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Figure 1: Our approac takesasinputanimage (left), andallowsa userto manipulatets structuein orderto createabstactedor enhanced
outputimages.Here we showa line drawingwith line thicknesgroportionalto their structural importance(middle),anda reconstructiorof
color informationthat focuseon the beeandremavesdetail aroundit (right).

Abstract

Visual contentis oftenbettercommunicatedby simpli ed or exag-
geratedmagesthanby the “real world like” images.In this paper
we offer atool for creatingsuchenhancedepresentationsf pho-
tographsin a way consistentwith the original imagecontent. To
do so, we develop a methodto identify the relevantimagestruc-
turesandtheirimportance.Our approacha) usesedgesasthe ba-
sic structuralunit in the image, (b) proposegools to manipulate
this structurein a e xible way, and (c) emplgys gradientdomain
imageprocessingechniquego reconstructhe nal imagefrom a
“cropped”gradientinformation. This edge-basedpproactio non-
photorealistiamageprocessings madefeasibleby two new tech-
nigueswe introduce:anadditionto the Gaussiarscalespaceheory
to computea perceptuallymeaningfulhierarcly of structuresand
a contrastestimationmethodnecessaryor faithful gradient-based
reconstructionsWe nally presenwvariousapplicationghatmanip-
ulateimagestructurein differentways.

CR Categories: 1.4.3 [Image Processingand ComputerVision]:
Enhancementt.3.3 [ComputerGraphics]: Picture/ImageGenera-
tion;

Keywords:  Visual communication,multiscaleanalysis,image
processingimagereconstruction.

1 Introduction

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 obsenation led researcherso investigate nev non-
photorealistidmageprocessingechniquesasin the work of De-
CarloandSantellg2002] thatexplicitly aimsat bettercorveying a

messageisually by meansof perceptuatonsiderationsln partic-
ular, suchanimagemanipulationapproactoffers a tool for trans-
mitting effective visualinformationby grabbingvisualattention.

However, to modify imagesin a way consistentwith the infor-
mation contentof the image, one must rst identify the relevant
structuresandtheirimportanceandthenensurethey arepresered
throughmanipulations. The main goal of this paperis precisely
to give insightsinto “what structuremeans"whenwe have no a
priori aboutsemanticsandto provide the userwith image ma-
nipulationtoolsto createenhancear abstractedepresentationsf
photographén accordancevith their structuralinformation.

Takingalook at Figure 2 thatrepresents hand-madescienti c il-

lustration,it is clearthatthemainsubjectof theimageis the butter
y: itisdepictedwith mary details while plantsaroundaremoreor
lesssuggestedHowever, while abstractedsecondaryelementsof
theimageretaintheirlook andareeasilyidenti ed; in otherwords,
their relevant structuralcomponentsre presered throughthe ab-
stractionprocess.Similarly, our approacthis to provide high-level
structural informationto guideuserimagemanipulationsThisis a
signi cant stepcomparedo previousapproaches.

Gaussiarscalespacetheory hasbeendevelopedby the computer
vision communityto deal with structureidenti cation in images
with no a priori information. This theorymodelsthe rst stagesof

humanvision (front-endvision) and extractsfeaturesthat are per

ceptuallyimportant. A relevant structureis de ned asan element
thatis invariant to variousviewing conditions;otherelementsan
beconsideredaccidental”,andof lessimportance Outof mary in-

variantsin animage(edgesgcornersyidges,cunaturesgetc),edges
containmostof thevisuallyimportantinformation,becausé¢he hu-

manvisual systemis very sensitve to contrastvariations[Palmer
1999]. Moreover, anedge-basetkpresentationf imagesprovides
a e xible andsimpleway of meging multi-scaleinformation. We

thereforeuseedgesasthe structuralunitin ourimagemanipulation
andderive theirimportancefrom the scalespaceanalysis.

Edgegogethemwith theirimportancgorm ahierarcly of structures
that can be easily manipulatedby the userto re ect whatis se-
manticallyimportantto her We thenbuild on existing gradientdo-

main manipulationtechniquego reconstructhe nal imagefrom

themodi ed edgestructure.



