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Abstract

We presenta new apprachto synthetic(compuer-aided)draving
with patchesf strokes. Groupedstrokescorvey thelocal intensity
level thatis desiredin drawing. The key point of our approadb is
learningby example: the systemdoesnot know a priori the dis-
tribution of the strokes. Instead,by analyzinga sample(training)
patchof strokes,our systemis ableto synthesizdreely anarbitrary
sequene of strokesthat“looks like” the given sample.Strokesare
consideredhs parametricakcurvesrepresentedby a vector of ran-
dom variablesfollowing a Markovian distribution. Our methodis
basedon Shannors N-gram approachandis a direct extensionof
Efros’s texture synthesiamodds [EL99; EF01]. Neverthelesspne
major differencebetweenour methodand traditional texture syn-
thesisis the useof suchcurvesasa basicelementinsteadof pix-
els. We definea statisticalmetricfor comparisorbetweerdifferent
patchescontainingvarious layouts of strokes. We hope that our
methodperformsa first steptowardscapturinga very difficult no-
tion of stylein draving — hatchingstyle in our case.We illustrate
our methodby varied examples,rangingfrom typical hatchingin
traditionaldrawing to highly heterogeneussetsof strokes.

1 Introduction

Non-phdorealistic rendering (NPR) is a domain of compuer
graphicsthathasgrown very rapidly during the lastfive years. In
the presentcontribution, we shall focus our attentionon one par
ticular trend in NPR that simulatestraditional artistic mediaand
renderingtechniqles. More specifically we will explore anaspect
of freehanddrawing: the relationbetweenstrokesin varioustech-
niquesof hatchingthatcorvey particulartonevaluesandthatobey
a freely-definednotion of hatchingstyle. Somecommercialpro-
gramfor compuer-aidedillustration (e.g. lllustrator or FreeHand)
offer rudimentarytoolsfor generatiorof fields of hatchingstrokes
usinguserdefinedglobalparameterdjk e meandensity lengthand
randommessof strokes etc. Our systemfor hatchingby example
offers a further stepin sophisticatiorandflexibility of hatchingin
computefaidedhatchingfor drawing.

Our ultimate long-termgoal can be formulatedas follows: we
wouldlike to beableto generée combinadionsof strokesthat“look
like” a setof strokesin a given samplepatchthatcontainsa “train-
ing set” of strokes. The samplepatch can originate either from
existing artwork, or canbeinteractively createdby auser Thegen-
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eratedpatchconveys, with moreor lessfidelity, thetonevaluede-
siredin a syntheticdraving. The syntheticdranving systemcan
manipulatetwo- or three-dimensioal objects. In the caseof a
three-dimensionalraving systemthe strokescanbe seenastwo-
dimensionabbjectattachedo three-dimensinal surface.Figure 1
illustratesthis concept.

1.1 Previous Work

Severalattempthave beencarriedoutin thepastin orderto provide
computergraphcs suppat for draving. Let us enumeratesomeof
themthataredirectly relatedto the presentwork.

Winkenbachetal. andSaliskury VT al. in their pioneging work
[WS96; WS94; SABS94; SALS96; SWHD97]introduceda com-
prehensie systemfor compuer-aidedpen-aml-ink illustrations.In
the mostadvancal version,setsof penstrokesaredefinedaccord-
ing to auserdefinedvectorfield of orientationccombinel with ran-
domvariations.Elber[EIb95; EIb99] andHertzmanretal. [HZ00]
explored geometricalpropertiesof surfacesin orderto determine
automaticallythe directionandthe spacingof the strokesin stroke-
basedllustrations.SousaandBuchanar{SB99] proposel asystem
for simulationof the processof interactionbetweerpencilandpa-
perin drawing. The systemprodwesvisually plausibleresults;it
is mainly focusedon the renderingquality of the drawing process.
This systemdoesnot suppat the higherlevel “style of drawing”.

