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Figure1l: Non-photoealistic renderingof a 2.5-D video(only oneframeshownher). Fromleft to right: colorinput, depthinput, hatching

style,andpainterlyrendering.

Abstract

In recent years considerableinterest has been given to non-
photorealistiacenderingof photographsyideo,and3D modelsfor
illustrative or artistic purposes. Conventional 2D inputs suchas
photographsand video are easyto createand capture,while 3D
modelsallow for awider variety of stylizationtechniquessuchas
cross-hatchingIn this paper we proposeusingvideo with depth
information (2.5-D video) to combinethe adwantagesof 2D and
3D input. 2.5-D videois becomingincreasinglyeasyto capture,
and with the additionaldepthinformation, stylization techniques
that requireshapeinformation canbe applied. However, because
2.5-Dvideocontainsonly limited shapanformationand3D corre-
spondencever time is unknawvn, it is dif cult to createtemporally
coherenstylizedanimationdirectly from raw 2.5-Dvideo. In this
paper we presenttechniquesfor processing2.5-D video to over
comethesedravbacks,and demonstrateseveral stylesthatcanbe
createdusingthesetechniques.

Keywords: non-photorealisticenderingyvideo, depthmaps,com-
putervision.

1 Intro duction

While computergraphicsresearchhas traditionally focusedon
methoddor generatingealisticimagesnon-photorealisticender
ing (NPR)hasrecentlyattractedalot of attention.NPRcanbeused
to enhancanimagein anillustrative yet conciseway, or to give an
imagegreaterimpactthroughanartistic style. GoochandGoochs
[2001] and Strothotteand Schlectwg's [2002] bookshave excel-
lentsuneys of NPRtechniques.

AutomaticNPRtechnique$ave generallybeenclassi edbasecn

thetypeof inputthey operateon. Oneclassof techniquesises2D

imagesor video asinput. Thesemethodsoperatein imagespace,
placingprimitivessuchaspaintstrokeson a virtual carvas. A sec-
ondclassuses3D modelsasinput. They mayapply primitivesto a
carvasor directly to thesurfaceof the3D model. The placemenbf

primitivesis oftenbasedn shapenformationsuchascunature.

Both 2D and3D inputshave advantagesinddisadwantagesCaptur

ing imagesor videoof comple sceness relatively easy However,

theseanputsareimpoverishedn thatthey usuallylack strongdepth
cues.Someillustrative styles,suchascross-hatchingjepenchear-

ily onknowledgeof the objects shapedor guidingthe placemenbf

renderingprimitives. Suchstylesrequireadditional3D information
for effective rendering.

On the otherhand,3D modelscontainperfectshapeinformation,
soawider variety of NPRtechniquesanbe appliedto them. Fur-
thermore correspondencietweerpointson ananimatedmodelis
oftenknown, makingtemporalcoherencesasierto achiee. How-
ever, creatingandanimating3D modelsof complex objectsis dif -
cult andtime-consuming.

In thiswork, we combinethe bene tsof 2D and3D inputsfor styl-
ization by usinga differentkind of input: videowith depthinfor-
mation at eachpixel, or 2.5-D videa (The term 2.5-D video is
usedbecausenly the 3D shapeof the partsof the scenevisible to
thecameraareknown.) Capturing2.5-Dvideois potentiallyeasier
thanconstructingcomplex 3D models while atthe sametime con-
taining enoughinformation aboutshapeto accommodate wider
variety of artistic styles. High quality depthinformation can be
acquiredin several ways: ZCamg for capturingdepthsare com-
mercially available, and recentsystemshave beendevelopedfor
capturinghigh spatialandtemporalresolutionshapeusingoff-the-
shelf componentge.g., the space-timestereosystemof Zhanget
al. [2003]).