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

The major contribution of this paperis to combinethesetwo ex-
isting techniques:scalespaceanalysisand gradientdomainim-
ageediting,to provide new structue-orientedimagemanipulation
methods.Moreover, the successfuadaptatiorof thesetechniques
to this new domainhasrequiredextendingthem via two speci ¢
technicalcontributions. For scale spaceanalysis,we proposea
new approacho extractimagestructurethatidenti es meaningful
edgesaccordingto their importancein the scalespace.For gradi-
entdomainimagemanipulatione proposeanovel reconstruction
methodfrom sparseedge elds thatcarefullyreintroduceslur and
contrastnformation.

Regardingour contritutions,we would like to emphasizehatthis
work is not abouta new stylizationtechniquelt is rathera starting
point for ary subsequenstylization. However, we shav applica-
tions, that differ in the way they manipulateimagestructure. We
provide threetypesof manipulation: levels-of-detail, shapesim-
pli cation, andimportance-baseline draving. We hopethat our
researchwill motivate the developmentof other applicationsthat
take advantageof imagestructure.

The paperis organizedin six sections. After presentingprevi-
ouswork (Section2), we give quick overviens of Gaussiarscale-
spaceimage analysisand gradient domain image manipulation
(Section3). Wethenpresenbur method(Sectiord4) andvariousap-
plicationsalongwith results(Section5) andimplementatiordetails
(Section6). We nally discusslimitations, and proposepossible
extensionsasfuturework (Section7).

2 Previous work

A numberof previoustechniquegocusedon creatingenhancear
abstractedenderingdrom arbitraryphotographs.

Generallythepreviousmethodsnanipulateanimageglobally with-
out usingtheimagestructurgfWinnenbller etal. 2006],or rely on
the userto de ne whatis importantfWanget al. 2004;Kanget al.
2006; Wen et al. 2006]. As a result, the contenteithercannotbe
controlled,or its controlinvolvestedioususerinteractions.We are
interestedn automaticallyextractingthe relevant structuralinfor-
mationto enrichautomaticsystemsor assisthe userin hertask.

Previouswork madeuseof GaussiarscalespacgHertzmannl998]
or salieny maps[CollomosseandHall 2005;CollomosseandHall
2003]in orderto guide painterly stylizations. However, saliengy
mapsidentify imageregionsthat alreadygrab visual attentionin
the original image, and usingthemto guide stylizationwill only
preseretheseattention-grabbingegions.In contrastpurgoalis to
extract a structurethat allows the userto intentionallymanipulate
the image, possibly modifying its attentionfocus (i.e. changing
its subject,seeFigure 1 - right), andhencecorveying a particular
message.

DeCarloandSantellg2002;2004]werethe rst to useameaning-
ful visual structurein photoabstraction.They usecolor regionsas
structuralunits and createtheir hierarcly of regionsfrom a pyra-

mid of down-sampledrersionsof theimage. But for coarsetlevel

regionsthe shapesimpli es andthe bordersmove slightly. There
is thereforeno perfectoverlap betweenner andcoarserregions.
Whenmixing differentlevels of detailin the sameimage,this be-
comesproblematicbecausenedoesnt know how to unify infor-

mationat differentscales.

Banghanet al. [2003] extend DeCarloand Santellas work by im-
proving the region sggmentation. Their region hierarcly is based
on a morphologicalscale-spacandhasthe advantageof preserv-
ing region shapesBut sinceonly theregion sizeis consideredand
notits contrastthey tendto eliminatevisually importantcuesthat
have a high contrastout smallsize.

In generalmulti-scaleregion approachebave theinconvenienceof
associatinga solid color to eachregion. This factintroducesvisi-
ble colordiscontinuitieshetweerregionsanddemandsgo explicitly
treatcolor mixing whentwo regions meige together The endre-
sult is a posterlike effectin the nal rendering. In contrast,our
structuralhierarcly is an edge-base@ne that allows us to avoid
theproblemsgeneratedby region-baseanethodsin particular our
edgesarenot requiredto be closedcontours asopposedo region
boundariesandhencethey do not createerroneousolor disconti-
nuities.

