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Abstract

This paperpresentsa non-photorealisticenderingtechniquethat
automaticallygenerates line draving from a photographWe aim
at extractinga setof coherentsmooth,andstylistic lines that ef-
fectively captureand corvey importantshapesn the image. We
rst develop a novel methodfor constructinga smoothdirection
eld thatpreseresthe o w of the salientimagefeatures.We then
introducethe notionof o w-guidedanisotropicltering for detect-
ing highly coherentines while suppressingnoise. Our methodis
simple and easyto implement. A variety of experimentalresults
arepresentedo shav the effectivenessf our methodin producing
self-containedhigh-qualityline illustrations.

CR Categories:  1.3.3 [Computer Graphics]: Picture/Image
Generation—Lineand curve generation;l.3.3 [ComputerGraph-
ics]: Picture/lmagéseneration—Displagplgorithms;

Keywords: non-photorealisticendering,line draving, edgede-
tection, o w-basedItering

1 Introduction

Line drawing is arguablythe simplestand oldestmeansof visual
communicatiorwhich datesbackto prehistoricages. As a crude
form of humaninterpretatiorof areal sceneline draving usesthe
minimal amountof data(thatis, lines) andyet effectively corveys
objectshapego the viewer. It evenoutperformsphotorealistidm-

ageryin termsof the efcacy of visual information transferand
subjectidenti cation. In this paperwe focuson “pure' black-and-
white line drawing, wherelines areusedto corvey the shapeof an
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objectbut notthetonalinformationon the objectsurface.

We presentan automatictechniquethat generatesa high-quality
line draving from a photographwherethe meaningfulstructures
in thescenearecapturedanddisplayedwith a setof clean,smooth,
coherentandstylistic lines, with little or no clutter Themaincon-

tribution of this papetiesin theintroductionof anovel ow-driven

anisotiopic ltering framework. We modify an existing edgede-

tection lter sothatit adaptgo a highly anisotropickernelde ned

by the " ow' of salientimagefeatures,and therebysigni cantly

enhancehecoherencef thelineswhile suppressingoise.There-

sulting Iter responsdirectly senesasthetargetedine illustration

anddoesnotrequireary post-processing.

1.1 Related work

In the communityof non-photorealisticendering(NPR),a variety
of methodshave beenreportedon the line drawving of 3D mod-
els [Markosianet al. 1997; Hertzmannand Zorin 2000; DeCarlo
et al. 2003; Kalnins et al. 2003; Sousaand Prusinkiavicz 2003;
Isenbeg etal. 2003]. However, attempton makingpureline draw-
ingsfrom photograph$iave beenrare,in partdueto the dif culty
of identifying shapeghatareimplicitly embeddedn araw image,
without depthinformationand often corruptedby noise. Many of
theseissuesareaddressetly existing edgedetectionor imageseg-
mentationtechniqueswhich, howvever, do not dealwith aesthetic
aspectsaasthey arenotintendedfor creatingstylistic illustrations.
Also, a crudeedgemapoftenfails to qualify asa goodillustration,
on accounbf spurioudinesandmissinglines.

Many image-basetlPRtechniqueshuspartially’ uselinesto help
createillustrationsotherthan pure line drawing, thatis, the ones
dealingwith not only the outlinesof regionshbut alsotheir interior
propertiessuchas color, tone, material,etc. For example, Salis-
bury et al. [1994] developeda systemfor interactve pen-and-ink
illustration, wherethey allow the useof an edgedetector[Canry
1986] to constructthe outline strokesandalsoto clip the interior
strokes. Litwinowicz [1997] employed the sameedgedetectorto
similarly clip the paintbruststrokesandpresere featurelines. Os-
tromoukhw [1999] usedinteractvely speci ed outlinesas a ba-
sis for digital facial engraing. Similarly, algorithmsfor tile mo-
saicgHausner2001],jigsav mosaic§Kim andPellacini2002]and
stipple drawing [Deusseret al. 2000] all take advantageof user
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de ned outlinesto enhancehelook of theillustration.

