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Abstract
Thispaperintroducessegmentation-based3D non-photorealistic rendering, in which 3D scenesare renderedas
a collectionof 2D imagesegments.Segmentsabstractoutunnecessarydetailandprovidea basisfor de�ning new
renderingstyles.Thesesegmentsare computedby a spectral clusteringalgorithmthat incorporates3D informa-
tion, includingdepth,user-de�nedimportance, andobjectgrouping. Temporally coherentanimationis createdby
biasingadjacentframesto havesimilar segmentations.We describealgorithmsfor renderingsegmentsin styles
inspiredbya numberof hand-paintedimages.

1. Intr oduction

Non-photorealisticrendering(NPR) algorithmsallow us to
createnew formsof artistic3D renderingandto explorethe
natureof art. An importantelementin paintinganddraw-
ing is the partitioning of an image into segments, or dis-
tinct imageregions.Although onedoesnot normally inter-
pretartistic imagesin this way, if we do view themlooking
for segments,thedegreeto which they canbefoundis strik-
ing. For example,Figures2 and3 show imageswith distinct
artisticstyles,but in eachit is possibleto identify someno-
tion of segments,wheredistinctobjectsor texturehavebeen
groupedtogether. In general,eachsegmentcorrespondsto
groupingsceneelementsinto a single2D imageregion,and
eachsegmentis drawn asa singleunit. Notice,for example,
how in Figure2, paintbuildsupnearthesegmentboundaries
thatwe have manuallyidenti�ed, astheartistcarefullycon-
trols thestrokesin thoseregions.Furthermore,thesestrokes
nearsegmentboundariestendto follow thecontoursof those
boundaries.Segmentscanbedrawn with asinglewatercolor
wash,a groupof paintstrokes,a solid color, or a varietyof
other techniques.Dependingon the artistic style, segmen-
tation performsseveral vital functions.First, segmentation
helpsabstractoutunnecessarydetails,therebyclarifying the
contentof a scene.Second,segmentscancreatea senseof
2D design,independentof the goal of expressing3D con-
tent.Third,agoodsegmentationmakesdrawing easier, since
eachsegmentcanbedrawn with a singlestroke or wash.It
is notalwaysstraightforwardto describewhatmakesagood

y E-mail: {alexk, jmwang,hertzman}@dgp.toronto.edu

segmentation,sinceit is highly dependenton many factors,
includingviewing position,scenegeometry, therelative im-
portanceof differentobjects,andtheartisticstyle.Segments
are view-dependent,as illustratedby the changein detail
of distantobjectsas they move closerto the viewer in the
framesof hand-paintedanimationin Figure 3. We do not
claimthatmostartistsconsciouslysegmentimages.Instead,
we argue that, consciousor not, someform of segmenta-
tion is presentin many artisticstyles,andthatsegmentation
providesanimportanttool for understandingandmimicking
artisticstyles.

For thesereasons,a generalapproachto segmentation
for automaticnon-photorealisticrenderingcouldbea valu-
able tool for designingnew and interestingartistic styles.
In this paper, we introduce segmentation-based3D non-
photorealisticrenderingandanimation,in which 3D scenes
are renderedusing segmentsas a fundamentalprimitive.
To rendera scene,our systemcomputesa segmentation
of the imageplaneinto distinct segments;eachsegmentis
thenrenderedindependentlyof theothers.Weshow thatus-
ing segmentsallows us to de�ne a variety of NPR styles,
with similar stylization and abstractionto thosein hand-
madeimages.We also describea techniquefor producing
temporally-coherentsegmentationsin orderto createartistic
animation.

Althoughpreviousauthorshave computedsegmentations
for image-basedNPR, thesesystemsproducedrendering
stylesvery closely tied to the choiceof image-processing
algorithms.In contrast,weconsiderrenderingof 3D scenes,
whichfreesusfrom thedif�cult problemof extractingscene
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Figure1: Left: A 3D scene. Center:A segmentationof thescene. Right:A painterlystyleappliedto thesegmentedscene.

propertiesfrom aphotograph—oursystemmakesuseof ge-
ometricinformationanduserannotationsto producebetter
segmentations.This systemusesa generalapproachto seg-
mentation,takinginto accounttherich informationavailable
in a 3D sceneand allowing a userto weight the effect of
thesefeatureson theoutcomeof thesegmentationprocess.

