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Abstract

We presenta new approachto synthetic(computer-aided)drawing
with patchesof strokes.Groupedstrokesconvey thelocal intensity
level that is desiredin drawing. The key point of our approach is
learningby example: the systemdoesnot know a priori the dis-
tribution of the strokes. Instead,by analyzinga sample(training)
patchof strokes,oursystemis ableto synthesizefreelyanarbitrary
sequence of strokesthat“looks like” thegivensample.Strokesare
consideredasparametricalcurvesrepresentedby a vectorof ran-
dom variablesfollowing a Markovian distribution. Our methodis
basedon Shannon’s N-gram approachandis a direct extensionof
Efros’s texture synthesismodels [EL99; EF01]. Nevertheless,one
major differencebetweenour methodand traditional texture syn-
thesisis the useof suchcurvesasa basicelementinsteadof pix-
els.Wedefinea statisticalmetricfor comparisonbetweendifferent
patchescontainingvarious layoutsof strokes. We hope that our
methodperformsa first steptowardscapturinga very difficult no-
tion of style in drawing – hatchingstyle in our case.We illustrate
our methodby variedexamples,rangingfrom typical hatchingin
traditionaldrawing to highly heterogeneoussetsof strokes.

1 Introduction

Non-photorealistic rendering (NPR) is a domain of computer
graphicsthat hasgrown very rapidly during the last five years. In
the presentcontribution, we shall focusour attentionon onepar-
ticular trend in NPR that simulatestraditional artistic mediaand
renderingtechniques.More specifically, we will exploreanaspect
of freehanddrawing: the relationbetweenstrokesin varioustech-
niquesof hatchingthatconvey particulartonevaluesandthatobey
a freely-definednotion of hatchingstyle. Somecommercialpro-
gramfor computer-aidedillustration(e.g. Illustratoror FreeHand)
offer rudimentarytools for generationof fieldsof hatchingstrokes
usinguser-definedglobalparameters,likemeandensity, lengthand
randomnessof strokes etc. Our systemfor hatchingby example
offers a further stepin sophisticationandflexibility of hatchingin
computer-aidedhatchingfor drawing.

Our ultimate long-termgoal canbe formulatedas follows: we
would like to beableto generatecombinationsof strokesthat“look
like” a setof strokesin a givensamplepatchthatcontainsa “train-
ing set” of strokes. The samplepatchcan originateeither from
existingartwork, or canbeinteractively createdby auser. Thegen-�
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eratedpatchconveys, with moreor lessfidelity, thetonevaluede-
sired in a syntheticdrawing. The syntheticdrawing systemcan
manipulatetwo- or three-dimensional objects. In the caseof a
three-dimensionaldrawing system,thestrokescanbeseenastwo-
dimensionalobjectattachedto three-dimensional surface.Figure1
illustratesthis concept.

1.1 Previous Work

Severalattemptshavebeencarriedoutin thepastin orderto provide
computergraphics support for drawing. Let usenumeratesomeof
themthataredirectly relatedto thepresentwork.

Winkenbachetal. andSalisbury VTal. in theirpioneering work
[WS96; WS94;SABS94;SALS96; SWHD97] introduceda com-
prehensive systemfor computer-aidedpen-and-ink illustrations.In
themostadvanced version,setsof penstrokesaredefinedaccord-
ing to auser-definedvectorfield of orientationscombined with ran-
domvariations.Elber[Elb95;Elb99]andHertzmannetal. [HZ00]
exploredgeometricalpropertiesof surfacesin order to determine
automaticallythedirectionandthespacingof thestrokesin stroke-
basedillustrations.SousaandBuchanan[SB99]proposed asystem
for simulationof theprocessof interactionbetweenpencilandpa-
per in drawing. The systemproducesvisually plausibleresults;it
is mainly focusedon therenderingquality of thedrawing process.
Thissystemdoesnot support thehigherlevel “style of drawing”.

Durandet al. [DOM
�

01], introducedan interactive systemfor
digital drawing with control of tonal fidelity. In their system,the
userhasto placeeachindividual stroke manually. A rudimentary
systemfor semi-automaticgroupedstrokeplacement wasproposed,
but is clearly insufficient. The techniqueintroduced in thepresent
contribution may considerably improve the systemproposed in
[DOM

�
01]. Praunet al. [EPF01] proposeda real-timesystem

thatenableshatching3D objectsusinga setof user-definedhatch-
ing rulesproducing an appearance very closeto drawing. Hamel
andStrothotte[HS99] introducedtheNP-templatesmethodusedto
transfera drawing stylefrom a3D modelto anotherone.Although
theoreticallysucha systemallows defininghatchingrulesof arbi-
trarycomplexity, in practiceit is very hardto definea generalstyle
of hatchingby example.Examplebasedline art hasalsobeenad-
dressedby Freemanet al. [FTP99] and Chenet al. [CXS

�
01]

but noneconsideredthestrokesasbeingcomponentof a MRF. We
hopethatour presentcontribution will help to opena way towards
simplerandmoreintuitive waysto definethe style of hatchingin
drawing.

