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Figure1: Non-photorealistic renderingof a 2.5-Dvideo(only oneframeshownhere). Fromleft to right: color input, depthinput, hatching
style,andpainterlyrendering.

Abstract

In recent years considerableinterest has been given to non-
photorealisticrenderingof photographs,video,and3D modelsfor
illustrative or artistic purposes. Conventional2D inputs suchas
photographsand video are easyto createand capture,while 3D
modelsallow for a wider varietyof stylizationtechniques,suchas
cross-hatching.In this paper, we proposeusingvideo with depth
information (2.5-D video) to combinethe advantagesof 2D and
3D input. 2.5-D video is becomingincreasinglyeasyto capture,
and with the additionaldepth information, stylization techniques
that requireshapeinformationcanbe applied. However, because
2.5-Dvideocontainsonly limited shapeinformationand3D corre-
spondenceover time is unknown, it is dif�cult to createtemporally
coherentstylizedanimationsdirectly from raw 2.5-Dvideo. In this
paper, we presenttechniquesfor processing2.5-D video to over-
comethesedrawbacks,anddemonstrateseveral stylesthat canbe
createdusingthesetechniques.

Keywords: non-photorealisticrendering,video,depthmaps,com-
putervision.

1 Intro duction

While computergraphicsresearchhas traditionally focusedon
methodsfor generatingrealisticimages,non-photorealisticrender-
ing (NPR)hasrecentlyattractedalot of attention.NPRcanbeused
to enhanceanimagein anillustrativeyetconciseway, or to givean
imagegreaterimpactthroughanartisticstyle. GoochandGooch's
[2001] andStrothotteandSchlectweg's [2002] bookshave excel-
lent surveysof NPRtechniques.

AutomaticNPRtechniqueshavegenerallybeenclassi�edbasedon
thetypeof input they operateon. Oneclassof techniquesuses2D
imagesor videoasinput. Thesemethodsoperatein imagespace,
placingprimitivessuchaspaintstrokeson a virtual canvas.A sec-
ondclassuses3D modelsasinput. They mayapplyprimitivesto a
canvasor directly to thesurfaceof the3D model.Theplacementof
primitivesis oftenbasedon shapeinformationsuchascurvature.

Both2D and3D inputshaveadvantagesanddisadvantages.Captur-
ing imagesor videoof complex scenesis relatively easy. However,
theseinputsareimpoverishedin thatthey usuallylackstrongdepth
cues.Someillustrativestyles,suchascross-hatching,dependheav-
ily onknowledgeof theobject'sshapefor guidingtheplacementof
renderingprimitives.Suchstylesrequireadditional3D information
for effective rendering.

On the otherhand,3D modelscontainperfectshapeinformation,
soa wider varietyof NPRtechniquescanbeappliedto them.Fur-
thermore,correspondencebetweenpointson ananimatedmodelis
oftenknown, makingtemporalcoherenceeasierto achieve. How-
ever, creatingandanimating3D modelsof complex objectsis dif�-
cult andtime-consuming.

In thiswork, wecombinethebene�tsof 2D and3D inputsfor styl-
ization by usinga differentkind of input: videowith depthinfor-
mation at eachpixel, or 2.5-D video. (The term 2.5-D video is
usedbecauseonly the3D shapeof thepartsof thescenevisible to
thecameraareknown.) Capturing2.5-Dvideois potentiallyeasier
thanconstructingcomplex 3D models,while at thesametime con-
taining enoughinformationaboutshapeto accommodatea wider
variety of artistic styles. High quality depth information can be
acquiredin several ways: ZCams1 for capturingdepthsarecom-
mercially available, and recentsystemshave beendevelopedfor
capturinghigh spatialandtemporalresolutionshapeusingoff-the-
shelf components(e.g., the space-timestereosystemof Zhanget
al. [2003]).

Unfortunately, in raw 2.5-D videosof complex scenesobjectsare
not segmented,depthsaretypically noisy, and3D correspondence
over time is unknown. As a result, techniquesfor rendering3D
modelscannotbe directly applied to raw 2.5-D videos. In this
paper, we presentmethodsfor converting raw 2.5-D video to a
stylization-friendlyform. Thiswork hasseveraltechnicalcontribu-
tions. First,we presenta methodfor �nding correspondenceinfor-
mationappropriatefor NPRfrom a noisysequenceof depthmaps.
Second,wedescribeatechniquefor de�ning asmoothlyvaryingdi-
rectional�eld thatis meaningfulfor stylizationovera time-varying
surface,building on existing techniquesfor staticmeshes.Third,
weshow how wecanapplytwo styles,cross-hatchingandpainterly
rendering,to theprocessed2.5-Dvideo.