Ourapproachis asfollows.For eachframe,we �rst com-
putecolors,depths,normals,andobjectIDs for eachpixelby
standard3D rendering.Wethensegmenttheimagebasedon
thesefeatures,usingaspectralclusteringalgorithm(Section
3). Temporalcoherencein animationis encouragedby seg-
mentingadjacentframestogether. Givenasegmentation,we
canthenrenderthescenein avarietyof stylesthatexplicitly
make useof thesegments(Section4). Figure1 shows such
a segmentationof a 3D sceneanda correspondingartistic
style.

2. Relatedwork

Someauthorshaveusedanotionof auser-speci�edsegmen-
tation in NPR. In someof the earliestNPR work, the ren-
deringstyle is setmanuallyfor differentobjects[WS94] or
imageregions[CAS� 97, SWHS97]. Thesesystemsrequire
someform of userintervention to produceeachimage.In
contrast,our systemrequiresa user to authora 3D scene
and renderingstyle, but can then automaticallyrenderar-
bitrary new views oncesegmentationparametershave been
selected.

Fixed segmentationshave beenapplied in object-space
for 3D scenes.For example,3D scenesin [CAS� 97] are
renderedwith eachobject mattedindependently. The sys-
tem describedin [KHRO01] requiresa user to group ob-
jects and specify stylistic parametersfor the groups.Luft
andDeussen[LD06] manuallyassignobjectsor groupsof
objectsto segmentsto berenderedin awatercolorstyle.Us-
ing a�x ed,object-basedsegmentationis computationallyin-
expensive, but it doesnot directly captureview-dependent
effects.Performingsegmentationin image-space,however,
allows segmentsto dynamicallyabstractaway or highlight
detail in aview-dependentfashion.

Figure 2: Left: Detail of WayneThiebaud's “Ar ound the
Cake” (Oil oncanvas,1962).Right:For purposesof illustra-
tion, wehavemanuallyidenti�ed segmentswithin thepaint-
ing, each of which roughlycorrespondsto a distinct setof
brushstrokeorientations,sizes,and/orcolors.

A numberof authorshave employed automaticimage
segmentationalgorithmsfor NPRin 2D. DeCarloandSan-
tella [DS02] createabstractedimagerepresentationsbased
on imagesegmentationandeye-trackingdata;eachsegment
is smoothedandrenderedasa solid color with occasional
edgestrokes.Goochet al. [GCS02] segmentan imageinto
very small regionsand �t a singlepaint stroke to eachre-
gion. Banghamet al. [BGH03] rendereachsegmentof a
photographwith a solid color. Bousseauet al. [BKTS06]
alsoapplytheir watercolorstyle to segmentedphotographs.
Similar approacheshave beenappliedto processingvideo
sequences:in eachcase,the video sequenceis broken into
space-timesegments,andeachsegmentis renderedwith a
simplesolid-color renderingstyle [WXSC04, CRH05]. All
of thesepapersproducedvery high-quality, appealingre-
sults;however, mostof theeffort hasfocusedoncouplingthe
resultof segmentationto a singlerenderingstyle.Our work
is different from theseprevious works in that we presenta
generalsegmentationalgorithmfor rendering3D scenes,in-
corporating3D geometricinformation,andwe show how a
varietyof renderingstylescanbebuilt from a segmentation
of ascene.

Many renderingtechniqueshave beendevelopedfor ren-
dering 3D scenes,suchas contourrendering[ST90], pen-
and-ink illustration [WS94], and painting [Mei96]. These
systemsare largely complementaryto ours: thesepapers
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Figure3: Sequenceof framesfromGeorgesSchwizgebel'sanimation“L 'HommesansOmbre” (oil andacrylic oncells,2004),
showinga rangeof detail levels.Buildingsin thedistanceareillustratedassimpleboxes,but with much moredetail in close-up.

mainlydescribevariousrenderingstylesfor 3D,whereaswe
describetechniquesfor automaticallyassigningstylesto dif-
ferentpartsof ascene.

