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Abstract

This paperintroducesseggmentation-based@D non-photoealisticrendering in which 3D scenesare rendeed as
a collectionof 2D image segmentsS@mentsabstiact out unnecessargetail and provide a basisfor de ning new
renderingstyles.Thesesegmentsare computeddy a spectal clusteringalgorithmthatincorporates3D informa-
tion, includingdepth,userde nedimportance andobjectgrouping Tempoally coheentanimationis createdby
biasingadjacentframesto havesimilar sggmentations\We describealgorithmsfor renderingsegmentsin styles

inspired by a numberof hand-paintedmages.

1. Intr oduction

Non-photorealisticendering(NPR) algorithmsallow usto
createnew formsof artistic 3D renderingandto explorethe
natureof art. An importantelementin paintingand draw-
ing is the partitioning of an imageinto segments or dis-
tinct imageregions. Although onedoesnot normally inter-
pretartisticimagesin this way, if we do view themlooking
for sgmentsthedegreeto whichthey canbefoundis strik-
ing. For example,Figures2 and3 shav imageswith distinct
artistic styles,but in eachit is possibleto identify someno-
tion of sgmentswheredistinctobjectsor texture have been
groupedtogether In general,eachsegmentcorrespondso
groupingsceneslementsnto asingle2D imageregion, and
eachseggmentis drawvn asa singleunit. Notice,for example,
how in Figure2, paintbuilds upnearthesegmentboundaries
thatwe have manuallyidenti ed, asthe artistcarefullycon-
trols the strokesin thoseregions.Furthermorethesestrolkes
nearsggmentboundariesendto follow thecontoursof those
boundariesSegmentscanbe dravn with asinglewatercolor
wash,a groupof paintstrokes,a solid color, or a variety of
othertechniqguesDependingon the artistic style, sggmen-
tation performsseveral vital functions.First, sggmentation
helpsabstracbutunnecessargietails therebyclarifying the
contentof a scene Second sggmentscan createa senseof
2D design,independendf the goal of expressing3D con-
tent.Third, agoodsegmentatiormakesdrawving easiersince
eachsegmentcanbe dravn with a singlestroke or wash.lIt
is notalwaysstraightforvardto describevhatmakesagood
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segmentationsinceit is highly dependenon mary factors,
includingviewing position,scenegeometrytherelative im-

portanceof differentobjects,andtheartisticstyle. Segments
are view-dependentas illustrated by the changein detail

of distantobjectsasthey move closerto the viewer in the
framesof hand-paintecanimationin Figure 3. We do not
claimthatmostartistsconsciouslyseggmentimagesinstead,
we argue that, consciousor not, someform of sggmenta-
tion is presenin mary artistic styles,andthatsegmentation
providesanimportanttool for understandingndmimicking

artisticstyles.

For thesereasonsa generalapproachto segmentation
for automaticnon-photorealisticenderingcould be a valu-
able tool for designingnew and interestingartistic styles.
In this paper we introduce segmentation-base@D non-
photorealisticenderingandanimation,in which 3D scenes
are renderedusing sgmentsas a fundamentalprimitive.
To rendera scene,our systemcomputesa segmentation
of theimageplaneinto distinct sggments;eachsegmentis
thenrenderedndependentlyf the others We show thatus-
ing segmentsallows us to de ne a variety of NPR styles,
with similar stylization and abstractionto thosein hand-
madeimages.We also describea techniguefor producing
temporally-cohererdegmentationsn orderto createartistic
animation.

Although previous authorshave computedsegmentations
for image-based\PR, thesesystemsproducedrendering
stylesvery closely tied to the choice of image-processing
algorithms.In contrastwe considerenderingof 3D scenes,
whichfreesusfrom thedif cult problemof extractingscene
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Figure 1: Left: A 3D sceneCenter:A sgmentatiorof the sceneRight: A painterly styleappliedto the sgmentedscene

propertiesfrom a photograph—ousystemmalkesuseof ge-
ometricinformationand userannotationgo producebetter
se@mentationsThis systemusesa generalapproacho seg-
mentationfakinginto accountherich informationavailable
in a 3D sceneand allowing a userto weight the effect of
thesefeatureson the outcomeof the segmentatiomprocess.