Edgerepresentationf imageshasbeenusedin previous work of
course,althoughnot with the samepurpose. Elder et al. [2001]
usetheedgedomainto easémageeditingoperationgcrop,delete,
paste) but have no conceptof edgeimportance Perezetal. [2003]
suggesusinggradientinformationonly at edgelocationsasinput
for a Poissonsolwer, in orderto obtaina texture attening effect.
We improve on this methodwith the aim of manipulatinganimage
for abstractiorand/orenhancementurposedy (a) giving insights
into how imagestructurecanbe manipulatedand(b) by providing
aneaw reconstructioomethodthatextends[Pérezetal. 2003].

3 Background

In orderto manipulateimagesin a structure-preservingvay, our
methodrelieson two imageprocessingools: Gaussiarscalespace
and gradientdomainimage manipulation. In the following, we
give aquick overview of bothtoolsandwe provide thereasongor
choosingthemfor our purpose.The bottomline is that Gaussian
scalespacewill beresponsibldor extractingthe structureof edges,
while gradientdomainprocessingvill be usedfor reconstruction.

3.1 Gaussian scale space

Scalespacemethodsbasetheir approachon representinghe im-
ageat multiple scales,ensuringthat ne-scale structuresare suc-
cessiely suppressedndno new elementsareadded(the so-called
“causalityproperty”[Koenderink1984]).



The motivation for constructingscale-spaceepresentationsrigi-

natesfrom the basicfact that real-world objectsare composedf

differentstructuresat differentscalesof obseration. Hence,if no
prior informationis available aboutthe image content,the state-
of-the-artapproachfor deriving the imagestructureis to usethe
successie disappearancef scalefeaturesto createa hierarcly of

structure§Romery 2003].

Gaussiarscalespaceis the resultof two differentresearctdirec-
tions: onelooking for a scale-spaceéhatwould t the axiomatic
basisstatingthat“we know nothingabouttheimage”andthe other
searchindor amodelfor the front-endhumanvision [Fischlerand
Firschein1987;Wandell1995; Romery 2003]. Sinceour purpose
is to de ne a human-vision-lik importancemeasurdor animage
contentwe have no a priori on, this scale-spacds ourneeds.

A scale-spacés a stackof imagesof increasingscales.The basic
Gaussiarscalespaces thusa stackof imagesconvolved by Gaus-
siankernelsof increasingvariance'. In thegenerakase Gaussian
derivativesof ary ordercanbeusedto build thestack,allowing one
to createscale-spacesf edgesyridges,corners,laplacians curva-
tures,etc.

Edgerepresentationgsdiscontinuitiesn imagebrightnessretain
importantdataaboutobjectsin the image(shape surfaceorienta-
tion, re ectance)[Lindeberg 1998]. We thussettleon studyingthe
imagestructuregepresentedby a hierarcly of edgesin the Gaus-
sianscalespace As edgesarede ned by gradientinformation,we
only needto corvolve the originalimagewith Gaussiarderiatives
of orderl, onefor eachimagedimension.TheseGaussiarderiva-
tivesGx andGy arecomputedasfollows:

Gx(xy; ) = g(y) g%x) and
Gy(xy; ) = a9x) g%y)
with o #22 . z‘iZi
o() = p=— and g%i) = P

wherethewidth of thekernelcorrespondto scaleandi 2 fx; yg.

Givenaninputimagel , we thushuild two differentscalespaces:
anhorizontalgradiently = | Gy anda vertical gradiently =

I Gy.

3.2 Gradient domain image manipulation

Marny recentworks introducedgradientmanipulationsas an ef -
cienttool for imageprocessing.The main reasonis that gradient
representshe imagevariationsindependentlyof the original col-
ors, allowing more e xibility in image manipulations. Handling
directly the imagevariationsmakes possibleapplicationssuchas
seamlesgmageediting[Pérezetal. 2003]andimagefusion[Agar
wala et al. 2004; Raskaret al. 2004]. Gradientdomainis alsoan
intuitive representatiofor imagecontras{Fattaletal. 2002].

Weproposeao combinethe e xibility of gradientdomainmanipula-
tionsto the high level control provided by the gradientscalespace.
This allows usto seamlesslynix informationfrom multiple scales.