1http://www.3dvsystems.com/products/zcam.html



Figure2: Systemoverview. First, a setof input videosis captured,
anda 2.5-Dvideois createdby usingstereoto estimatedepth.The
videois thenprocessedto prepareit for stylization.Finally, a styl-
izedvideois created.

2 Prior work

Many automaticalgorithmsfor NPRfall into two categories:those
thatoperateon imagesor video,andthosethatoperateon3D mod-
els. Thereis a history of work on stylizing imagesandvideo for
an artistic or illustrative effect. Oneareaof researchhasfocused
onautomaticallyor semi-automaticallyprocessingimageswith pa-
rameterizedstyle �lters. Early work by Haeberli[1990] explored
interactive techniquesfor creatingartistic renderingsof images.
Litwinowicz [1997] presentedanautomatictechniquefor creating
painterlyrenderingsof imagesandvideo. Hertzmann[1998] used
curved brushstrokes appliedat several different scalesto render
still imagesin stylessuchas impressionismandpontillism. This
techniquewasextendedto video in work by HertzmannandPer-
lin [2000], using optical �o w to updatebrushstrokes over time.
HaysandEssa[2004] presenteda systemwhich alsousesoptical
�o w, but whichimprovestemporalcoherenceby constrainingbrush
stroke propertiesover time.

While thesesystemslargelyrely on imagegradientsto guidestroke
placement,Salisbury et al. [1997] presenteda systemfor creating
pen-and-inkillustrationsin which a directional�eld is suppliedby
theuser. In contrast,in our work, thedirectional�eld is generated
automaticallyfrom theinput depthmaps.

Wang et al. [2004] transformeda video into a spatio-temporally
coherentanimation. Their systemis semi-automatic,requiring a
userinteractionto extract semanticallymeaningfulobjectsbefore
an NPR style can be applied. Agarwala et al. [2004] combined
user-speci�ed contourswith edgeandshapepreservingfunctions
to facilitaterotoscoping(afterwhich thevideocanbestylized).

In [Raskaret al. 2004],a camerawith multiple �asheswasusedto
locatedepthdiscontinuitiesin images.Thesedepthdiscontinuities
could thenbeusedfor differentstylizationoperations,suchasen-
hancingsilhouettes.In ourwork, weassumethatdepthsareknown
for eachpixel, allowing usto createanevengreaterrangeof effects.

Therehasbeena separatebody of work on creatingstylizedren-
deringsfrom 3D models. Meier [1996] createdpainterly render-
ings of video given scenegeometryand referenceimages. El-
ber[1998],Girshick[2000],HertzmannandZorin [2000],andZan-
der, et al. [2004] presentedtechniquesfor creatingline-art illustra-
tions from 3D modelsusingdirectional�elds derived from curva-
ture,andPraunetal. [2001]demonstratedahatchingalgorithmthat
canbeappliedto 3D modelsin real time. We draw on thesetech-
niquesin our approach,extendingthemto applyto surfaceswhere
the completegeometryis unknown andwherethe shapedeforms
over time.

Therehasalsobeenwork on constructingmodelsof staticandan-
imatedobjectsfrom rangedata,both from sparsescansandfrom

video. An effort that stood out involves constructing3D mod-
els of many large statuesfrom rangedata[Levoy et al. 2000]. In
[Zhang et al. 2003], an animatedfacemodel was createdby �t-
ting a templateto rangedata;anothertechniquefor �tting an ani-
matedmodelto a sequenceof mesheswasdescribedin [Anuarand
Guskov 2004]. In our work, we do not constructanexplicit model
of objectsfrom the2.5-D video; instead,we intendour technique
to beusedfor scenesthataredif�cult to model,andonly estimate
correspondencesbetweenpointsin neighboringframes.