Unfortunately in raw 2.5-D videosof comple scenebjectsare
not sgmenteddepthsaretypically noisy, and3D correspondence
over time is unknawvn. As a result, techniquedor rendering3D
modelscannotbe directly appliedto raw 2.5-D videos. In this
paper we presentmethodsfor cornverting raw 2.5-D video to a
stylization-friendlyform. Thiswork hasseveraltechnicalcontriku-
tions. First, we presenta methodfor nding correspondenciafor-
mationappropriateor NPRfrom a noisy sequencef depthmaps.
Secondwedescribeatechniqudor de ning asmoothlyvaryingdi-
rectional eld thatis meaningfuffor stylizationover atime-varying
surface,building on existing techniquedor static meshes.Third,
we shav how we canapplytwo styles,cross-hatchingndpainterly
renderingto the processe@.5-Dvideo.
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Figure2: Systenovervien. First, a setof input videosis captured,
anda2.5-Dvideois creatediy usingstereao estimatedepth.The

videois thenprocessedo preparét for stylization. Finally, a styl-

izedvideois created.

2  Prior work

Many automaticalgorithmsfor NPRfall into two categories:those
thatoperateonimagesor video,andthosethatoperateon 3D mod-
els. Thereis a history of work on stylizing imagesandvideo for

an artistic or illustrative effect. Oneareaof researcthasfocused
on automaticallyor semi-automaticallprocessingmageswith pa-
rameterizedstyle lters. Early work by Haeberli[1990] explored
interactive techniquesfor creatingartistic renderingsof images.
Litwinowicz [1997] presentedan automatictechniquefor creating
painterlyrenderingsof imagesandvideo. Hertzmann1998] used
cuned brushstrokes applied at several different scalesto render
still imagesin stylessuchasimpressionismand pontillism. This
techniquewas extendedto video in work by Hertzmannand Per

lin [2000], using optical o w to updatebrush strokes over time.

Hays and Essa[2004] presentedh systemwhich also usesoptical
o w, butwhichimprovestemporalkoherencéy constrainingrush
stroke propertiesovertime.

While thesesystemdargely rely onimagegradientgo guidestroke
placementSalistury et al. [1997] presentedh systemfor creating
pen-and-inkillustrationsin which a directional eld is suppliedby
theuser In contrastjin ourwork, thedirectional eld is generated
automaticallyfrom theinput depthmaps.

Wang et al. [2004] transformeda video into a spatio-temporally
coherentanimation. Their systemis semi-automaticrequiring a

userinteractionto extract semanticallymeaningfulobjectsbefore

an NPR style can be applied. Agarwala et al. [2004] combined
userspeci ed contourswith edgeand shapepreservingfunctions

to facilitaterotoscoping(afterwhich thevideocanbestylized).

In [Raskaretal. 2004],a camerawith multiple asheswasusedto
locatedepthdiscontinuitiesn images.Thesedepthdiscontinuities
couldthenbe usedfor differentstylizationoperationssuchasen-
hancingsilhouettesln ourwork, we assumehatdepthsareknovn
for eachpixel, allowing usto createanevengreaterrangeof effects.

Therehasbeena separatéody of work on creatingstylizedren-
deringsfrom 3D models. Meier [1996] createdpainterly render

ings of video given scenegeometryand referenceimages. El-

ber[1998],Girshick[2000],HertzmanrandZorin [2000],andZan-
der, etal. [2004] presentedechniquedor creatingline-artillustra-
tions from 3D modelsusingdirectional elds derived from curva-
ture,andPrauretal. [2001]demonstrated hatchingalgorithmthat
canbe appliedto 3D modelsin realtime. We drav on thesetech-
niquesin our approachextendingthemto applyto surfaceswhere
the completegeometryis unknavn and wherethe shapedeforms
overtime.

Therehasalsobeenwork on constructingnodelsof staticandan-
imatedobjectsfrom rangedata, both from sparsescansand from

video. An effort that stood out involves constructing3D mod-
els of mary large statuesrom rangedata[Levoy et al. 2000]. In
[Zhang et al. 2003], an animatedface modelwas createdby t-
ting a templateto rangedata;anothertechniquefor tting an ani-
matedmodelto a sequencef meshesvasdescribedn [Anuarand
Guslov 2004]. In our work, we do not constructan explicit model
of objectsfrom the 2.5-D video; instead ,we intend our technique
to be usedfor sceneghataredif cult to model,andonly estimate
correspondencdsetweerpointsin neighboringframes.