Workingin the gradientdomainimpliesonecanreconstrucanim-
agel fromits gradienteld w = (wy;wy). As amanipulated
gradientis unlikely to be conserative and integrable,a common
approachs to computean estimationof the imagewhosegradient
eld bestts w in aleast-squareninimizationsense:

Z

argmin  (r | w)?d

1For numericalstability, oneusuallystartswith avariance ¢ = 1

This estimationcorrespondso the uniquesolutionof the Poisson
equation | = divw, where anddiv arethelLaplaceanddiver
genceoperator§Pérezetal. 2003;Fattaletal. 2002].

4 Our approach

Figure 3 illustratesour approach:we rst apply Gaussiarscale-
spaceanalysigo theinputimagel to getgradientvaluesatmultiple
scaleqlx;ly) ;thenwemanipulatehisrich informationin away
that preseresthe structureof the image,giving rise to a gradient
eld w = (wy;wy); nally, the outputimageO is built from w

usingPoissorreconstruction Whenusinga color imageasinput,
we useonly its luminanceduringthe multi-scaleanalysis.

| Scale space 0 xly) Structure-preserving W xwy) Poisson o
analysis x1y)s manipulation xWy reconstruction

Structure s Edge S+ Gradient
extraction manipulations reconstruction

Figure 3: Overviev of our method.

Our structure-preservingnanipulationrepresentshe heartof the
approachandis composef threesteps:

1. Structur e extraction: startingfrom the raw multi-scalegra-
dientvalues,we extracttheimagestructureS corresponding
to theedgestheirimportanceandpro le.

2. Edgemanipulations: We thenusethe structureS asa high-
level controlfor userde nedimagemanipulationsandoutput
amanipulatedstructureS .

3. Gradient reconstruction: We nally reconstrucia gradient
eld from thesetof manipulatecedgeswith theirpro le.

In the following sectionwe mainly presenthe two technicalsteps
of the method: structureextraction and gradientreconstruction.
Severaledgemanipulatiortechniquesrepresentedh Section5.

4.1 Structure extraction
4.1.1 Edge extraction

Fromthe rst-order Gaussiarderivative scalespaceswe wantto
build a hierarcly of edgesholding structuralimportance. Before
de ning whatwe meanby “structuralimportance”we rst extract
edgesat all the availablescalesn orderto getthe richestpossible
information. For this taskwe usea Canry edgedetector[Canry
1986]: it is a state-of-the-aredgedetectionmethodthat processes
the Gaussiarderivative informationat eachscaleto give thin, bi-
naryedgeslts mainquality residesn usinghysteresighresholding
thatresultsin long connectecpathsand avoids small noisy edges
(seeFigure4).

After applyingthe Canry detector we areleft with a multi-scale
binary maskC that indicatesat eachscalethe edgeslocations.
Figure5 illustratessuchatypical edgescale-spacéor asimple1D
example. Due to the natureof Gaussiarscale-spacehreediffer-
entcasesanoccur: (a) an edgeexists andsuddenlydropsoff ata
higherscale;(b) two edgesare comingtoward eachotherandcol-
lapseat a higherscale;(c) some“blurry” edgesonly appearat a
higherscale. To simplify further computationswe “drag” edges
correspondingo case(c) down to the minimumscaleandnoteC
theresultingmultiscaleedgemask.
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Figure 4: Edgeimportance (a) Theinputimage. (b-d) Cannyedgesat increasingscales.(e) Thelifetimemeasue re ectstheimportanceof
edees: “older” edgescorrespondo mote stableandimportantstructures.
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Figure5: Threedifferenteventsin a 1D Gaussiarscale-space(a)
an edge drops off at a high scale; (b) two edges collapse; (c) a
blurry edee is created. In thelast case we drag the edge downto
the nest scalefor corvenience

4.1.2 Edge impor tance

As shavn in Figure5, thereis a greatdeal of coherencalongthe

scaledimensionin the multi-scaleedgerepresentationThe main

ideabehindscale-spactechniquess to try to extractthis coherent
deepstructure, by linking edgesat differentscales. In particular

becausef the causalitypropertyof Gaussiarscale-spacegnedge
thatdisappearst a givenscalewill notreappeaat a higherscale;
henceanimportantmeasureof structurealongscaleis lifetime, as
edgeghatlive longerwill correspondo morestablestructures.

