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Figure1: Our approach takesasinputanimage(left), andallowsa userto manipulateits structurein orderto createabstractedor enhanced
outputimages.Hereweshowa line drawingwith line thicknessproportionalto their structural importance(middle),anda reconstructionof
color informationthat focuseson thebeeandremovesdetail aroundit (right).

Abstract

Visualcontentis oftenbettercommunicatedby simpli�ed or exag-
geratedimagesthanby the“real world like” images.In this paper,
we offer a tool for creatingsuchenhancedrepresentationsof pho-
tographsin a way consistentwith the original imagecontent. To
do so, we develop a methodto identify the relevant imagestruc-
turesandtheir importance.Our approach(a) usesedgesastheba-
sic structuralunit in the image,(b) proposestools to manipulate
this structurein a �e xible way, and(c) employs gradientdomain
imageprocessingtechniquesto reconstructthe �nal imagefrom a
“cropped”gradientinformation.This edge-basedapproachto non-
photorealisticimageprocessingis madefeasibleby two new tech-
niquesweintroduce:anadditionto theGaussianscalespacetheory
to computea perceptuallymeaningfulhierarchy of structures,and
a contrastestimationmethodnecessaryfor faithful gradient-based
reconstructions.We�nally presentvariousapplicationsthatmanip-
ulateimagestructurein differentways.

CR Categories: I.4.3 [ImageProcessingandComputerVision]:
Enhancement;I.3.3 [ComputerGraphics]:Picture/ImageGenera-
tion;

Keywords: Visual communication,multiscaleanalysis,image
processing,imagereconstruction.

1 Intr oduction

Effective visual communicationis not always best achieved by
the “real-world like” images. Simpli�ed objectsor exaggerated
featurescan often improve perceptionand facilitate comprehen-
sion. This observation led researchersto investigate new non-
photorealisticimageprocessingtechniques,asin the work of De-
CarloandSantella[2002] thatexplicitly aimsat betterconveying a

messagevisually by meansof perceptualconsiderations.In partic-
ular, suchan imagemanipulationapproachoffersa tool for trans-
mitting effectivevisualinformationby grabbingvisualattention.

However, to modify imagesin a way consistentwith the infor-
mation contentof the image,one must �rst identify the relevant
structuresandtheir importanceandthenensurethey arepreserved
throughmanipulations. The main goal of this paperis precisely
to give insightsinto “what structuremeans”whenwe have no a
priori aboutsemantics,and to provide the userwith imagema-
nipulationtoolsto createenhancedor abstractedrepresentationsof
photographsin accordancewith their structuralinformation.

Takinga look at Figure2 thatrepresentsa hand-madescienti�c il-
lustration,it is clearthatthemainsubjectof theimageis thebutter-
�y: it is depictedwith many details,while plantsaroundaremoreor
lesssuggested.However, while abstracted,secondaryelementsof
theimageretaintheir look andareeasilyidenti�ed; in otherwords,
their relevant structuralcomponentsarepreserved throughtheab-
stractionprocess.Similarly, our approachis to provide high-level
structural informationto guideuserimagemanipulations.This is a
signi�cant stepcomparedto previousapproaches.

Gaussianscalespacetheoryhasbeendevelopedby the computer
vision community to deal with structureidenti�cation in images
with no a priori information.This theorymodelsthe�rst stagesof
humanvision (front-endvision) andextractsfeaturesthatareper-
ceptuallyimportant. A relevant structureis de�ned asan element
that is invariant to variousviewing conditions;otherelementscan
beconsidered“accidental”,andof lessimportance.Outof many in-
variantsin animage(edges,corners,ridges,curvatures,etc),edges
containmostof thevisually importantinformation,becausethehu-
manvisual systemis very sensitive to contrastvariations[Palmer
1999].Moreover, anedge-basedrepresentationof imagesprovides
a �e xible andsimpleway of merging multi-scaleinformation. We
thereforeuseedgesasthestructuralunit in our imagemanipulation
andderive their importancefrom thescalespaceanalysis.

Edgestogetherwith their importanceform ahierarchy of structures
that can be easily manipulatedby the user to re�ect what is se-
manticallyimportantto her. We thenbuild onexistinggradientdo-
main manipulationtechniquesto reconstructthe �nal imagefrom
themodi�ed edgestructure.



