondisk dis-
tributedpointsgeneratedwith the hierarchicalapproachof
McCool andFiume19. Besidesbeingfasterthanothermeth-
odsfor generatingPoissondisk distributedpoints, this ap-
proachalsohasthe advantageof producinga sequenceof
points that are Poissondisk distributed with a decreasing
disk radius.In Figure3 we comparetheperformanceof the
differentapproachesby applyingthemto asimplegrayscale
ramp.

It canbeseenthatthePoissondistributionclustersthein-
dividual samples,resultingin a very noisyandirregularim-
age.The otherdistributionsavoid excessive clusteringand
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achieve moreuniform samplespacing.TheSobolsequence,
however, sometimestendsto form undesirablepatterns.The
HaltonsequenceandthehierarchicalPoissondisk distribu-
tion arefreeof thoseartifacts.Basedon this experience,we
usuallychoosetheHaltonsequencefor our methodsinceit
is computationallymoreef�cient to generate.Theotherim-
agesin this paperare renderedusing the Halton sequence
unlessotherwisenoted.

5. Drawing Styles

The algorithmsfrom Section3 can be usedto determine
stroke positionsfrom input images.What remainsopenare
issuesof acquiringthe input imagesfrom 3D modelsand
orientingthestrokes.Differentchoicesof methodsfor these
tasksgive riseto a largevarietyof renderingstyles.

Thebasicalgorithmfor placingthestrokesonly requires
a grayscaleinput imageto generateaPDF. Hence,ouralgo-
rithm is able to work from datalike photographsor paint-
ings. Thesecan be preprocessedwith any kind of image
processingtool to achieve the desiredeffect. For example,
indication8 � 31 canbe achieved by increasingor decreasing
the brightnessin selectedpartsof the input image.In ad-
dition, we includea transferfunction in our system,which
allows for on-the-�y adjustmentsof contrastor toneon the
wholeimage.

Startingfrom a 3D modelratherthanan input image,we
�rst usean OpenGLrenderingpasswith traditional shad-
ing andspecularanddiffuselighting to generatean image.
However, by startingfrom a 3D modelwe caneasilygener-
ateadditionalinformation,encodeit into theimage,andlater
useit to drive differentdrawing styles.For example,we can
draw silhouetteoutlineseitherusingenvironmentmaps7 or
by explicitly traversingthe input meshand �nding silhou-
etteedges.Similarly, we canencodeadditionalinformation
for determiningthe stroke direction into other color chan-
nels.In an RGBA framebuffer, this givesus threechannels
to be usedfor suchadditionalinformation.We have exper-
imentedwith the following optionsandmorearecertainly
possible:+

Computinga per-vertex tangentor parametricdirection,
projectingit into imagespace,andinterpolatingit for ev-
ery pixel (all stepsarepossiblein a singlepassin hard-
ware) to be usedas a stroke direction. This yields re-
sults similar to the onesdescribedby Winkenbachand
Salesin32.+

Computingandencodinga normaldirectionin muchthe
sameway. This is aninterestingway of drawing shortfur
or grass.+

Encoding2D stroke directionsinto a camera-aligneden-
vironmentmap.Thiscanbeusedto give areasfacingdif-
ferentdirectionsdifferentstroke properties.+

Encodingobjector materialidenti�cations for individual
partsof the scene,which canthenbeusedto renderdif-
ferentobjectsin differentstyles.

Basedon this information,we cangeneratevariationson
threebasicdrawing styles:

Point Stippling

The simplestrenderingstyle is point stippling,which does
not require any directional information. We simply place
OpenGLpointsor scannedstippletexturesat the positions
obtainedwith themethoddescribedin Section3.

Figure4: A stippledimage of footbones.

Hatching

For hatchingweeitheruseOpenGLlinesof differentwidths
and lengths,or scannedtexture mapsof real pen-and-ink
strokes.For thestroke orientationwe canchoosebetweena
constantdirectionor any kindof directionencodedintocolor
channelsasdescribedabove. Finally, we canalsocompute
the gradient�eld of the imageintensity, andorient strokes
orthogonalto it. This works both for imagesand3D mod-
els,andorientsstrokesparallelto discontinuityedges,which
helpspreservingthe tone of the input imageas described
above. In areasin which the intensitygradientis not strong
enough,we caneitherdefault to a constantstroke direction,
or searchfor a strongergradientin animagepyramid.