Ourapproachs asfollows. For eachframe,we rst com-
putecolors,depthsnormals andobjectlDs for eachpixel by
standardBD rendering We thensegmenttheimagebaseddn
thesefeaturespusinga spectraklusteringalgorithm(Section
3). Temporalcoherencén animationis encouragedby sey-
mentingadjacenframestogetherGivena sementationwe
canthenrenderthescenen avarietyof stylesthatexplicitly
male useof the sggments(Sectiond). Figure1 shavs such
a sgmentationof a 3D sceneand a correspondingartistic
style.

2. Relatedwork

Someauthorshave usedanotionof auserspeci edsggmen-
tationin NPR. In someof the earliestNPR work, the ren-
deringstyleis setmanuallyfor differentobjects]WS94 or

imageregions[CAS 97, SWHS97. Thesesystemsequire
someform of userinterventionto produceeachimage.In

contrast,our systemrequiresa userto authora 3D scene
and renderingstyle, but can then automaticallyrenderar

bitrary new views oncesggmentationparametersiaze been
selected.

Fixed sggmentationshave beenappliedin object-space
for 3D scenesFor example,3D scenesn [CAS 97] are
renderedwith eachobject mattedindependentlyThe sys-
tem describedin [KHROO1 requiresa userto group ob-
jects and specify stylistic parameterdor the groups.Luft
andDeusser[LD06] manuallyassignobjectsor groupsof
objectsto segmentgo berenderedn awatercolorstyle.Us-
inga x ed,object-basedeggmentatioris computationallyn-
expensve, but it doesnot directly captureview-dependent
effects. Performingsegmentationin image-spacehowever,
allows segmentsto dynamicallyabstractaway or highlight
detailin aview-dependentashion.

Figure 2: Left: Detail of Wayne Thiebauds$ “Ar ound the
Calke” (Oil oncarvas,1962).Right: For purpose®fillustra-
tion, we havemanuallyidenti ed sggmentawithin the paint-
ing, eat of which roughly correspondgo a distinct setof
brushstroke orientations sizesand/orcolors.

A numberof authorshave emplo/ed automaticimage
segmentationalgorithmsfor NPRin 2D. DeCarloand San-
tella [DS0J createabstractedmagerepresentationbased
onimagesegmentatiorandeye-trackingdata;eachsegment
is smoothedand renderedas a solid color with occasional
edgestrokes.Goochet al. [GCS02 segmentanimageinto
very small regionsand t a single paint stroke to eachre-
gion. Banghamet al. [BGHO03 rendereachsegmentof a
photographwith a solid color. Bousseatet al. [BKTSO0q
alsoapplytheir watercolorstyle to segmentedphotographs.
Similar approachesave beenappliedto processingvideo
sequencesn eachcase the video sequencés broken into
space-timesggments,and eachsegmentis renderedwith a
simple solid-color renderingstyle [WXSC04 CRHO05. All
of thesepapersproducedvery high-quality appealingre-
sults;however, mostof theeffort hasfocusedn couplingthe
resultof segmentatiorto a singlerenderingstyle. Our work
is differentfrom theseprevious worksin that we presenta
generakegmentatioralgorithmfor rendering3D scenesin-
corporating3D geometricinformation,andwe shov how a
variety of renderingstylescanbe built from a segmentation
of ascene.

Mary renderingtechniqueiave beendevelopedfor ren-
dering 3D scenessuchas contourrendering[ST9(Q, pen-
and-ink illustration [WS94, and painting [Mei96]. These
systemsare largely complementarnyto ours: thesepapers
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Figure 3: SequencefframesromGeogesShwizgebel'sanimation‘L 'HommesansOmbe” (oil andacrylic oncells,2004),
showinga rance of detail levels.Buildingsin thedistanceareillustratedassimpleboxesbut with mud more detailin close-up.

mainly describevariousrenderingstylesfor 3D, whereasve
describaechniquedor automaticallyassigningstylesto dif-
ferentpartsof ascene.