Figure 2: “Le Papillon” (TheButter�y), watercolor by Eric Alib-
ert. From“Leman,monile”, c
 2000by EditionsSlatkin.Asseen
in theguidebookof scienti�c illustration [2003].

The major contribution of this paperis to combinethesetwo ex-
isting techniques:scalespaceanalysisand gradientdomain im-
ageediting,to provide new structure-orientedimagemanipulation
methods.Moreover, thesuccessfuladaptationof thesetechniques
to this new domainhasrequiredextendingthemvia two speci�c
technicalcontributions. For scalespaceanalysis,we proposea
new approachto extract imagestructurethat identi�es meaningful
edgesaccordingto their importancein thescalespace.For gradi-
entdomainimagemanipulation,weproposeanovel reconstruction
methodfrom sparseedge�elds thatcarefullyreintroducesblur and
contrastinformation.

Regardingour contributions,we would like to emphasizethat this
work is not abouta new stylizationtechnique.It is rathera starting
point for any subsequentstylization. However, we show applica-
tions, that differ in the way they manipulateimagestructure.We
provide threetypesof manipulation: levels-of-detail,shapesim-
pli�cation, andimportance-basedline drawing. We hopethat our
researchwill motivate the developmentof otherapplicationsthat
takeadvantageof imagestructure.

The paperis organizedin six sections. After presentingprevi-
ouswork (Section2), we give quick overviews of Gaussianscale-
spaceimage analysisand gradient domain image manipulation
(Section3). Wethenpresentourmethod(Section4) andvariousap-
plicationsalongwith results(Section5) andimplementationdetails
(Section6). We �nally discusslimitations, andproposepossible
extensionsasfuturework (Section7).

2 Previous work

A numberof previoustechniquesfocusedon creatingenhancedor
abstractedrenderingsfrom arbitraryphotographs.

Generallythepreviousmethodsmanipulateanimagegloballywith-
out usingtheimagestructure[Winnem̈oller et al. 2006],or rely on
theuserto de�ne what is important[Wanget al. 2004;Kanget al.
2006; Wen et al. 2006]. As a result, the contenteithercannotbe
controlled,or its control involvestedioususerinteractions.We are
interestedin automaticallyextractingthe relevant structuralinfor-
mationto enrichautomaticsystemsor assisttheuserin hertask.

Previouswork madeuseof Gaussianscalespace[Hertzmann1998]
or saliency maps[CollomosseandHall 2005;CollomosseandHall
2003] in order to guidepainterlystylizations. However, saliency
mapsidentify imageregions that alreadygrab visual attentionin
the original image,andusing themto guidestylizationwill only
preservetheseattention-grabbingregions.In contrast,ourgoalis to
extract a structurethat allows the userto intentionallymanipulate
the image,possiblymodifying its attentionfocus (i.e. changing
its subject,seeFigure1 - right), andhenceconveying a particular
message.

DeCarloandSantella[2002;2004]werethe�rst to useameaning-
ful visualstructurein photoabstraction.They usecolor regionsas
structuralunits andcreatetheir hierarchy of regionsfrom a pyra-
mid of down-sampledversionsof the image.But for coarser-level
regionsthe shapesimpli�es andthe bordersmove slightly. There
is thereforeno perfectoverlapbetween�ner andcoarserregions.
Whenmixing differentlevelsof detail in thesameimage,this be-
comesproblematicbecauseonedoesn't know how to unify infor-
mationatdifferentscales.

Banghamet al. [2003] extendDeCarloandSantella's work by im-
proving the region segmentation.Their region hierarchy is based
on a morphologicalscale-spaceandhasthe advantageof preserv-
ing regionshapes.But sinceonly theregionsizeis considered,and
not its contrast,they tendto eliminatevisually importantcuesthat
haveahighcontrastbut smallsize.

In general,multi-scaleregionapproacheshavetheinconvenienceof
associatinga solid color to eachregion. This fact introducesvisi-
blecolordiscontinuitiesbetweenregionsanddemandsto explicitly
treatcolor mixing whentwo regionsmerge together. The endre-
sult is a poster-like effect in the �nal rendering. In contrast,our
structuralhierarchy is an edge-basedone that allows us to avoid
theproblemsgeneratedby region-basedmethods.In particular, our
edgesarenot requiredto beclosedcontours,asopposedto region
boundaries,andhencethey do not createerroneouscolor disconti-
nuities.