Durandet al. [DOM*01], introducedan interactve systemfor
digital drawing with control of tonal fidelity. In their system,the
userhasto placeeachindividual stroke manudly. A rudimentary
systenfor semi-automatigroupedstroke placemenhwaspropcsed,
but is clearly insuficient. The techniqueintroducel in the present
contribution may consideraly improve the systempropcsed in
[DOM*01]. Praunetal. [EPFO1]propcseda real-timesystem
thatenableshatching3D objectsusinga setof userdefinedhatch-
ing rules producirg an appearace very closeto draving. Hamel
andStrothottelHS99] introducedthe NP-templatesnethodusedto
transferadrawing stylefrom a 3D modelto anotherne. Although
theoreticallysucha systemallows defining hatchingrules of arbi-
trary complgity, in practiceit is very hardto definea generalstyle
of hatchingby example. Examplebasedine art hasalsobeenad-
dressedby Freemanet al. [FTP99]and Chenet al. [CXST01]
but noneconsideedthe strokesasbeingcomponentof aMRF. We
hopethatour presentontribution will helpto opena way towards
simplerand moreintuitive waysto definethe style of hatchingin
drawing.

Many other important referencesrelatedto artistic rendering
with strokescanbefoundin [GG01a]aswell asonwell-known web
sitesmaintainedby Craig Reynolds[Rey01] or by Amy andBruce
Gooch[GGO01b]andin [DC90; Hae90;SPR"94; RKO0O0; TFQO].

We built our researcton recentwork donein thefield of texture
synthesiWL00; WLO1; Ash0]] andparticularlyon Efros’s con-
tributions[EL99; EF01],asit will beexplainin the next sections.

1.2 Problem Statement

As formulatedbefore,our long-termgoal is almostintractablebe-
causeit involvesmary difficult problems. First, reliabledetection
of individual strokesin afreehanchatchingimageis avery difficult
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Figure1: Our long-termgoal canbe formulatedthis way: from a given training artwork patchz (or from a userdefinedsetof strokes
gatheredrom anartwork, stepX), generge a 2D syntheticstroke patchZy that”looks like” Z; (stepY) . Thegeneratedtrokescouldthenbe
usedin a2D and/ora 3D sceng(stepZ). In the presentontritution, we shallfocusonly on stepY.

computewision problemwhentheinformationaboutthe sequenc-
ing of individual strokesis not available. Secondthe criterion of
similarity betweerthetrainingsetof strokesandthesyntheticoneis
highly subjectve by its very nature.Although somemechanismsf
low vision arewell understod by experimentalpsychdogists,the
interpretationof higherlevels of perception- namely the mecha-
nismsof cognition— arefar moredifficult to graspandto manipu-
late.

For thesereasonswe will considera simplified versionof the
problemstatement.We shall consideronly an interactize version
of a one-dimenional training setof strokesthatnaturallyimposes
the sequene of the strokesthroughthe orderin which individua
strokesin thetrainingsetaredrawn. Letusreformulatetheproblem
statementor thetaskthatwill beexploredin the presenpaper(see
Figure2):

1. GivenatrainingsetZ;, 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 costfunc-
tion can be statistically approximatedby a statisti-
cal _distance( Z;, Zg), aspresentedn Figure3.
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Figure2: The objective of this papercanbe formulatedthis way:
givenatrainingsetof strokes,we wantto generatea secondstroke
setthat“looks closeto it”.

Theway weintendto generatehestroke setZy is by implement-
ing a methodinspiredof Efros’s 1999 paperon texture synthess
[EL99]. This approah is basedon Shannors N-gram andthusis
suitablefor the problemof one-dimensioal stroke sequ&ce syn-
thesis.Thevisualcostfunctionwill beacomplementaryool to the
stroke synthesisalgorithmsinceit will provide anindicationof the
overallquality of thegeneratedtroke setZy. Furthermorebecause
thatmetricwill be usedin parallelof the synthess processit will
beableto indicateif andwherethe generatedequenceliverges.

Even if mary visual metrics are currently knovn and widely
used,they are not well suitedto fit our specificneed. Instead,
we will characterizehe pen stroke setsZ; and Zg via their den-
sity function R x andPy x andfind a statisticalmetric basedon
thesevalues.Despiteits limitations, this metricprovidesatractable
framework for thefirst-approximatiorevaluaion of differencede-
tweensetsof strokes. In orderto validate our approachwe will
illustrate how that statisticalmetric fits humanperceptualuality
appreciation(seeFigure 3). We shall discussthe adwartagesand
thelimitationsof ourappro@hin theappropriatesections.