CertainNPR stylessuchas “photograpttooning' requiremoreex-
plicit displayof lines. DeCarloandSantellgf2002] employed both
Canry edgedetectorand mean-shiftsggmentationalgorithm[Co-
maniciuandMeer2002]to obtaincartoon-stylémageabstraction.
Wanget al. [2004] andCollomosseet al. [2005] presenteaff-line
video abstractiontechniquesbasedon mean-shiftsggmentation,
focusingon achieving good spatio-temporatoherence. Wen et
al. [2006] alsousemean-shiftsegmentatiorfor producinga rough
sketchof thesceneFischeretal.[2005] appliedCanry edgedetec-
tor in conjunctionwith bilateral Iter to obtainstylizedaugmented
reality. Canry's methodwas again usedby Kang et al. [2006] in
producinga wide variety of artistic styles, ranging from region-
basedo outline-basedAs shavn in [DeCarloand Santella2002],
image segmentationis useful for abstractingregions (and color)
but lessidealfor line drawing, becauseachsegmentedregion in-
evitably formsa closedboundarywhich doesnot necessarilynatch
theaccurateoutline.

While Canry's method[1986] is generallyconsideredhe de facto
standardor edgedetectorspne may chooseotheredgedetection
methodfor line drawing. Goochet al. [2004] presentech facial
illustration systembasedon a difference-of-Gaussian®oG) |-
ter, originatedfrom Marr—Hildreth edge detector[1980]. They
usedthis lter in conjunctionwith binary thresholdingto produce
a black-and-whitdllustration. Winnermbller et al. [2006] recently
extendedthis techniqueto generalcolor imagesandvideo. Com-
paredwith Canry's method,their DoG edgemodelhasprovento
be moreeffective for artisticillustrationsin the following respects:
It capturesinterestingstructuresbetter(asshavn in [Goochet al.
2004]), and it automaticallyproducesa set of stylistic edges(in
non-uniformthickness).

This DoG edgemodel, however, is not without limitations. Due
to the natureof isotropic Iter kernel,the aggrejateof edgepixels
may not clearly reveal the senseof “directedness(and thus may
look lesslike lines). Also, the thresholdecedgemap may exhibit

somesetof isolated scattere@dgecomponentshatcluttertheout-
put, especiallyin an areawith imagenoiseor weak contrast(see
Fig. 1b). Althoughwe may consideradjustingthe thresholdin or-

der to improve the edgecoherencethe resultcanbe even poorer
dueto addednhoise.This problemis signi cantly diminishedin our
0 w-basedanisotropicltering framework (seeFig. 1c).

1.2 Contrib utions and Overview

Themainideabehindour approachis to take into accounthe “di-
rection’ of the local imagestructurein DoG ltering, ratherthan
lookingin all directions.Especially we apply DoG Iter onlyin a
directionperpendiculato thatof thelocal “edge o w', thatis, the
directionin which thereis supposedo exist the biggestcontrast.
We thencollectthe evidence( Iter responseglongthis ow to -

nally determinethe edgestrength.As will be shavn in this paper
this o w-guided Itering approachotonly enhancethecoherence
of thelines, but alsosuppressesoise.

Our technicalcontributionsaretwo-fold. For computinga smooth,
feature-preservingpcal edge o w (called edge tangent ow), we
develop a kernel-basedhonlinearvectorsmoothingtechnique(de-
scribedin Section2). Also, we presenta 0 w-basedanisotropic
DoG ltering technique(describedn Section3) thatdirectly pro-
duceghelineillustration. Fig. 2 shavstheoverviewv of ourmethod.

Ourline drawing framevork thusgivesadvantagesn thefollowing
respects:

Line coherence: Ourtechniquealiffersfrom cornventionaledgede-
tectorsin thatit usesahighly anisotropiccurve-shapedter kernel
in orderto maximizetheline coherencelt is even capableof con-
structinga line from a setof isolatededgepoints, by adjustingthe
kernelsize.

Robustness: Our methodis robust and lesssusceptibleo image
noise. Thus, it reducesspuriouslines and producessmoothline
stroles.

Quality: With the propertiesaborve, the Iter outputoftendirectly
resultsin agood-qualityline illustration.

Simplicity: Our methodis straightforvard andeasyto implement.
Generality: Our o w-basedltering framawork is general.Other
lters may be appliedsimilarly to improve their performanceg(in
termsof featurepreseration).

2 Flow construction

2.1 Edge Tangent Flow

We rst constructheedgeow eld frominputimagel (x), where
X = (x;y) denotesanimagepixel. To facilitate the production
of high-qualityline drawing, this vector eld mustsatisfythe fol-
lowing requirements(1) Thevector o w mustdescribethe salient
edgetangentdirectionin the neighborhood(2) The neighboring
vectorsmustbe smoothlyalignedexceptat sharpcorners;(3) Im-
portantedgesmustretaintheir original directions.Here,we de ne
theedgetangent denoted (x), asavectorperpendiculato theim-
agegradientg(x) = r | (x). We usetheterm ‘tangent'in a sense
thatt (x) maybeviewed asthetangentof a curve representinghe
localedge o w. Accordingly, we call this vector eld anedge tan-
gent ow (ETF).