Edgerepresentationof imageshasbeenusedin previous work of
course,althoughnot with the samepurpose. Elder et al. [2001]
usetheedgedomainto easeimageeditingoperations(crop,delete,
paste),but have no conceptof edgeimportance.Perezet al. [2003]
suggestusinggradientinformationonly at edgelocationsasinput
for a Poissonsolver, in order to obtaina texture �attening effect.
We improveon thismethodwith theaimof manipulatinganimage
for abstractionand/orenhancementpurposesby (a) giving insights
into how imagestructurecanbemanipulated,and(b) by providing
anew reconstructionmethodthatextends[Pérezetal. 2003].

3 Backgr ound

In order to manipulateimagesin a structure-preservingway, our
methodrelieson two imageprocessingtools: Gaussianscalespace
and gradientdomain imagemanipulation. In the following, we
give a quick overview of bothtoolsandwe provide thereasonsfor
choosingthemfor our purpose.The bottomline is that Gaussian
scalespacewill beresponsiblefor extractingthestructureof edges,
while gradientdomainprocessingwill beusedfor reconstruction.

3.1 Gaussian scale space

Scalespacemethodsbasetheir approachon representingthe im-
ageat multiple scales,ensuringthat �ne-scale structuresaresuc-
cessively suppressedandno new elementsareadded(theso-called
“causalityproperty”[Koenderink1984]).



The motivation for constructingscale-spacerepresentationsorigi-
natesfrom the basicfact that real-world objectsarecomposedof
differentstructuresat differentscalesof observation. Hence,if no
prior information is available aboutthe imagecontent,the state-
of-the-artapproachfor deriving the imagestructureis to usethe
successive disappearanceof scalefeaturesto createa hierarchy of
structures[Romeny 2003].

Gaussianscalespaceis the resultof two different researchdirec-
tions: one looking for a scale-spacethat would �t the axiomatic
basisstatingthat“we know nothingabouttheimage”andtheother
searchingfor a modelfor thefront-endhumanvision [Fischlerand
Firschein1987;Wandell1995;Romeny 2003]. Sinceour purpose
is to de�ne a human-vision-like importancemeasurefor an image
contentwehavenoapriori on, thisscale-space�ts ourneeds.

A scale-spaceis a stackof imagesof increasingscales.Thebasic
Gaussianscalespaceis thusa stackof imagesconvolvedby Gaus-
siankernelsof increasingvariance1. In thegeneralcase,Gaussian
derivativesof any ordercanbeusedto build thestack,allowing one
to createscale-spacesof edges,ridges,corners,laplacians,curva-
tures,etc.

Edgerepresentations,asdiscontinuitiesin imagebrightness,retain
importantdataaboutobjectsin the image(shape,surfaceorienta-
tion, re�ectance)[Lindeberg 1998]. We thussettleon studyingthe
imagestructuresrepresentedby a hierarchy of edgesin the Gaus-
sianscalespace.As edgesarede�ned by gradientinformation,we
only needto convolve theoriginal imagewith Gaussianderivatives
of order1, onefor eachimagedimension.TheseGaussianderiva-
tivesGx andGy arecomputedasfollows:

Gx (x; y; � ) = g(y) � g0(x) and
Gy (x; y; � ) = g(x) � g0(y)

with
g(i ) =

e� i 2

2 � 2

p
2� �

and g0(i ) = �
e� i 2

2 � 2 i
p

2� � 3

wherethewidth � of thekernelcorrespondstoscaleandi 2 f x; yg.
Given an input imageI , we thusbuild two differentscalespaces:
anhorizontalgradientI x = I 
 Gx anda vertical gradientI y =
I 
 Gy .

3.2 Gradient domain image manipulation

Many recentworks introducedgradientmanipulationsas an ef�-
cient tool for imageprocessing.The main reasonis that gradient
representsthe imagevariationsindependentlyof the original col-
ors, allowing more �e xibility in imagemanipulations. Handling
directly the imagevariationsmakespossibleapplicationssuchas
seamlessimageediting[Pérezetal. 2003]andimagefusion[Agar-
wala et al. 2004;Raskaret al. 2004]. Gradientdomainis alsoan
intuitive representationfor imagecontrast[Fattaletal. 2002].