Many other important referencesrelated to artistic rendering
with strokescanbefoundin [GG01a]aswell asonwell-known web
sitesmaintainedby CraigReynolds[Rey01] or by Amy andBruce
Gooch[GG01b]andin [DC90; Hae90;SPR

�
94; RK00; TF00].

Webuilt our researchon recentwork donein thefield of texture
synthesis[WL00; WL01; Ash01] andparticularlyon Efros’s con-
tributions[EL99; EF01],asit will beexplain in thenext sections.

1.2 Problem Statement

As formulatedbefore,our long-termgoal is almostintractablebe-
causeit involvesmany difficult problems.First, reliabledetection
of individualstrokesin afreehandhatchingimageis averydifficult
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Figure1: Our long-termgoal canbe formulatedthis way: from a given training artwork patchZt (or from a user-definedsetof strokes
gatheredfrom anartwork, stepX), generatea2D syntheticstroke patchZg that”looks like” Zt (stepY) . Thegeneratedstrokescouldthenbe
usedin a 2D and/ora 3D scene(stepZ). In thepresentcontribution,we shallfocusonly on stepY.

computervision problemwhentheinformationaboutthesequenc-
ing of individual strokesis not available. Second,the criterion of
similaritybetweenthetrainingsetof strokesandthesyntheticoneis
highly subjectiveby its verynature.Althoughsomemechanismsof
low vision arewell understood by experimentalpsychologists,the
interpretationof higherlevels of perception– namely, the mecha-
nismsof cognition– arefar moredifficult to graspandto manipu-
late.

For thesereasons,we will considera simplified versionof the
problemstatement.We shall consideronly an interactive version
of a one-dimensional trainingsetof strokesthatnaturallyimposes
the sequence of the strokesthroughthe order in which individual
strokesin thetrainingsetaredrawn. Letusreformulatetheproblem
statementfor thetaskthatwill beexploredin thepresentpaper(see
Figure2):

1. Given a training setZt , generatea new setof strokesZg that
“looks like” it.

2. With the help of an objective visual cost function, evalu-
ate the “visual distance”betweenthe sets. This cost func-
tion can be statistically approximatedby a statisti-
cal distance( Zt , Zg) , aspresentedin Figure3.

Training sequence : Zt Generated sequence : Zg

Figure2: The objective of this papercanbe formulatedthis way:
givena trainingsetof strokes,we wantto generatea secondstroke
setthat“looks closeto it”.

Thewayweintendto generatethestrokesetZg is by implement-
ing a methodinspiredof Efros’s 1999 paperon texture synthesis
[EL99]. This approach is basedon Shannon’s N-gram andthusis
suitablefor the problemof one-dimensional stroke sequencesyn-
thesis.Thevisualcostfunctionwill beacomplementarytool to the
stroke synthesisalgorithmsinceit will provide anindicationof the
overallqualityof thegeneratedstrokesetZg. Furthermore,because
thatmetricwill beusedin parallelof thesynthesis process,it will
beableto indicateif andwherethegeneratedsequencediverges.

Even if many visual metricsare currently known and widely
used,they are not well suited to fit our specificneeds. Instead,
we will characterizethe pen stroke setsZt and Zg via their den-
sity functionPt y xz andPg y xz andfind a statisticalmetricbasedon
thesevalues.Despiteits limitations,thismetricprovidesatractable
framework for thefirst-approximationevaluation of differencesbe-
tweensetsof strokes. In order to validateour approach, we will
illustratehow that statisticalmetric fits humanperceptualquality
appreciation(seeFigure3). We shall discussthe advantagesand
thelimitationsof our approach in theappropriatesections.