We presenta novel techniquefor constructinge TF that meetsall
the requirementsstatedabove. Our methodusesa kernel-based
nonlinearsmoothingof vector eld, inspiredby the bilateral I-
tering framework [Tomasiand Manduchi1998]. In eachpixel-
centeredkernel, we perform a nonlinearvector smoothing,such
thatthe salientedgedirectionsarepreseredwhile weakedgesare
directedto follow theneighboringdominantones.Also, to presere
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Figure 3: ETF construction

sharpcornersandavoid undesirabléswirling' artifact, we encour
agesmoothingamongtheedgeswith similar orientationsThisalso
preventsweakvectorsfrom beingaffectedby strongbut irrelevant
vectors,andthusresultsin moretightly alignedvectors.Our ETF
constructionlter is thusde ned asfollows:

X
" (x) = % OG YL (y)ws (X; Y)W (X; Y )Wa (X; Y)

y2 ( x)

)
where ( x) denotesthe neighborhoodf x, andk is the vector
normalizingterm. For the spatial weight functionws, we usea
radially-symmetricbox lter of radiusr, wherer is the radiusof
thekernel
1 if jjx

Ws(X;y) = 0 i< (2)

otherwise:

The othertwo weight functions,w, andwy, play thekey rolein
featurepreserving. We call wy, the magnitude weight function
whichis de ned as:

Wi (X;y) = %(1+ tanh[ (8(y) 80 (©)

whereg(z) denoteghe normalizedgradientmagnitudeat z, and
controlsthefall-off rate.Notethatthis weightfunctionis monoton-
ically increasing,indicating that bigger weightsare given to the
neighboringpixels y whosegradientmagnitudesare higherthan
thatof thecenterx. This ensureghe preserationof the dominant
edgedirections. A biggervalueof meansmorestrict obedience
to thedominantvectors.We set = 1 throughout.

Finally, we de ne wy, thedirectionweightfunction asfollows:

Wa(x;y) =t (x) ™ (y)] (4)

wheret®" (z) denotesthe “current' normalizedtangentvector at

z. Note that this weight function increasesas the two vectors

arecloselyaligned(thatis, the angle betweentwo vectorsgets

closeto 0 or 180 ), anddecreasessthey becomeperpendicu-

lar (thatis, approache®0 ). In addition,we reversethe direc-

tion of t " (y) beforesmoothing(in Eq. 1) usingthesignfunction
(x;y) 2 f1; 1g,incase isbiggerthan90 :

N 1 if t(x) t% (y)> 0
(x;y) = 1 otherwise: ®)

This inducestighter alignmentof vectorswhile avoiding swirling

O WSs.

Theinitial ETF, denoted °(x), is obtainecby takingperpendicular
vectors(in the counterclockwise sense)from the initial gradient

mapg®(x) of theinputimagel . t°(x) is thennormalizedoefore
use. The initial gradientmap g°(x) is computedby emplo/ing
Sobeloperator Our Iter maybeiteratively appliedto updateETF
incrementally:t'(x) ! t'*! (x). Notein this caseg(x) evolves
accordingly (but the gradientmagnitudeg(x) is unchanged).In
practice,we typically iteratea few (2  3) times. Fig. 3 shavs
ETF elds obtainedfrom sampleimages. Notice ETF preseres
edgedirectionswell aroundimportantfeatureswvhile keepingthem
smoothelsavhere.

2.2 Discussion

It is worth noting that there are otherwaysto constructETF In
non-photorealistipainterly rendering scatteredlatainterpolation
is often usedto createa rough ETF, basedon radial basisfunc-
tions[Litwinowicz 1997;HaysandEssa2004]. TheresultingeTF
is usedto guidethe placemenbf brushstrokes. Typically, a small
numberof basispoints(with stronggradientsireselectedor vec-
torinterpolation andasaresultthe o w canbeeasilymisguidedn
anareawheresomemeaningfulbasispointsareomittedby the se-
lection procesgqsuchasgradientmagnitudethresholding).This in
generaldoesnot posea hugeproblemin painterlyrenderingwhere
featuresare often deliberatelyobscuredfor an aestheticpurpose.
Whenappliedto line drawing, however, the quality of illustration
can be degradednoticeably Although one may attemptusing a
largenumberof basispointsto resohe this, it couldresultin anoisy
direction eld (letalonetheincreasedomputationatost)asall the
selectedasisvectorscannotchangehe original directions.