1.3 Model Description

Letusconside astroke sequeneZ similarto theonepresentean
Figure2. Thissequenceanbeformally representetly thesetz

Xo X1 X2 Xn xg wherex; is a stroke definedby a vector of
parameterassociatedvith arandomvariableX;. We considerZ; to
bearealizationof a Markov RandomField (MRF). In otherwords,
we conside thatthe conditionalprobability of arandomvariableX
associateavith a strolke depersonits closeneighbahood:

X X% X XK (1)

Wherex'0 1is thesetof all strokesappearingoeforex andx ,{, is
thesequeneof N 1 strokeslocatedbeforex. Equation(1) is a
Markovian modelof orderN 1 [Ben99]. The stroke setZ; that
we wantto generatseeddo be differentfrom Z while having the
sameconditionalprobability:

PX XX N PeY ViVN 2)
whereY; is the random variable associatedwith the generated
strokesy; Zg. Becauseof this, we madethe decisionto base
our modelon Shannors N-gram[Sha51]whichis a simplemarko-
vian appro@h thatwasrecentlyusein the context of texture syn-
thesis[EL99; EF01;WL00; WLO01]. The mainadwantag of Shan-
non’s methodis its algorithmicalsimplicity combinedwith afairly
goodoverall visualquality of theresults.Neverthelessthe N-gram
methodis not perfectand, as Efros hasmentioned[EL99], it has
atendeng to diverge aftera few iterations. Whenit diverges,the
differencebetweenthe generatedset Zy andthe training setZ; is
clearlyvisible. For this reasonwe needto implementan objective
metricthatwill indicatehow visually differentthe generatedtroke
setis from the training set. This tool will alsohelpuslocatewhere
themethodstartsto diverge. We madethe assumptiorthatif Shan-
non’s methodis an appropiate one for the problemwe aretrying



to solwe, the generatedsets conditionaldistribution R X, XrT ﬁ
shouldbestatistically‘close” to thetrainingset's conditionaldistri-

bution Py Yo Y & . The distancebetweenthesetwo distributions
will give usanindicationof how well suitedour methodis. In other
words,we intendto make a relationbetweerthis statisticalmetric
and the humanvisual appredation of the differencebetweenthe
stroke sequences.

1.4 Our Contribution

SN SN
SN 00
SN AN

Figure 3: This illustratesthe relationshipbetweenthe statistical
metricandthevisualimpression.

Zg is visually similar to Zt

Zg is moderately similar to Zt

Zg is visually different from Zt

This paperhastwo main contritutions:

1. ProposeanN-grambasedmethodto synthesizea sequencef
strokes Zg that“look like” a given training setZ;. By doing
this, we are approacing the notion of style of hatchingin
drawing.

2. Find a statisticalmetric that correlateshe humanvisual per
ceptionin the context of stroke synthesisThis metricwill be
usedto evaluatetheoverallquality of Zy comparedo Z; while
detectingf andwhenthe methoddiverges.

Theremaindewof this paperis organizedasfollows. In section2,
we will formalizethe problemby elaboratinghe statisticabasisof
our appro@h. Section3 shavs someresultswhile section4 makes
referencdo the methodlimitations. Section5 discussesonclusion
andfuturework.

2 Underlying Statistical Theory

2.1 The Generation Model
k

LetusconsiderZ  xp X1 X2 X 1 X 1 a given sequence
of strokeswherex; is a stroke andits assouatedand(m variable
X; follows a conditiond probability p X% ><1 N - Eachstroke x; is
definedas a parametricakurve andis representedby a vector of
dimensiond whered dependon the compleity of the curve. Be-
causeof the specificneedsof our algorithm,all strokesin Z hasto
have the samedimensiond. As shavn in Figure4, the objective is
to find a stroke x thatwould bestfit atthe endof the sequence.