3 Outline of approach

Our systemfor processingand rendering2.5-D video consistsof
threemain stages,shown in Figure 2. We �rst capturemultiple
videosof a sceneusingthe stereorig of Zhanget al. [2004]. We
then usespacetimestereo[Zhang et al. 2004] to estimatedepths
from the videos. This resultsin a sequenceof color video frames
with depthinformationfor eachpixel (exceptfor holesdueto er-
rorsin thestereoestimationandwherepointswereoccludedin one
view). Weassumethatthevideowascapturedwith calibratedcam-
eras,so that given an imagelocation(x;y), anda depthz, we can
computethe3D locationof thecorrespondingpoint in space.

Second,weprocessthevideoto prepareit for stylization.Thereare
four partsto thisprocessingstage.Webegin by segmentingthe2.5-
D videointo foregroundandbackgroundlayers,thenweprocessthe
depthmapsby �lling in holesandsmoothingto reducenoise(for
our resultson syntheticscenes,we omit thesegmentationandpro-
cessingsteps).Next, we estimatea densecorrespondencebetween
theforegroundlayersof eachpair of successive videoframes,and
simultaneouslyde�ne aspatiallyandtemporallysmoothdirectional
�eld over thevideo.This processis describedin Section4.

Finally, astylizationalgorithmis selected,andastylizedanimation
is createdusingtheprocessedvideo.Thestylizationalgorithmswe
have exploredaredescribedin Section5.

4 2.5-D video processing

In this section,we describethe processingstageof our system,
which consistsof four parts:segmentingthevideointo foreground
andbackgroundlayers,processingthedepthmapsto gettheminto
amoreusefulform, estimatingcorrespondencesbetweentheshape
of the objectsin neighboringframes,andcreatinga time-varying
directional�eld to guidestroke placement.

4.1 Video segmentation

Videosegmentationcanbea verydif�cult task.Wangetal. [2005]
andLi et al. [2005] have developedeffective semi-automaticsys-
temsfor extractingsemanticallymeaningfulobjectsfrom video. In
ourwork, wesimplify thesegmentationproblemby �lming objects
in front of a black background,andusingcolor anddepththresh-
olding to segmenttheforegroundlayer.

4.2 Processing the depth maps

Thedepthmapsthatareproducedby activestereooftensuffer from
holesandnoise. We processthe depthmapsto make themmore
usefulfor stylization,andalsocomputedifferentialinformationthat
is usefulfor thefollowing stagesof our system.First,we �ll holes



Figure3: Resultof depthprocessing. Fromleft to right: raw input depthfrom thehandvideo,thresholdedandsmootheddepth,needlemap
(computedsurfacenormaldistribution). Notethatbothdepthmapsarerenderedwith a light sourcefor clarity.

Figure4: Resultof estimatingcorrespondence. Thecomputed3D
�o w betweenthetwo successive framesof thehandsequence(su-
perimposedon thecolor image),shown asaneedlemap.

in the foregroundlayer by simply interpolatinginformation from
theholeboundary(for thisstep,moresophisticatedtechniquessuch
asthatof CurlessandLevoy [1996]couldbeused).Second,weap-
ply abilateral�lter independentlytoeachdepthmapto reducenoise
while preservingdepthdiscontinuities.Finally, weestimatesurface
normals,the directionsof principle curvatures,and their magni-
tudesat every pixel in theforegroundlayer, usingthetechniqueof
HameiriandShimshoni[2002].

After processing,therepresentationof the2.5-Dvideovisibleto the
restof thesystemis a setof video frames,eachwith a foreground
mask.Eachpixel in theforegroundlayerstoresa color, depth,sur-
facenormal,andtheprinciplecurvaturesandtheirdirectionsof the
surfaceat thatpoint.

4.3 Estimating shape correspondence

Thenext stepis to computea densecorrespondencebetweensuc-
cessive video frames,necessaryfor creatingtemporallycoherent
animations.For 2D video input, this correspondenceis known as
optical�o w. For 2.5-Dor 3D input, thecorrespondenceis between
3D points,andis calledscene�ow [Vedulaet al. 1999].

