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Figure1: Linedrawingexample

Abstract

This paperpresentsa non-photorealisticrenderingtechniquethat
automaticallygeneratesa line drawing from a photograph.We aim
at extractinga setof coherent,smooth,andstylistic lines that ef-
fectively captureandconvey importantshapesin the image. We
�rst develop a novel methodfor constructinga smoothdirection
�eld thatpreservesthe�o w of thesalientimagefeatures.We then
introducethenotionof �o w-guidedanisotropic�ltering for detect-
ing highly coherentlines while suppressingnoise. Our methodis
simpleandeasyto implement. A variety of experimentalresults
arepresentedto show theeffectivenessof ourmethodin producing
self-contained,high-qualityline illustrations.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—Lineand curve generation;I.3.3 [ComputerGraph-
ics]: Picture/ImageGeneration—Displayalgorithms;

Keywords: non-photorealisticrendering,line drawing, edgede-
tection,�o w-based�ltering

1 Intr oduction

Line drawing is arguably the simplestandoldestmeansof visual
communicationwhich datesbackto prehistoricages. As a crude
form of humaninterpretationof a realscene,line drawing usesthe
minimal amountof data(that is, lines)andyet effectively conveys
objectshapesto theviewer. It evenoutperformsphotorealisticim-
agery in termsof the ef�cacy of visual information transferand
subjectidenti�cation. In this paper, we focuson `pure' black-and-
white line drawing, wherelinesareusedto convey theshapeof an
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objectbut not thetonalinformationon theobjectsurface.

We presentan automatictechniquethat generatesa high-quality
line drawing from a photograph,wherethe meaningfulstructures
in thescenearecapturedanddisplayedwith asetof clean,smooth,
coherent,andstylistic lines,with little or no clutter. Themaincon-
tributionof thispaperlies in theintroductionof anovel �ow-driven
anisotropic �ltering framework. We modify an existing edgede-
tection�lter sothat it adaptsto a highly anisotropickernelde�ned
by the `�o w' of salient imagefeatures,and therebysigni�cantly
enhancethecoherenceof thelineswhile suppressingnoise.There-
sulting�lter responsedirectlyservesasthetargetedline illustration
anddoesnot requireany post-processing.

1.1 Related work

In thecommunityof non-photorealisticrendering(NPR),a variety
of methodshave beenreportedon the line drawing of 3D mod-
els [Markosianet al. 1997; HertzmannandZorin 2000; DeCarlo
et al. 2003; Kalnins et al. 2003; Sousaand Prusinkiewicz 2003;
Isenberg etal. 2003].However, attemptsonmakingpureline draw-
ings from photographshave beenrare,in partdueto thedif�culty
of identifying shapesthatareimplicitly embeddedin a raw image,
without depthinformationandoftencorruptedby noise. Many of
theseissuesareaddressedby existingedgedetectionor imageseg-
mentationtechniques,which, however, do not dealwith aesthetic
aspectsasthey arenot intendedfor creatingstylistic illustrations.
Also, a crudeedgemapoftenfails to qualify asa goodillustration,
onaccountof spuriouslinesandmissinglines.

Many image-basedNPRtechniquesthus`partially' uselinesto help
createillustrationsother thanpure line drawing, that is, the ones
dealingwith not only theoutlinesof regionsbut alsotheir interior
propertiessuchascolor, tone,material,etc. For example,Salis-
bury et al. [1994] developeda systemfor interactive pen-and-ink
illustration, wherethey allow the useof an edgedetector[Canny
1986] to constructthe outline strokesandalsoto clip the interior
strokes. Litwinowicz [1997] employed the sameedgedetectorto
similarly clip thepaintbrushstrokesandpreserve featurelines.Os-
tromoukhov [1999] usedinteractively speci�ed outlinesas a ba-
sis for digital facial engraving. Similarly, algorithmsfor tile mo-
saics[Hausner2001],jigsaw mosaics[Kim andPellacini2002]and
stippledrawing [Deussenet al. 2000] all take advantageof user-
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Figure2: Processoverview

de�ned outlinesto enhancethelook of theillustration.