CrossHatching

For crosshatchingwe can vary the hatchdirection proba-
bilistically. Saywe wantto startcrosshatchingfor somein-
tensity thresholdI � x

�-,

a. Whenever we placea stroke at
pixel xi � j �

, wechoosetheorientationasfollows: if theinten-
sity of theinput imageI � xi � j �

at thatlocationis lessthenthe
threshold,we computethe stroke directionwith any of the
methodsdescribedabove. If I � xi � j �

is largerthanthethresh-
old, however, thenwe choosethe original orientationwith
a probability of a . I � xi � j �

, and a secondarydirection with
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Figure5: A tigermodelhatchedwith largestrokestoachieve
a furry look.

probability / 1 0 a 1 2 I / xi 3 j 1 . This secondaryorientationcan
eitherbe a �x ed direction,the original directionrotatedby
some�x edangle,or any rotationinferredfrom anencoding
of anobject-spacepropertyasdiscussedabove.

Figure 6: Crosshatching in very dark areastogetherwith
silhouetteextraction causea hairy appearanceof the legs
andantennae.

6. Results

Wehave implementedasystemdemonstratingourapproach
to distributing primitives that preservescontinuoustone in
a scale-independentmanner. We caneither load imagesor
3D scenesasa startingpoint for our method.The different
drawing methodsdescribedin the previous section,aswell
astheparametersfor the initial renderingof the3D model,

canproducea multitudeof differentstylesof which we can
only show asmallsubset.

Figure 1 shows a bust model renderedwith hatching,
wherethe hatchesare alignedagainstthe imagegradient.
Only therenderedsceneis usedto align thestrokes,andnot
the 3D model information.Figure1 shows a good preser-
vation of sharpfeatures.Figure 4 and 5 show resultsfor
stippling andhatching,respectively. Figure 6 shows a bee
renderedwith crosshatching,which gives the legs andthe
antennaea hairy appearance.Figure8 shows how our sys-
tem accuratelypreserves continuoustone. Figure 9 (Top)
shows every �fth frameof an twenty-�ve frameanimation.
All of theprimitivesin theframeonthefar left appearin the
frameon thefar right at adjustedlocations.Extraprimitives
havebeenaddedover thetwenty-�veframessincetheimage
darkens.Theprimitiveshave been“shape-encoded”to help
tracetheir movement.More examplescan be found at the
endof this paper.

The performanceof our methoddependson several fac-
tors.The �rst oneis the sizeof the tableusedfor the PDF
and the distribution functions.This size is algorithmically
independentof theresolutionof the�nal image,sosmallta-
ble sizescanbeusedto reducerenderingcost.However, if
the tablegetstoo small,sharpedgeswill startto alias.The
resolutionatwhich theseartifactsstartto bevisibledepends
on the sizeof strokes,but we generallyfound that usinga
PDFtableof half thesizeof thetargetimageproducesgood
resultsexceptfor stipplingwith very smallpoint sizes.The
secondfactorfor performanceis the renderingstyle.Com-
putingimage-spacegradientsfor orientingthestrokesis rel-
atively expensive, while generatingtheorientationfrom en-
coding a 3D direction is practically free. The cost of ren-
dering the initial 3D model is negligible sincethe meshes
do not needto be very detailedto serve asa basisfor pen-
and-ink illustration.The numberof strokesrenderedis an-
other cost factor. Very dark imagestake longer than light
ones,andimageswith largestrokesrenderfasterthanimages
with verysmallones.Themajorcosthereis therenderingof
theindividual points,lines,or texture-mappedstrokesusing
OpenGL(which is a geometry-boundoperationon current
graphicshardware).

Dependingon the above parameters,we were able to
achievebetween2 framespersecondand15framespersec-
ondona1.5GHzPentiumwith aGeForce3 card,usingPDF
sizesbetween256 4 256and512 4 512for thescenesshown
in this paper. No specializedhardware was usedwith our
softwareimplementationto obtaintheseframerates.