Weproposeto combinethe�e xibility of gradientdomainmanipula-
tionsto thehigh level controlprovidedby thegradientscalespace.
Thisallowsusto seamlesslymix informationfrom multiplescales.

Working in thegradientdomainimpliesonecanreconstructanim-
ageI from its gradient�eld w = (w x ; w y ). As a manipulated
gradientis unlikely to be conservative and integrable,a common
approachis to computeanestimationof theimagewhosegradient
�eld best�ts w in a least-squareminimizationsense:

arg min
I

Z




(r I � w )2d


1For numericalstability, oneusuallystartswith avariance� 0 = 1

This estimationcorrespondsto the uniquesolutionof the Poisson
equation� I = divw , where� anddiv aretheLaplaceanddiver-
genceoperators[Pérezetal. 2003;Fattalet al. 2002].

4 Our appr oach

Figure 3 illustratesour approach:we �rst apply Gaussianscale-
spaceanalysisto theinputimageI to getgradientvaluesatmultiple
scales(I x ; I y ) � ; thenwemanipulatethis rich informationin away
that preservesthe structureof the image,giving rise to a gradient
�eld w = (w x ; w y ); �nally , the outputimageO is built from w
usingPoissonreconstruction.Whenusinga color imageasinput,
weuseonly its luminanceduringthemulti-scaleanalysis.

I O(I x ,I y ) s (w x ,w y )

S S*

Scale space
analysis

Poisson
reconstruction

Gradient
reconstruction

Edge
manipulations

Structure
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Structure-preserving
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Figure3: Overview of our method.

Our structure-preservingmanipulationrepresentsthe heartof the
approachandis composedof threesteps:

1. Structur e extraction: startingfrom theraw multi-scalegra-
dientvalues,we extract the imagestructureS corresponding
to theedges,their importanceandpro�le.

2. Edgemanipulations: We thenusethestructureS asa high-
level controlfor user-de�nedimagemanipulations,andoutput
amanipulatedstructureS� .

3. Gradient reconstruction: We �nally reconstructa gradient
�eld from thesetof manipulatededgeswith their pro�le.

In thefollowing sectionwe mainly presentthetwo technicalsteps
of the method: structureextraction and gradientreconstruction.
Severaledgemanipulationtechniquesarepresentedin Section5.

4.1 Structure extraction

4.1.1 Edge extraction

From the �rst-order Gaussianderivative scalespaces,we want to
build a hierarchy of edgesholding structuralimportance. Before
de�ning whatwe meanby “structuralimportance”,we �rst extract
edgesat all theavailablescalesin orderto get the richestpossible
information. For this taskwe usea Canny edgedetector[Canny
1986]: it is a state-of-the-artedgedetectionmethodthatprocesses
the Gaussianderivative informationat eachscaleto give thin, bi-
naryedges.Its mainqualityresidesin usinghysteresisthresholding
that resultsin long connectedpathsandavoids small noisy edges
(seeFigure4).

After applying the Canny detector, we are left with a multi-scale
binary maskC� that indicatesat eachscalethe edgeslocations.
Figure5 illustratessucha typical edgescale-spacefor a simple1D
example. Due to the natureof Gaussianscale-space,threediffer-
entcasescanoccur: (a) anedgeexistsandsuddenlydropsoff at a
higherscale;(b) two edgesarecomingtowardeachotherandcol-
lapseat a higherscale;(c) some“blurry” edgesonly appearat a
higherscale. To simplify further computations,we “drag” edges
correspondingto case(c) down to theminimumscaleandnoteC �

�
theresultingmultiscaleedgemask.



(a) (b) (c) (d) (e)

Figure4: Edge importance. (a) Theinput image. (b-d)Cannyedgesat increasingscales.(e)Thelifetimemeasure re�ectstheimportanceof
edges: “older” edgescorrespondto morestableandimportantstructures.

(a) (b) (c)
x

s

Figure5: Threedifferenteventsin a 1D Gaussianscale-space:(a)
an edge dropsoff at a high scale; (b) two edgescollapse; (c) a
blurry edge is created.In the last case, wedrag theedge downto
the�nest scalefor convenience.

4.1.2 Edge impor tance

As shown in Figure5, thereis a greatdealof coherencealongthe
scaledimensionin the multi-scaleedgerepresentation.The main
ideabehindscale-spacetechniquesis to try to extractthis coherent
deepstructure, by linking edgesat differentscales.In particular,
becauseof thecausalitypropertyof Gaussianscale-space,anedge
thatdisappearsat a givenscalewill not reappearat a higherscale;
hencean importantmeasureof structurealongscaleis lifetime, as
edgesthatlive longerwill correspondto morestablestructures.