Our work is directly relatedto NPR methodsthat per-
form adaptive simpli�cation of a 3D rendering,for exam-
ple, varying detail as a function of object depthor image
density[KLK � 00, KMN � 99, WS94]. A relatedapproachis
to remove strokes to matchtarget tonesor density[DS00,
GDS04, WM04]. Thesesystemsaredesignedfor simplify-
ing speci�c stylesof stroke renderingsbasedon local crite-
ria suchasdepthandtone.In contrast,our systemperforms
globalsimpli�cation of an imageandprovidesa basisfor a
variety of renderingstyles.Thesesystemsarecomplemen-
tary to oursandcouldpossiblybecombinedwith it. For ex-
ample,adaptive stroke renderingcould be appliedto each
imageregionbasedon therenderingstylefor thatsegment.

Our work bearssuper�cial similarity to Level-of-Detail
(LOD) techniques,but the goalsare fundamentallydiffer-
ent.LOD methodsseekto improve performanceby reduc-
ing scenecomplexity without changingthe appearanceof
the scene.In contrast,our goal is to modify the visual ap-
pearanceof the scenein an artistic manner, without regard
to performance.

3. Segmenting3D renderings

In thissection,wedescribeagraph-basedprocedurefor seg-
mentinganimageof a3D rendering.

Therearemany existing imagesegmentationalgorithms,
but not all of them are suitable for our purposes.For
our application,the methodmust be automatic(including
determiningthe numberof segments),must producerea-
sonablesegmentationsfor complex images,must produce
temporally-coherentsegmentations,and must also be able
to take into accountobjectgroupings,e.g.,thefact that two
pixels areor arenot part of the sameobject.Additionally,
we would like the methodto be reasonablyfast.Onewell-
known segmentationalgorithmis k-means,which is limited
to producingroughly sphericalsegments,and cannotpro-
ducethe curved or narrow segmentsobserved in Figures2
and3. Furthermore,thenumberof segmentsmustbespeci-
�ed in advance.TheMeanShift algorithm[CM02] canpro-
ducemorecomplex segmentationsanddeterminethenum-
ber of segments,but it is not clear how to take grouping

information into account,or how to enforcetemporalco-
herencewithout performingsegmentationas a batchpro-
cess,asin [WXSC04]. Min-cut algorithmscanproducevery
good segmentationson images[BK04] but requiresignif-
icant userguidance.We alsoexperimentedwith local seg-
mentationheuristics,but they yieldedpoor resultsfor com-
plex scenes.

Our segmentationis derived from the NormalizedCuts
algorithm[SM00], a graph-basedspectralmethod.Normal-
izedCutsoptimizesa clusteringmetric thatsimultaneously
minimizes a measureof similarity betweendifferent seg-
mentsandmaximizessimilarity within them,while requir-
ing theuserto only seta singlesegmentationthresholdpa-
rameteroncethe weightingfunction that speci�es the sim-
ilarity betweenpixels is �x ed. Being a graph-basedalgo-
rithm for segmentation,NormalizedCuts doesnot require
an explicit featurespace,so the weightingfunction canbe
speci�eddirectly to give onemoreintuitive controlover the
meaningof segmentationparameters.We introduceexten-
sionsto theNormalizedCutsalgorithmthatprovidefor tem-
poralcoherenceandfastercomputation.

3.1. Graphs fr om 3D scenes

We begin by constructingan undirectedgraphG = (V;E)
from the image,with nodesV and edgesE. Thereis one
graphnodefor eachpixel in theimage,andedgesareintro-
ducedbetweennodescorrespondingto adjacentpixels.Edge
weight is determinedby pixel af�nity —the morestrongly-
relatedtwo pixelsare,thegreatertheweighton their shared
edge.To producethe af�nities, we �rst renderseveral ref-
erenceimages:a color imageof the scene,a depthmap,a
normalmap,an object ID referenceimage,andan impor-
tancemap.For theimportancemap,eachobjectin thescene
maybeoptionallytagged(in advance)asbeingmoreor less
“important.” Theimportancemapis generatedby rendering
the scenewith eachobject shadedin proportionto its im-
portance,that is, anunimportantelementis renderedwith a
darkershadethanamoreimportantelement.

Giventhesereferenceimages,wecande�ne afeaturevec-
tor fi for eachpixel i:

fi =
�

wcci ;wnni ;
wz

zi + b

� T

(1)
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whereci = (r i ;gi ;bi)
T is the color of the pixel, ni is the

camera-spacenormalat thepixel, zi is thedepthof thepixel,
all wc, wn, andwz areuser-de�ned weights,andb is a user-
de�ned biason depth.Expressingdepthin the featurevec-
tor as1=(zi + b) treatsobjectsthat arefar from the viewer
ashaving similardepth,eventhoughtheabsolutedifference
in depthbetweenthemmay be greaterthanthat of objects
closer to the viewer. This modelshow artistsoften group
distantobjectstogether.