1.3 Model Description

Let usconsider astrokesequenceZt similar to theonepresentedon
Figure2. Thissequencecanbeformally representedby thesetZt {|
x0 } x1 } x2 }�~,~,~,} xn � { xn

0 wherexi is a stroke definedby a vectorof
parametersassociatedwith arandomvariableXi . WeconsiderZt to
bearealizationof a Markov RandomField (MRF). In otherwords,
weconsider thattheconditionalprobability of arandomvariableXi
associatedwith a stroke dependson its closeneighborhood:

pt y Xi { xi � xi
0 z { pt y Xi { xi � xi � 1

i � N z (1)

wherexi � 1
0 is thesetof all strokesappearingbeforexi andxi � 1

i � N is
the sequence of N � 1 strokeslocatedbeforexi . Equation(1) is a
Markovian modelof orderN � 1 [Ben99]. The stroke setZg that
we wantto generateneedsto bedifferentfrom Zt while having the
sameconditionalprobability:

pt y Xi { xi � xi � 1
i � N z { pg y Yi { yi � yi � 1

i � N z (2)

where Yi is the random variable associatedwith the generated
strokes yi � Zg. Becauseof this, we madethe decisionto base
ourmodelon Shannon’s N-gram[Sha51]which is a simplemarko-
vian approach that wasrecentlyusein the context of texture syn-
thesis[EL99; EF01;WL00; WL01]. Themainadvantage of Shan-
non’s methodis its algorithmicalsimplicity combinedwith a fairly
goodoverall visualquality of theresults.Nevertheless,theN-gram
methodis not perfectand,asEfros hasmentioned[EL99], it has
a tendency to diverge aftera few iterations.Whenit diverges,the
differencebetweenthe generatedsetZg andthe training setZt is
clearlyvisible. For this reason,we needto implementanobjective
metricthatwill indicatehow visually differentthegeneratedstroke
setis from thetrainingset.This tool will alsohelpuslocatewhere
themethodstartsto diverge.Wemadetheassumptionthatif Shan-
non’s methodis an appropriate onefor the problemwe aretrying



to solve, the generatedset’s conditionaldistribution Pt y Xn � Xn � 1
n � N z

should� bestatistically“close” to thetrainingset’sconditionaldistri-
bution Pg y Yn �Yn � 1

n � N z . The distancebetweenthesetwo distributions
will giveusanindicationof how well suitedourmethodis. In other
words,we intendto make a relationbetweenthis statisticalmetric
and the humanvisual appreciation of the differencebetweenthe
stroke sequences.

1.4 Our Contribution

Zg:

Zg:

Zg:

Zt:

Zt:

Zt:

Zg is moderately similar to Zt

statistical_distance(Zt,Zg)=2.1

Zg is visually similar to Zt
statistical_distance(Zt,Zg)=0.1

statistical_distance(Zt,Zg)=0.5

Zg is visually different from Zt

Figure 3: This illustratesthe relationshipbetweenthe statistical
metricandthevisualimpression.

This paperhastwo maincontributions:

1. ProposeanN-grambasedmethodto synthesizeasequenceof
strokesZg that “look like” a given training setZt . By doing
this, we are approaching the notion of style of hatchingin
drawing.

2. Find a statisticalmetric thatcorrelatesthehumanvisual per-
ceptionin thecontext of stroke synthesis.This metricwill be
usedto evaluatetheoverallqualityof Zg comparedto Zt while
detectingif andwhenthemethoddiverges.

Theremainderof thispaperis organizedasfollows. In section2,
wewill formalizetheproblemby elaboratingthestatisticalbasisof
our approach. Section3 shows someresultswhile section4 makes
referenceto themethodlimitations.Section5 discussesconclusion
andfuturework.

2 Underlying Statistical Theory

2.1 The Generation Model

Let us considerZ { |
x0 } x1 } x2 }�~,~#~,} xk � 1 � { xk � 1

0 a given sequence
of strokeswherexi is a stroke and its associatedrandom variable
Xi follows a conditional probability p y Xi � Xi � 1

i � N z . Eachstroke xi is
definedasa parametricalcurve and is representedby a vectorof
dimensiond whered dependson thecomplexity of thecurve. Be-
causeof thespecificneedsof our algorithm,all strokesin Z hasto
have thesamedimensiond. As shown in Figure4, theobjective is
to find a stroke xk thatwould bestfit at theendof thesequence.

In the 1940’s, Shannon studiedthe problemof language pre-
diction which is, in many respects,similar to the stroke synthesis
problem. Accordingto a statisticalknowledgeof the Englishlan-
guage,his objective was to predict the next letter of a text when
theprevious N � 1 onesareknown. He cameup with a solutionby
introducingthe famousFN measurecalledthe N-gram entropy. It
measurestheaverage uncertainty (conditional entropy)of thenext
letter whenthepreceding N � 1 are known[Sha51].In thepresent

x kBad x kGoodx =?k

Z: Z’: Z’’:

Figure4: Accordingto a given stroke sequenceZ, the goal of our
methodis to find thebeststroke xk to put at the endof it. A good
stroke is onethatrespectsthepreceding stroke pattern.