It is possibleto constructa moresophisticatedETF by takinginto
accountthe entire setof pixels. Xu andPrince[1998] formulated
this problemasa partial differentialequation,and presentean it-
erative vector diffusionalgorithmto createa gradientvector o w
(GVF), thatis, aperpendiculaversionof ETE. They useGVF asan
externalforce eld to attractactive contours While ETF canalsobe
obtainedn thisway, we nd it lesssuitedfor our line-draving ap-
plicationin thatit doesnot presere the salientedgetangentdirec-
tionswell, andproducesindesirableswirling o ws (seeFig. 4-a2).
Thisis attributedto thefactthatthe diffusion procesgakesinto ac-
countonly the magnitudeof the vectorsbut not their directions.As
shown in Fig. 4-a3,our methodsuccessfullyemovessuchartifact.
Thesecondimitation of thevectordiffusionmethodis thatit lacks
controloverthesizeof diffusionkernel(only theimmediateneigh-
borsare consideredpndthusit is dif cult to establishcoherence
betweensolatededgegseeFig. 4-b2). Our methodaddressethis
problemby providing a size-controllablesmoothingkernel(seethe
originally isolatedcomponentsreconnectedy the o w in Fig. 4-
b3).
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Figure 4: Our methodvs. \ectordiffusion

3 Line construction

3.1 Flow-based Difference-of-Gaussians

Given t(x), namelythe ETF constructecby Eq. 1, we apply a
0 w-guidedanisotropicDoG lter usingthe kernelwhoseshape
is de ned by thelocal ow recordedn ETF. Notet (x) represents
thelocal edgedirection,which meanswe will mostlikely have the
highestcontrastin its perpendiculadirection,thatis, the gradient
directiong(x). Thus,theideais to apply a linear DoG lter in
this gradientdirectionaswe move alongthe edge o w. We then
accumulateheindividual Ilter responseslongthe o w, asaway
of collectingenoughevidencebeforewe draw the conclusion(on
the “edge-ness') As aresult,we can exaggeratethe lter output
along genuineedgeswhile we "attenuate'the outputfrom spuri-
ousedges.Therefore this not only enhanceshe coherencef the
edgeshut alsohasthe effect of suppressingoise.

Fig. 5illustratesour Itering framework. Let ¢, (s) denotethein-
tegral curve (alsocalledstreamline) at x, wheres is anarc-length
parametethatmaytake on positive or negative values.We assume
X senesasthecurve centerthatis, ¢ (0) = x. Our Itering frame-
work is thendescribedasfollows. As moving alongcy , we apply
a 1-dimensionallter f alongthe line Is thatis perpendiculato
t (cx (s)) andintersectinge (S):
z T

F(s) = F(Is(E)F (t)dt (6)

T

wherels(t) denoteghepointontheline |s atparametet. Againt
is anarc-lengthparameterandwe assumes is centeredat ¢, (S),
thatis, Is(0) = ¢« (s). Notels is parallelto the gradientvector
g(cx (9))- | (Is(t)) representthevalueof theinputimagel atls(t).

As for f , we employ theedgemodelsuggestedby Winnendller et
al. [2006] basedn difference-of-Gaussiar{®oG):

G (1) )

whereG denotesa 1-dimensionalGaussiarfunction of variance

f(t)=G (1

2

G () = pzlje 7 ®)

Thetwo variances, ¢ and s, arefor centerandsurroundingsec-
tions, respectiely. We set s = 1:6 . to make the shapeof f
closelyresembldhatof Laplacian-of-GaussiafMarr andHildreth
1980]. Thereforepnce . is givenby theuser it automaticallyde-
termines s andthusthesizeof T in Eq. 6. It alsodirectly affects
theresultingline width.  controlsthe level of noisedetectedand
is setto adefaultvalueof 0:99.

Theindividual Iter responseb (s) arethenaccumulateélongcy :
YA S
H(x) = G . (S)F(s)ds ©
S
whereF is convolvedwith a Gaussiariunctionto assignavariable
weightto eachresponseaccordingo s. Theuserprovidedparame-
ter n automaticallydeterminedhesizeof S. Note  controls

thelengthof theelongated o w kernel,andhencethedegreeof line
coherenceo enforce.