3 Outline of approach

Our systemfor processingand rendering2.5-D video consistsof

three main stages,shavn in Figure2. We rst capturemultiple

videosof a sceneusingthe stereorig of Zhanget al. [2004]. We

then use spacetimestereo[Zhang et al. 2004] to estimatedepths
from the videos. This resultsin a sequencef color video frames
with depthinformationfor eachpixel (exceptfor holesdueto er-

rorsin thesterecestimatiorandwherepointswereoccludedn one
view). We assumehatthevideowascapturedvith calibratedcam-
eras,sothatgivenanimagelocation(x;y), anda depthz, we can
computethe 3D locationof the correspondingpointin space.

Secondywe processhevideoto prepardt for stylization. Thereare
four partsto this processingtage We begin by sggmentingthe 2.5-

D videointo foregroundandbackgroundayers thenwe processhe

depthmapsby lling in holesandsmoothingto reducenoise(for

our resultson syntheticscenesye omit the segmentatiorandpro-

cessingsteps).Next, we estimatea densecorrespondenceetween
the foregroundlayersof eachpair of successie videoframes,and
simultaneouslyle ne aspatiallyandtemporallysmoothdirectional
eld overthevideo. This processds describedn Section4.

Finally, a stylizationalgorithmis selectedanda stylizedanimation
is createdusingthe processedideo. Thestylizationalgorithmswe
have exploredaredescribedn Section5.

4  2.5-D video processing

In this section,we describethe processingstageof our system,
which consistof four parts: segmentingthe videointo foreground
andbackgroundayers,processinghe depthmapsto gettheminto

amoreusefulform, estimatingcorrespondencdsetweerthe shape
of the objectsin neighboringframes,and creatinga time-varying

directional eld to guidestroke placement.

4.1 Video segmentation

Videosggmentatiorcanbeavery dif cult task.Wangetal. [2005]

andLi etal. [2005] have developedeffective semi-automatisys-
temsfor extractingsemanticallymeaningfulobjectsfrom video. In

ourwork, we simplify the segmentatiomproblemby Iming objects
in front of a black backgroundandusing color and depththresh-
olding to sggmentthe foregroundlayer

4.2 Processingthe depth maps

Thedepthmapsthatareproduceddy active sterecoftensuffer from
holesand noise. We procesghe depthmapsto make them more
usefulfor stylization,andalsocomputedifferentialinformationthat
is usefulfor thefollowing stagef our system.First,we Il holes



Figure3: Resultof depthprocessing Fromleft to right: raw input depthfrom the handvideo, thresholdechndsmoothediepth,needlemap
(computedsurfacenormaldistribution). Note thatboth depthmapsarerenderedwith alight sourcefor clarity.

Figure4: Resultof estimatingcorrespondenceThe computed3D
o w betweerthetwo successie framesof the handsequencésu-
perimposean the colorimage),shavn asaneedlemap.

in the foregroundlayer by simply interpolatinginformation from
theholeboundary(for this step,moresophisticatedechniquesuch
asthatof CurlessandLevoy [1996] couldbeused).Secondye ap-
ply abilateral Iter independentlyo eachdepthmapto reducenoise
while preservinglepthdiscontinuities Finally, we estimatesurface
normals, the directionsof principle curvatures,and their magni-
tudesat every pixel in the foregroundlayer, usingthe techniqueof
HameiriandShimshon{2002].

After processingtherepresentationf the2.5-Dvideovisibleto the
restof the systemis a setof video frames,eachwith a foreground
mask.Eachpixel in the foregroundlayer storesa color, depth,sur
facenormal,andtheprinciple cunaturesandtheir directionsof the
surfaceatthatpoint.