Theweighton theedgebetweengraphnodesi and j is:

w(i; j) = exp
�

�
�

k fi � f jk
2 + c

�
s i j

�
: (2)

Theconstantc expressesthefactthatno two adjacentpixels
areexactly the same,sincethey occupy differentpositions
in 2D. The scalingparameters i j consistsof three terms:
s i j = oi jgi jsi j . The weight oi j is usedto separatediffer-
ent objectsin the scene—ifpixels pi and p j belongto dif-
ferent objects,then oi j is set to wo > 1; if the object IDs
are the same,thenoi j = 1. This hasthe effect of weaken-
ing edgesconnectingnodesbetweentwo different objects
in thescene.GroupIDs areusedwith gi j in a similar fash-
ion, whereobjectsmaybetaggedwith groupIDs by a user.
If pi and p j belongto differentgroups,gi j = wg > 1, oth-
erwisegi j = 1. For example,this allows us to specify that
a groupof bushesshouldbesegmentedtogetherbeforebe-
ing segmentedwith a nearbyobjectthathappensto alsobe
green.Finally, the parametersi j is usedto emphasizeim-
portantobjectsby encouragingthemto besegmentedandto
prevent unimportantobjectsfrom beingoverly segmented.
Eachpixel pi hasanassociatedimportancevaluesi 2 [0;1];
asdeterminedfrom the importancemap.The weight is de-
�ned assi j =

�
max(si ;sj )

� ws ; wherews � 1 is theweightfor
importance.Hence,an edgebetweentwo nodeswith small
si andsj will be strengthened,but therewill be little or no
effect on the edgeif eitherof the nodesareconsideredim-
portant.

3.2. Normalized Cuts

Wenow review theNormalizedCutsalgorithm[SM00]. Let
A andB beany two disjoint setsof nodesin somegraphG.
Thecut betweenA andB is de�ned as

cut(A;B) = å
u2 A;v2 B

w(u;v): (3)

Similarly, theassociationbetweenA andV is

assoc(A;V) = å
u2 A;t2 V

w(u;t): (4)

Thenormalizedcut betweenA andB is

Ncut(A;B) =
cut(A;B)

assoc(A;V)
+

cut(A;B)
assoc(B;V)

(5)

The imagesegmentationproblemis to partition the graph
into segments 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 correspondsto a pixel, and
edgesconnectadjacentpixels.Right: A correspondingcon-
densedgraph. Each condensednodehas a self-edge with
weightequalto thesumof theweightsbetweenits nodesin
the original graph.Theweightbetweenthe two condensed
nodesis equalto thesumof theweightsacrossthetriangle
boundaryin theoriginal graph.

Finding the optimal normalizedcut is NP-complete,but
anapproximatesolutioncanbeobtainedasfollows.Let x be
a vectorwith N elements,eachcorrespondingto onenode
in G, wherexi = 1 if nodei is in segmentA, andxi = � 1
otherwise.Let D be the degree matrix, a diagonalN � N
matrix with Dii = å j w(i; j), and let W be the symmetric
weightmatrix, W i j = w(i; j). With Ŵ = D � W, it canthen
beshown that

Ncut(x) =
(1+ x)TŴ(1+ x)

4k1TD1
+

(1� x)TŴ(1� x)

4(1� k)1TD1
(6)

wherek =
�
å xi> 0 Dii

�
=(å i Dii ) and1 is anN � 1 vectorof

ones.Moreover, it canbe shown that, if we relax the prob-
lemto allow elementsof x to takeonany realvalue,Ncut(x)
is minimizedby theeigenvectorcorrespondingto thesecond
smallesteigenvalueof thematrixD� 1=2ŴD� 1=2. Thissolu-
tion canbeconvertedinto a graphpartitionby thresholding
x, sothatvaluesabove thethresholdaresetto 1 andtherest
aresetto � 1. Thethresholdis chosento minimizeNcut(x)
by exhaustively searchingthroughall possibleN � 1 values.