Oncewe obtainH from Eq. 9, we convertit to a black-and-white
imageby binary thresholdingassuggestedn [Winnenbller et al.
2006]:

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

(10)
where is athresholdn [0; 1]. This binaryoutputH senesasour
taigetedline illustration.

Sinceour anisotropicDoG lter is driven by the vector o w, we
nameit Flow-basedDifference-of-GaussiaffDoG) lter .

@ (b) (©

C)

Figure 5: Flow-basedDoG ltering: (a) Input(b) ETF (c) Kernel
atx (d) Kernelenlamed (e) Gaussiarcomponent$or DoG

For implementationwe samplep g pointsfrom the kerneland
discretelyapproximateEq. 6 andEq. 9. We rst samplep points
alongcy by bidirectionallyfollowing the vector o w startingfrom

X. Letz denotethesamplepointsalongcy . Initially, wesetz X,

theniteratively obtainthe next samplepoint by moving along cx

in onedirectionusinga x ed stepsize m: z z+ o t(2).

Similarly, we obtainthe samplepointsontheotherhalf of ¢, : z

z m t(z). Now at eachz, we sampleq pointsalongtheline
perpendiculato t(z), similarly with the stepsizeof . In our
experimentsweset n = » = 1. Notep andqg areautomatically
determinedby m and ¢, respectiely.



(a) Input (b) Canny

(c) Isotropic DoG (d) ETF

(6) FDoG
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Figure 8: Noisesuppessiorby FDoG

(@) Input (b) Isotropic DoG (c) FDoG: Nj=3.0

(d) FDOG: M=1.0 (6) FDOG: N=2.0 (f) FDOG: K=0.997

Figure 6: FDoG ltering with parametercontiol

Fig. 6 shavs applicationf our FDoG lter with differing parame-
ter values. Eachcaptiongivesthe modi ed parametewvaluefrom
the default setting: m = 3:0, ¢ = 1:0; = 0:99. Noticethe
improvedline coherenceomparedo thatof theisotropicDoG I-
ter. Fig. 7 shaws thatunlike corventionaledgedetectorsit is even
possibleto nd aline from a setof disconnectegboints,by simply
settingtheETFkernel( in Eq.1) biggerthanthedistancebetween
neighboringpoints. Fig. 8 demonstrateshe robustnessof FDoG
agninstnoise. Fig. 8ais animage corruptedby Gaussiamoise.
Fig. 8bis anoutputof isotropicDoG lter followedby binarization
with alow threshold. = 0:2). Noticetheweakline coherencelue
to noise. While higherthreshold( = 0:7) asin Fig. 8cimproves
the coherencethe addednoise cluttersthe output. On the other
hand,Fig. 8d shavs thatwe canstill constructa relatively smooth
ETF aroundthe target shaperesultingin the extractionof a clean,
coherentine (Fig. 8e)atalow threshold| = 0:2).

3.2 lterative FDoG ltering

Our FDoG Iter may be iteratively appliedto further enhancehe
Iter responseln fact,we nd thatiterative FDoG ltering is often
more effective in improving line coherencean a consistentman-

nerthansimply adjustingparameterin asingleFDoGapplication.
After eachapplicationof FDoG, we re-initialize the Iter input by
superimposindhe black edgepixels of the previous binary output
H (obtainedby Eq. 10) uponthe original imagel , thenre-apply
FDoG lIter to this combinedimage (ETF remainsunchanged).
This processmay be repeateduntil we reacha satishctory level
of line connectity andillustration quality. For mostof our test
images,afew (2  3) iterationsweresufcient. Beforeeachap-
plicationof FDoG lIter , we mayoptionallyGaussian-blutheinput
to further smoothout the line strokes. Fig. 9 shaws the iterative
FDoG ltering (appliedto Fig. 4-b1) that successiely enhances
the coherencef lines. Notice mary of the originally disconnected
component®f the ngerprint arere-connected.