CertainNPRstylessuchas`photographtooning' requiremoreex-
plicit displayof lines. DeCarloandSantella[2002] employedboth
Canny edgedetectorandmean-shiftsegmentationalgorithm[Co-
maniciuandMeer2002]to obtaincartoon-styleimageabstraction.
Wanget al. [2004] andCollomosseet al. [2005] presentedoff-line
video abstractiontechniquesbasedon mean-shiftsegmentation,
focusingon achieving good spatio-temporalcoherence. Wen et
al. [2006] alsousemean-shiftsegmentationfor producinga rough
sketchof thescene.Fischeretal. [2005]appliedCanny edgedetec-
tor in conjunctionwith bilateral�lter to obtainstylizedaugmented
reality. Canny's methodwasagain usedby Kang et al. [2006] in
producinga wide variety of artistic styles, rangingfrom region-
basedto outline-based.As shown in [DeCarloandSantella2002],
imagesegmentationis useful for abstractingregions (and color)
but lessideal for line drawing, becauseeachsegmentedregion in-
evitably formsaclosedboundarywhichdoesnotnecessarilymatch
theaccurateoutline.

While Canny's method[1986] is generallyconsideredthedefacto
standardfor edgedetectors,onemay chooseotheredgedetection
methodfor line drawing. Goochet al. [2004] presenteda facial
illustration systembasedon a difference-of-Gaussians(DoG) �l-
ter, originatedfrom Marr–Hildreth edgedetector[1980]. They
usedthis �lter in conjunctionwith binary thresholdingto produce
a black-and-whiteillustration. Winnem̈oller et al. [2006] recently
extendedthis techniqueto generalcolor imagesandvideo. Com-
paredwith Canny's method,their DoG edgemodelhasproven to
bemoreeffective for artistic illustrationsin thefollowing respects:
It capturesinterestingstructuresbetter(asshown in [Goochet al.
2004]), and it automaticallyproducesa set of stylistic edges(in
non-uniformthickness).

This DoG edgemodel, however, is not without limitations. Due
to thenatureof isotropic�lter kernel,theaggregateof edgepixels
may not clearly reveal the senseof `directedness'(and thus may
look lesslike lines). Also, the thresholdededgemapmay exhibit
somesetof isolated,scatterededgecomponentsthatcluttertheout-
put, especiallyin an areawith imagenoiseor weakcontrast(see
Fig. 1b). Althoughwe mayconsideradjustingthethresholdin or-
der to improve the edgecoherence,the resultcanbe even poorer
dueto addednoise.Thisproblemis signi�cantly diminishedin our
�o w-basedanisotropic�ltering framework (seeFig. 1c).

1.2 Contrib utions and Overview

Themain ideabehindour approachis to take into accountthe`di-
rection' of the local imagestructurein DoG �ltering, ratherthan
looking in all directions.Especially, we applyDoG �lter only in a
directionperpendicularto thatof the local `edge�o w', that is, the
direction in which thereis supposedto exist the biggestcontrast.
We thencollect theevidence(�lter response)alongthis �o w to �-

nally determinetheedgestrength.As will beshown in this paper,
this�o w-guided�ltering approachnotonly enhancesthecoherence
of thelines,but alsosuppressesnoise.

Our technicalcontributionsaretwo-fold. For computinga smooth,
feature-preservinglocal edge�o w (callededge tangent �ow), we
developa kernel-basednonlinearvectorsmoothingtechnique(de-
scribedin Section2). Also, we presenta �o w-basedanisotropic
DoG �ltering technique(describedin Section3) thatdirectly pro-
ducestheline illustration.Fig.2 showstheoverview of ourmethod.