In the 1940s, Shanna studiedthe problem of languag pre-
diction which is, in mary respectssimilar to the stroke synthess
problem. Accordingto a statisticalknowledgeof the Englishlan-
guage,his objective wasto predictthe next letter of a text when
thepreviousN 1 onesareknown. He cameup with a solutionby
introducingthe famousky measurecalledthe N-gram entropy. It
measuesthe average uncertairty (conditiond entopy) of the next
letter whenthe precadingN 1 are known[Sha51].In the present

statistical_distance(Zt,Zg)=0.1

statistical_distance(Zt,Zg)=0.5

statistical_distance(Zt,Zg)=2.1
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k

Figure4: Accordingto a given stroke sequenceZ, the goal of our
methodis to find the beststroke x, to put atthe endof it. A good
stroke is onethatrespectshe precediny stroke pattern.

contribution, we replacethe lettersby strokesandthe Englishsen-
tencedy stroke sets.In thatcontext, the fy measures givenby

P S PX N logp X X 3)
Vv

Wherext %IarethelastN 1 strokessofar generatedp xt ,{l Xy
the joint probability of the N-gram sequere (><t %I xy) and
P Xy x{i ﬁ, the condtional probalility of having stroke x, given

thelastN 1 strokes. p x,'§ h Xy canbeunderstod asbeingthe
“wordfrequeng”, whichis (in Englishprediction) therelative fre-
queng of agivenword in the Englishlanguag. For example,the
mostfrequentEnglishword “the” hasprobalility 0.071while the
secondmostfrequentword “of " hasprobability 0.034[Sha51].In
thecontext of stroke synthesiswe donothave adictionaryof words
thatcouldinform usof the probalility of having acertainsequee
of strokes. For thisreasonwe consicer all stroke sequenesof size
N to beequallyproballe. Thisleadsusto asimplerN-gramentropy
measure

A Y ~logp x, % (4)

wherethe constan Ty, is thetotal number of stroke sequereshav-

ing lengthN. Intuitively, we might wantto find the beststroke for

which p xy x¢ L is maximal. Doing this would be appropriataf

the training setwasvery large. But in a context wherethat setis
relatively small,usingonly the beststroke would turn our problem
into a deterministicone. To avoid that,insteadof finding only one
beststroke, we shallconsiderS, the setof all plausiblestrolkes

S xpxxXyL CcANDx Z (5)

wherec is a constantandxt h arethelastN 1 strokesso far
generatedAs Efros previoudy suggestedye linkedthelocal con-
ditional probabllity with the Euclideandistancebetweenthe two

neighbortoodsxt 1 andX % via thefollowing Gibbsprobalility:

whered istheEuclideandistancebetweerb{ %I(thelastN 1

strokesin the sequence@indx ﬁ (theN 1 strokesprecedingy).
Thenew stroke x is takenrandomlyfrom S. Hereis analgorithm
thatschematicallydescribesiow the generatecetZ; is synthesize
from thetrainingsetz;:

Function GENERATESTROKE®,S,5;,N):
. Allocate Zienp, a temporary array of strokes having size
S
Allocate Zg, anarrayof strokeshaving size§
Ztemp 4t
For i from 1to § Do
S GETPLAUSIBLE_STROKE#},N)
X;  pick randamly onestroke from S



Appendx; t0 Ztemp
Appendx; to Zg
Return Zg

Function GET.PLAUSIBLE _STROKE,N):

Allocate S thelist of plausiblestrolkes

z thelastN 1 strokesof Z;
For all sequenesz; of lengthN  1in Z Do
dst EUCLIDEANDISTANCE(z:,z)
Ife 9 cANDz 2z Do

Appendz: to S
Return S

2.2 Statistical Distance Between the Training and
Generated Sets

Now thatwe have amethodto generatehestroke sequene Z; from
a training sequencé&;, we wantto know how “far” thesetwo se-
quencs are from eachother In otherwords, doesthe sequence
generatedy the N-gram algorithmhave the samestatisticalprop-
ertiesasthetraining one? To computethat “distance”,we usethe

respectie conditionaldistributions R X« XX 1 and Py Y, Y¥ 1

andcalculatetheir Kullbadk-LeiblerdistanceKL  (or asymmetric
divergence[Bis95])
KLy : KL PoxoXE & Py ykyE &
© Py Yk Vi N
Pox x€ Lin—= 2K N gy )
o N TR ok
Becausé} isthetrainingsetdistribution,we hopethatPy isas

closeaspossibleto it. In fact,it canbe easilyshavn thatequation
(7) reachests minimumwhenR Py andgetshiggerwhen
Py differsfrom R