Our work is directly relatedto NPR methodsthat per
form adaptve simpli cation of a 3D rendering,for exam-
ple, varying detail as a function of objectdepthor image
density[KLK 00,KMN 99, WS94. A relatedapproachs
to remove strokesto matchtamget tonesor density[DS0Q
GDS04 WMO04]. Thesesystemsare designedor simplify-
ing speci ¢ stylesof stroke renderingshasedon local crite-
ria suchasdepthandtone.In contrastour systemperforms
global simpli cation of animageandprovidesa basisfor a
variety of renderingstyles.Thesesystemsare complemen-
tary to oursandcould possiblybe combinedwith it. For ex-
ample,adaptve stroke renderingcould be appliedto each
imageregion basedon therenderingstylefor thatsegment.

Our work bearssuper cial similarity to Level-of-Detail
(LOD) techniqueshut the goalsare fundamentallydiffer-
ent. LOD methodsseekto improve performanceby reduc-
ing scenecompleity without changingthe appearancef
the sceneln contrast,our goal is to modify the visual ap-
pearanceof the scenein an artistic manney without regard
to performance.

3. Segmenting3D renderings

In this sectionwe describeagraph-basegrocedurdor seg-
mentinganimageof a 3D rendering.

Therearemary existing imagesegmentatioralgorithms,
but not all of them are suitable for our purposes.For
our application,the methodmust be automatic(including
determiningthe numberof sggments),must producerea-
sonablesegmentationsfor complex images,must produce
temporally-coherensegmentationsand must also be able
to take into accountobjectgroupings.e.g.,the factthattwo
pixels are or are not part of the sameobject. Additionally,
we would like the methodto be reasonablyfast. Onewell-
known sggmentatioralgorithmis k-meanswhichis limited
to producingroughly sphericalsggments,and cannotpro-
ducethe curved or narrov sggmentsobseredin Figures2
and3. Furthermorethe numberof segmentsmustbe speci-
ed in advance.The MeanShift algorithm[CMO02] canpro-
ducemorecomple seggmentationsaand determinethe num-
ber of sggments,but it is not clear how to take grouping
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information into account,or how to enforcetemporalco-
herencewithout performing sggmentationas a batch pro-
cessasin [WXSC04. Min-cut algorithmscanproducevery
good sggmentationson images[BKO04] but require signif-
icant userguidance We also experimentedwith local seg-
mentationheuristics but they yieldedpoor resultsfor com-
plex scenes.

Our sggmentationis derived from the Normalized Cuts
algorithm[SMO0Q, a graph-basedpectraimethod.Normal-
ized Cutsoptimizesa clusteringmetric that simultaneously
minimizes a measureof similarity betweendifferent seg-
mentsand maximizessimilarity within them,while requir
ing the userto only seta single segmentatiorthresholdpa-
rameteroncethe weighting function that speci esthe sim-
ilarity betweenpixelsis x ed. Being a graph-basedlgo-
rithm for segmentation NormalizedCuts doesnot require
an explicit featurespace so the weighting function canbe
speci eddirectly to give onemoreintuitive controlover the
meaningof sggmentationparametersWe introduceexten-
sionsto theNormalizedCutsalgorithmthatprovide for tem-
poralcoherencandfastercomputation.

3.1. Graphsfrom 3D scenes

We begin by constructingan undirectedgraphG = (V;E)
from the image,with nodesV and edgesE. Thereis one
graphnodefor eachpixel in theimage,andedgesareintro-
ducedbetweemodescorrespondingo adjacenpixels.Edge
weightis determinedby pixel af nity —the more strongly-
relatedtwo pixelsare,the greatertheweightontheir shared
edge.To producethe af nities, we rst renderseveral ref-
erenceimages:a color imageof the scenea depthmap,a
normal map, an objectID referenceimage,and animpor
tancemap.For theimportanceanap,eachobjectin thescene
maybeoptionallytaggedin advance)asbeingmoreor less
“important” Theimportancemapis generatedby rendering
the scenewith eachobjectshadedn proportionto its im-
portancethatis, anunimportantlements renderedwvith a
darler shadehana moreimportantelement.