Our line drawing framework thusgivesadvantagesin thefollowing
respects:
Line coherence:Our techniquediffersfrom conventionaledgede-
tectorsin thatit usesahighly anisotropic,curve-shaped�lter kernel
in orderto maximizetheline coherence.It is evencapableof con-
structinga line from a setof isolatededgepoints,by adjustingthe
kernelsize.
Robustness: Our methodis robust and lesssusceptibleto image
noise. Thus, it reducesspuriouslines and producessmoothline
strokes.
Quality: With thepropertiesabove, the �lter outputoftendirectly
resultsin agood-qualityline illustration.
Simplicity: Our methodis straightforwardandeasyto implement.
Generality: Our �o w-based�ltering framework is general.Other
�lters may be appliedsimilarly to improve their performance(in
termsof featurepreservation).

2 Flow construction

2.1 Edge Tangent Flow

We�rst constructtheedge�o w �eld from input imageI (x ), where
x = (x; y) denotesan imagepixel. To facilitate the production
of high-qualityline drawing, this vector�eld mustsatisfythe fol-
lowing requirements:(1) Thevector�o w mustdescribethesalient
edgetangentdirection in the neighborhood;(2) The neighboring
vectorsmustbesmoothlyalignedexceptat sharpcorners;(3) Im-
portantedgesmustretaintheir original directions.Here,we de�ne
theedgetangent, denotedt (x ), asavectorperpendicularto theim-
agegradientg(x ) = r I (x ). We usetheterm`tangent'in a sense
thatt (x ) maybeviewedasthetangentof a curve representingthe
local edge�o w. Accordingly, we call this vector�eld anedge tan-
gent�ow (ETF).

We presenta novel techniquefor constructingETF that meetsall
the requirementsstatedabove. Our methodusesa kernel-based
nonlinearsmoothingof vector �eld, inspiredby the bilateral �l-
tering framework [Tomasi and Manduchi1998]. In eachpixel-
centeredkernel, we perform a nonlinearvector smoothing,such
thatthesalientedgedirectionsarepreservedwhile weakedgesare
directedto follow theneighboringdominantones.Also, to preserve
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Figure3: ETFconstruction

sharpcornersandavoid undesirablèswirling' artifact,we encour-
agesmoothingamongtheedgeswith similarorientations.Thisalso
preventsweakvectorsfrom beingaffectedby strongbut irrelevant
vectors,andthusresultsin moretightly alignedvectors.Our ETF
construction�lter is thusde�ned asfollows:

t new (x ) =
1
k

X

y 2 
( x )

� (x ; y )t cur (y )ws (x ; y )wm (x ; y )wd (x ; y )

(1)
where
( x ) denotesthe neighborhoodof x , and k is the vector
normalizingterm. For the spatial weight function ws , we usea
radially-symmetricbox �lter of radiusr , wherer is the radiusof
thekernel
 :

ws (x ; y ) =

�
1 if jj x � y jj < r ;
0 otherwise: (2)

The othertwo weight functions,wm andwd , play the key role in
featurepreserving. We call wm the magnitudeweight function,
which is de�ned as:

wm (x ; y ) =
1
2

(1 + tanh[ � � (ĝ(y ) � ĝ(x ))]) (3)

whereĝ(z) denotesthenormalizedgradientmagnitudeat z, and�
controlsthefall-off rate.Notethatthisweightfunctionis monoton-
ically increasing,indicating that bigger weightsare given to the
neighboringpixels y whosegradientmagnitudesare higher than
thatof thecenterx . This ensuresthepreservationof thedominant
edgedirections.A biggervalueof � meansmorestrict obedience
to thedominantvectors.Weset� = 1 throughout.

Finally, wede�ne wd , thedirectionweightfunction, asfollows:

wd (x ; y ) = jt cur (x ) � t cur (y )j (4)

wheret cur (z) denotesthe `current' normalizedtangentvectorat
z. Note that this weight function increasesas the two vectors
arecloselyaligned(that is, the angle� betweentwo vectorsgets
closeto 0� or 180� ), and decreasesas they becomeperpendicu-
lar (that is, � approaches90� ). In addition,we reversethe direc-
tion of t cur (y ) beforesmoothing(in Eq.1) usingthesignfunction
� (x ; y ) 2 f 1; � 1g, in case� is biggerthan90� :

� (x ; y ) =

�
1 if t cur (x ) � t cur (y ) > 0;
� 1 otherwise: (5)

This inducestighter alignmentof vectorswhile avoiding swirling
�o ws.