Unfortunately extractinganedgelifetime is nottrivial, sinceedges
move in Gaussiarscale-spacéthis corresponddo Figure5 case
(b) ). This motivatededgefocusingtechniquesthat track edges
atincreasingscales.In this paper we take an alternatve approach
which revealedsimplerto implement:insteadof consideringeach
pixel p belongingto anedge we consideiits projectedpointP  (p)
onto the closestedgeat scale (we usea distance eld for this
purpose).We canthende ne the membershipf ary pixelm (p)
asthebinaryfunctionthatindicateswhethem canbeconsideredo
belongto anedgeatscale :

Lif jjiP ()
0 otherwise

i<T
m (p) = Pl

Thechoiceof thethresholdlistancerl is essentialo getagoodap-
proximationfor ourmembershigunction. Bergholm[1987]proved
thatthe edgeshifting is lessthana pixel whenthescale variesby
lessthan0:5. Thereforewe increaseour valuesby = 0:4at
eachscaleanduseT = = . Thisapproachis similarin spirit
to themorphologicalinking methodof Paparietal. [2007].

Finally, using membershipfor linking purpose,we computethe
lifetime L (p) at eachedgepixel p in the nest scaleby summing
up membershipvalues. Consideringthe successie scalevalues

i;i 2 1:N, whereN is the size of our scale-spacetack, we
write lifetime as:

L(p) = argminf ;jm ,(p) = Og
I

This canbe seenasa simpler easiefto-manipulateversionof Lin-
debeg edgestrengthmeasurdLindebeg 1998]. We cannow use
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Figure 6: Bestscale estimation. Top: 1D edges blurred with
f ig= f5;10; 159. Bottom:normalizedgradientmagnitudescale
spaceproposedby Lindebeg. Thebest-scaleneasues (the local
maxima)are at thef ;g usedfor blurring, hencethey represent
well each edge pro le.

lifetime asa measuref structuralimportanceto manipulateedges
in astructure-preservingay, asshavn in Sections.

4.1.3 Edgeprole

In theprevioussectionwe mainlyreliedonedgedocationsandtheir
persistencalongscale. Anotherconcernis to dealwith their pro-
le (contrastvalue anddegreeof blur) . In this paper asin pre-
vious work [Lindebeg 1998; Elder and Goldbeg 2001], we rely
on a simple assumption:the pro le of an edgegradientis mod-
eledasthe convolution of a Dirac (its locationandcontrastwith a
spatiallyvarying Gaussiarkernel(its blur). For instancejn apho-
tographwith depth-of- eld, out-of-focusedgesare blurry (with a
wide pro le) while in-focusedgesaresharp(with athin pro le).

Our secondmeasureof structurethen consists,for eachedge,in
nding the bestscalethatlocally correspondso its blur. This is
alsothe scalewherewe measurehe contrast.

The bestscalesearchis anotherform of deepstructue that has
beenstudiedby Lindebeg [1998]. Following his approachwe rst
omputea normalizedgradientmagnitudescale-spachby jjr 1jj =
(12 + 12). The bestscaleB (p) at an edgepixel p is then
identi ed asthe onewhich givesthe rst local maximaalongthe
scaleaxisin this normalizedgradientmagnitudestack.But aswith
lifetime computation,we needto link “moving edges”at differ-
ent scalesusing the projectionoperatorP  again: jjr 1(p)jj =
jiir T(P ;(p))jji- Figure6 shavs how bestscalescanbe well es-
timatedfor edgeof increasinglur.

We arenow ableto "re-blur” the edgeausingthe bestscale.More-
over, wewill alsomale useof thismeasuréo nd acorrectcontrast
in orderto getedgepro les backinto the outputimage.



(@) (b)

(d) (e

Figure 7: Gradientreconstruction(a) Inputimage. (b) Reconstructeémage usingonly the original gradientvaluesat edge positions.(c)
Reconstructeimage with histagram equalization.Notethe quantizationartefacts.(d) Reconstructetimage usingcontrastcorrection. Note
thatblurry edgesbecomesharpif thepro le is nottakeninto account.(e) Full reconstructiorusingcontrastcorrectionandre-blurring.