Giventhesereferencémageswe cande ne afeaturevec-
tor f; for eachpixeli:

W,
fi=  WeGi;Wnhi; z.TZ @
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wherec; = (ri;gi;bi)T is the color of the pixel, n; is the
camera-spaceormalatthepixel, z is the depthof thepixel,

all we, wn, andw; areuserde ned weights,andb is a user

de ned biason depth.Expressinglepthin the featurevec-
tor as1=(z + b) treatsobjectsthatarefar from the viewer
ashaving similar depth,eventhoughthe absolutedifference
in depthbetweenthemmay be greaterthanthat of objects
closerto the viewer. This modelshow artists often group
distantobjectstogether

Theweightonthe edgebetweergraphnodes andj is:

wi;j)=exp  kfi fik®+c sjj @)

Theconstant expresseshefactthatno two adjacenpixels
are exactly the same sincethey occupy differentpositions
in 2D. The scaling parameters;j consistsof threeterms:
Sij = 0jgijSj. The weight gjj is usedto separatediffer-

entobjectsin the scene—ifpixels p; and p; belongto dif-

ferentobjects,then ojj is setto wo > 1, if the objectIDs

arethe same thenoj; = 1. This hasthe effect of wealen-
ing edgesconnectingnodesbetweentwo different objects
in the sceneGroup|Ds areusedwith gjj in a similar fash-
ion, whereobjectsmay be taggedwith grouplDs by a user
If pi and pj belongto differentgroups,gij = wg > 1, oth-
erwiseg;jj = 1. For example,this allows usto specify that
a groupof bushesshouldbe segmentedogethereforebe-
ing sgmentedwith a nearbyobjectthathappengo alsobe
green.Finally, the parametersj is usedto emphasizém-

portantobjectsby encouraginghemto be segmentedandto

prevent unimportantobjectsfrom being overly segmented.
Eachpixel p; hasanassociatedmportancevalues; 2 [0; 1];

asdeterminedrom theimportancemap. The weightis de-
ned assj= maxs;sj) ;wherews 1istheweightfor

importance Hence,an edgebetweentwo nodeswith small
s ands; will be strengthenedput therewill belittle or no
effect on the edgeif eitherof the nodesareconsideredm-

portant.

3.2. Normalized Cuts

We now review the NormalizedCutsalgorithm[SMO(Q. Let
A andB be ary two disjoint setsof hodesin somegraphG.
ThecutbetweerA andB is de ned as

culA;B)= &  wuv): 3)
u2 Av2B

Similarly, theassociatiorbetweerA andV is

assofAV)= & wut): (4)
u2 Ait2Vv
Thenormalizedcut betweerA andB is
cut(A; B) cut(A; B)
Ncut(A;B) = 5
CUlAB) asso€A;V)  asso€B;V) ©)

The image sggmentationproblemis to partition the graph
into sgments A and B in a manner that minimizes
Ncut(A; B).

@

Figure 4. Condensinga graph for NormalizedCuts. Left:
A graph producedfrom a renderingof two colored trian-
gles. Each nodein the graph correspondgo a pixel, and
edgesconnectadjacentpixels.Right: A correspondingcon-
densedgraph. Each condensediode has a self-edg with
weightequalto the sumof the weightsbetweerits nodesin
the original graph. Theweightbetweerthe two condensed
nodesis equalto the sumof the weightsacrossthe triangle
boundaryin theoriginal graph.

Finding the optimal normalizedcut is NP-complete put
anapproximatesolutioncanbeobtainedasfollows. Let x be
a vectorwith N elementsgachcorrespondindo onenode
in G, wherex; = 1if nodei is in sggmentA, andx; = 1
otherwise.Let D be the degree matrix, a diagonalN N
matrix with Djj = &;w(i; j), andlet W be the symmetric
weightmatrix, Wij = w(i; j). With W=D W, itcanthen
be shavn that

(1+ x)TW(1+ x) e X)TW(L X)

Ncut(x) =
9 41" D1 41 k1'D1

(6)

wherek=4a,.0Dj =(&;Dj) andlisanN 1 vectorof
ones.Moreover, it canbe shown that, if we relaxthe prob-
lemto allow element®f x to take onary realvalue,Ncut(x)
is minimizedby theeigervectorcorrespondingo thesecond
smalleseigervalueof thematrixD WD 7. Thissolu-
tion canbe corvertedinto a graphpartition by thresholding
X, sothatvaluesabove thethresholdaresetto 1 andtherest
aresetto 1. Thethresholdis chosento minimize Ncut(x)
by exhaustvely searchinghroughall possibleN 1 values.

To segmenta graphinto more than two partitions, the
sameNormalized Cut algorithm is recursvely applied to
eachsegment. The processstopswhen Ncut(x) exceedsa
userde nedthresholdt n, andno additionalcutsaremade.