Theinitial ETF, denotedt 0(x ), is obtainedby takingperpendicular
vectors(in the counter-clockwisesense)from the initial gradient

mapg0(x ) of the input imageI . t 0(x ) is thennormalizedbefore
use. The initial gradientmap g0(x ) is computedby employing
Sobeloperator. Our �lter maybeiteratively appliedto updateETF
incrementally:t i (x ) ! t i +1 (x ). Note in this caseg(x ) evolves
accordingly(but the gradientmagnitudeĝ(x ) is unchanged).In
practice,we typically iteratea few (2 � 3) times. Fig. 3 shows
ETF �elds obtainedfrom sampleimages. Notice ETF preserves
edgedirectionswell aroundimportantfeatureswhile keepingthem
smoothelsewhere.

2.2 Discussion

It is worth noting that thereare other ways to constructETF. In
non-photorealisticpainterlyrendering,scattereddatainterpolation
is often usedto createa rough ETF, basedon radial basisfunc-
tions[Litwinowicz 1997;HaysandEssa2004]. TheresultingETF
is usedto guidetheplacementof brushstrokes. Typically, a small
numberof basispoints(with stronggradients)areselectedfor vec-
tor interpolation,andasaresultthe�o w canbeeasilymisguidedin
anareawheresomemeaningfulbasispointsareomittedby these-
lectionprocess(suchasgradientmagnitudethresholding).This in
generaldoesnotposeahugeproblemin painterlyrendering,where
featuresare often deliberatelyobscuredfor an aestheticpurpose.
Whenappliedto line drawing, however, the quality of illustration
can be degradednoticeably. Although one may attemptusing a
largenumberof basispointsto resolvethis,it couldresultin anoisy
direction�eld (let alonetheincreasedcomputationalcost)asall the
selectedbasisvectorscannotchangetheoriginaldirections.

It is possibleto constructa moresophisticatedETF by taking into
accountthe entiresetof pixels. Xu andPrince[1998] formulated
this problemasa partialdifferentialequation,andpresentedan it-
erative vectordiffusionalgorithmto createa gradientvector �o w
(GVF), thatis, aperpendicularversionof ETF. They useGVF asan
externalforce�eld toattractactivecontours.WhileETFcanalsobe
obtainedin this way, we �nd it lesssuitedfor our line-drawing ap-
plicationin that it doesnot preserve thesalientedgetangentdirec-
tionswell, andproducesundesirableswirling �o ws (seeFig. 4-a2).
This is attributedto thefactthatthediffusionprocesstakesinto ac-
countonly themagnitudeof thevectorsbut not theirdirections.As
shown in Fig. 4-a3,our methodsuccessfullyremovessuchartifact.
Thesecondlimitation of thevectordiffusionmethodis thatit lacks
controlover thesizeof diffusionkernel(only theimmediateneigh-
borsareconsidered)andthus it is dif�cult to establishcoherence
betweenisolatededges(seeFig. 4-b2). Our methodaddressesthis
problemby providing asize-controllablesmoothingkernel(seethe
originally isolatedcomponentsareconnectedby the�o w in Fig. 4-
b3).
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Figure4: Our methodvs.Vectordiffusion

3 Line construction

3.1 Flow-based Diff erence-of-Gaussians

Given t (x ), namely the ETF constructedby Eq. 1, we apply a
�o w-guidedanisotropicDoG �lter using the kernel whoseshape
is de�ned by the local �o w recordedin ETF. Notet (x ) represents
thelocal edgedirection,which meanswe will mostlikely have the
highestcontrastin its perpendiculardirection,that is, thegradient
direction g(x ). Thus, the idea is to apply a linear DoG �lter in
this gradientdirectionaswe move alongthe edge�o w. We then
accumulatethe individual �lter responsesalongthe �o w, asa way
of collectingenoughevidencebeforewe draw the conclusion(on
the`edge-ness').As a result,we can`exaggerate'the �lter output
alonggenuineedges,while we `attenuate'the output from spuri-
ousedges.Therefore,this not only enhancesthecoherenceof the
edges,but alsohastheeffectof suppressingnoise.