A commongoalof many real-timeNPRtechniquesis to
achieve frame-to-framecoherenceof primitive placement.
In our approachindividual primitivesareplacedin image-
space,are thereforenot attachedto 3D geometryand can
move aroundfreely. Thus,we cannotexpectthemto move
exactlywith the3D objectpoints.However, sincewe re-use
thesamesetof uniformly distributedpoints,small changes
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in theinput image(andthereforein thePDF)will only result
in smalladjustmentsof thepoint positions.For example,if
a highlight movesacrossa 3D objectdueto a moving light
source,thentheindividualstrokeswill rearrangethemselves
continuouslyaroundthehighlightasshown in thetopof Fig-
ure9. Similarly, if thetransferfunction is adjustedcontinu-
ously, thestrokeswill slowly moveacrosstheimageto adapt
for thechanges.Theseeffectsaredemonstratedin thevideo.
Sinceour approachdistributesprimitivesin real-timebased
on intensityandprimitive size,continuoustoneis precisely
replicated.Evenwith theuseof slightly largerprimitivesthe
globaltoneis accuratelypreservedandis scale-independent.
Our methodis basedentirely on the locationof primitives,
allowing usto easilysimulatemany drawing stylesby alter-
ing theprimitive typeor direction.

7. Conclusionsand Futur eWork

In this paperwe have presentedan image-spacealgorithm
for generatingcontinuoustone illustrations at interactive
framerates.Our approachfor distributing primitivesnatu-
rally providesscaleindependentresultswith frame-to-frame
coherency. That is, individual strokesmove continuouslyas
the input imagechanges.We demonstratethata numberof
differentdrawing stylesarepossibleusingonly animageas
an input. More stylesarepossibleif additionalinformation
suchassilhouetteedgesor materialIDs canbederivedfrom
a 3D model.

Preservationof continuoustonewith our approachis de-
pendenton the sizeof the primitive, the featureto be pre-
served (i.e. edges)andtheviewing distance.This is a stan-
dardlimitation, since,aswith any halftoningtechnique,the
formationof continuoustonefrom a discretepaletterelies
on the spatial integration of the eye. Thus, our approach
preservestoneif thechoiceof drawing primitive, imageor
model and viewing distanceis reasonable.Our frame rate
dependson several factors(brightness,size of PDF table,
drawing styleetc.)andis thusnot constant.This couldlimit
the applicability of our methodin somesituations.A �-
nal limitation is the distancea primitive movesfrom frame
to frame.While primitivesmove continuously, theapparent
movementfrom frameto framecanbedistracting,especially
at thelower framerates.

In the future we would like to extend the tone correc-
tion methodto work for grayscaleandcolor primitives or
graftals15. Grayscaleor semi-transparentstrokesor brushes
couldbeusedto simulateothernon-photorealisticrendering
effects suchas watercolor1. 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 preserve
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

bandwidthrequirementsof the method.This would require
a programmablevertex enginesimilar to the onedescribed
by Lindholm et al.17, but with the additionalpossibility to
performper-vertex tablelookups.
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Figure 7: Renderingof theLenaimage usinghatching and
crosshatching. Primary strokesare alignedperpendicular
to the gradient in regionsof strong gradientsand at a 456

anglein areaswhere thegradientis small.

Appendix A: ToneCorrectionfor LargeStroke Sizes

Tonereproductionis possiblefor larger stipplesor strokes
undertwo assumptions.Firstly, it is clearthatdrawing styles
thatrequirestrokesto crossdiscontinuitiescannotprecisely
preserve tone aroundthosediscontinuities.We can there-
foreonly hopefor exacttonereproductionif we eitheralign
strokesparallelto discontinuities,or clip themaccordingly.
Secondly, wecanonly hopeto preserve featuresizesthatare
nosmallerthanthewidth of thestrokesused.

Under theseassumptions,however, the tone correction
procedurefrom Section3.3 canbe extendedto strokesand
stipplesof larger size. Wherewe could previously ignore
spatialrelationshipsbetweenthedifferentpixels,thesenow
have to betaken into account.We adaptour notationto 2D
indices for the imagesand probability tables(e.g. p � xi � j �

ratherthanp � xi � ).