3.3. Condensinggraphs

The Normalized Cuts algorithm is very slow for even
moderately-sizedraphssinceit requirescomputingeigen-
vectorsof a very large matrix. In orderto getfasterresults,
we apply NormalizedCutsto a reducedgrathO in which
eachnodemaycorrespondo mary pixels.Thisgraphis pro-
ducedby combiningall pairsof graphnodessharinganedge
with aweightlargerthanauserde nedthresholdt ¢; there-
mainingnodescomprisethe nodesof G By decreasinghis
threshold a usercanobtainfasterperformancealthoughat
the costof a possibleundersgmentation.

¢ TheEurographicsAssociation2006.
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A naive approachto computingthe edgesof this con-
densedgraphwould be to setthe weight of the newv edges
of G° to be the sumof the weightsof their corresponding
edgesof G. Unfortunately this givesa poor approximation
to clusteringthe original graphwith NormalizedCuts. For
example,consideranimagemadeup of a red triangle and
anadjacenbluetriangle (Figure4). In general the optimal
normalizedcut for this image shouldseparatehe two tri-
angles.However, supposewne condensedhis graphto two
nodesEachnodewould correspondo atriangle,with asin-
glecondenseédgewith weightw betweerthem,wherew is
equalto thesumof theweightsof theedgedetweerthetwo
triangles.Then,thereis onepossiblecut, andit caneasilybe
shavn thatthe costof this cutis 2, regardlessof theoriginal
edgeweights.Sincethis costis the maximumpossiblecost
of acut,theedgewill neverbecut,asit exceedsary sensible
userspeci edvaluefor the cutthresholdf n.

To addresghis, we augmentG° by addingan edgefrom
every condensedodeu’to itself. Theweightof this edgeis
equalto the sumof the edgeweightscollapsecbn u®

wib = & wuv; @)

u;v2 S(u0)

where (U9 is the set of nodesin G that correspondto
w2 G° We canthenapply NormalizedCutsto G°. Since
every nodein G correspondgo one nodein G° a cut of
G canbe directly corvertedto a cut of G. Moreover, it is
straightforvard to shav that the condensingoperationhas
the following desirableproperty: every cut of G hasthe
samecostasthe correspondingutof G (AppendixA). That
is, sggmentinga condensedraphis equivalentto sggment-
ing its original graph underthe constraintthat condensed
edgescannotbecut.

In our implementationwe computethe weightsfor the
edgesof thefull graphevery time a new frameis rendered.
The condensedjraphis then constructedby visiting each
nodein thegraphonceandperformingabreadth- rstsearch
along edgesabove the condensinghresholdfor nodesto
addto the currentcondensechode.Finally, the weightson
the condense@dgesare summedrom their corresponding
edgesn thefull graph,andthe condensedraphis readyto
besegmented.

3.4. Temporal coherence

Whenrenderingndividual framesof ananimationsequence
independentlythereis no guarante¢hatconsecutie frames
will yield consistensggmentationsWe motivatea solution
to thisproblemasfollows. Supposg¢hatwe weresegmenting
anentirevideosequencatonce.In additionto constructing
agraphfor eachframe,we would introducegraphedgese-
tweennodesin adjacentframes,possiblyscaledby a user
speci ed weightwy. In our algorithm,we only segmentone
frameatatime, sowe candiscardgraphnodesfor all future
frames.Moreover, sincethe sggmentationfor the previous
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t—1 t
Figure 5: Sementationcoheency Left: The previous
frames graph nodesatt 1 are groupedinto coheency
nodesbasedon their sggmentation(inside the dashedcir-
cles).Right: Thecoheencynodesin the previousframeare
assignecedges(thebluelines)to nodesn the currentframe

t with weightsscaledby wy, andthecombinedgraphis sey-
mented.

frameis alreadyknown, we can collapsethe subgraphfor
thepreviousframeinto onenodepersegmentwhile discard-
ing olderframes.

We callthesecondensedodescorrespondingo segments
from the previousframecoheencynodegq(illustratedin Fig-
ure 5). Introducingcohereng nodeshasthe effect of seg-
mentingadjacenframestogether underthe constraintthat
the sgmentationfrom the previous frame cannotbe modi-
ed. Consequentlythesggmentatiorfor thecurrentframeis
biasedo be similarto the previousframe.