contribution, we replacethe lettersby strokesandtheEnglishsen-
tencesby stroke sets.In thatcontext, theFN measureis givenby

FN { � ∑
v

p y xk � 1
k � N } xv z log p y xv � xk � 1

k � N z (3)

wherexk � 1
k � N arethelastN � 1 strokessofar generated,p y xk � 1

k � N } xv z
the joint probability of the N-gram sequence (xk � 1

k � N } xv) and

p y xv � xk � 1
k � N z the conditional probability of having stroke xv given

the lastN � 1 strokes. p y xk � 1
k � N } xv z canbe understood asbeingthe

“word frequency”, which is (in Englishprediction),therelative fre-
quency of a given word in theEnglishlanguage. For example,the
mostfrequentEnglishword “the” hasprobability 0.071while the
secondmostfrequentword “of ” hasprobability0.034[Sha51]. In
thecontext of strokesynthesis,wedonothaveadictionaryof words
thatcouldinform usof theprobability of having acertainsequence
of strokes.For this reason,weconsiderall stroke sequencesof size
N to beequallyprobable. This leadsusto asimplerN-gramentropy
measure

FN { � ∑
v

1
TN

logp y xv � xk � 1
k � N z (4)

wheretheconstant TN is thetotal number of stroke sequenceshav-
ing lengthN. Intuitively, we might want to find thebeststroke for
which p y xv � xk � 1

k � N z is maximal. Doing this would be appropriateif
the training setwasvery large. But in a context wherethat set is
relatively small,usingonly thebeststroke would turn our problem
into a deterministicone. To avoid that, insteadof finding only one
beststroke,we shallconsiderS,thesetof all plausiblestrokes

S { |
xi � p y xi � xk � 1

k � N zu� c AND xi � Z � (5)

wherec is a constantand xk � 1
k � N are the last N � 1 strokes so far

generated.As Efrospreviously suggested,we linkedthelocal con-
ditional probability with the Euclideandistancebetweenthe two
neighborhoodsxk � 1

k � N andxi � 1
i � N via thefollowing Gibbsprobability:

p y xi � xk � 1
k � N z ∝ e��� d � xk � 1

k � N � xi � 1
i � N � � (6)

whered y ~ z is theEuclideandistancebetweenxk � 1
k � N (the lastN � 1

strokesin thesequence)andxi � 1
i � N (theN � 1 strokesprecedingxi).

Thenew stroke xk is taken randomlyfrom S. Hereis analgorithm
thatschematicallydescribeshow thegeneratedsetZg is synthesize
from thetrainingsetZt :

Function GENERATESTROKES(Zt,St ,Sg,N):
. Allocate Ztemp, a temporary array of strokes having size
St � Sg
. AllocateZg, anarrayof strokeshaving sizeSg
. Ztemp � Zt
. For i from 1 to Sg Do
. S � GETPLAUSIBLE STROKES(Zt ,N)
. xi � pick randomly onestroke from S



. Appendxi to Ztemp

. Appendxi to Zg

. Return Zg

Function GETPLAUSIBLE STROKES(Zt ,N):
. AllocateS, thelist of plausiblestrokes
. zl � thelastN � 1 strokesof Zt
. For all sequenceszc of lengthN � 1 in Zt Do
. dst � EUCLIDEANDISTANCE(zc,zl )
. If e��� � dst � � � c AND zc �{ zl Do
. Appendzc to S
. Return S

2.2 Statistical Distance Between the Training and
Generated Sets

Now thatwehaveamethodto generatethestrokesequenceZg from
a training sequenceZt , we want to know how “f ar” thesetwo se-
quences are from eachother. In other words, doesthe sequence
generatedby theN-gramalgorithmhave thesamestatisticalprop-
ertiesasthe training one?To computethat “distance”,we usethe
respective conditionaldistributions Pt y Xk � Xk � 1

k � N z and Pg y Yk �Yk � 1
k � N z

andcalculatetheir Kullback-LeiblerdistanceKL y ~ z (or asymmetric
divergence[Bis95])

KL1 : KL y Pt y xk � xk � 1
k � N z �,� Pg y yk � yk � 1

k � N z�z {
��� ∞� ∞

Pt y xk � xk � 1
k � N z lnPg y yk � yk � 1

k � N z
Pt y xk � xk � 1

k � N z dx (7)

BecausePt y ~ z is thetrainingsetdistribution,wehopethatPg y ~ z is as
closeaspossibleto it. In fact, it canbeeasilyshown thatequation
(7) reachesits minimum whenPt y ~ z { Pg y ~ z andgetsbiggerwhen
Pg y ~ z differsfrom Pt y ~ z
2.3 The Curse of Dimensionality