(@) 1% iteration (b) 2 iteration (c) 3¥iteration

Figure9: Iterative FDoG

3.3 Discussion

Theideaof usingdirectional lter kernelis notnew. Canry [1986]
discussedhe useof directionalGaussiarderivative for improving
the reliability in straightline detection. Gabor Iters [Grigorescu
etal. 2002]andothersteerablelters [FreemarandAdelson1991]
typically employ a setof oriented,elliptic kernelsto help analyze
parallelstructurer texturepatternsln anisotropianean-shifseg-
mentation[Wang et al. 2004], a data-dependertlliptic kernelis
usedto capturethin, elongatedstructureswith lessregions. Note,
however, corventionalanisotropidkernelsstill usearigid, straight-
line axis, while we usea “curved' axisrepresentinghe local edge
o w, andthusmale it moreeffective in capturingthe actuallocal



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

Sinceour ltering approachis basedon the ow of vectors,it is
more closelyrelatedto the line integral corvolution (LIC) frame-
work [CabralandLeedom1993],which is often usedfor the visu-
alizationof vector eld (andit is actuallyusedfor visualizingTF
in this paper). The main differenceis that we addanotherdimen-
sion to the conventionalLIC in de ning the lter kernel(thatis,
we expandthe curvilinearkernelsidevaysasshavn in Fig. 5). It
shouldalsobe notedthatthe quality of the underlyingvector eld
(ETFin ourcase)is crucialin thesucces®f o w-basedltering.

4 Results

Fig. 11 shows line draving resultsobtainedfrom the testimages
in Fig. 10. Our methodperformsconsistentlywell on a variety of
imageswith differentcharacteristicandsubjectssuchashumans,
animals,plants, buildings, still objects,outdoorscenesgtc. Note
each Iter outputconsistsof linesthatareclean,smooth,andalso
coherent,with little or no dispersement.Also, dueto the inher
ent property of DoG ltering, the capturedlines are stylistically
depictedsuchthat the thicknessof the line automaticallyre ects
the signi cance of the edge. Fig. 12 shavs the comparisonof
our methodwith other popularline extractiontechniquesijnclud-
ing Canry's, mean-shifsegmentationandisotropicDoG. Fromthe
line-draving perspectie, our methodoutperformsothersin thatit
is notonly capableof capturing perceptuallyinteresting'structures
but alsocapableof depictingthemwith smoothandcoherentines.

Figure 10: Testimages

Theline drawingsin Figs.1, 2, 11,and12 wereobtainedby setting
r = 5 (ETFkernelsize), m = 3:0; ¢ = 1:0; = 0:5(ltering
parameterspnd with 3 FDoG iterations,while other parameters
were setas default values. This shavs that our methoddoesnot
requiresophisticategharametetuningbasedntheinputdata.The
performancenainly depend®ntheimagesizeandthe lter kernel
size.Notethatour ETF constructiormethodis anO(n  r?2) algo-
rithm wheren is the numberof imagepixels,while FDoG Itering
isof O(n p q) wherep qisthenumberof samplepointsin
akernel,determinecdby n and . In ourcurrentimplementation,
no attemptfor acceleratiornasbeenmade.Fora512 512image
andwith defaultparametersanapplicationof ETF constructionl-
ter (Eq. 1) typically takes2 4 secondsandFDoG lter (Eg.9)
takes4 6 second®na3GHzdual-corePC.

5 Discussion and Future work

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

our technique(andthe ETF itself) canbe usedasthe basisfor en-
hancingotherimage-guided\PR effects suchascartooningpen-
and-inkillustration, stippling, engraing, mosaicspencil draving,
painting, and so on. Our o w-basedanisotropic ltering frame-
work is generalandindependenof the underlying Iter, andthus
it is possibleto similarly adaptother Iters to obtainimprovedre-
sults.In fact,this suggestshe possibility of developinga family of
0 w-basedlters, whichwe arecurrentlyexploring.

Sinceour FDoG lter builds onthe DoG lter, they sharesomeof
the limitations too. For example,a high-contrasbackgroundwill
be lled with adensesetof linesalthoughthis areamaybe percep-
tually unimportant. Also, like DoG, the lines areformedas pixel
aggrejatesratherthanwell-de ned strokes (althoughit is possible
to extracta setof thin strokesfrom thethick lines by morphologi-
calprocessing)While FDoG lter is capableof connectingsolated
edgesggmentsit still operaten alocal kernelandthusa global-
scalesubjectve contourmaybe hardto detect.

Possiblefuture researchdirectionsincludethe developmentof ac-
celerationschemedor theproposediters (Eq.1 andEq.9). Since
our ETF constructionlter is essentiallya modi ed bilateral Iter,
it maybepossibleto employ existingacceleratioschemegDurand
andDorse 2002; Weiss2006]. The FDoG ltering may be simi-
larly acceleratedincethereis ahugeoverlapbetweemeighboring
kernels.Also, thelocal natureof our Iters suggests (GPU-based)
parallelimplementationwhich could evenleadto areal-timeper
formance.
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