In practice,we link togetherpixels at the samepositions
in image-spacéetweenframes.This works well for larger
segments put thin or fastmoving segmentsmight sharefew
edgedetweerframes An approacho handlingsuchdetails
might be to associateareasof geometrywith speci ¢ seg-
mentsandtracktheseareashetweerframesin object-space,
however, the computationakostof associatingpixels with
pointson geometrywould be high.

4. Rendering styles

In this section,we demonstrateseveral artistic stylesbased
on sggmentationTherearea large numberof segmentation
parameterso tune,but they were selectedo have an intu-
itive meaningin adjustingthe compositionof a scene We
found that settingparameterso achie/e a reasonableegy-
mentationfor a single imageis typically easy;sometimes
usingonly a subsetf the available parameterss sufcient
for producingan acceptableseggmentation.lt canbe more
dif cult to nd asetof parametershatworks well over an
entireanimationdueto the needto tunethe coherenyg, but
oncea setof parameterss found, the segmentatiortendsto
work quitewell. It is necessaryo initialize a slightly differ-
ent setof sggmentationparameterdor the rst framethan
for subsequenframesof ananimation,sincesegmentsizes
shouldbe smallerdueto the lack of cohereng nodes.Pa-
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C We Wn Wz b Wo Wg Ws Wk te tn

Still life | 0.25| 8 1| 2|1 2 2 - - | 0.15| 0.005

Forest(initial frame) | 0.25| 3 -1 500 2 5 6 - | 0.75| 0.015
Forest(subsequerframes) | 0.25| 3 -1 500 3 5 6| 02| 075| 0.08
Mug (fewer segments)| 0.25 - - - - - 3 - - | 0.75 0.5
Mug (moresegments)| 0.25| 1 | 0.5 - - - 2 - -1 075 0.5

Table 1: Parametes usedto generte sggmentationgor Figures6-9. A dashindicatesthat a parameters associatedefeence
image wasnot rendeedto computethe segmentation Theforestscenemageswere rendeed as framesof an animationwith

coheency andall otherimageswete rendeedindependently

rameteraisedto generatall of the gures aregivenin Table
1

Next, we discusssomeof the speci c renderingstyles
basedn theresultof a sggmentatiorof a 3D scene.

Toon. A basicstyleis a cartoonrenderingstyle, with toon
shadingand increasedrightnessand saturationappliedto
a scene.The sggmentationis usedto reducecontourden-
sity, renderingobject contoursonly nearthe boundarieof
thesgmentsin imagespaceContourswithin a sggmentare
notdrawn, eliminatingunnecessarglutter For example the
treeline in Figure6 containamary contouredgeghatcanbe
distracting.The setof boundary-contourss determinecby
samplingsggment|Ds in the imageplane.This pixel sam-
pling methoddoesleadto a smallnumberof contoursbeing
incorrectlylabeled,but the errorsaretypically minor. Segy-
mentsmay be solidly shadedwith the averagecolor of the
pixels inside of them, or a usermay choseto only solidly
shadesggmentswith alarge averagedepth.As sgmentsget
closer they maybefadedinto their standardoonshadingo
revealmoredetail.

Painted strokes.We alsodemonstrate painterlyrendering
technique(Figure 7) capableof producingeffectssimilar to
thoseof Figures2 and3. In this style,eachsegmentis lled
with long, curved paintstrokesbasedon the underlyingref-
erencecolor, similarto thoseof [Her9§, until atamgetstroke
densityis met. Strokes are placedby selectingseedpoints
randomlyin theimageplane,andrejectingthosethatfall in
aregionthatis toodenseThelengthof astrokeis tracedout
from eachseedasin [JL97]. A distanceeld is computedor
eachsegmentusingthe algorithmdescribedn [FHO04], and
pointswithin a usersetdistancefrom a segmentboundary
follow theisocontourf this distanceeld. Strokesfurther
from asggmentboundanyfollow apathbasednthenormals
of the 3D geometryasfollows. Let n be the camera-space
normalata pixel. Thenthedirectionof a stroke at thatpixel
is setto (max(jnyj;jnz=2); nx)T. Figure 7 shaws the result-
ing strole directionson one scene.This causesstrokesto
carefullyfollow sggmentboundariesasin Figure2. Strokes
areterminatedwvhenthey reacha maximumlength,turn by
ananglegreaterthanathresholdor enteranareawherethe
differencein color is greaterthana threshold.After a suf-
cient numberof strokes are selectedfor rendering,addi-