4.2 Edge manipulations

The multi-scaleCanry edgestogethemwith their lifetime andbest
scale nally constitutethestructureS = fC ;L; B g we extracted
from theinputimage.This structurecanbe manipulatedn various
waysdependingntheapplication(seeSections). Themainideais
to selecasubse€ of themulti-scaleCanry edgesC accordingo
lifetime L. After manipulationwe arethusleft with anew, simpler
structureS = fE;Bg.

4.3 Gradient reconstruction

We wish to reconstructhe correspondingmageby solvinga Pois-
sonequationj.e. wewantto build avector eld w thatcorresponds
to our new edges.

We proposeo usethe scalespacdanformationto estimatethe orig-
inal gradientpro les andcorrectlyreproducehe contrastandblur
of the input image. However, taking the original gradientvalues
at edgelocationsas suggestedy Perezet al. [2003] resultsin a
gradienteld thatdoesnot capturethewhole original contrastnor
the original blur (Figure 7, (a) and(b)). This is becauseve only
considerthe centralvalueof the pro le, loosingall its surrounding
informations.

A simplesolutionto the contrastproblemwould be to apply a his-
togramequalizatioron the reconstructedmageto matchthe orig-
inal contrast. However the very low dynamicrangeof the recon-
structedmageleadsto strongquantizatiorartifacts(Figure7(c)).

We thusneedto take into accountour knowledgeof edgepro les
to computethe correctcontrast. Our modelof an edgerepresents
blurry edgeghatappeaiin theinputimagel asthe corvolution of
a stepfunctionH by a 2D GaussiarkernelGg , whereB is the
localbestscale. Whenwe measuréy (resp.ly) atscaleB onedge
locationswe getthefollowing contrastvalues:

@5s @Gs @
| x - H GB @ = H @ 2 = 7@ GB >
. P— .
with B, = 2B2. However, to recover the original contrastvalue

of thepro le, we arepreciselyinterestedn thevalueof &\, This
correspondo thedecorwolutionof | x (resp.ly) by Gg,. %nfortu-
nately decowolutionis knowvn asanill-posedproblem particularly
sensitve to noiseand quantizationfRomery 2003]. To avoid this
problem,we proposeo simplify our modelfor the sake of contrast
correction: we replacethe 2D Gaussiarderivative by a 1D Gaus-

sianderivative € = g%x). This way, we canderive ananalytical
solutionfor the correctionproblem(seeappendix):for eachedge
pixel p, we only nedadto multiply the gradientvalue foundin | «

(resp.ly) by2B(p)" . Thiscorrectiongivesa nal contrastclose
to theoriginal one,andwe nd thatour approximatiorworkswell
in practice with no visible artefacts(seeFigure7(d)).

(a) (b)

(© (d)

Figure 8: Detail remwal: (a) original image, and (b-d) several
levels-of-detailutomaticallygeneatedby our method.

Finally, evenif usingedgelocationsand correctingtheir contrast
doesgive a corvincing result, blurry edgesbecomesharpin the
reconstructedmage. Thereforewe alsore-blurthe edgesasseen
in Figure 7(e). This procesgemainsoptionalasthe sharpresult
providesaninterestingcartoonstyle.

5 Applications

Mostof theimagemanipulationpresentedh thispapercanbeseen
asvariationsof recentlyproposedmethodsthat take advantageof

the exibility of thegradientdomain.Our contributionis to usethe
high-level structurainformationprovidedby ourapproactio guide
thesegradientmanipulations.

5.1 Detail removal

We usethe lifetime informationasa thresholdvalueto seamlessly
remove detailswhile keepingimportantstructures. Suchimage
editing operationsaresimilar to the seamlesgut andpasteopera-
tionsproposedy Perezetal. [2003]andElderetal. [2001], except
that we provide a high level control to the user who hasonly to
selectthedesiredevel of detail (Figure 8).