Fig. 5 illustratesour �ltering framework. Let cx (s) denotethe in-
tegral curve (alsocalledstreamline) at x , wheres is anarc-length
parameterthatmaytakeonpositiveor negative values.We assume
x servesasthecurvecenter, thatis, cx (0) = x . Our�ltering frame-
work is thendescribedasfollows. As moving alongcx , we apply
a 1-dimensional�lter f along the line l s that is perpendicularto
t (cx (s)) andintersectingcx (s):

F (s) =

Z T

� T

I (ls (t)) f (t)dt (6)

wherels (t) denotesthepoint on theline l s at parametert. Again t
is anarc-lengthparameter, andwe assumel s is centeredat cx (s),
that is, ls (0) = cx (s). Note ls is parallel to the gradientvector
g(cx (s)) . I (ls (t)) representsthevalueof theinputimageI atl s (t).

As for f , we employ theedgemodelsuggestedby Winnemöller et
al. [2006]basedondifference-of-Gaussians(DoG):

f (t) = G� c (t) � � � G� s (t) (7)

whereG� denotesa 1-dimensionalGaussianfunction of variance
� :

G� (x) =
1

p
2� �

e� x 2

2 � 2 (8)

The two variances,� c and� s , arefor centerandsurroundingsec-
tions, respectively. We set � s = 1:6� c to make the shapeof f
closelyresemblethatof Laplacian-of-Gaussian[Marr andHildreth
1980].Therefore,once� c is givenby theuser, it automaticallyde-
termines� s andthusthesizeof T in Eq.6. It alsodirectly affects
theresultingline width. � controlsthelevel of noisedetected,and
is setto adefault valueof 0:99.

Theindividual�lter responsesF (s) arethenaccumulatedalongcx :

H (x ) =

Z S

� S

G� m (s)F (s)ds (9)

whereF is convolvedwith aGaussianfunctionto assignavariable
weightto eachresponseaccordingto s. Theuser-providedparame-
ter � m automaticallydeterminesthe sizeof S. Note � m controls
thelengthof theelongated�o w kernel,andhencethedegreeof line
coherenceto enforce.

Oncewe obtainH from Eq. 9, we convert it to a black-and-white
imageby binary thresholding,assuggestedin [Winnemöller et al.
2006]:

~H (x ) =

�
0 if H (x ) < 0 and 1 + tanh(H (x )) < � ;
1 otherwise:

(10)
where� is a thresholdin [0; 1]. This binaryoutput ~H servesasour
targetedline illustration.

Sinceour anisotropicDoG �lter is driven by the vector �o w, we
nameit Flow-basedDifference-of-Gaussians(FDoG)�lter .
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Figure 5: Flow-basedDoG �ltering: (a) Input (b) ETF (c) Kernel
at x (d) Kernelenlarged(e)Gaussiancomponentsfor DoG

For implementation,we samplep � q pointsfrom the kerneland
discretelyapproximateEq. 6 andEq. 9. We �rst samplep points
alongcx by bidirectionallyfollowing thevector�o w startingfrom
x. Let z denotethesamplepointsalongcx . Initially, wesetz  x ,
then iteratively obtain the next samplepoint by moving alongcx

in onedirectionusinga �x ed stepsize � m : z  z + � m � t (z).
Similarly, weobtainthesamplepointson theotherhalf of cx : z  
z � � m � t (z). Now at eachz, we sampleq pointsalongthe line
perpendicularto t (z), similarly with the stepsize of � n . In our
experiments,we set� m = � n = 1. Notep andq areautomatically
determinedby � m and� c , respectively.
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Figure7: Lineconstructionfroma setof isolatedpoints
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Figure8: NoisesuppressionbyFDoG