2.3 The Curse of Dimensionality

Thecondtional distributionsR X« XX & andPy Y, Y, & aregen-
erally notknown a priori. To computethesefunctions,we have to
empirically estimatethemfrom the training strokes setZ; andthe
generatecset Zg. With an N-gram window width N and a stroke
dimensiond, thedensityestimatiornprocesswill haveto dealwith a
totalof D N d dimensionsA seriousproblemcalledthe curse
of dimensionality[Bis95; Bel61] ariseswhenD reachedarge val-
ues. For instance,f we divide eachdimensioninto a discreteset
of M bins, the strokeswill be locatedin aworld of MP bins. This
impliesthatthe numbe of binsgrows exponentially with the stroke
compleity andthe window width. In this way; if we have asmall
numberof strokesdispersednto MP bins (whereD is large), most
of thebinswill beemptyandthedensityestimatiorprocesswill fail
to accuratelyestimatahedensityfunction. Conseqgently, areason-
ableestimatiorfor Rt X X & andPy Y, Y } would requirean
enormos stroke databasendwould bring our problemtowardsin-
tractablesolutions. To work aroundthat dead-ed, we decidedto
replacethe condtional distributionsR X, X & andPy Yk Y& &
by thea priori distributionsR X andPy Y . TheKullback-Leibler
distancethenbecomes
KLy : KLP X Pyy P X ln';g—;'dx ®)
From a formal point of view, making sucha simplification may
appearclumsy and inappropriatesince equation(8) is not an ap-
proximationof equdion (7). Furthermoreknowing thatKL; is the

truecondtional distancebetweerthetwo stroke sequencesve may
wonderhow KL, cangive ary goodinformationon KL;.

We statedat equation(2) thatthe generatedtrokesin Zg needto
be sequence the sameway they arein Z. To betrue, oneinher
entconditionis to have two similar a priori distributions. In other
words, the two sequacesneedto usethe samestrokesandat the
samerate. Conseqgently, whenKL; is small,it impliesthatKL is
smalltoo:

KL; issmall KL, is small 9)
But becawse of the forward direction of this statementhaving a
small KL, implies nothingaboutKL;’s value. On the otherhand,
we cansaythatwhenKL; is largeKL; hasto belargetoo:

KL, is large KL; islarge (10)

In otherwords,whenKL; is large, it tells usthatthe strokesin
Z; are generallynot the sameasthosefound in Z;. Underthese
conditions thereis noway Zg canbesimilarto Z;. KL, is thusonly
meaningfulwhenits valueis large sinceit providesanindicationof
whatthetrue conditionaldistancebetweerthe setsZy andz; is.

We mentionedearlierthat our algorithm hasa tendeng to di-
verge. Whentestingour method,we empirically obsened thatthe
first generatedstrokes were generallywell chosen. But whenthe
systemstartsto diverge, it often loopsover andover on the same
stroke subset.This frequen problemis onethat canbe efficiently
detectedby the metricKL, becausavheneer KL, is large, it im-
pliesthatKL; is too. In otherwords, whenthe methodstartsto
reusethe samestrokes over and over, KL, reachedarge values
telling usthatKL, (thetrue distance)s alsogettinglarger.

2.4 Density Estimation

The a priori distribution P x of a stroke setZ is not known at
first andthusneedsto be estimated.We know from the theory of
probabilitythatif arandomvariableX hasadensityfunctionG X
andaprobablity q(x), then

1
G x lI1|m0%qx h x x h (12)

Givenalist of pointsanda givenwindow h, we cancomputeq x
h x x h usinga naive estimator[Sil86] by calculatingthe
numberof pointsx; falling into theinterval x h x h asfollows:

G x no.of x; fallingin x hx h (12)

1
2hn
wheren is the total numker of pointsin the list. We canrewrite
equation(12) usinga kernelfunctionK (known asthe Parzenwin-
dow|[Bis95; Sil86])

A 12 X Xy
G x W‘iZKT (13)

whereh is calledthe smoothingparameterandK satisfieshe con-
dition

Kxdx 1 (14)