5.2 Multi-scale shape abstraction

We proposea shapeabstractiormethodthatadaptsthe level of ab-
stractionto the scaleof the featuresin orderto presere the in-
formative contentof the picture. In practice,we selectfor each
edgeits lastavailableversionin the scalespaceusinglifetime. As



Figure 9: Shapeabstaction: (a) original image, and (b) our
shapeabstractionresult. Noticehowthethin detailsare kept,while
shapeof bigger objectsare abstracted(e.g. thepoles).

shapesdecomemore and more smoothedalong scalesdueto the
Gaussianlter, relevant structureswill have increasinglyrounded
shapesvhile detailswill keeptheir original silhouettes.

In oppositionto previous approachefDeCarloand Santella2002]
that remove texture detailsand abstractshapesat the sametime,
our approactselectsfor eachedge(including edgesbelongingto
texture detailsor othersmall elementshe shapeof its last scale.
Hence,our approactstill keepsmostof the meaningfulstructural
information,while simplifying its shapeasseenin Figure 9.

Thisapplicationcanbeseerasafusionof multi-scaleimagessimi-
lar in spiritto otherimagefusionmethoddik e theonesof Agarwala
etal. [2004] andRaskaretal. [2004].

5.3 Line drawing

The edgelifetime informationoffers a powerful high-level param-
eterfor ary line draving algorithm. Figure10 presentgherender
ing of vectorizededgeswith a differentwidth to enhancémportant
structuregrom details.Figurel (middle)alsoshavs anexampleof
this application.

5.4 Local control

In orderto offer alocal controlto theuser eachimagemanipulation
canbeweightedby a gray-level mapindicatingthe desiredamount
of abstraction(Figure 12). This mechanisms essentiato beable

to focuson a given zoneof theinputimage,andefciently grabs
visual attention. We take adwantageof the Poissorreconstruction
to obtainseamlessransitionshetweerregionsof differentweight.

6 Implementation

In our approach,we clearly did not focus on performance but

ratheronhow to extractanduseimagestructure:our currentimple-

mentatiof is in Matlab, with performanceimesof approximately
10 minutesfor the whole processf our approachgconsideringan

800 600inputimageandascale-spacdepthof N = 30. How-

ever, mostof this time is spentin the structureextraction,andthe
Poissonreconstructiortakesonly about2 secondspncestructure
hasbeencomputedit canbe manipulatedatheref ciently .

To solve the Poissonequationon the manipulatedgradient eld,
we usethe sinetransformbasedPoissonsolver of Simchoty etal.

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

Figure 10: Vectorizededges,with a larger width for relevantstruc-
tures(i.e. thosehavinggreaterlifetime).

[1990] with Dirichlet conditions. We usethe Matlab implementa-
tion provided by Agrawal etal 2

7 Discussion and future work

7.1 Discussion

In our exploration of deepstructure,we mainly took inspiration
from Lindebep [1998]; indeed he hasa notionsimilar to lifetime,
andthe bestscalemeasures directly borrovedfrom his approach.
One alternatve for measuringthe bestscaleis the methodintro-
ducedby Elderetal. [1998; 2001], basedon local signal-to-noise
ratios.Butthisapproachs noteasyto combinewith ourimportance
measuremakingLindebeg's methodbettersuitedto our purposes.
However, thereis a maindifferencebetweerLindebeg's work and
ours: we separatehe importanceof edgesfrom their contrastand
pro le, while he dealswith all this informationat once. Our ap-
proachhasthe advantageof being easierto manipulate:one can
modify ary propertywithout affectingthe others.

Thisis well illustratedin Figure11: herewe shov afailure caseof

Winnenbller et al's abstractionapproach2006]. Although their
methodgivescorvincing resultsin mary casesthis speci ¢ exam-
ple shavs how they cannotget rid of high-contrastiexture lines
without abstractinghe cattoo far; in contrastour approactellows
usto simply remove detail edgesregardlessof their contrast. An-

otherinterestingexamplecomesup whenwe compareour results
to DeCarloet al. [2002] asin Figure 13: while their methodcou-
ple simpli cation of shapewith detail suppressiongursallows to

remove detailswithoutnecessarilysimplifying shapes.

