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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
book[2001]hasanexcellentsurvey of NPRtechniques.

AutomaticNPRtechniqueshavegenerallybeenclassi�edbasedon
thetypeof input they operateon. Oneclassof techniquesuses2D
imagesasinput, eitherstills or videos. Thesemethodsoperatein
imagespace,placingprimitivessuchaspaint strokeson a virtual
canvas. A secondclassuses3D modelsasinput. They mayapply
primitives to a virtual canvasor directly to the surfaceof the 3D
model. The placementof the primitives is often basedon shape
information,suchascurvature.

Both 2D and3D inputshave their advantagesanddisadvantages.

Capturingimagesor video of complex scenesis relatively easy.
However, theseinputs are impoverishedin that they usually lack
strongdepthcues.Someillustrative styles,suchascross-hatching,
dependheavily on knowledgeof theobject's shapefor guidingthe
placementof renderingprimitives. Suchstylesrequireadditional
3D informationfor 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-
mationateachpixel, or 2.5-Dvideo. (Theterm2.5-Dvideois used
becauseonly the 3D locationsof the partsof the scenevisible to
thecameraareknown.) Capturing2.5-Dvideois potentiallyeasier
thanconstructingcomplex 3D models,while at thesametime con-
tainingenoughinformationaboutshapeto allow for awidervariety
of artisticstyles.High qualitydepthinformationcanbeacquiredin
severalways.ZCams1 for capturingdepthsarecommerciallyavail-
able,and recentsystemshave beendevelopedfor capturinghigh
spatialand temporalresolutionshapeusing off-the-shelfcompo-
nents(e.g.,thespace-timestereosystemof Zhanget al. [2003]).

Unfortunately, in raw 2.5-D videosof complex scenes,objectsare
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. This work hasseveral technicalcontri-
butions. First, we presenta methodfor �nding correspondence
informationappropriatefor NPR from a noisy sequenceof depth
maps. Second,we describea techniquefor de�ning a smoothly
varying directional �eld that is meaningfulfor stylization over a
time-varyingsurface,whichbuildsonexisting techniquesfor static
meshes. Third, we show how we can apply two styles, cross-
hatchingandpainterlyrendering,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 ahistoryof work onstylizing imagesandvideofor an
artistic or illustrative effect. Oneareaof researchhasfocusedon
automaticallyprocessingimageswith parameterizedstyle �lters.
Hertzmann[1998]usescurvedbrushstrokesappliedat severaldif-
ferentscalesto renderstill imagesin stylessuchasimpressionism
andpontillism. Thiswork wasextendedto videoby Hertzmannand
Perlin[2000],which usesoptical �o w to updatebrushstrokesover
time. HaysandEssa[2004] presenta systemwhich alsousesop-
tical �o w, but which improvestemporalcoherenceby constraining
brushstroke propertiesover time.

While thesesystemsrely on imagegradientsto guidestroke place-
ment,Salisbury et al. [1997]presenta differenttechniquein which
a directional�eld is suppliedby theuser. Givena referenceimage,
this canbeusedto createpen-and-inkillustrationsfrom images.In
contrast,in our work, the directional�eld is automaticallygener-
atedfrom theinputdepthmaps.

Wangetal. [2004]transformavideointoaspatio-temporallycoher-
entanimation.Their systemis semi-automatic,requiringa userin-
teractionto extractsemanticallymeaningfulobjectsbeforeanNPR
stylecanbeapplied.Agarwalaetal. [2004]combineuser-speci�ed
contourswith edgeandshapepreservingfunctionsto facilitatero-
toscoping(afterwhich thevideocanbestylized).

In [Raskaret al. 2004], a camerawith multiple �ashes is usedto
locatedepthdiscontinuitiesin images.Thesedepthdiscontinuities
could thenbeusedfor differentstylizationoperations,suchasen-
hancingsilhouettes.In ourwork, weassumethatdepthsareknown
for eachpixel, giving usinformationwhichcanbeusedto createan
evengreaterrangeof effects.