00

A commonchoicefor thatkind of kernelis the Gaussiarfunction.
Thisleadsto

2
X Xp

P e (15)



Combiningequation(15) to the stroke densityestimationproblem
givesus

10 1 X X 2
P — 16
X nd 2™ o (16)

wherex; Z is a stroke of dimensiond. If Z containsnormally
distributed datawith unit variance,we can computethe optimal
smoothingoarameterhop [Sil86] insteadof usinga constanh

4 1 1

hopt m d4 n d4 (17)

wheren is the sizeof Z andd is the dimensionof the stroles. The
density estimationprocesscan be summarizedby the following
pseudecode:

Function DENSITY_ESTIMATION(Z)

d thedimensionof thestrokesin Z

n thenumbe of strokesin Z

If thestrokesarenormally distributedwith unit varianceT hen
h COMPUTBEPTIMALH(,n)/* eq.(17)*/

Else
h aconstantvalue

Py x ESTIMATE_.DENSITY(d,n,h,X)/* eq.(16)*/

Return Py x

3 Implementation and Results

3.1 Requirements and Implementation

As we statedpreviously, ourimplementatiorcontainstwo comple-
mentaryparts: the N-gram algorithmandthe statisticalcostfunc-
tion KL, thatcomeswith it. While testingour program,we found
out that the stroke generdion algorithm is very sensitve to the
choice of the window width N, the form of the strokes and their
layout. In fact,asarule of thumb,therearetwo thingswe cansay
First, the morecomplex the strokesare, the biggerthe training se-
guenceneeddo be. Secondlyhighly correlatedsequenessuchas
thosepresentedn Figure7 alwaysrequirea large N. Fortunately
mostof thetime whenoneof thesetwo condtionsis notrespected,
thecostfunctionKL, reachedargevaluesandwarnsusthatsome-
thing goeswrong. In sucha case the synthesigrocesds stopped
andthe problematiccurves are eliminated. The processcanthen
berestartedbver the laststrokessofar generatedvith a new setof
parametergtypically, alargerwindow sizeN).

Its importantto understandhat this KL, “large value” is not
a universaland absolde thresholdaborve which the resulting se-
quenceis always visually bad. This thresholddependson the
stroke’s form andthe sequene complity. Typically, a simplese-
guencesuchasthe one on Figure 2 will have a thresholdaround
0.4. On the otherhand,a more complex onesuchasFigure7 (a)
will have athresholdlocatednear0.25. After all the testswe have
made we cansaythatfor amajority of stroke sequenes therelated
thresholdis locatedsomevherebetweer0.2 and0.5.

This thresholdconcep is fuzzy becaseit is directly relatedto
thesubjectve appreciatiorof theuser An acceptableesultfor one
may notbeit for another The KL, thresholdevaluationis thusleft
to theuser

Our implementationis simple and straightforvard. Depending
onthechoiceof theuser thestrokescanbeBeziercurvesor straight
lines. In eithercase,a stroke is always represente@sa vector of
variablesandthe stroke sequesesasanarrayof vectors.As shavn
in functionGENERATESTROKES(.) , duringthesynthesisphase,
thegeneratedtrokesarealwayspickedupin thetrainingsetz and
copiedin thegeneratedetZ.

3.2 Results and Applications

In the presentsection therearethreemajor questionsve intendto
answer:

1. DoesKL; correspad to the humanvisual perception?

2. Usingthe KL, metric,is it possibleto detectwhenthe algo-
rithm startsto diverge?

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

In orderto answetthefirst two questionsywe manuallycreatedsev-
eralstroke sequacesz; andlaunchredour algorithmoverthem.We
thenclosely obsered the relationbetweerthe resultquality of Z;
andthevalueof KL,.

At first, we generatedhreesequécesZy from a singletraining
sequencg;. As shavn in Figure5, we kept constanthe sizeof Z
and z; but variedthe window width N. We canclearly seethata
window width of 4 isinappropiateregardingthevisualquality. The
valueof KL, alsocorroborateshis observatiorsinceit is nearly10
timeslargerthanit wasfor thefirst sequege.