Anotherchoicewe madeis to usePoissorreconstructioomethods.
This bodyof techniquehave anadwantageover otherdiffusionap-
proaches:it is independenfrom the input image. For instance,
while adiffusionmethodwill try to blur anunwanteddetail,a Pois-
sonapproachwill simply ignoreit in the reconstruction.This is
againwell illustratedby theexamplein Figure 11, sincethetexture
linessimply do notappeaitin ourimage.Anotheradwantagds that
it givessmoothresults:whencomparedo thestylizedimageof De-
Carloetal. in Figure13, we canclearly seethatour methodbetter
representgolor variationsandavoids the introductionof arbitrary
color discontinuities However, theseadvantagesomeat a cost: it
is hardto reconstrucanimagewith a correctcontrast.This is the
reasonwhy we introducedour contrastcorrectionmethod.We can
alsoperformhistogramequalizatiorasa post-processasshovn in
Figurel1l(d) and(e).

3 http://Mmwwumiacs.umd.edu/users/aaged/software.html
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Figure 11: Comparisorwith the failure caseof Winnendller etal. [2006]. (a) Original picture. (b) Winnen®ller etal. abstactionfailure:
notehowthecarpetdetailsare preservedvhile thefur is abstactedaway (c) Our lifetimemap.(d) Our detail remwval abstractionpreserves
thecatstructue andabstractthe carpet.(e) We apply histagramequalizatiorasa post-pocesso ne tunecontrast.

Figure 12: Local control: original image of DeCarloetal. [2002] and our resultsfor two differentuserspeci edcontiol maps.

Finally, onemaywonderwhy we have not usedElderetal.s con-
tour domainapproach[Elder and Goldbeg 2001] insteadof the
PoissorreconstructionAlthoughtheir approachcould be usedfor
mostof the stagesof our method,the fact that they needto han-
dle colorson both sideof edgesnakesthe manipulationstageless
exible.

7.2 Future work

Our approactextractsstructurefrom a luminanceimage,but uses
this structureto reconstructolorimages. This approachworksin
mostcasessinceluminancecarriesa lot of the structuralinforma-
tion. However, wheniso-luminantcolor regions“touch” eachother
in theinputimage,our methodtendsto fail to reconstructorrect
colors,asshavn in Figure14. We ervision two waysto solve this
problemin future work: onewould be to usecolorto-gray meth-
ods[Goochet al. 2005] thatwould introducecolor discontinuities
in our original luminanceimage; the other one would requireto
extract edgesfor different channelsbut it raisesthe problem of
combiningthis disparaténformationin theend.

Anotheravenuefor futurework residesn the designof anintuitive
andefcient userinterface. For instancewe planto develop free-
handtools to manipulatedirectly edgesat differentscales:when
selectinganedgeat a coarsescale the usercould manipulatemary
detailsatatime, while selectinganedgeata ne scalewould allow
herto editdetailsin subtleways. Applying our approactto process
videosis alsoanexciting areaof futurework: Gaussiarscale-space
and Poissonreconstructiorapproachesave beenalreadyapplied
successfullyo videos,andthe e xibility of ourstructuraimeasures
would make themtractablefor manipulatingmagesequences.

Finally, aswe seeour approachasa startingpoint for ary subse-
guentstylization,we arealsointerestedn developingsuchstylized
renditionsthattake advantageof structuralinformation. As anex-

ample,we createdwo preliminaryresults,shavn in Figure15: a
drawing, andawatercolor Therearemary connectiongo establish
betweenstyle parametersnd structureinformation, and we hope

thiswork will motivatefutureresearchalongthis direction.

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 drawingandwateicolor style
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Figure 13: Comparisorwith the DeCarloetal. [2002]. (a) Original picture. (b) DeCarloetal. resultsexhibit at color regionswith shape
simpli cation (c) Our resultsimpli es theimage while keepingsmoothcolor variationsandoriginal shapes.

Appendix

We modela directionaledgegradientl ¢ ., 4 asthe 1D corvolution
of astepfunctionH of amplitudeA by aGaussiarkernelg anda
Gaussiamlerivative g°, resultingin:

0 = & g ¢ (0= H g O
= TTH@M P = A (bt

A gPZ—Z(O) = 24%1
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