Unfortunately, extractinganedgelifetime is not trivial, sinceedges
move in Gaussianscale-space(this correspondsto Figure 5 case
(b) ). This motivatededgefocusingtechniques,that track edges
at increasingscales.In this paper, we take analternative approach
which revealedsimplerto implement:insteadof consideringeach
pixel p belongingto anedge,weconsiderits projectedpointP � (p)
onto the closestedgeat scale� (we usea distance�eld for this
purpose).We canthende�ne themembershipof any pixel m � (p)
asthebinaryfunctionthatindicateswhetherp canbeconsideredto
belongto anedgeatscale� :

m � (p) =

�
1 if jjP � (p) � pjj < T�

0 otherwise

Thechoiceof thethresholddistanceT� is essentialto getagoodap-
proximationfor ourmembershipfunction.Bergholm[1987]proved
thattheedgeshifting is lessthanapixel whenthescale� variesby
lessthan0:5. Therefore,we increaseour � valuesby � � = 0:4 at
eachscaleanduseT� = � =� � . This approachis similar in spirit
to themorphologicallinking methodof Paparietal. [2007].

Finally, using membershipfor linking purpose,we computethe
lifetime L (p) at eachedgepixel p in the �nest scaleby summing
up membershipvalues. Consideringthe successive scalevalues
� i ; i 2 1::N , whereN is the size of our scale-spacestack,we
write lifetime as:

L (p) = arg min
i

f � i jm � i (p) = 0g

This canbeseenasa simpler, easier-to-manipulateversionof Lin-
deberg edgestrengthmeasure[Lindeberg 1998]. We cannow use
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Figure 6: Best scale estimation. Top: 1D edges blurred with
f � i g = f 5; 10; 15g. Bottom:normalizedgradientmagnitudescale
spaceproposedby Lindeberg. Thebest-scalemeasures(the local
maxima)are at the f � i g usedfor blurring, hencethey represent
well each edgepro�le .

lifetime asa measureof structuralimportanceto manipulateedges
in astructure-preservingway, asshown in Section5.

4.1.3 Edge pro�le

In theprevioussection,wemainlyreliedonedgelocationsandtheir
persistencealongscale.Anotherconcernis to dealwith their pro-
�le (contrastvalueanddegreeof blur) . In this paper, as in pre-
vious work [Lindeberg 1998; Elder andGoldberg 2001], we rely
on a simple assumption:the pro�le of an edgegradientis mod-
eledastheconvolution of a Dirac (its locationandcontrast)with a
spatiallyvaryingGaussiankernel(its blur). For instance,in a pho-
tographwith depth-of-�eld, out-of-focusedgesareblurry (with a
widepro�le) while in-focusedgesaresharp(with a thin pro�le).

Our secondmeasureof structurethen consists,for eachedge,in
�nding the bestscalethat locally correspondsto its blur. This is
alsothescalewherewemeasurethecontrast.

The bestscalesearchis anotherform of deepstructure that has
beenstudiedby Lindeberg [1998]. Following hisapproach,we�rst
computeanormalizedgradientmagnitudescale-spaceby jjr I jj =p

� (I 2
x + I 2

y ). The best scaleB (p) at an edgepixel p is then
identi�ed asthe onewhich givesthe �rst local maximaalongthe
scaleaxisin thisnormalizedgradientmagnitudestack.But aswith
lifetime computation,we needto link “moving edges”at differ-
ent scalesusing the projectionoperatorP � again: jjr I (p)jj =
jjr I (P � i (p)) jj . Figure6 shows how bestscalescanbe well es-
timatedfor edgesof increasingblur.

We arenow ableto ”re-blur” theedgesusingthebestscale.More-
over, wewill alsomakeuseof thismeasureto �nd acorrectcontrast
in orderto getedgepro�les backinto theoutputimage.



(a) (b) (c) (d) (e)

Figure 7: Gradientreconstruction.(a) Input image. (b) Reconstructedimage usingonly theoriginal gradientvaluesat edge positions.(c)
Reconstructedimage with histogramequalization.Notethequantizationartefacts.(d) Reconstructedimage usingcontrastcorrection.Note
thatblurry edgesbecomesharpif thepro�le is not takeninto account.(e)Full reconstructionusingcontrastcorrectionandre-blurring.