To segment a graph into more than two partitions, the
sameNormalizedCut algorithm is recursively applied to
eachsegment.The processstopswhen Ncut(x) exceedsa
user-de�ned threshold,t n, andnoadditionalcutsaremade.

3.3. Condensinggraphs

The Normalized Cuts algorithm is very slow for even
moderately-sizedgraphs,sinceit requirescomputingeigen-
vectorsof a very largematrix. In orderto get fasterresults,
we apply NormalizedCutsto a reducedgraphG0 in which
eachnodemaycorrespondto many pixels.Thisgraphis pro-
ducedby combiningall pairsof graphnodessharinganedge
with aweightlargerthanauser-de�ned threshold,t c; there-
mainingnodescomprisethenodesof G0. By decreasingthis
threshold,a usercanobtainfasterperformance,althoughat
thecostof apossibleundersegmentation.
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A naïve approachto computingthe edgesof this con-
densedgraphwould be to set the weight of the new edges
of G0 to be the sumof the weightsof their corresponding
edgesof G. Unfortunately, this givesa poor approximation
to clusteringthe original graphwith NormalizedCuts.For
example,consideran imagemadeup of a red triangleand
anadjacentblue triangle(Figure4). In general,theoptimal
normalizedcut for this imageshouldseparatethe two tri-
angles.However, supposewe condensedthis graphto two
nodes.Eachnodewouldcorrespondto atriangle,with asin-
glecondensededgewith weightw betweenthem,wherew is
equalto thesumof theweightsof theedgesbetweenthetwo
triangles.Then,thereis onepossiblecut,andit caneasilybe
shown thatthecostof thiscut is 2, regardlessof theoriginal
edgeweights.Sincethis costis themaximumpossiblecost
of acut,theedgewill neverbecut,asit exceedsany sensible
user-speci�edvaluefor thecut threshold,t n.

To addressthis, we augmentG0 by addingan edgefrom
everycondensednodeu0 to itself. Theweightof thisedgeis
equalto thesumof theedgeweightscollapsedonu0:

w(u0;u0) = å
u;v2 S(u0)

w(u;v); (7)

where S(u0) is the set of nodesin G that correspondto
u0 2 G0. We can thenapply NormalizedCuts to G0. Since
every node in G correspondsto one node in G0, a cut of
G0 canbe directly convertedto a cut of G. Moreover, it is
straightforward to show that the condensingoperationhas
the following desirableproperty: every cut of G0 has the
samecostasthecorrespondingcutof G (AppendixA). That
is, segmentinga condensedgraphis equivalentto segment-
ing its original graphunder the constraintthat condensed
edgescannotbecut.

In our implementation,we computethe weightsfor the
edgesof the full graphevery time a new frameis rendered.
The condensedgraphis then constructedby visiting each
nodein thegraphonceandperformingabreadth-�rstsearch
along edgesabove the condensingthresholdfor nodesto
addto the currentcondensednode.Finally, the weightson
the condensededgesaresummedfrom their corresponding
edgesin thefull graph,andthecondensedgraphis readyto
besegmented.

3.4. Temporal coherence

Whenrenderingindividual framesof ananimationsequence
independently, thereis noguaranteethatconsecutive frames
will yield consistentsegmentations.We motivatea solution
to thisproblemasfollows.Supposethatweweresegmenting
anentirevideosequenceatonce.In additionto constructing
agraphfor eachframe,wewould introducegraphedgesbe-
tweennodesin adjacentframes,possiblyscaledby a user-
speci�edweightwk. In our algorithm,we only segmentone
frameata time,sowecandiscardgraphnodesfor all future
frames.Moreover, sincethe segmentationfor the previous

t – 1 t t – 1 t

Figure 5: Segmentationcoherency. Left: The previous
frame's graph nodesat t � 1 are groupedinto coherency
nodesbasedon their segmentation(inside the dashedcir-
cles).Right: Thecoherencynodesin thepreviousframeare
assignededges(thebluelines)to nodesin thecurrentframe
t with weightsscaledby wk, andthecombinedgraphis seg-
mented.

frame is alreadyknown, we cancollapsethe subgraphfor
thepreviousframeinto onenodepersegmentwhile discard-
ing olderframes.