Figure 6: A toon style Top: A forest scenewith no seg-
mentation Notehowthe contous are clutteredin the badk-
groundwhere there are manytrees.Center: Sggmentations
appliedto grouptogethermanyof the badkgroundelements.
Contous are only drawn near sgmentboundaries result-
ing in a cleanerimage. Bottom: Detail of the badkground
withoutsegmentatior(left) andwith segmentatior(right).

¢ TheEurographicsAssociation2006.
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Figure7: Theuseof segmentatiorfor a painterlystyle Top:
Only surfacenormalsdeterminestroke direction,andlength
or differencesin color terminatestrokes. Bottom: Strokes
near sggmentboundariesfollow their path and strokes do
notcrossinto adjacentsegments.

tional passesnay be madeto renderthinnerstrokesin gaps
thataredif cult to Il with broadstrokes. Strokesmay op-
tionally be renderedusing Hertzmanrs relief texturing al-
gorithm[Her03, with greaterchangesn relief normalsnear
segmentboundariesto simulatea build up of paintcharac-
terizedby Figure2, asin Figurel. For cohereng in anima-
tion we usethe approactdescribedn [Mei9€]; seedpoints
are projectedonto the modelsto be tracked in 3D between
frames.At eachframe,seedpointsfurthestfrom the viewer
areremoved in areaswherethe stroke densityis too high,
andnew strokesarecreatedn areaswherethedensityis too
low.

Stippling. A simple stippledstyle is demonstratecs well
(Figure 8). This style is renderedby draving more points
in darler regions and near segment boundariesA Perlin
noisetextureis rst generatedwith eachvaluein [0; 1] cor
respondindo apointwhereastippledpointmightbedrawn.
A function of the referenceémagedarknesd, 2 [0;1] and
theaveragesegmentdarknesdls 2 [0; 1] is computedat that
pixel and scaledaccordingto the distanced to the near
estsggmentboundary If the resultingvalueis greaterthan
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the value of the noise at the samepixel, a point is ren-
dered.In ourimplementationthefunctionis de ned asf =

(c+ ardr + asds)b=(d? + by)®, wherec = 0:3, ar = 0:5,
as= 0:2, by = 275, bp = 256, and bz = 0:25. Frameto
framecohereny is achieved by usingthe samenoisetexture
throughoutan animation.This techniqueis fastand avoids
points“sticking” to the3D geometry

Therenderingtimesfor our algorithmsdepencdhighly on
thescenecompleity andtherenderingstyle. Referencém-
agesand segmentationsfor the still life in Figure 7 with
around600 condenseahodesrequiresabout20 secondsper
frame,on average usinga 3.4GHzIntel Xeon.The painting
style takesan additional40 secondgo compute,or 15 sec-
ondsfor thetoon style with contourreduction(mostof this
timeis spentcomputingobjectspacecontoursonthescene).
However, the forestscenen Figure 6 cantake aslittle as5
seconddo renderand sggmentover 100 condensedhodes,
with anotherl5 secondgo draw paintstrokesor 5 seconds
to computesggment-boundargontoursRegardlesof scene
content,the stippledstyle requireslessthan one third of a
secondto render Segmentationtime is increasedoy com-
plex sceneshatresultin ahighnumberof condensedodes,
slowing down the eigervalue decompositionThe painterly
style canrun slower with detailedmodels,sinceprojecting
the stroke seedpointsontothe 3D geometryfor trackingin
animationrequiresa large numberof raysto be cast.Simi-
larly, the toon style dependgprimarily on the time to com-
puteview-dependentontoursonthescene.

5. Discussionand futur e work

In this paper we have introducedalgorithmsfor creating
segmentedrenderingsof 3D scenesThis systemproduces
imageandvideorepresentationthatabstracout distantand
unimportantscenealetailin acompellingandeffective man-
ner Moreover, sggmentationprovides a basisfor various
artisticstyles,asshavn in Figure9.