4.2 Edge manipulations

Themulti-scaleCanny edges,togetherwith their lifetime andbest
scale�nally constitutethestructureS = f C �

� ; L; B g we extracted
from theinput image.This structurecanbemanipulatedin various
waysdependingontheapplication(seeSection5). Themainideais
to selectasubsetE of themulti-scaleCanny edgesC �

� accordingto
lifetime L . After manipulation,wearethusleft with anew, simpler
structureS� = f E ; B g.

4.3 Gradient reconstruction

We wish to reconstructthecorrespondingimageby solvingaPois-
sonequation,i.e. wewantto build avector�eld w thatcorresponds
to ournew edges.

Weproposeto usethescalespaceinformationto estimatetheorig-
inal gradientpro�les andcorrectlyreproducethecontrastandblur
of the input image. However, taking the original gradientvalues
at edgelocationsassuggestedby Perezet al. [2003] resultsin a
gradient�eld thatdoesnot capturethewholeoriginal contrast,nor
the original blur (Figure 7, (a) and(b)). This is becausewe only
considerthecentralvalueof thepro�le, loosingall its surrounding
informations.

A simplesolutionto thecontrastproblemwould beto applya his-
togramequalizationon thereconstructedimageto matchtheorig-
inal contrast.However the very low dynamicrangeof the recon-
structedimageleadsto strongquantizationartifacts(Figure7(c)).

We thusneedto take into accountour knowledgeof edgepro�les
to computethe correctcontrast.Our modelof an edgerepresents
blurry edgesthatappearin theinput imageI astheconvolution of
a stepfunction H by a 2D GaussiankernelGB , whereB is the
localbestscale.WhenwemeasureI x (resp.I y ) atscaleB onedge
locations,wegetthefollowing contrastvalues:

I x = H 
 GB 

@GB

@x
= H 


@GB 2

@x
=

@H
@x


 GB 2

with B 2 =
p

2B 2 . However, to recover theoriginal contrastvalue
of thepro�le, we arepreciselyinterestedin thevalueof @H

@x . This
correspondsto thedeconvolutionof I x (resp.I y ) by GB 2 . Unfortu-
nately, deconvolutionis known asanill-posedproblem,particularly
sensitive to noiseandquantization[Romeny 2003]. To avoid this
problem,weproposeto simplify ourmodelfor thesakeof contrast
correction:we replacethe 2D Gaussianderivative by a 1D Gaus-
sianderivative eGx = g0(x). This way, we canderive ananalytical
solutionfor the correctionproblem(seeappendix):for eachedge
pixel p, we only needto multiply the gradientvalue found in I x

(resp.I y ) by 2B (p)
p

� . Thiscorrectiongivesa �nal contrastclose
to theoriginal one,andwe �nd thatour approximationworkswell
in practice,with novisibleartefacts(seeFigure7(d)).

(a) (b)

(c) (d)

Figure 8: Detail removal: (a) original image, and (b-d) several
levels-of-detailautomaticallygeneratedbyour method.

Finally, even if usingedgelocationsandcorrectingtheir contrast
doesgive a convincing result, blurry edgesbecomesharpin the
reconstructedimage.Therefore,we alsore-blur theedges,asseen
in Figure 7(e). This processremainsoptionalasthe sharpresult
providesaninterestingcartoonstyle.

5 Applications

Mostof theimagemanipulationspresentedin thispapercanbeseen
asvariationsof recentlyproposedmethodsthat take advantageof
the�e xibility of thegradientdomain.Ourcontribution is to usethe
high-level structuralinformationprovidedby ourapproachto guide
thesegradientmanipulations.

5.1 Detail remo val

We usethe lifetime informationasa thresholdvalueto seamlessly
remove detailswhile keepingimportant structures. Such image
editingoperationsaresimilar to theseamlesscut andpasteopera-
tionsproposedby Perezetal. [2003]andElderetal. [2001],except
that we provide a high level control to the user, who hasonly to
selectthedesiredlevel of detail(Figure 8).