We thengeneratedong sequencgandtried to detectwhenand
wherethe methodstartsto diverge. As presentedn Figure 6, we
first drew a seriesof 41 strokesby hand From this set, we gen-
erated20 consective sequencesf 50 strokesandcalculatedtheir
respectie KL, values. TheresultingZg sizeis thus1000stroles.
We realizedthatthe 19th sequene (containingstrokes900to 950)
hada very large KL,. This was becawse the algorithm startedto
loop over the samestroke subset.A closeinspectionshaved that
the methodstartedto diverge aroundstroke 910.

We alsogeneratedhighly correlatedsequeneswherethe order
in which the strokes are placedis crucial. As shavn in Figure 7,
our methodwas able to successfullygeneratewords madeout of
strokesaswell asacloud of smallcrosses.

All stroke genergion were done interactively and required a
small amourt of memory Typically, from a training set of 50
hatches our methodrequiresno more than 2 second and 50KB
of memoryto synthesize 500 strokes. We madethesetestson a
1.4GHzAthlon processar

Thelastquestionto answelis moretricky sinceour methodwas
built to generatdinear sequenes of strokes and do not a priori
addresghe problemof 2D drawving. Neverthelesswe overcame
thatlimitation by carefully incorporatingthe artistin the drawing
process. That drawing processis simple : when a stroke based
imageis to berenderedtheartistis askedto usea brushto specify
wherethelinearsequenresof strokesareto beplacedin theimage.
This ideawas alreadyexplored by [DOM*01] who shaved that
thisappro@h bringssuccessfutesults.Thelinearstroke sequenes
aregeneratedn the fly by our methodusing a given training set
of strokesZ;. Thatway, the artistis not evicted from the creation
processand have an intuitive way to freely distribute the strokes
on the 2D image. A concreteexampleof thatdraving processs
shavn in Figure8. Suchatool managsthe”mechanical’aspecbf
the stroke generatiorprocessand leave the artistin control of the
aestheti@specif the artwork. More drawing examplesusingthis
methodarepresentedn Figure9.

4 Limitations

Our methodsuffers from two inherert limitations. The first one
comesfrom the factthatour methodis not a “true” stroke genera-
tion algorithmin thesensehatno strokesarereally generatedThis
N-grambasednethodpicksup strokesfrom thetrainingsetanddu-
plicatesthemin the generatedset. Conseqently, whenZ; is very
muchbiggerthanz;, it containsa large numberof strokesbut with
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Figure5: Starthg from Z;, we generatedhreedifferentsetsall having size50. Thefirst onewascompuedusingawindow width of 10, the
seconneb andthelastone4. It canbe seerthatthethird sequencés visually differentfrom Z andits relatedKL;, is large.
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Figure6: Fromashorthand-dravn sequence; of size41, along Zg sequene is synthesizeaneblock of 50 strokesafterthe other After
generating blocks,KL; is not large andthe resultis visually similar to Z;. On the otherhand,after syntheszing 950 strokes (19 blocks),
KL, getsvery large telling us somethingwrongis going on with the result. A closerinspectionshaved thatthe methodstartedto generate

the samestroke subsebver andover aroundstroke 910.
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Figure7: Highly correlatedsequeresgenerateduccessfullyjusingour method.

alimited variety of form. Thisleadsto thesituationwhereequation
(2) fails to be true andKL, losesits meaning In otherwords,the
KL, valuemalkessenseonly whenthe two sequeceshave similar
numberof strokes. This limitation is not crucialin computeraided
drawing sincegeneratiorof long Xy sequencecanbe madeblock
by blockasshavn in Figure6. Thatway, KL, is alwaysmeaningful
while bringing a solutionto the divergene problem.

The secoml limitation comeswith the meaningof the statistical
. . ) metric KL,. As we said earliet this metric representshe statis-
Figure8: Image(a)is thescenetheuserwantsto drav and(b) is the tical distancebetweentwo densityfunctionsthat do not take into
trainingsetof stroles. (c) illustratessomedrawing pathsenterecby accountthe conditionalaspecif the stroke sequeges. It paysat-
theartistand(d) is thefinal result. tentiononly to the geneal distribution of strokes and not to how
they areputtogether Consegently, alow KL, valuedoesnotim-
ply thatthe visual distancebetweenthe two setsis small. KL, is
rathera negative indicator that underlinesvisually unpleasante-
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sultswhenit getslarge. Fortunately degereratedcaseswvherethe
statisticalmetric KL, doesnot fit the visual percepion are rare.
KL, have beenuseful for the majority of exampleswe have tried
and we believe that this approachprovides a first steptowardsa
moreversatilemetricfor compaisonbetweervisual objects.