Wecall thesecondensednodescorrespondingto segments
from thepreviousframecoherencynodes(illustratedin Fig-
ure 5). Introducingcoherency nodeshasthe effect of seg-
mentingadjacentframestogether, underthe constraintthat
the segmentationfrom the previous framecannotbe modi-
�ed. Consequently, thesegmentationfor thecurrentframeis
biasedto besimilar to thepreviousframe.

In practice,we link togetherpixelsat thesamepositions
in image-spacebetweenframes.This works well for larger
segments,but thin or fastmoving segmentsmight sharefew
edgesbetweenframes.An approachto handlingsuchdetails
might be to associateareasof geometrywith speci�c seg-
mentsandtracktheseareasbetweenframesin object-space,
however, the computationalcostof associatingpixels with
pointsongeometrywouldbehigh.

4. Renderingstyles

In this section,we demonstrateseveral artistic stylesbased
on segmentation.Therearea largenumberof segmentation
parametersto tune,but they wereselectedto have an intu-
itive meaningin adjustingthe compositionof a scene.We
found that settingparametersto achieve a reasonableseg-
mentationfor a single imageis typically easy;sometimes
usingonly a subsetof theavailableparametersis suf�cient
for producingan acceptablesegmentation.It can be more
dif�cult to �nd a setof parametersthat works well over an
entireanimationdueto the needto tunethe coherency, but
oncea setof parametersis found,thesegmentationtendsto
work quitewell. It is necessaryto initialize a slightly differ-
ent setof segmentationparametersfor the �rst framethan
for subsequentframesof ananimation,sincesegmentsizes
shouldbe smallerdue to the lack of coherency nodes.Pa-
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c wc wn wz b wo wg ws wk t c t n

Still life 0.25 8 1 2 1 2 2 - - 0.15 0.005
Forest(initial frame) 0.25 3 - 50 0 2 5 6 - 0.75 0.015

Forest(subsequentframes) 0.25 3 - 50 0 3 5 6 0.2 0.75 0.08
Mug (fewersegments) 0.25 - - - - - 3 - - 0.75 0.5
Mug (moresegments) 0.25 1 0.5 - - - 2 - - 0.75 0.5

Table 1: Parameters usedto generatesegmentationsfor Figures6-9. A dashindicatesthat a parameter's associatedreference
image wasnot rendered to computethesegmentation.Theforestsceneimageswere renderedas framesof an animationwith
coherency, andall otherimageswere renderedindependently.

rametersusedto generateall of the�gures aregivenin Table
1.

Next, we discusssomeof the speci�c renderingstyles
basedon theresultof asegmentationof a3D scene.

Toon. A basicstyle is a cartoonrenderingstyle,with toon
shadingand increasedbrightnessandsaturationappliedto
a scene.The segmentationis usedto reducecontourden-
sity, renderingobjectcontoursonly nearthe boundariesof
thesegmentsin imagespace.Contourswithin asegmentare
notdrawn,eliminatingunnecessaryclutter. For example,the
treeline in Figure6 containsmany contouredgesthatcanbe
distracting.The setof boundary-contoursis determinedby
samplingsegmentIDs in the imageplane.This pixel sam-
pling methoddoesleadto asmallnumberof contoursbeing
incorrectly labeled,but the errorsaretypically minor. Seg-
mentsmay be solidly shadedwith the averagecolor of the
pixels insideof them,or a usermay choseto only solidly
shadesegmentswith a largeaveragedepth.As segmentsget
closer, they maybefadedinto theirstandardtoonshadingto
revealmoredetail.

Painted strokes.We alsodemonstratea painterlyrendering
technique(Figure7) capableof producingeffectssimilar to
thoseof Figures2 and3. In this style,eachsegmentis �lled
with long,curvedpaintstrokesbasedon theunderlyingref-
erencecolor, similar to thoseof [Her98], until a targetstroke
densityis met. Strokesareplacedby selectingseedpoints
randomlyin theimageplane,andrejectingthosethatfall in
aregionthatis toodense.Thelengthof astrokeis tracedout
fromeachseed,asin [JL97]. A distance�eld iscomputedfor
eachsegmentusingthealgorithmdescribedin [FH04], and
pointswithin a user-setdistancefrom a segmentboundary
follow the isocontoursof this distance�eld. Strokesfurther
from asegmentboundaryfollow apathbasedonthenormals
of the 3D geometry, asfollows. Let n be the camera-space
normalatapixel. Thenthedirectionof astrokeat thatpixel
is setto (max(jnyj; jnzj=2);nx)T . Figure7 shows theresult-
ing stroke directionson one scene.This causesstrokes to
carefullyfollow segmentboundaries,asin Figure2. Strokes
areterminatedwhenthey reacha maximumlength,turn by
ananglegreaterthana threshold,or 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.Notehowthecontours are clutteredin theback-
groundwhere therearemanytrees.Center:Segmentationis
appliedto grouptogethermanyof thebackgroundelements.
Contours are only drawn near segmentboundaries,result-
ing in a cleanerimage. Bottom: Detail of the background
withoutsegmentation(left) andwith segmentation(right).
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Figure7: Theuseof segmentationfor a painterlystyle. Top:
Onlysurfacenormalsdeterminestrokedirection,andlength
or differencesin color terminatestrokes. Bottom: Strokes
near segmentboundariesfollow their path and strokes do
notcrossinto adjacentsegments.