A numberof algorithmshave beenproposedfor computingcor-
respondencesbetween3D shapes.Some,suchas thoseproposed
in [Allen et al. 2003] and[SumnerandPopović 2004], areuseful
for estimatingcorrespondencesbetweenshapeswhichhave similar
structurebut which areotherwisequite different. Thesemethods
typically requirea setof manuallychosencorrespondences.Our
methodis moresimilarto thatof [Zhangetal. 2004],exceptthatwe
computecorrespondencesbetweenvideopointsthemselveswithout
theuseof abaseor templatemesh,andwedonotexplicitly useop-
tical �o w to constrainthescene�o w—instead,colorconsistency is

animplicit componentof ouroptimization.

Tocomputethescene�o w betweenapairof successivedepthmaps,
we considerthem as two 3D points sets,Si and Si+ 1. First, we
estimatea rigid transformbetweenSi andSi+ 1 using the iterated
closestpoint algorithm [Besl and McKay 1992], obtaininga ro-
tation Ri anda translationt i . Second,for eachpoint v j 2 Si we
estimatea displacementvectord j that minimizesan energy func-
tion E = Eprox + l Esmooth (l is a weight set to 16 in all our ex-
periments).Eprox measurestheproximity in distance, normal,and
color betweenthedisplacedpointsin Si andthepointsin Si+ 1:

Eprox = å
v j 2Si

r
�

min
vk2Si+ 1

�
D(v j ;vk)

	
�

D(v j ;vk) = jj vk � d j (v j )jj2 + gjj n̂k � Ri n̂ j jj2 + z jjck � c j jj2

wherejj � jj is theL2 norm,d j (v j ) = Riv j + t i + d j , n̂ j andn̂k are
theoriginal unit normalsassociatedwith v j andvk, andc j andck
arevertex colorsrepresentedasRGBtriplets(wherer;g;b 2 [0;1]).
Theweightsg andz control the in�uence of thenormalandcolor
distances;in ourexperiments,wesetg to 4 andz to 10 for theface
videos(describedin Section6), and to zero for the othervideos.
The normal and color termsin D help to constrainthe �o w and
reducethe“swimming” of pointson thesurface.

To improve therobustnessof thecorrespondenceestimationto oc-
clusions,weusetheTukey's biweightrobustestimator(r (x) in the
equationfor Eprox). In addition,wetreatpointsof Si that,upondis-
placement,areoccludedby a point of Si+ 1 asspecialcases;these
pointscontributeasmallconstantto Eprox. Thismodi�cation helps
keepoccludingobjects(suchasthearmsof thedancerin thesalsa
video)from “pushing” occludedpointsaround.

To evaluateEprox ef�ciently , weusetheapproximatenearestneigh-
borpackageof Arya et al. [1998].

Esmooth expressesour assumptionthat the objectswe capturede-
form in a continuousway, i.e., that the displacement�eld varies
smoothlyover theobject(while respectingdepthdiscontinuities):

Esmooth= å
(v j ;vk)

jj d j � dkjj2

jj v j � vkjj2

wherev j andvk are4-connectedneighborsin Si . To �nd a mini-
mumof E, we initialize thedisplacementsto zerovectors,anduse
the LBFGS-B gradientdescentalgorithmdescribedin [Zhu et al.
1997].

We apply this correspondenceestimationprocedureto eachframe
Si exceptthe last; the result is a displacementvectord j for every
vertex v j of every frame.



4.4 De�ning a directional �eld

Many automaticNPRsystemsthatusebrushstrokesasarendering
primitivede�ne adirectional�eld on their inputdomainin orderto
guidetheorientationof the strokes. A directional�eld over a do-
mainD is a function f from D to thesetof directions,andis differ-
ent from a vector�eld in thatadditive inversesv and� v represent
equivalentdirections.(In caseswhereit is desirableto avoid singu-
larities in directional�elds, tensor�elds, or directional�elds with
90 degreesymmetryareusedinstead).In this section,we describe
our methodfor de�ning a directional�eld over the time-varying
extractedobjects.

For imagestylization,thedirectional�eld is oftende�ned in terms
of the imageintensity gradient. In the work of Haeberli [1990]
andHertzmann[Hertzmann1998], thedirectional�eld canbede-
�ned to beorthogonalto the imagegradient,while in thework of
Litwinowicz [1997] andHaysandEssa[2004], a smooth�eld is
producedusingradial basisfunctionsto interpolatethe �eld from
stronggradients.In thesystemproposedby Salibury et al. [1997],
theusersuppliesa direction�eld to guidethestylizationof thein-
put image.