5 Conclusion

In this paper we have presenteda new approachto synthetic
computefaidedhatching engraing andsimilar artistictechniqus.
The goalherewasto graspthe notion of style from typical hatch-
ing. We believe thatthe style of a stroke sequencés given by the
form, the orientationandthe layout of the strokes. Thus,the ma-
jor differencebetweerour methodandtraditionaltexture synthess
comeswith theuseof parametricstrokesasa basicelementinstead
of pixels.

From a given hand-dawn training sequace, our method at-
temptsto generatea nenv sequene that hasthe samevisual prop-
erties. To achieve this task, we cameup with an N-gram based
methodcloseto the one presentedy Efros [EL99] in 1999. Our
methodconsidersstroke sequenesasbeinga realizationof MRF
andtriesto generatea sequencef strokeshaving the samecond-
tional probalility asthetrainingset—seeequation(2). Thismethod
is simple,fastanddoesnot requirea lot of memory On the other
hand,it hasanunpleaanttendeng to diverge andis very sensitve
to its parameters.

To overcometheseinherentlimitations, we looked for a visual
costfunctionthatwould provide uswith an objective quality mea-
sure. We cameup with theideaof usinga statisticalcostfunction
thatwould evaluae how “far” visually the generatedetis from the
training set. We madethe choiceof the Kullback-Leibler distance
(KL;) betweenthe conditionaldistribution of the two sequence.
However, we shaved in section2.3 that this measurealls uncon-
ditionally into the Curseof dimensionalityandthatfor this reason,
it could not be kept. We bypassd that problemby replacingthe
conditionaldistributions by the a priori distributions. The cond-
tional Kullbadk-LeiblerdistanceKL, becamehea priori Kullbadk-
Leibler distanceKL,. This lastmeasureprovided usefulinforma-
tion on the overall quality of theresultsandhelpeduslocatewhen
and wherethe methoddiverges. KL, is a measurethat indicates
how far statisticallythetwo sequenesarefrom eachotherbut gives
no clue onthevisualclosenessf thesequenes.

The propose&l methodcan be usedin programsfor computer
aidedillustration and/ordraving wherethe userprovidesinterac-
tively a training setof hatchingor make referenceto a library of
hatchingsandautomaticallyappliesthis style on a selectecareaof
a syntheticdraving. Our methodcanalsobe immediatelyusedas
a brushfeatureby graphicprogramssuchasGimp, Photoshopll-
lustratoror by ary otherapplicationsggoing beyond this spectrum.

6 Future Work

While writing this paper we cameto realizethat our contrikution

raisesmorequestiors thanit solves. For instancewe do not know

what the mathematicatelation betweenthe windowwidth N, the

training setsize the gererated setsizeand the stroke dimension
really is. We thusintendto encompssthis relationin orderto be
ableto further stabilizethe algorithm.

We alsoarelooking for aninnovative methodthatwould gener
atenew strokesinsteadof reusingthe sameonesoverandover asis
presentlythe case.Sucha solutionwould fully satisfyequation(2),
whatever the sizeof the generatedtroke set.

In the actualversionof our work, we do not control the tone of
thestrokes.We only fix it to aconstanwalue,whatever theshapeor
the positionof the strokesmay be. We thusare currentlyworking

to link the tone of the strokes with a given input picturein order
to help smoothout the shades Varing the width of the strokesand
usingamethodinspiredof theoneproposedy Praunetal.[EPFO1]
areamoungthe possibilities.

As we statedin the introdudion, one of our long-termgoalsis
to be ableto extractthe style of a work of artin orderto apply it
in a2D or 3D scene.Understandig whatthe draving styleis, ex-
tractingit from a sampleof artwork andtransferringt into a scene
arestill problemsfor future work. In this perspectie, the present
contribution represent®nly onepieceof the puzzle.Nevertheless,
we believe thatit is a usefulfirst stepin theright direction.
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