We canthendescribetheprobability p � � xi � j ��� 1� thata
pixel is setafterrenderingN stipplesas

p � xi � j � 1��� 1 (87 1 (

nx

å
k* 1

ny

å
l * 1

q � xk � l � s� xk
�

i � l
�

j � 9

N

(5)

wherei � 1 ' ' ' nx � j � 1 ' ' ' ny ands� xk
�

i � l
�

j � is theimageof
thestroke or stipplethatwould bedrawn if a samplewasto
be placedin pixel � xk � l � . The valueof s� x � is eitheroneor
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Figure 8: A buststippledwith pixel-sizedstipples.Theleft image is theoriginal greyscaleinput and theright is thestippled
image. Thisresultis similar to theonesthatwouldbeobtainedbyhalftoningmethods.Anyapparantdifferencesin tonebetween
thesetwo images,whenviewedfroma distanceof several feet,is dueto thehalftoningscreenof theindividual printer.

zero;we do notconsidergrayscalevalues.With theupdated
notation,theconstraintfrom Equation2 becomes

nx

å
k* 1

ny

å
l * 1

q � xk � l � � 1' (6)

To determineq � xi � j � andthenumberof samplesN, Equa-
tions 5 and 6 have to be solved simultaneously. However,
it is easyto seethat this systemof equationsdoesnot in
generalhave a solution:consideranimagewith a one-pixel
wide dark line on white background,anda circular stipple
patternof radiuslarger than1 pixel. Sincethe line is very
dark,thestippleshave to bedenselyspacedon it. However,
sinceevery individual stipple is wider than the line itself,
it will automaticallyalsocover adjacentpartsof the image
which shouldbewhite, i.e. p � � xi � j � � 1� � 0. Thusit is ob-
vious that the systemof Equations5 and6 is not solvable
if the imagecontainsfeaturesnarrower thanthestipplesor
strokesusedfor hatching.

An alternative strategy would be to minimize the differ-
encebetweentheleft andtheright sideof Equation5 subject
to Equation6 with theadditionalconstraintthatq � xk � l �;: 0
for all k� l . This is a non-linearconstraintoptimizationprob-
lemwith a largenumberof variables(equalto thenumberof
pixels in the�nal image).While this systemis rathersparse
for reasonablestroke sizes,it is beyond hopeof solving in
realtime.

However, we can simplify Equation5 by assumingthe
target toneis approximatelyconstantover the supportof a
stipple.This maysoundrestrictive,but is easilyachievedby
aligning the strokes orthogonalto the gradient�eld of the
inputimageor otherwisepreventingthestrokefrom crossing
discontinuitiesasdescribedabove. With this simpli�cation,

Equation5 becomes

1 (87 1 (

nx

å
k* 1

ny

å
l * 1

q � xk � l � s� xk
�

i � l
�

j � 9

N

(7)

< 1 (87 1 ( q � xi � j �

nx

å
k* 1

ny

å
l * 1

s� xk
�

i � l
�

j � 9

N

(8)

� 1 (>= 1 ( q � xi � j � si � j ?

N

where si � j @

å nx
k* 1å

ny

l * 1 s� xk
�

i � l
�

j � . Intuitively, si � j is the
numberof pixels � xk � yl � thatwould causepixel � xi � j � to be
coveredif asamplewasplacedin oneof them.Notethatthis
relationshipallowsfor differentstrokesizesandorientations
dependingonthelocal intensityor evenpixel position.How-
ever, this relationshipshouldbesimpleto computein order
to facilitatea rapidcalculationof thesi � j .

Oncesi � j hasbeencomputed,wecansolveEquation8 for
q � xi � j � justasin Section3.3.Thesearchfor thecorrectnum-
berof samplesto beplacedcanagainbespedup by usinga
histogrambasedapproach,wherethe sizeof the histogram
is the productof the numberof quantizationlevels for the
imageintensityand the numberof differentsizesusedfor
strokesduringrendering.For a smallsetof differentlysized
strokesthis will still bemoreef�cient thana searchdirectly
on thefull resolutionimage.
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Figure 9: Top: Framesof an animationshowingstroke movement.Bottom:A
simple3D scenerenderedwith differentstrokedirectionsfor thedifferentobjects
usingmaterialIDs andobject-codeddirections.

Figure 10: Stanford bunny hatched with
curvedstrokes.

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