(b) Isotropic DoG (c) FDoG: �Mm=3.0(a) Input

(e) FDoG: �Mc=2.0 (f) FDoG: �K=0.997(d) FDoG: �Mm=1.0

Figure6: FDoG�ltering with parametercontrol

Fig. 6 showsapplicationsof ourFDoG�lter with differingparame-
ter values. Eachcaptiongivesthe modi�ed parametervaluefrom
the default setting: � m = 3:0, � c = 1:0; � = 0:99. Notice the
improvedline coherencecomparedto thatof theisotropicDoG �l-
ter. Fig. 7 shows thatunlike conventionaledgedetectors,it is even
possibleto �nd a line from a setof disconnectedpoints,by simply
settingtheETFkernel(
 in Eq.1) biggerthanthedistancebetween
neighboringpoints. Fig. 8 demonstratesthe robustnessof FDoG
against noise. Fig. 8a is an imagecorruptedby Gaussiannoise.
Fig. 8b is anoutputof isotropicDoG�lter followedby binarization
with alow threshold(� = 0:2). Noticetheweakline coherencedue
to noise.While higherthreshold(� = 0:7) asin Fig. 8c improves
the coherence,the addednoisecluttersthe output. On the other
hand,Fig. 8d shows thatwe canstill constructa relatively smooth
ETF aroundthetargetshape,resultingin theextractionof a clean,
coherentline (Fig. 8e)ata low threshold(� = 0:2).

3.2 Iterative FDoG �ltering

Our FDoG �lter may be iteratively appliedto further enhancethe
�lter response.In fact,we �nd thatiterativeFDoG�ltering is often
more effective in improving line coherencein a consistentman-

nerthansimplyadjustingparametersin asingleFDoGapplication.
After eachapplicationof FDoG,we re-initialize the �lter input by
superimposingtheblackedgepixelsof thepreviousbinaryoutput
~H (obtainedby Eq. 10) uponthe original imageI , thenre-apply
FDoG �lter to this combinedimage (ETF remainsunchanged).
This processmay be repeateduntil we reacha satisfactory level
of line connectivity and illustration quality. For mostof our test
images,a few (2 � 3) iterationsweresuf�cient. Beforeeachap-
plicationof FDoG�lter , wemayoptionallyGaussian-blurtheinput
to further smoothout the line strokes. Fig. 9 shows the iterative
FDoG �ltering (appliedto Fig. 4-b1) that successively enhances
thecoherenceof lines. Noticemany of theoriginally disconnected
componentsof the�ngerprint arere-connected.

(b) 2nd iteration (c) 3rd iteration(a) 1st iteration

Figure9: IterativeFDoG

3.3 Discussion

Theideaof usingdirectional�lter kernelis not new. Canny [1986]
discussedtheuseof directionalGaussianderivative for improving
the reliability in straightline detection. Gabor�lters [Grigorescu
etal. 2002]andothersteerable�lters [FreemanandAdelson1991]
typically employ a setof oriented,elliptic kernelsto help analyze
parallelstructuresor texturepatterns.In anisotropicmean-shiftseg-
mentation[Wang et al. 2004], a data-dependentelliptic kernel is
usedto capturethin, elongatedstructureswith lessregions. Note,
however, conventionalanisotropickernelsstill usea rigid, straight-
line axis,while we usea `curved' axis representingthe local edge
�o w, andthusmake it moreeffective in capturingthe actuallocal



structure,whetherit is a straightline or a curve with nonzerocur-
vature.

Sinceour �ltering approachis basedon the �o w of vectors,it is
morecloselyrelatedto the line integral convolution (LIC) frame-
work [CabralandLeedom1993],which is oftenusedfor thevisu-
alizationof vector�eld (andit is actuallyusedfor visualizingETF
in this paper).Themaindifferenceis thatwe addanotherdimen-
sion to the conventionalLIC in de�ning the �lter kernel (that is,
we expandthe curvilinearkernelsidewaysasshown in Fig. 5). It
shouldalsobenotedthat thequality of theunderlyingvector�eld
(ETF in ourcase)is crucialin thesuccessof �o w-based�ltering.