An importantproblemis to performsegment-baseden-
deringin real-time.The time to computethe 613,280edge
weights alone takes about a quarter of a secondfor a
640x480image,using only a single referenceimage.This
doesnot take into accountthe overheadof computingthe
segmentationand renderingthe nal artistic style. An ap-
proachmight be to computethe segmentationusing refer
enceimagesata muchlower resolutionandpropagtingthe
segmentatiorto the nal, largerrenderedmage.Thiswould
alsoreducememoryrequirementsbut the memoryneeded
to storethe referencemagesandgraphsis not a signi cant
problem,with buffer sizesbeing x ed otherthanthe con-
densedyraph,which is usuallysmall. Furthermoresuchan
approximationwill reducethe quality of the segmentation.
Onepossibilityis to design3D culling andlevel-of-detailal-
gorithmsappropriatefor sgmentedscenesThis would be
desirablesinceoneof themainapplicationsve envision for
segmentationis in creatingartistic virtual worlds. Modern
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Figure 8: Theeffectof different sggmentationon the stip-
pled style Top: Only four segmentsare used-thepencils,
mug table and badground. Bottom: More seggmentsare
geneated, sut as the shadowon the table resultingin
mud mote focuson the outline of the shadow

programmablgraphicshardwaremightalsobeusedto con-
structthe graphs matrix and perform the sggmentationin
muchlesstime.

Our papergives a tasteof the renderingstylesenabled
by segmentation,but we expect that a wide variety of
otherstylescanalsobe achieved. For example,it hasbeen
demonstratedhat watercolorworks well with segmenta-
tion [CAS 97,BKTS06 LDO06], andstylessuchasbatik and
woodblock printing tend to have a segmentedappearance
thatwould t well into our system.

Anotheropenproblemis to createa goodinterfacefor de-
signing artistic stylesthat dependon a sggmentation.Sey-
mentswould t very naturally into the proceduralNPR
shaderf Grabli etal. [GTDS04 asa fundamentalprimi-
tive.A morechallengingproblemis to specifysegmentation-
basedstyleswith aWYSIWYG interface[KMM 02].
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Appendix A: CondensedNormalizedCuts

Our methodof constructinga condensedyraph produces
NormalizedCut valuesequalto the correspondingcuts on
thefull graph,asfollows. Let G°= (V%EY beacondensed
graphthat representa graphG = (V;E). Eachcondensed
nodeu®in VCcorrespondasetof nodesn Vv, Su%. Suppose
we have arbitrarypartitionsA? andBC of G°. Then,thereare
correspondingartitionsA andB of G suchthatu 2 Aif and
onlyif u2 Su% andu®2 A°. We usethenotationS(AY tore-
ferto theunionof S(uY), for all 1’2 A% Henceu 2 SUY and
w02 Alimpliesthatu 2 SAY. With weightson condensed
edgesin c° equalto the sumof the weightsof their corre-
spondingsetof edgesin G, we have cu{ A% BY = cut(A; B).
This canbe shavn by thefollowing:

cu(a’Bd = &4 wlvd ®)

W02 A%\02 BO '

= A a w(uv)  (9)
w2 A%W02 B0 u2 S(u0);v2 (W)

= a w(u; V) (10)
u2 S(A%);v2 S(BO)

= 4 wuv (11)
W2 AV2B

= Ccut(A;B): (12)

Note that asso€A;V) = asso¢A;A) + cut(A;B), and
asso(A% V9 = asso¢A% AY) + cut(A%BY. Thus, we need
only shav thatasso€A; A) andasso(:AO; AO) areequialent:

asso(A’AY) = & wulV+ § wubu) (13)
uo6 02 A9 u%2 A0 |
= 4 a w(uv) +
u%8 Vo2 A% U2 S(uo);v2 S(v‘:)
a a wuv (14)
w2 A0 2 o)
= a wuy (15)
u;v2 S(A%)
= & wuy) (16)
uv2 A
= assoCA;A): a7)

As shawvn in [Kol0g], the spectraloptimization algorithm
still appliesto this condensedveight matrix with non-zeros
onthediagonal.
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Figure 9: Simplescenesendeedin variousartistic stylesbasedon 2D segmentsFromtop to bottom: Scenesggmentation,
toonshadingwith sgment-boundargontouss, painterly strokeswithoutrelieftexturing, andstippling
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