In ourcase,we de�ne thedirectional�eld over theforegroundpix-
els in the 2.5-D video, but derive the �eld automaticallyin terms
of shape,ratherthancolor, following the work of Hertzmannand
Zorin [2000]. In thatwork, it wasarguedthatfor pen-and-inkstyle
illustrationsit is desirablethat the directional�eld follow the di-
rectionsof principle curvaturewherethe curvatureis high in one
direction,andbeapproximatelygeodesicelsewhere.Theseguide-
lineswerealsousedin Praunet al. [2001]. We adoptsimilar prin-
ciplesin usingshapeto constrainthe �eld direction;however, we
extendthiswork to deformablescenes.

4.4.1 Constraining the direction of the �eld

To addressthe issueof creatinga directional �eld over a single
2.5-D video frame,we usea similar optimizationframework asin
[HertzmannandZorin 2000]. At eachforegroundpixel v of each
depthmapSi , wede�ne ashapestrengthws(v) andshapedirection
ds(v). Theshapestrengthws(v) is setto thedifferencebetweenthe
principlecurvaturesk1 andk2 of thesurfaceatv: ws(v) = jk1(v) �
k2(v)j: Theshapedirectionds(v) is setto thetangentvectorwhere
themagnitudeof thecurvatureat v is largest.

To �nd the desired�eld, we solve for an angleq(v) at eachfore-
groundpixel v by minimizing an energy functionwith two terms:
E = E�eld + a Eshape(a is aweightsetto 4 in ourwork). In [Hertz-
mannandZorin 2000], an energy term for smooth�elds wasde-
�ned:

E�eld = � å
all edges(v j ;vk)

cosn((q(v j ) � f jk) � (q(vk) � f k j )) ;

wheref jk is thedirectionof theprojectionof theedge(v j ;vk) onto
the tangentplaneat v j (theanglesq andf areall with respectto
anarbitraryreferencedirectionin the tangentplane�x ed for each
point), andn is setto 4 to solve for a �eld with 90 degreesymme-
try. We usethe sameexpressionfor E�eld , usingn = 2 or n = 4,
dependingonwhether180or 90 degreesymmetryis desired.

The Eshapeterm assignsa cost to the �eld for differing from the
shapedirectionds (weightedby theshapestrengthat eachpoint):

Eshape= � å
v2Si

ws(v) cosn(q(v) � y s(v)) ;

wheretheangley s(v) is thedirectionof ds(v) with respectto the
referencedirectionatv, andn is setaswith E�eld .

4.4.2 Creating a temp orally coherent �eld

If we were to minimize the above energy function independently
at eachvideoframe,theresultwould lack temporalcoherence,be-
causethe directional�eld is weakly constrainedat pointsthat are
far from high-curvatureareasof the surface. To achieve temporal
coherence,for all framesi > 1, we adda third term Etime to the
energy function,whichactsto smooththe�eld with thatof thepre-
vious frame. Eachvertex v j in frameSi� 1 is warpedto frameSi ,
andpropagatesits �eld directionto neighboringpointsin Si :

Etime = � å
v j 2Si� 1

å
vk2Si

w jk cosn( f (q(v j )) � q(vk)) :

Thefunction f (q(v j )) is thenew directionof q(v j ) afterthewarp
from Si to Si+ 1 (we �t anaf�ne transformA to a neighborhoodof
v j to approximatethis warp, andcomputethe new �eld direction
usingtheJacobianof A). Theweightsw jk specifyhow stronglythe
�eld at point v j of Si� 1 shouldin�uence the�eld at point vk of Si ;
in thiswork,weusebilinearinterpolationto distributethein�uence
of v j to thefour nearestpointsof Sj (in screenspace)to v j + d j .

The new energy function is E = E�eld + a Eshape+ bEtime; b is a
weight we set to 1. Again, we minimize this energy function for
all framesin sequence,startingwith the�rst, usingLBFGS-B[Zhu
etal. 1997].

5 Rendering algorithms

The �nal stageof our systemusesthe informationderived in the
processingstageto producea stylizedrendering.We have imple-
mentedtwo styles:cross-hatchingandpainterlyrendering.