4.3 Estimating shape correspondence

The next stepis to computea densecorrespondencketweensuc-
cessve video frames, necessaryor creatingtemporally coherent
animations.For 2D video input, this correspondencis known as
optical o w. For 2.5-Dor 3D input, thecorrespondencis between
3D points,andis calledsceneow [Vedulaetal. 1999].

A numberof algorithmshave beenproposedfor computingcor-
respondencebetween3D shapes.Some,suchasthoseproposed
in [Allen et al. 2003] and[Sumnerand Popai¢ 2004], are useful
for estimatingcorrespondencdsetweershapesvhich have similar
structurebut which are otherwisequite different. Thesemethods
typically requirea setof manuallychosencorrespondencesOur
methodis moresimilarto thatof [Zhangetal. 2004],exceptthatwe
computecorrespondencézetweervideopointsthemseleswithout
theuseof abaseor templatemesh,andwe do notexplicitly useop-
tical o w to constrainthesceneo w—insteadcolor consisteng is

animplicit componenbf our optimization.

To computethesceneo w betweerapairof successie depthmaps,
we considerthem astwo 3D points sets,§ and S41. First, we
estimatea rigid transformbetweenS and S+ ; usingthe iterated
closestpoint algorithm [Besl and McKay 1992], obtaininga ro-
tation Rj and a translationtj. Second for eachpointvj 2 § we
estimatea displacementectord; that minimizesan enegy func-
tion E = Eprox+ | Esmooth (I is a weight setto 16 in all our ex-
periments) Eprox measureshe proximity in distance normal, and
color betweerthedisplacedoointsin § andthepointsin S 1:

Eprox = é. r mén D(vj;vk)

vj25 Vk2S+1
D(vjivi) = fivic dj(v)ii®+ diifk  Rifjii®+ zjjoc ¢l
wherejj jj istheL, norm,dj(vj) = Rjvj+ tj + dj, ij andfy are
the original unit normalsassociateavith vj andvy, andcj andcy
arevertex colorsrepresentedsRGB triplets (wherer; g; b 2 [0; 1]).
Theweightsg andz controlthe in uence of the normalandcolor
distancesin our experimentsye setgto 4 andz to 10for theface
videos(describedn Section6), andto zerofor the othervideos.

The normal and color termsin D help to constrainthe ow and
reducethe“swimming” of pointson the surface.

To improve the robustnes®of the correspondencestimationto oc-
clusionswe usethe Tukey's biweightrobustestimator(r (x) in the
equatiorfor Eprox). In addition,wetreatpointsof § that,upondis-
placementare occludedby a point of S, 1 asspecialcasesthese
pointscontributea smallconstanto Eprox. This modi cation helps
keepoccludingobjects(suchasthe armsof the dancerfin the salsa
video)from “pushing” occludedpointsaround.

To evaluateEprox ef ciently, we usetheapproximatenearesheigh-
bor packageof Arya etal. [1998].

Esmooth €Xpresseur assumptiorthat the objectswe capturede-
form in a continuousway, i.e., that the displacementeld varies
smoothlyover the object(while respectinglepthdiscontinuities):

e g dd dd?

smooth— m o

(i) WV vidj?

wherevj andvy are4-connectedeighborsin §. To nd a mini-
mumof E, we initialize thedisplacementto zerovectors,anduse

the LBFGS-B gradientdescentalgorithmdescribedn [Zhu et al.
1997].

We apply this correspondencestimationprocedureo eachframe
S exceptthe last; the resultis a displacementectord; for every
vertex v of every frame.