Therehasbeena separatebody of work on creatingstylizedren-
deringsfrom 3D objects. HertzmannandZorin [2000] presented
a techniquesfor creatingline-art illustrationsfrom 3D models,and
Praunetal. [2001]demonstrateahatchingstylethatcanbeapplied
in real time. We draw on thesetechniquesfor our stylizational-
gorithms,extendingthemto work for surfaceswherethecomplete
geometryis unknown andwheretheshapeis deformingover time.

Therehasalsobeenwork on constructingmodelsof staticandan-
imatedobjectsfrom rangedata,both from sparsescansandfrom
video. An effort thatstoodout involvesconstructing3D modelsof
many largestatuesfrom rangedata[Levoy et al. 2000]. In [Zhang
et al. 2003],ananimatedfacemodelwascreatedby �tting a tem-
plate to rangedata. In our work, we do not constructan explicit
modelof objectsfrom the2.5-Dvideo;instead,weintendour tech-
nique to be usedfor scenesthat are dif�cult to model, and only

estimatecorrespondencesbetweenpointsin 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,we processthevideo to preparefor stylization. Thereare
fourpartsto thisprocessingstage.Westartbysegmentingthe2.5-D
videointo foregroundandbackgroundlayers.Next, weprocessthe
depthmapsby �lling in holesandsmoothingto reducenoise(for
our resultson syntheticscenes,we omit thesegmentationandpro-
cessingsteps).We thenestimatea densecorrespondencebetween
theforegroundlayersof eachpair of successive videoframes,and
simultaneouslyde�ne aspatiallyandtemporallysmoothdirectional
�eld over thevideo.

Finally, astylizationalgorithmis selected,andastylizedanimation
is createdusingtheprocessedvideo.

4 2.5-D video processing

In this section,we describethe processingstageof our system,
which consistsof four parts: segmentingthe video into objects,
processingthedepthmapsto gettheminto a moreusefulform, es-
timatingcorrespondencesbetweentheshapeof theobjectsin neigh-
boringframes,andcreatingatime-varyingdirectional�eld to guide
stroke 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
in the foregroundlayer by simply interpolatinginformation from
theholeboundaryinto thehole. Second,we applya bilateral�lter
to eachdepthmap independentlyto reducenoisewhile preserv-
ing depthdiscontinuities.Finally, we estimatesurfacenormalsand
thedirectionsof principlecurvaturesandtheir magnitudesat every
pixel in the foregroundlayer, usingthe techniqueof Hameiri and
Shimshoni[2002].



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.

After processing,the representationof the2.5-D video that is vis-
ible to the restof the systemis a setof video frames,eachwith a
foregroundmask.In additionto color, eachpixel in theforeground
layerstoresa depth,a surfacenormal,andtheprinciplecurvatures
andtheirdirections.

4.3 Estimating shape correspondence

Thenext stepis to computea densecorrespondencebetweensuc-
cessive video frames,which is necessaryfor creatingtemporally
coherentanimations. For 2D video input, this correspondenceis
known asoptical �o w. For 2.5-Dor 3D input, this correspondence
is between3D 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.

To computethescene�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 andMcKay 1992], obtaininga rota-
tion R anda translationt. Second,for eachpoint v j 2 Si we esti-
matea displacementvectord j that minimizesan energy function

E = Eprox+ l Esmooth(wesetl to 16 in all ourexperiments).Eprox
measurestheproximity in distance, normal,andcolor betweenthe
displacedpointsin 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 � Rn̂ j jj2 + z jjck � c j jj2

wherejj � jj is the L2 norm, d j (v j ) = Rv j + t + d j , n̂ j and n̂k 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,we useTukey's robustestimator(r (x) in theequationfor
Eprox. In addition,wetreatpointsof Si that,upondisplacement,are
occludedby apointof Si+ 1 asspecialcases;thesepointscontribute
a small constantto Eprox. This modi�cation helpskeepoccluding
objects(suchasthe armsof the dancerin the sambavideo) 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

with v j andvk being4-connectedneighborsin Si . To �nd a mini-
mumof E, we initialize thedisplacementsto zerovectors,anduse
the LBFGS-B gradientdescentalgorithmdescribedin [Zhu et al.
1997].