5.1 Hatching

Hatchesareusedin pen-and-inkillustrationsto suggesttoneand
form, by controllinghatchdensity, intensity, anddirection. Hatch-
ing hasbeenexploredfor static3D models([HertzmannandZorin
2000], [Praun et al. 2001]); we extend previous work to 2.5-D
video.

For this style, we make the hatchthe fundamentalrenderingunit;
we representeachindividual hatchasa particle in 3D, and track
eachhatchthroughthevideo. As in [Praunet al. 2001],we create
asetof discretelevelsof hatches,eachwith a differentdensity, and
rendertheappropriatelevel at eachsurfacepatchbasedon lighting
intensity. Eachlevel hasa basehatchspacingwhich de�nes the
approximatedistancein imagespacebetweenneighboringhatches
in thatlevel.

Onedesiredpropertyof a hatchedanimationis thatapproximately
the sameimage spacedensityof hatchesin eachlevel is main-
tainedthroughoutthe animation. If we were to simply createa
setof hatchesin the �rst frameandtrack themthroughthevideo,
this propertywould not hold, sinceregions of surfacemight ex-
pand,contract,or becomeforeshortened,andpreviously occluded
regionsmight appear. Alternatively, if we createdanentirelynew
setof hatchesfor eachframe,this propertywould hold,but tempo-
ral coherencewouldbelost.

Instead,for eachlevel, wecreatetwo setsof hatchesin eachframe:
a new set Hnew with the desireddensity, and the set of hatches
trackedfrom thepreviousframe(Htrack). We thenmergeHnew and
Htrack into asinglesetof hatches.Theideabehindthemergingstep



is thatwe want to keepasmany of thehatchesfrom Htrack aspos-
sible to maintaintemporalcoherence,while removing enoughand
�lling in thegapswith new hatchesto maintaina uniformdensity.

To do the merging, we assigneachhatchin Hnew to zeroor one
hatchesin Htrack basedon proximity. Eachassignedhatchof Hnew
is thenmoved to the locationof its correspondinghatchin Htrack,
andeachunassignedhatchof Hnew that is too closeto oneof the
assignedhatches(wherethedistancethresholdis basedontheden-
sity of hatchesat the current level) is removed. The assignment
is computedgreedily: the closestpair of hatchesareaddedto the
assignment(and removed from the candidatepool) until the dis-
tancebetweentheclosestpair reachesa threshold(in orderto keep
hatchesin Hnew from strayingtoo far from theiroriginal locations).
This approachresultsin small local variationsin thehatchdensity,
andin theappearanceanddisappearanceof hatches,but weobserve
thattheresultslook fairly natural.

To renderthe hatches,the usersetsthe desiredhatchwidth and
length and the lighting direction. Then, for eachhatch,we use
Euler's methodto integratethe directional�eld at that point and
“grow” a curve. This resultingsetof pointsis renderedasa piece-
wiselinearcurve. Theintensityof a hatchdependson its level and
thedot productbetweenthesurfacenormalat thehatchpoint and
the light direction. As in [Praunet al. 2001], the intensityis com-
putedin sucha way that thedensestlevel of hatchesarerendered
with full intensityin thedarkestsurfaceregions,andthatthespars-
estlevel in thebrightestregions,andtransitionsbetweeneachhatch
level aresmooth.

5.2 Painterly rendering

Painterly renderinghasbeenexploredlargely for stylizing images
andvideo.We have createda painterlyrenderingtechniquesimilar
to that of [Hertzmann1998], using curved brushstrokes applied
at differentresolutions,but we usetheshape,ratherthancolor, to
guidetheplacementof brushstrokes. The renderingprimitive we
usefor this styleis a stroke, which containsa setof controlpoints,
a radius,a color, andanalphavalue.

To createa painterly renderingof a video, the user�rst de�nes a
styleby settingthenumberof brushesto beappliedandtheradius
and maximumlength of eachbrush. The canvas is then painted
in layers,from coarsestto �nest, with curved brushstrokes. We
usethe color imageblurredwith a Gaussiankernelwith standard
deviation proportionalto the stroke radiusasthe referenceimage
for eachlayer, and �ner strokes are only usedto �ll in detailed
regionsthatwerenotaccuratelyrenderedin thecoarserlayers.