4.4 Dening a directional eld

Marny automatidNPR systemghatusebrushstrokesasarendering
primitive de ne adirectional eld ontheirinputdomainin orderto
guidethe orientationof the strokes. A directional eld over a do-
mainD is afunction f from D to the setof directions,andis differ-
entfrom avector eld in thatadditive inversesv and v represent
equivalentdirections.(In casesvhereit is desirableo avoid singu-
laritiesin 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 nedin terms
of the imageintensity gradient. In the work of Haeberli[1990]
andHertzmannHertzmann1998], the directional eld canbede-
ned to be orthogonalto the imagegradient,while in the work of
Litwinowicz [1997] and Hays and Essa[2004], a smooth eld is
producedusingradial basisfunctionsto interpolatethe eld from
stronggradients.In the systemproposecy Salitury etal. [1997],
theusersuppliesadirection eld to guidethe stylizationof thein-
putimage.

In our casewe de ne thedirectional eld over theforegroundpix-
elsin the 2.5-D video, but derive the eld automaticallyin terms
of shaperatherthancolor, 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 cunaturewherethe curvatureis high in one
direction,andbe approximatelygeodesielsavhere. Theseguide-
lineswerealsousedin Praunet al. [2001]. We adoptsimilar prin-
ciplesin usingshapeto constrainthe eld direction; however, we
extendthis work to deformablescenes

4.4.1 Constraining the direction of the eld

To addresghe issueof creatinga directional eld over a single
2.5-Dvideoframe,we usea similar optimizationframevork asin
[Hertzmannand Zorin 2000]. At eachforegroundpixel v of each
depthmap$, we de ne ashapestrengthws(v) andshapedirection
ds(v). Theshapestrengthws(V) is setto thedifferencebetweerthe
principlecunaturesk; andk» of thesurfaceatv: ws(v) = jki(v)
ko(v)j: Theshapedirectionds(V) is setto thetangentvectorwhere
themagnitudeof thecurvatureatyv is largest.

To nd thedesiredeld, we solwe for anangleq(v) at eachfore-
groundpixel v by minimizing an enegy functionwith two terms:
E = Eeig + aEshape(@ is aweightsetto 4 in ourwork). In [Hertz-
mannand Zorin 2000], an enegy term for smooth elds wasde-
ned:

o
Eeld = a
all edges(vj;vk)

cosn((q(vj) fi) (a(vi) Fij));

wheref j is thedirectionof the projectionof theedge(v|; vi) onto
the tangentplaneat vj (theanglesq andf areall with respecto
anarbitraryreferencealirectionin the tangentplane x edfor each
point), andn is setto 4 to solve for a eld with 90 degreesymme-
try. We usethe sameexpressionfor E ¢4, usingn= 2 orn= 4,
dependingpnwhetherl80or 90 degreesymmetryis desired.

The Eghapeterm assignsa costto the eld for differing from the
shapedirectionds (weightedby the shapestrengthat eachpoint):

a ws(v)cosn(q(v) ys(v));
V2§

Eshape:

wherethe angley s(v) is the directionof ds(v) with respecto the
referencairectionatv, andn is setaswith E ¢ 4 .

4.4.2 Creating a temporally coherent eld

If we wereto minimize the above enegy function independently
at eachvideoframe,theresultwould lack temporalcoherencebe-
causethedirectional eld is weakly constrainedat pointsthatare
far from high-cunatureareasof the surface. To achieve temporal
coherencefor all framesi > 1, we adda third term Egjme to the
enepy function,which actsto smooththe eld with thatof thepre-
vious frame. Eachvertex vj in frame§ ; is warpedto frame S,
andpropagatests eld directionto neighboringpointsin §:

a a wicosn(f(q(vj)) q(w)):
ViZS 1Vk23

Etime =

Thefunction f(qg(vj)) is thenew directionof g(v;) afterthewarp
from § to S+1 (we t anafne transformA to a neighborhoodf
vj to approximatethis warp, and computethe new eld direction
usingthe Jacobiarof A). Theweightswj, specifyhow stronglythe
eld atpointvj of § 1 shouldin uence the eld atpointvy of S;
in thiswork, we usebilinearinterpolationto distributethein uence
of vj to thefour nearespointsof Sj (in screerspace}ov; + dj.