TheconditionaldistributionsPt y Xk � Xk � 1
k � N z andPg y Yk �Yk � 1

k � N z aregen-
erally not known a priori . To computethesefunctions,we have to
empirically estimatethemfrom the training strokessetZt andthe
generatedsetZg. With an N-gram window width N anda stroke
dimensiond, thedensityestimationprocesswill haveto dealwith a
total of D { N � d dimensions.A seriousproblemcalledthecurse
of dimensionality[Bis95; Bel61] ariseswhenD reacheslarge val-
ues. For instance,if we divide eachdimensioninto a discreteset
of M bins, thestrokeswill be locatedin a world of MD bins. This
impliesthatthenumber of binsgrowsexponentially with thestroke
complexity andthewindow width. In this way, if we have a small
numberof strokesdispersedinto MD bins(whereD is large),most
of thebinswill beemptyandthedensityestimationprocesswill fail
to accuratelyestimatethedensityfunction.Consequently, areason-
ableestimationfor Pt y Xk � Xk � 1

k � N z andPg y Yk �Yk � 1
k � N z would requirean

enormousstrokedatabaseandwouldbringourproblemtowardsin-
tractablesolutions. To work aroundthat dead-end, we decidedto
replacetheconditional distributionsPt y Xk � Xk � 1

k � N z andPg y Yk �Yk � 1
k � N z

by thea priori distributionsPt y X z andPg y Y z . TheKullback-Leibler
distancethenbecomes

KL2 : KL y Pt y xz �,� Pg y yz�z { � � ∞� ∞
Pt y xz lnPg y yz

Pt y xz dx (8)

From a formal point of view, making sucha simplification may
appearclumsy and inappropriatesinceequation(8) is not an ap-
proximationof equation (7). Furthermore,knowing thatKL1 is the

trueconditionaldistancebetweenthetwo strokesequences, wemay
wonderhow KL2 cangive any goodinformationon KL1.

Westatedatequation(2) thatthegeneratedstrokesin Zg needto
be sequenced the sameway they arein Zt . To be true,oneinher-
entconditionis to have two similar a priori distributions. In other
words,the two sequencesneedto usethe samestrokesandat the
samerate.Consequently, whenKL1 is small,it impliesthatKL2 is
smalltoo:

KL1 is small {=� KL2 is small (9)

But because of the forward direction of this statement,having a
smallKL2 implies nothingaboutKL1’s value. On the otherhand,
wecansaythatwhenKL2 is largeKL1 hasto belargetoo:

KL2 is large {=� KL1 is large (10)

In otherwords,whenKL2 is large, it tells us that the strokesin
Zt aregenerallynot the sameas thosefound in Zg. Under these
conditions,thereis nowayZg canbesimilar to Zt . KL2 is thusonly
meaningfulwhenits valueis largesinceit providesanindicationof
whatthe true conditionaldistancebetweenthesetsZg andZt is.

We mentionedearlier that our algorithmhasa tendency to di-
verge. Whentestingour method,we empiricallyobserved that the
first generatedstrokesweregenerallywell chosen.But whenthe
systemstartsto diverge, it often loopsover andover on the same
stroke subset.This frequent problemis onethat canbe efficiently
detectedby the metric KL2 becausewhenever KL2 is large, it im-
plies that KL1 is too. In otherwords,when the methodstartsto
reusethe samestrokes over and over, KL2 reacheslarge values
telling usthatKL1 (thetrue distance)is alsogettinglarger.

2.4 Density Estimation

The a priori distribution P y xz of a stroke set Z is not known at
first andthusneedsto be estimated.We know from the theoryof
probabilitythatif a randomvariableX hasadensityfunctionG y X z
anda probability q(x), then

G y xz { lim
h� 0

1
2h

q y x � h � x � x � hz (11)

Givena list of pointsandagivenwindow h, wecancomputeq y x �
h � x � x � hz usinga naiveestimator[Sil86] by calculatingthe
numberof pointsxi falling into theinterval � x � h } x � h� asfollows:

Ĝ y xz { 1
2hn

� no. of xi falling in � x � h } x � h�V� (12)

wheren is the total number of points in the list. We can rewrite
equation(12) usinga kernel functionK (known astheParzenwin-
dow [Bis95; Sil86])

Ĝ y xz { 1
nh

n

∑
i � 1

K y x � xgi

h
z (13)

whereh is calledthesmoothingparameterandK satisfiesthecon-
dition

� ∞� ∞
K y xz dx { 1 (14)