4.4 De�ning a directional �eld

Most automaticNPRsystemsthatapplybrushstrokesasa render-
ing primitivemustde�ne adirectional�eld ontheir inputdomainin
orderto guidetheorientationof thestrokes.A directional�eld over
a domainD is a function f from D to the setof directions,andis
differentfrom a vector�eld in thatadditive inversesv and� v rep-
resentequivalentdirections.In caseswhereit is desirableto avoid
singularitiesin directional�elds, directional�elds with 90 degree



symmetryare used. In this section,we describeour methodfor
de�ning adirectional�eld over thetime-varyingextractedobjects.

For imagestylization,thedirectional�eld is oftende�ned in terms
of the imageintensitygradient.In Hertzmann's work on painterly
rendering[Hertzmann1998], the directional�eld is de�ned to be
orthogonalto the imagegradient,while in the work of Haysand
Essa[2004],asmooth�eld is producedusingradialbasisfunctions
to interpolatethe �eld from stronggradients. In the systempro-
posedby Salibury et al. [1997], the usersuppliesa direction�eld
to guidethestylizationof theinput 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
illustrations,it 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 eachpixel p of the depthmap,
we de�ne a shapestrengthws(p) andshapedirectionvs(p). The
shapestrengthws(p) is setto thedifferencebetweentheprinciple
curvaturesk1 andk2 of thesurfaceat p: ws(p) = jk1(p) � k2(p)j:
The shapedirection vs(p) is set to the tangentvector wherethe
magnitudeof thecurvatureat p is largest.

To �nd thedesired�eld, we solve for an angleq(p) at eachfore-
groundpixel p by minimizing an energy functionwith two terms:
E = E�eld + a Eshape(a is setto 4 in ourwork). In [Hertzmannand
Zorin 2000],anenergy termfor smooth�elds wasde�ned:

E�eld = � å
all edges(p;q)

cosn((q(p) � f pq) � (q(q) � f qp)) ;

wheref pq is thedirectionof theprojectionof theedge(p;q) onto
the tangentplaneat p (the anglesq andf areall with respectto
anarbitraryreferencedirectionin the tangentplane�x ed for each
point),andn is setto 4 to solvefor a�eld with 90degreesymmetry.
Weusethesameexpressionfor ourE�eld term,usingn= 2 or n= 4,
dependingonwhether180or 90 degreesymmetryis desired.

TheEshapetermassignacostto differingfrom the�eld vs weighted
by theshapestrength,i.e.,

Eshape= � å
all pointsp

ws(p) cosn(q(p) � y s(p)) ;

wheretheangley s(p) is thedirectionof vs(p) with respectto the
referencedirectionatp, andn is setaswith E�eld .

4.4.2 Creating a temp orally coherent �eld

If we wereto apply the above optimizationindependentlyto each
framein the2.5-Dvideo,theresultwould likely lack temporalco-
herence,becausethe directional�eld is very weakly constrained
at pointsthat arefar from high-curvatureareasof the surface. To
achieve temporalcoherence,for all framesi > 1, we adda third

term Etime to the energy function E describedin Section4.4.1,
whichactsto smooththe�eld with thatof thepreviousframe:

Etime = � å
p(t)

cosn( f (q(p(t� 1))) � q(p(t))) :

p(t� 1) is thepointcorrespondingto pt in theprevioustimestep,and
f (q(p(t� 1))) is thenew directionof q(p(t� 1)) afterthewarp from
framet � 1 to t. The new energy function becomesE = E�eld +
a Eshape+ bEtime; b is setto 1 in our work.

5 Rendering algorithms

The �nal stageof our systemusesthe informationderived in the
processingstageto produceastylizedrendering.Currently, wesup-
port two styles:cross-hatchingandpainterlyrendering.

5.1 Hatching

Hatchescanbeusedin pen-and-inkillustrationsto suggesttoneand
form, by controllinghatchdensity, intensity, anddirection. Hatch-
ing hasbeenexploredfor static3D models(e.g.,by Hertzmannand
Zorin [2000]andPraunet al. [2001]). We extendpreviouswork to
2.5-Dvideo.

For this style, we make the hatchthe fundamentalrenderingunit;
we representeachindividual hatchasa “particle” in 3D, andtrack
eachhatchthroughthe depthmap sequence.As in [Praunet al.
2001], we createa set of discretelevels of hatches,eachwith a
differentdensity, andrenderthe appropriatelevel at eachsurface
patchbasedon lighting intensity. Eachlevel hasa basehatchspac-
ing whichde�nestheapproximatedistancein imagespacebetween
neighboringhatchesin thatlevel.