tional passesmaybemadeto renderthinnerstrokesin gaps
thataredif�cult to �ll with broadstrokes.Strokesmayop-
tionally be renderedusingHertzmann's relief texturing al-
gorithm[Her02], with greaterchangesin relief normalsnear
segmentboundaries,to simulatea build up of paintcharac-
terizedby Figure2, asin Figure1. For coherency in anima-
tion we usetheapproachdescribedin [Mei96]; seedpoints
areprojectedonto the modelsto be tracked in 3D between
frames.At eachframe,seedpointsfurthestfrom theviewer
are removed in areaswherethe stroke densityis too high,
andnew strokesarecreatedin areaswherethedensityis too
low.

Stippling. A simplestippledstyle is demonstratedaswell
(Figure 8). This style is renderedby drawing more points
in darker regions and near segment boundaries.A Perlin
noisetextureis �rst generated,with eachvaluein [0;1] cor-
respondingto apointwhereastippledpointmightbedrawn.
A function of the referenceimagedarknessdr 2 [0;1] and
theaveragesegmentdarknessds 2 [0;1] is computedat that
pixel and scaledaccordingto the distanced to the near-
estsegmentboundary. If the resultingvalueis greaterthan

the value of the noise at the samepixel, a point is ren-
dered.In our implementation,thefunctionis de�ned as f =
(c+ ardr + asds)b1=(d2 + b2)b3, wherec = 0:3, a r = 0:5,
as = 0:2, b1 = 2:75, b2 = 256, and b3 = 0:25. Frameto
framecoherency is achievedby usingthesamenoisetexture
throughoutan animation.This techniqueis fastandavoids
points“sticking” to the3D geometry.

Therenderingtimesfor our algorithmsdependhighly on
thescenecomplexity andtherenderingstyle.Referenceim-
agesand segmentationsfor the still life in Figure 7 with
around600condensednodesrequiresabout20 secondsper
frame,onaverage,usinga3.4GHzIntel Xeon.Thepainting
style takesanadditional40 secondsto compute,or 15 sec-
ondsfor the toonstylewith contourreduction(mostof this
timeis spentcomputingobjectspacecontoursonthescene).
However, the forestscenein Figure6 cantake aslittle as5
secondsto renderandsegmentover 100 condensednodes,
with another15 secondsto draw paintstrokesor 5 seconds
to computesegment-boundarycontours.Regardlessof scene
content,the stippledstyle requireslessthanonethird of a
secondto render. Segmentationtime is increasedby com-
plex scenesthatresultin ahighnumberof condensednodes,
slowing down the eigenvaluedecomposition.The painterly
style canrun slower with detailedmodels,sinceprojecting
thestroke seedpointsonto the3D geometryfor trackingin
animationrequiresa largenumberof raysto becast.Simi-
larly, the toon style dependsprimarily on the time to com-
puteview-dependentcontourson thescene.

5. Discussionand futur ework

In this paper, we have introducedalgorithmsfor creating
segmentedrenderingsof 3D scenes.This systemproduces
imageandvideorepresentationsthatabstractoutdistantand
unimportantscenedetail in acompellingandeffective man-
ner. Moreover, segmentationprovides a basis for various
artisticstyles,asshown in Figure9.