A commonchoicefor thatkind of kernelis theGaussianfunction.
This leadsto

Ĝ y xz { 1
nh

n

∑
i � 1

1�
2π

exp
| � y x � xpi z 2

2h2 � (15)



Combiningequation(15) to thestroke densityestimationproblem
gives� us

P y xz=� 1
n

n

∑
i � 1

1y 2πh2 z d � 2 exp
| ��� x � xi � 2

2h2 � (16)

wherexi � Z is a stroke of dimensiond. If Z containsnormally
distributed datawith unit variance,we can computethe optimal
smoothingparameterhopt [Sil86] insteadof usinga constanth

hopt {�y 4
2d � 1

z 1
d   4 � n� 1

d   4 (17)

wheren is thesizeof Z andd is thedimensionof thestrokes.The
density estimationprocesscan be summarizedby the following
pseudo-code:

Function DENSITY ESTIMATION(Z)
. d � thedimensionof thestrokesin Z
. n � thenumber of strokesin Z
. If thestrokesarenormallydistributedwith unit varianceThen
. h � COMPUTEOPTIMAL H(d,n)/* eq.(17)*/
. Else
. h � a constantvalue
. Pg y xz � ESTIMATE DENSITY(d,n,h,X)/* eq.(16)*/
. Return Pg y xz
3 Implementation and Results

3.1 Requirements and Implementation

As we statedpreviously, our implementationcontainstwo comple-
mentaryparts: the N-gram algorithmandthe statisticalcostfunc-
tion KL2 thatcomeswith it. While testingour program,we found
out that the stroke generation algorithm is very sensitive to the
choiceof the window width N, the form of the strokes and their
layout. In fact,asa rule of thumb,therearetwo thingswe cansay.
First, themorecomplex thestrokesare,thebiggerthe trainingse-
quenceneedsto be. Secondly, highly correlatedsequencessuchas
thosepresentedon Figure7 alwaysrequirea largeN. Fortunately,
mostof thetimewhenoneof thesetwo conditions is not respected,
thecostfunctionKL2 reacheslargevaluesandwarnsusthatsome-
thing goeswrong. In sucha case,thesynthesisprocessis stopped
and the problematiccurvesareeliminated. The processcan then
berestartedover the laststrokessofar generatedwith a new setof
parameters(typically, a largerwindow sizeN).

Its important to understandthat this KL2 “large value” is not
a universaland absolute thresholdabove which the resultingse-
quenceis always visually bad. This thresholddependson the
stroke’s form andthesequencecomplexity. Typically, a simplese-
quencesuchas the oneon Figure2 will have a thresholdaround
0.4. On the otherhand,a morecomplex onesuchasFigure7 (a)
will have a thresholdlocatednear0.25. After all thetestswe have
made,wecansaythatfor amajorityof strokesequences,therelated
thresholdis locatedsomewherebetween0.2and0.5.

This thresholdconcept is fuzzy becauseit is directly relatedto
thesubjectiveappreciationof theuser. An acceptableresultfor one
maynot beit for another. TheKL2 thresholdevaluationis thusleft
to theuser.

Our implementationis simpleandstraightforward. Depending
onthechoiceof theuser, thestrokescanbeBeziercurvesor straight
lines. In eithercase,a stroke is alwaysrepresentedasa vectorof
variablesandthestrokesequencesasanarrayof vectors.As shown
in functionGENERATESTROKES(.) , duringthesynthesisphase,
thegeneratedstrokesarealwayspickedup in thetrainingsetZt and
copiedin thegeneratedsetZg.

3.2 Results and Applications

In thepresentsection,therearethreemajorquestionswe intendto
answer:

1. DoesKL2 correspond to thehumanvisualperception?

2. Using theKL2 metric, is it possibleto detectwhenthealgo-
rithm startsto diverge?

3. How can we generalizethis techniqueto two-dimensional
drawing?

In orderto answerthefirst two questions,wemanuallycreatedsev-
eralstrokesequencesZt andlaunchedouralgorithmover them.We
thencloselyobserved therelationbetweentheresultquality of Zg
andthevalueof KL2.

At first, we generatedthreesequencesZg from a singletraining
sequenceZt . As shown in Figure5, wekept constantthesizeof Zg
andZt but variedthe window width N. We canclearly seethat a
window widthof 4 is inappropriateregardingthevisualquality. The
valueof KL2 alsocorroboratesthisobservationsinceit is nearly10
timeslargerthanit wasfor thefirst sequence.