Onedesiredpropertyof ahatchanimationalgorithmis thatapprox-
imately the sameimagespacedensityof hatchesin eachlevel is
maintainedthroughouttheanimation.If we wereto simply create
asetof hatchesin the�rst frameandtrackthemthroughthevideo,
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 maintainauniform density.

To do the merging, we assigneachhatchin Hnew to zero or 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 basedon theden-
sity of hatchesat the currentlevel) 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,aswell asthe lighting direction. Then,for eachhatch,we
useEuler'smethodto integratethedirectional�eld at thatpointand
“grow” a curve. This resultingsetof pointsis renderedasa piece-
wise linear line segment. The intensityof a hatchdependson its
level andthe dot productbetweenthe surfacenormalat the hatch
pointandthelight direction.As in [Praunetal. 2001],theintensity
is computedin suchaway thatthedensestlevel of hatchesareren-
deredwith full intensityin thedarkestsurfaceregions,andthatthe
sparsestlevel in thebrightestregions,andtransitionsbetweeneach
hatchlevel aresmooth.

5.2 Painterly rendering

Painterly renderinghas been explored largely for stylizing im-
agesandvideo. We have createda painterly renderingtechnique
thatcloselyfollows thatof [Hertzmann1998],usingcurvedbrush
strokesappliedatdifferentresolutions,but weusetheshape,rather
thancolor, to guidetheplacementof brushstrokes. Therendering
primitive we usefor this style is 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
andmaximumlengthof eachbrush.Thecanvasis thenpaintedin
layers,from coarsestto �nest, with curvedbrushstrokes,asin the
techniqueof [Hertzmann1998]. We usethe color imageblurred
with a Gaussiankernelwhosestandarddeviation is proportionalto
the stroke radiusas the referenceimagefor eachlayer, and �ner
strokesareonly usedto �ll in detailedregionsthatwerenot accu-
ratelyrenderedin 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
oneframeto thenext. Next, we searchfor strokesthat canbere-
moved,eitherbecausethey havebecometwo smallor toostretched
over thecourseof thetracking,or becausethecoarserlevelsof the
canvasnow accuratelyrendertheareaof thatstroke. Last,we add
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 our systemgivennoisydata.

We createdtwo synthetic2.5-Dvideos,samba, a videoof a samba
dancerandface, a video of an animatedface,by generatinga set
of depthmapsfrom two animated3D modelsviewed from a �x ed
viewpoint. Color information was unavailable for the sambase-
quence,so we did not usethe color channelof the 2.5-D samba
video. We alsocapturedtwo real 2.5-D videos,hand, a video of
a �e xing hand,andmilk, a videoof milk beingpouredinto a cup.
Figure1 shows anexampleframefrom themilk video.

Figure5 shows sampleframesfrom animationscreatedfrom the
samba, hand, andmilk videos,createdusingthehatchingrendering

style. Figure6 show framesfrom the handand facevideosren-
deredin a painterlystyle. The full animationscanbe seenin the
accompanying video.

7 Discussion

Oursystemhasa few limitations.First, it currentlydoesnotdistin-
guishbetweendifferentobjectsin thescene,sothecorrespondence
anddirectional�elds of two objectscanbecomecorrelatedin un-
naturalways. It would bemoredesirableto allow theuserto seg-
mentthevideo into multiple objectsandtreateachindependently.
Second,unlike with a 3D model,which canbe viewed from any
direction,theviewpointof astylizedrenderingof 2.5-Dvideomust
be the sameasthe onethat wascaptured.Similarly, it is dif�cult
to edit thecapturedmotion.Theselimitationsaresharedby normal
video. Finally, 2.5-D video is currentlysomewhat dif�cult to cap-
ture,requiringeitherexpensive equipmentor a complicatedsetup.
However, wepredictthatadvancesin stereoalgorithmsandcapture
technologywill reducethis dif�culty in thefuture.

8 Summary

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.
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Figure6: Sampleframesfrompainterlyrenderingsof thehandandfacevideos.