5.2 Multi-scale shape abstraction

We proposea shapeabstractionmethodthatadaptsthelevel of ab-
stractionto the scaleof the featuresin order to preserve the in-
formative contentof the picture. In practice,we selectfor each
edgeits lastavailableversionin thescalespaceusinglifetime. As



Figure 9: Shapeabstraction: (a) original image, and (b) our
shapeabstractionresult.Noticehowthethin detailsarekept,while
shapesof bigger objectsareabstracted(e.g. thepoles).

shapesbecomemoreandmoresmoothedalongscalesdue to the
Gaussian�lter , relevant structureswill have increasinglyrounded
shapeswhile detailswill keeptheir original silhouettes.

In oppositionto previousapproaches[DeCarloandSantella2002]
that remove texture detailsand abstractshapesat the sametime,
our approachselectsfor eachedge(including edgesbelongingto
texture detailsor othersmall elements)the shapeof its last scale.
Hence,our approachstill keepsmostof the meaningfulstructural
information,while simplifying its shape,asseenin Figure 9.

Thisapplicationcanbeseenasafusionof multi-scaleimages,simi-
lar in spirit to otherimagefusionmethodsliketheonesof Agarwala
etal. [2004]andRaskaretal. [2004].

5.3 Line drawing

Theedgelifetime informationoffersa powerful high-level param-
eterfor any line drawing algorithm.Figure10 presentstherender-
ing of vectorizededgeswith adifferentwidth to enhanceimportant
structuresfrom details.Figure1 (middle)alsoshowsanexampleof
thisapplication.

5.4 Local contr ol

In orderto offer alocalcontrolto theuser, eachimagemanipulation
canbeweightedby agray-level mapindicatingthedesiredamount
of abstraction(Figure 12). This mechanismis essentialto beable
to focuson a given zoneof the input image,andef�ciently grabs
visual attention. We take advantageof the Poissonreconstruction
to obtainseamlesstransitionsbetweenregionsof differentweight.

6 Implementation

In our approach,we clearly did not focus on performance,but
ratheronhow to extractanduseimagestructure:ourcurrentimple-
mentation2 is in Matlab,with performancetimesof approximately
10 minutesfor thewholeprocessof our approach,consideringan
800� 600 input imageanda scale-spacedepthof N = 30. How-
ever, mostof this time is spentin thestructureextraction,andthe
Poissonreconstructiontakesonly about2 seconds;oncestructure
hasbeencomputed,it canbemanipulatedratheref�ciently .

To solve the Poissonequationon the manipulatedgradient�eld,
we usethesinetransformbasedPoissonsolver of Simchony et al.

2 http://artis.imag.fr/Publications/2007/OBBT07/

Figure10: Vectorizededges,with a larger widthfor relevantstruc-
tures(i.e. thosehavinggreaterlifetime).

[1990] with Dirichlet conditions.We usetheMatlab implementa-
tion providedby Agrawal etal.3

7 Discussion and future work

7.1 Discussion

In our exploration of deepstructure,we mainly took inspiration
from Lindeberg [1998]; indeed,hehasa notionsimilar to lifetime,
andthebestscalemeasureis directly borrowedfrom his approach.
One alternative for measuringthe bestscaleis the methodintro-
ducedby Elderet al. [1998; 2001],basedon local signal-to-noise
ratios.But thisapproachisnoteasytocombinewith ourimportance
measure,makingLindeberg'smethodbettersuitedto ourpurposes.
However, thereis amaindifferencebetweenLindeberg'swork and
ours: we separatethe importanceof edgesfrom their contrastand
pro�le, while he dealswith all this informationat once. Our ap-
proachhasthe advantageof beingeasierto manipulate:onecan
modify any propertywithoutaffectingtheothers.

This is well illustratedin Figure11: herewe show a failurecaseof
Winnem̈oller et al.'s abstractionapproach[2006]. Although their
methodgivesconvincing resultsin many cases,this speci�c exam-
ple shows how they cannotget rid of high-contrasttexture lines
withoutabstractingthecattoo far; in contrast,ourapproachallows
us to simply remove detail edgesregardlessof their contrast.An-
otherinterestingexamplecomesup whenwe compareour results
to DeCarloet al. [2002] asin Figure13: while their methodcou-
ple simpli�cation of shapewith detail suppression,oursallows to
removedetailswithoutnecessarilysimplifying shapes.