Ratherthancreatinga new setof strokesfor eachnew imagein the
video,we achieve moretemporalcoherence(asin [Hertzmannand
Perlin 2000] and [Hays andEssa2004]) by using the correspon-
denceinformationto track the control pointsof eachstroke from
one frame to the next. After trackingcontrol points, we remove
strokesthathavebecometwo smallor toostretchedover thecourse
of the tracking,andstrokesin �ner layerswherecoarserlevels of
thecanvasaccuratelyrendertheareaof thatstroke. Finally, weadd
strokes to eachlayer wherethe canvas and the blurred reference
imagefor thatlayerdisagree.Wefollow thetechniqueof Haysand
Essa[2004] in improving temporallycoherenceby graduallyfad-
ing strokesin andout. For rendering,wealsousetheir techniqueof
treatinga textureasaheightmapwith which lighting computations
canbeperformed.

6 Results

We have testedour algorithmon several datasets,both synthetic
andreal. The syntheticdatasetsdemonstratethe accuracy of our
correspondenceanddirectional�eld estimation,while therealdata
setsshow thereliability of oursystemgivennoisydata.

We createdtwo synthetic2.5-D videos,salsa, a video of a salsa
dancerandface, a video of an animatedface,by generatinga set
of depthmapsfrom two animated3D models. Color information
wasunavailablefor thesalsasequence,sowe did notusethecolor
channelof the2.5-Dsalsavideo. We alsocapturedtwo real2.5-D
videos,hand, a videoof a �e xing hand,andmilk, a videoof milk
beingpouredinto a cup. Figure1 shows an exampleinput frame
from themilk video.

Figure5 showssampleoutputframesfrom animationscreatedfrom
thesalsa, hand, andmilk videos,createdusingthehatchingrender-
ing style. Figure6 shows framesfrom the handandfacevideos
renderedin apainterlystyle.Thefull animationscanbeseenin the
accompanying video.

7 Conclusion and discussion

In this paper, we have describedour systemfor taking a raw 2.5-
D video, processingit to createa moreusefulrepresentation,and
creatingastylizedoutputvideo.In additionto thesystemitself, our
contributionsincludea methodfor deriving a directional�eld over
atime-varyingdepthmapandalgorithmsfor applyingseveralNPR
effectsto 2.5-Dvideo.Our systemillustratesthateventhough2.5-
D videolackscompleteshapeinformationandcorrespondence,2.5-
D videocanbeusedto createstylizedanimationsdepictingshape
without theuseof explicit 3D models.

We showed thata combinationof depthmapprocessing,temporal
correspondence,andtemporallycoherentdirectional�eld is key to
making seamlessstylization of 2.5-D video possible. As part of
futurework, we would like to usebothcolor andshapeto estimate
the directional �eld and provide tools to the userfor editing the
�elds. In addition,we planto applymoreNPRstyles,suchasline
drawing, to 2.5-Dvideo.

Our systemhasseveral limitations. First, it currentlydoesnot dis-
tinguishbetweendifferentobjectsin the scene,so the correspon-
denceanddirectional�elds of two objectscanbecomecorrelated
in unnaturalways. It would be more desirableto allow the user
to segmentthevideo into multiple objectsandtreateachindepen-
dently. Second,unlike with a3D model,whichcanbeviewedfrom
any direction,theviewpoint of a stylizedrenderingof 2.5-Dvideo
mustbethesameastheonethatwascaptured.Similarly, it is dif-
�cult to edit thecapturedmotion. Theselimitations aresharedby
normalvideo. Third, therearea few remainingartifacts,suchas
�ick ering,in someof ouroutputvideosdueto noiseandlargeholes
in thedepthmaps(in thecaseof therealvideoexamples),andill-
constrainedscene�o w (causing“swimming” in somecases).These
problemscan be addressedwith a combinationof bettercapture
technologyandaddingsomeinteractive designinto theloop.

Finally, 2.5-Dvideois still somewhatdif�cult to capture,requiring
eitherexpensive equipmentor a complicatedsetup.Our particular
capturesystem,for instance,is notportable,canonly handlescenes
with relatively slow motion,andhasa resolutionof only 640x480.
However, wepredictthatadvancesin stereoalgorithmsandcapture
technologywill make captureof 2.5-Dvideomorewidespreadand
�e xible in thefuture.



Figure5: Sampleframesfromhatchedrenderingsof thesalsa, hand, andmilk videos.
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