We thengeneratedlong sequences andtried to detectwhenand
wherethe methodstartsto diverge. As presentedin Figure6, we
first drew a seriesof 41 strokesby hand. From this set,we gen-
erated20 consecutive sequencesof 50 strokesandcalculatedtheir
respective KL2 values.The resultingZg sizeis thus1000strokes.
We realizedthatthe19thsequence (containingstrokes900to 950)
hada very large KL2. This wasbecause the algorithmstartedto
loop over the samestroke subset.A closeinspectionshowed that
themethodstartedto divergearoundstroke 910.

We alsogeneratedhighly correlatedsequenceswherethe order
in which the strokesareplacedis crucial. As shown in Figure7,
our methodwasable to successfullygeneratewordsmadeout of
strokesaswell asa cloudof smallcrosses.

All stroke generation were done interactively and requireda
small amount of memory. Typically, from a training set of 50
hatches,our methodrequiresno more than 2 seconds and 50KB
of memoryto synthesize500 strokes. We madethesetestson a
1.4GHzAthlon processor.

Thelastquestionto answeris moretricky sinceour methodwas
built to generatelinear sequences of strokes and do not a priori
addressthe problemof 2D drawing. Nevertheless,we overcame
that limitation by carefully incorporatingthe artist in the drawing
process. That drawing processis simple : when a stroke based
imageis to berendered, theartist is askedto usea brushto specify
wherethelinearsequencesof strokesareto beplacedin theimage.
This idea was alreadyexplored by [DOM

�
01] who showed that

thisapproachbringssuccessfulresults.Thelinearstrokesequences
aregeneratedon the fly by our methodusinga given training set
of strokesZt . That way, the artist is not evicted from the creation
processand have an intuitive way to freely distribute the strokes
on the 2D image. A concreteexampleof that drawing processis
shown in Figure8. Suchatool managesthe”mechanical”aspectof
the stroke generationprocessandleave the artist in control of the
aestheticaspectof theartwork. More drawing examplesusingthis
methodarepresentedin Figure9.

4 Limitations

Our methodsuffers from two inherent limitations. The first one
comesfrom the fact thatour methodis not a “true” stroke genera-
tion algorithmin thesensethatnostrokesarereallygenerated.This
N-grambasedmethodpicksupstrokesfrom thetrainingsetanddu-
plicatesthemin the generatedset. Consequently, whenZg is very
muchbiggerthanZt , it containsa largenumberof strokesbut with



KL2 = 0.046
Zg is visully similar to Zt
N = 10

N = 6
Generated set Size = 50
Training set Size = 46

Zg is moderately similar to Zt
KL2 = 0.24

Training set Size = 46
Generated set Size = 50

Training set Size = 46
Generated set Size = 50

Zg is different than Zt
KL2 = 0.41

N = 4

Training set Zt

Generated set Zg

Figure5: Starting from Zt , we generatedthreedifferentsetsall having size50. Thefirst onewascomputedusinga window width of 10, the
secondone6 andthelastone4. It canbeseenthatthethird sequenceis visually differentfrom Zt andits relatedKL2 is large.

Training set Zt

Generated set Zg

2KL = 0.16

Zt size = 41
Zg size = 100

Zt size = 41
Zg size = 950

2KL = 1.03...
910th stroke

Figure6: Froma shorthand-drawn sequenceZt of size41, a long Zg sequence is synthesizedoneblock of 50 strokesafter theother. After
generating2 blocks,KL2 is not largeandtheresultis visually similar to Zt . On theotherhand,aftersynthesizing 950 strokes(19 blocks),
KL2 getsvery large telling ussomethingwrong is goingon with the result. A closerinspectionshowed that themethodstartedto generate
thesamestroke subsetover andover aroundstroke 910.

Training set Zt Generated set Zg

...
KL = 0.14

2

Training set Zt Generated set Zg

...
KL = 0.038

2

Figure7: Highly correlatedsequencesgeneratedsuccessfullyusingour method.
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Figure8: Image(a)is thescenetheuserwantsto draw and(b) is the
trainingsetof strokes.(c) illustratessomedrawing pathsenteredby
theartistand(d) is thefinal result.

a limited varietyof form. This leadsto thesituationwhereequation
(2) fails to be trueandKL2 losesits meaning. In otherwords,the
KL2 valuemakessenseonly whenthe two sequenceshave similar
numberof strokes.This limitation is not crucial in computer-aided
drawing sincegenerationof long Xg sequences canbemadeblock
by blockasshown in Figure6. Thatway, KL2 is alwaysmeaningful
while bringinga solutionto thedivergence problem.