The new enegy functionis E = Eeig + @Eshapet DEtime: b is @
weightwe setto 1. Again, we minimize this enegy function for
all framesin sequencestartingwith the rst, usingLBFGS-B[Zhu
etal. 1997].

5 Rendering algorithms

The nal stageof our systemusesthe information derived in the
processingstageto producea stylizedrendering. We have imple-
mentedwo styles:cross-hatchingndpainterlyrendering.

5.1 Hatching

Hatchesare usedin pen-and-inkillustrationsto suggestone and
form, by controlling hatchdensity intensity anddirection. Hatch-
ing hasbeenexploredfor static3D models([HertzmannmandZorin
2000], [Praunet al. 2001]); we extend previous work to 2.5-D
video.

For this style, we male the hatchthe fundamentarenderingunit;
we represeneachindividual hatchas a particlein 3D, andtrack
eachhatchthroughthe video. As in [Praunetal. 2001], we create
asetof discretdevelsof hatcheseachwith a differentdensity and
renderthe appropriatdevel at eachsurfacepatchbasedon lighting
intensity Eachlevel hasa basehatchspacingwhich de nes the
approximatedistancein imagespacebetweemeighboringhatches
in thatlevel.

Onedesiredpropertyof a hatchedanimationis thatapproximately
the sameimage spacedensity of hatchesin eachlevel is main-

tained throughoutthe animation. If we wereto simply createa

setof hatchesn the rst frameandtrackthemthroughthe video,

this propertywould not hold, sinceregions of surface might ex-

pand,contract,or becomeforeshortenedand previously occluded
regionsmight appear Alternatively, if we createdan entirely new

setof hatchedor eachframe,this propertywould hold, but tempo-
ral coherenceavould belost.

Insteadfor eachlevel, we createtwo setsof hatchesn eachframe:
a new setHpqy with the desireddensity and the set of hatches
tracked from the previousframe (Hiack). We thenmegeHnpay and
Hyack into asinglesetof hatchesTheideabehindthe meging step



is thatwe wantto keepasmary of the hatchesrom Hy 40k aspos-
sible to maintaintemporalcoherencewhile removing enoughand
ling in thegapswith new hatchego maintaina uniform density

To do the memging, we assigneachhatchin Hpey to zeroor one
hatchesn Hy a0k basedon proximity. Eachassignedatchof Hpey
is thenmovedto the locationof its correspondindnatchin Hiack,
andeachunassignedhatchof Hpey thatis too closeto oneof the
assignedhatchegwherethedistancethresholds basecbntheden-
sity of hatchesat the currentlevel) is removed. The assignment
is computedgreedily: the closestpair of hatchesare addedto the
assignmen{and removed from the candidatepool) until the dis-
tancebetweertheclosestpair reachesthreshold(in orderto keep
hatchesn Hyqy from strayingtoo far from their original locations).
This approachresultsin smalllocal variationsin the hatchdensity
andin theappearancanddisappearancef hatchesbut we obsere
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” acune. This resultingsetof pointsis renderechsa piece-
wiselinearcurve. Theintensityof a hatchdepend®onits level and
the dot productbetweerthe suriacenormalat the hatchpoint and
thelight direction. As in [Praunet al. 2001], the intensityis com-
putedin sucha way thatthe densestevel of hatchesarerendered
with full intensityin thedarkestsurfaceregions,andthatthe spars-
estlevel in thebrightestregions,andtransitionsbetweereachhatch
level aresmooth.

5.2 Painterly rendering

Painterly renderinghasbeenexploredlargely for stylizing images
andvideo. We have createda painterlyrenderingtechniquesimilar

to that of [Hertzmann1998], using curved brush strokes applied
at differentresolutions but we usethe shaperatherthancolor, to

guidethe placemenbf brushstrokes. The renderingprimitive we

usefor this styleis a stroke, which containsa setof control points,
aradius,acolor, andanalphavalue.