An importantproblemis to performsegment-basedren-
deringin real-time.The time to computethe 613,280edge
weights alone takes about a quarter of a secondfor a
640x480image,usingonly a single referenceimage.This
doesnot take into accountthe overheadof computingthe
segmentationand renderingthe �nal artistic style. An ap-
proachmight be to computethe segmentationusing refer-
enceimagesatamuchlower resolutionandpropagatingthe
segmentationto the�nal, largerrenderedimage.Thiswould
alsoreducememoryrequirements,but the memoryneeded
to storethereferenceimagesandgraphsis not a signi�cant
problem,with buffer sizesbeing �x ed other than the con-
densedgraph,which is usuallysmall.Furthermore,suchan
approximationwill reducethe quality of the segmentation.
Onepossibilityis to design3D culling andlevel-of-detailal-
gorithmsappropriatefor segmentedscenes.This would be
desirable,sinceoneof themainapplicationsweenvision for
segmentationis in creatingartistic virtual worlds. Modern
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Figure 8: Theeffectof differentsegmentationson thestip-
pled style. Top: Only four segmentsare used–thepencils,
mug, table, and background. Bottom: More segmentsare
generated, such as the shadowon the table, resulting in
much more focuson theoutlineof theshadow.

programmablegraphicshardwaremightalsobeusedto con-
struct the graph's matrix and perform the segmentationin
muchlesstime.

Our papergives a tasteof the renderingstylesenabled
by segmentation,but we expect that a wide variety of
otherstylescanalsobe achieved.For example,it hasbeen
demonstratedthat watercolorworks well with segmenta-
tion [CAS� 97,BKTS06,LD06], andstylessuchasbatikand
woodblockprinting tend to have a segmentedappearance
thatwould �t well into oursystem.

Anotheropenproblemis to createagoodinterfacefor de-
signingartistic stylesthat dependon a segmentation.Seg-
ments would �t very naturally into the proceduralNPR
shadersof Grabli et al. [GTDS04] asa fundamentalprimi-
tive.A morechallengingproblemis tospecifysegmentation-
basedstyleswith aWYSIWYG interface[KMM � 02].
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Appendix A: CondensedNormalizedCuts

Our methodof constructinga condensedgraph produces
NormalizedCut valuesequalto the correspondingcutson
thefull graph,asfollows.Let G0= (V0;E0) bea condensed
graphthat representsa graphG = (V;E). Eachcondensed
nodeu0 in V0correspondsasetof nodesin V, S(u0). Suppose
we have arbitrarypartitionsA0 andB0 of G0. Then,thereare
correspondingpartitionsA andB of G suchthatu 2 A if and
only if u2 S(u0) andu02 A0. WeusethenotationS(A0) to re-
fer to theunionof S(u0), for all u02 A0. Hence,u2 S(u0) and
u0 2 A0 implies thatu 2 S(A0). With weightson condensed
edgesin G0 equalto the sumof the weightsof their corre-
spondingsetof edgesin G, wehave cut(A0;B0) = cut(A;B).
Thiscanbeshown by thefollowing:

cut(A0;B0) = å
u02 A0;v02 B0

w(u0;v0) (8)

= å
u02 A0;v02 B0

 

å
u2 S(u0);v2 S(v0)

w(u;v)

!

(9)

= å
u2 S(A0);v2 S(B0)

w(u;v) (10)

= å
u2 A;v2 B

w(u;v) (11)

= cut(A;B): (12)

Note that assoc(A;V) = assoc(A;A) + cut(A;B), and
assoc(A0;V0) = assoc(A0;A0) + cut(A0;B0). Thus, we need
only show thatassoc(A;A) andassoc(A0;A0) areequivalent:

assoc(A0;A0) = å
u06= v02 A0

w(u0;v0) + å
u02 A0

w(u0;u0) (13)

= å
u06= v02 A0

 

å
u2 S(u0);v2 S(v0)

w(u;v)

!

+

å
u02 A0

 

å
u;v2 S(u0)

w(u;v)

!

(14)

= å
u;v2 S(A0)

w(u;v) (15)

= å
u;v2 A

w(u;v) (16)

= assoc(A;A): (17)

As shown in [Kol05], the spectraloptimizationalgorithm
still appliesto this condensedweightmatrix with non-zeros
on thediagonal.
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Figure 9: Simplescenesrendered in variousartistic stylesbasedon 2D segments.Fromtop to bottom:Scenesegmentation,
toonshadingwith segment-boundarycontours,painterlystrokeswithoutrelief texturing, andstippling.
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