Thesecond limitation comeswith themeaningof thestatistical
metric KL2. As we said earlier, this metric representsthe statis-
tical distancebetweentwo densityfunctionsthat do not take into
accountthe conditionalaspectof the stroke sequences. It paysat-
tentiononly to the general distribution of strokesandnot to how
they areput together. Consequently, a low KL2 valuedoesnot im-
ply that the visual distancebetweenthe two setsis small. KL2 is
rathera negative indicator that underlinesvisually unpleasantre-



sultswhenit getslarge. Fortunately, degeneratedcaseswherethe
statisticalmetric KL2 doesnot fit the visual perception are rare.
KL2 have beenuseful for the majority of exampleswe have tried
and we believe that this approachprovides a first steptowardsa
moreversatilemetricfor comparisonbetweenvisualobjects.

5 Conclusion

In this paper, we have presenteda new approachto synthetic
computer-aidedhatching, engraving andsimilarartistictechniques.
The goal herewasto graspthe notion of style from typical hatch-
ing. We believe that thestyleof a stroke sequenceis given by the
form, the orientationandthe layout of the strokes. Thus,the ma-
jor differencebetweenour methodandtraditionaltexturesynthesis
comeswith theuseof parametricstrokesasabasicelementinstead
of pixels.

From a given hand-drawn training sequence, our method at-
temptsto generatea new sequence that hasthe samevisual prop-
erties. To achieve this task, we cameup with an N-gram based
methodcloseto the onepresentedby Efros [EL99] in 1999. Our
methodconsidersstroke sequencesasbeinga realizationof MRF
andtries to generatea sequenceof strokeshaving thesamecondi-
tionalprobability asthetrainingset– seeequation(2). Thismethod
is simple,fastanddoesnot requirea lot of memory. On the other
hand,it hasanunpleasanttendency to divergeandis very sensitive
to its parameters.

To overcometheseinherentlimitations, we looked for a visual
costfunction thatwould provide uswith anobjective quality mea-
sure.We cameup with the ideaof usinga statisticalcostfunction
thatwouldevaluatehow “f ar” visually thegeneratedsetis from the
training set. We madethechoiceof theKullback-Leibler distance
(KL1) betweenthe conditionaldistribution of the two sequences.
However, we showed in section2.3 that this measurefalls uncon-
ditionally into theCurseof dimensionalityandthatfor this reason,
it could not be kept. We bypassed that problemby replacingthe
conditionaldistributionsby the a priori distributions. The condi-
tionalKullback-LeiblerdistanceKL1 becamethea priori Kullback-
Leibler distanceKL2. This last measureprovided useful informa-
tion on theoverall quality of theresultsandhelpedus locatewhen
and wherethe methoddiverges. KL2 is a measurethat indicates
how far statisticallythetwo sequencesarefrom eachotherbut gives
no clueon thevisualclosenessof thesequences.

The proposed methodcan be usedin programsfor computer-
aidedillustration and/ordrawing wherethe userprovides interac-
tively a training setof hatchingor make referenceto a library of
hatchingsandautomaticallyappliesthis styleon a selectedareaof
a syntheticdrawing. Our methodcanalsobe immediatelyusedas
a brushfeatureby graphicprogramssuchasGimp, Photoshop, Il-
lustratoror by any otherapplicationsgoingbeyond this spectrum.

6 Future Work

While writing this paper, we cameto realizethat our contribution
raisesmorequestions thanit solves.For instance,we do not know
what the mathematicalrelationbetweenthe windowwidth N, the
training set size, the generatedset sizeand the stroke dimension
really is. We thusintendto encompassthis relationin orderto be
ableto furtherstabilizethealgorithm.

We alsoarelooking for an innovative methodthatwould gener-
atenew strokesinsteadof reusingthesameonesoverandoverasis
presentlythecase.Suchasolutionwould fully satisfyequation(2),
whatever thesizeof thegeneratedstroke set.

In theactualversionof our work, we do not control the toneof
thestrokes.Weonly fix it to aconstantvalue,whatever theshapeor
thepositionof thestrokesmay be. We thusarecurrentlyworking

to link the toneof the strokeswith a given input picture in order
to helpsmoothout theshades. Varingthewidth of thestrokesand
usingamethodinspiredof theoneproposedby Praunetal.[EPF01]
areamoungthepossibilities.

As we statedin the introduction, oneof our long-termgoalsis
to be ableto extract the style of a work of art in orderto apply it
in a 2D or 3D scene.Understanding what thedrawing style is, ex-
tractingit from a sampleof artwork andtransferringit into a scene
arestill problemsfor futurework. In this perspective, the present
contribution representsonly onepieceof thepuzzle.Nevertheless,
webelieve thatit is a usefulfirst stepin theright direction.
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