4 Results

Fig. 11 shows line drawing resultsobtainedfrom the test images
in Fig. 10. Our methodperformsconsistentlywell on a varietyof
imageswith differentcharacteristicsandsubjects,suchashumans,
animals,plants,buildings, still objects,outdoorscenes,etc. Note
each�lter outputconsistsof lines thatareclean,smooth,andalso
coherent,with little or no dispersement.Also, due to the inher-
ent propertyof DoG �ltering, the capturedlines are stylistically
depictedsuchthat the thicknessof the line automaticallyre�ects
the signi�cance of the edge. Fig. 12 shows the comparisonof
our methodwith otherpopularline extractiontechniques,includ-
ing Canny's,mean-shiftsegmentation,andisotropicDoG.Fromthe
line-drawing perspective, our methodoutperformsothersin that it
is notonly capableof capturing̀ perceptuallyinteresting'structures
but alsocapableof depictingthemwith smoothandcoherentlines.

Figure10: Testimages

Theline drawingsin Figs.1, 2, 11,and12wereobtainedby setting
r = 5 (ETF kernelsize),� m = 3:0; � c = 1:0; � = 0:5 (�ltering
parameters)and with 3 FDoG iterations,while other parameters
weresetasdefault values. This shows that our methoddoesnot
requiresophisticatedparametertuningbasedontheinputdata.The
performancemainlydependson theimagesizeandthe�lter kernel
size.NotethatourETFconstructionmethodis anO(n � r 2) algo-
rithm wheren is thenumberof imagepixels,while FDoG�ltering
is of O(n � p � q) wherep � q is thenumberof samplepointsin
akernel,determinedby � m and� c . In ourcurrentimplementation,
noattemptfor accelerationhasbeenmade.For a512� 512 image
andwith defaultparameters,anapplicationof ETFconstruction�l-
ter (Eq. 1) typically takes2 � 4 seconds,andFDoG�lter (Eq. 9)
takes4 � 6 secondsona3GHzdual-corePC.

5 Discussion and Future work

Line drawing is generally consideredthe cornerstoneof non-
photorealisticrendering,and we believe the lines constructedby

our technique(andtheETF itself) canbeusedasthebasisfor en-
hancingotherimage-guidedNPR effectssuchascartooning,pen-
and-inkillustration,stippling,engraving, mosaics,pencildrawing,
painting, and so on. Our �o w-basedanisotropic�ltering frame-
work is generalandindependentof the underlying�lter , andthus
it is possibleto similarly adaptother�lters to obtainimprovedre-
sults.In fact,thissuggeststhepossibilityof developinga family of
�o w-based�lters, whichwearecurrentlyexploring.

Sinceour FDoG�lter builds on theDoG �lter , they sharesomeof
the limitations too. For example,a high-contrastbackgroundwill
be�lled with adensesetof linesalthoughthisareamaybepercep-
tually unimportant.Also, like DoG, the lines areformedaspixel
aggregatesratherthanwell-de�ned strokes(althoughit is possible
to extracta setof thin strokesfrom thethick linesby morphologi-
calprocessing).WhileFDoG�lter is capableof connectingisolated
edgesegments,it still operateson a local kernelandthusa global-
scalesubjectivecontourmaybehardto detect.

Possiblefuture researchdirectionsincludethedevelopmentof ac-
celerationschemesfor theproposed�lters (Eq.1 andEq.9). Since
our ETF construction�lter is essentiallya modi�ed bilateral�lter ,
it maybepossibleto employ existingaccelerationschemes[Durand
andDorsey 2002;Weiss2006]. TheFDoG �ltering maybe simi-
larly acceleratedsincethereis ahugeoverlapbetweenneighboring
kernels.Also, thelocalnatureof our �lters suggestsa(GPU-based)
parallelimplementation,which couldeven leadto a real-timeper-
formance.
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