Anotherchoicewe madeis to usePoissonreconstructionmethods.
Thisbodyof techniqueshaveanadvantageoverotherdiffusionap-
proaches:it is independentfrom the input image. For instance,
while adiffusionmethodwill try to blur anunwanteddetail,aPois-
sonapproachwill simply ignore it in the reconstruction.This is
againwell illustratedby theexamplein Figure11,sincethetexture
linessimply do not appearin our image.Anotheradvantageis that
it givessmoothresults:whencomparedto thestylizedimageof De-
Carloet al. in Figure13,we canclearlyseethatour methodbetter
representscolor variationsandavoids the introductionof arbitrary
color discontinuities.However, theseadvantagescomeat a cost: it
is hardto reconstructan imagewith a correctcontrast.This is the
reasonwhy we introducedour contrastcorrectionmethod.We can
alsoperformhistogramequalizationasa post-process,asshown in
Figure11 (d) and(e).

3 http://www.umiacs.umd.edu/users/aagrawal/software.html



(a) (b) (c) (d) (e)

Figure 11: Comparisonwith thefailure caseof Winnem̈oller et al. [2006]. (a) Original picture. (b) Winnem̈oller et al. abstractionfailure:
notehowthecarpetdetailsarepreservedwhile thefur is abstractedaway. (c) Our lifetimemap.(d) Our detail removal abstractionpreserves
thecat structureandabstract thecarpet.(e)Weapplyhistogramequalizationasa post-processto �ne tunecontrast.

Figure12: Local control: original imageof DeCarloetal. [2002] andour resultsfor twodifferentuser-speci�edcontrol maps.

Finally, onemaywonderwhy we have not usedElderet al.'s con-
tour domainapproach[Elder and Goldberg 2001] insteadof the
Poissonreconstruction.Althoughtheir approachcouldbeusedfor
mostof the stagesof our method,the fact that they needto han-
dle colorson bothsideof edgesmakesthemanipulationstageless
�e xible.

7.2 Future work

Our approachextractsstructurefrom a luminanceimage,but uses
this structureto reconstructcolor images.This approachworks in
mostcases,sinceluminancecarriesa lot of thestructuralinforma-
tion. However, wheniso-luminantcolor regions“touch” eachother
in the input image,our methodtendsto fail to reconstructcorrect
colors,asshown in Figure14. We envision two waysto solve this
problemin future work: onewould be to usecolor-to-graymeth-
ods[Goochet al. 2005] thatwould introducecolor discontinuities
in our original luminanceimage; the other one would requireto
extract edgesfor different channels,but it raisesthe problemof
combiningthisdisparateinformationin theend.

Anotheravenuefor futurework residesin thedesignof anintuitive
andef�cient userinterface.For instance,we plan to develop free-
handtools to manipulatedirectly edgesat differentscales:when
selectinganedgeatacoarsescale,theusercouldmanipulatemany
detailsata time,while selectinganedgeata �ne scalewouldallow
herto editdetailsin subtleways.Applying ourapproachto process
videosis alsoanexciting areaof futurework: Gaussianscale-space
andPoissonreconstructionapproacheshave beenalreadyapplied
successfullyto videos,andthe�e xibility of ourstructuralmeasures
wouldmake themtractablefor manipulatingimagesequences.

Finally, aswe seeour approachasa startingpoint for any subse-
quentstylization,wearealsointerestedin developingsuchstylized
renditionsthat take advantageof structuralinformation. As anex-
ample,we createdtwo preliminaryresults,shown in Figure15: a
drawing, andawatercolor. Therearemany connectionsto establish
betweenstyle parametersandstructureinformation,andwe hope

thiswork will motivatefutureresearchalongthisdirection.

Figure 14: Failure in the image reconstructiondue to the iso-
luminanceof the pink �owers and greenleaves,which leadsto a
greenishbutter�y.

Figure 15: Differentstylizationsobtainedfromour abstractedim-
ages,in a drawingandwatercolor style.
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(a) (b) (c)

Figure 13: Comparisonwith theDeCarloet al. [2002]. (a) Original picture. (b) DeCarloet al. resultsexhibit �at color regionswith shape
simpli�cation (c) Our resultsimpli�es theimagewhilekeepingsmoothcolor variationsandoriginal shapes.

Appendix

We modela directionaledgegradientI f x;y g asthe1D convolution
of astepfunctionH of amplitudeA by aGaussiankernelg� anda
Gaussianderivativeg0

� , resultingin:
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