To createa painterly renderingof a video, the user rst de nesa
style by settingthe numberof brushego be appliedandtheradius
and maximumlength of eachbrush. The carvasis then painted
in layers,from coarsesto nest, with curved brushstrokes. We
usethe color imageblurredwith a Gaussiarkernelwith standard
deviation proportionalto the stroke radiusasthe referencemage
for eachlayer, and ner strokes are only usedto Il in detailed
regionsthatwerenotaccuratelyrenderedn the coarsetayers.

Ratherthancreatinga new setof strokesfor eachnew imagein the
video, we achieze moretemporalcoherencéasin [Hertzmannand
Perlin 2000] and [Hays and Essa2004]) by using the correspon-
denceinformationto track the control points of eachstroke from
one frameto the next. After tracking control points, we remove
strolesthathave becomewo smallor too stretchedverthecourse
of the tracking,andstrokesin ner layerswherecoarserevels of
thecarvasaccuratelyrenderthe areaof thatstroke. Finally, we add
strokes to eachlayer wherethe carvas and the blurred reference
imagefor thatlayerdisagreeWe follow thetechniqueof Haysand
Essa[2004] in impraving temporallycoherencéyy graduallyfad-
ing strokesin andout. For renderingwe alsousetheirtechniqueof
treatinga textureasaheightmapwith which lighting computations
canbe performed.

6 Results

We have testedour algorithm on several datasets,both synthetic
andreal. The syntheticdatasetsdemonstrateéhe accurag of our
correspondencenddirectional eld estimationwhile therealdata
setsshav thereliability of our systemgivennoisydata.

We createdtwo synthetic2.5-D videos, salsg a video of a salsa
dancerandface a video of an animatedface,by generatinga set
of depthmapsfrom two animated3D models. Color information
wasunavailablefor the salsasequencesowe did notusethecolor
channelof the 2.5-D salsavideo. We alsocapturedwo real 2.5-D
videos,hand avideoof a e xing hand,andmilk, a video of milk
beingpouredinto a cup. Figure1 shavs an exampleinput frame
from themilk video.

Figure5 shavs sampleoutputframesfrom animationsreatedrom
thesalsa hand andmilk videos,createcusingthe hatchingrender
ing style. Figure 6 shavs framesfrom the hand andface videos
renderedn apainterlystyle. Thefull animationscanbeseenin the
accompaning video.

7 Conclusion and discussion

In this paper we have describedour systemfor taking a raw 2.5-

D video, processingt to createa more usefulrepresentatiorand

creatingastylizedoutputvideo. In additionto the systemitself, our

contributionsincludea methodfor deriving adirectional eld over

atime-varyingdepthmapandalgorithmsfor applyingseveralNPR

effectsto 2.5-D video. Our systemillustratesthateventhough2.5-

D videolackscompleteshapenformationandcorrespondenc®,5-

D video canbe usedto createstylizedanimationsdepictingshape
without the useof explicit 3D models.

We shaved thata combinationof depthmap processingtemporal
correspondenc@ndtemporallycoherendirectional eld is key to

making seamlesstylization of 2.5-D video possible. As part of

futurework, we would lik e to useboth color andshapeo estimate
the directional eld and provide tools to the userfor editing the

elds. In addition,we planto applymoreNPR styles,suchasline

drawing, to 2.5-Dvideo.

Our systemhasseveral limitations. First, it currentlydoesnot dis-
tinguish betweendifferent objectsin the scene,so the correspon-
denceanddirectional elds of two objectscanbecomecorrelated
in unnaturalways. It would be more desirableto allow the user
to sgmentthe video into multiple objectsandtreateachindepen-
dently Secondunlike with a3D model,which canbeviewedfrom
ary direction,the viewpoint of a stylizedrenderingof 2.5-D video
mustbe the sameasthe onethatwascaptured.Similarly, it is dif-
cult to editthe capturedmotion. Theselimitations are sharedby
normalvideo. Third, thereare a few remainingartifacts,suchas
ick ering,in someof ouroutputvideosdueto noiseandlargeholes
in the depthmaps(in the caseof therealvideo examples) andill-
constrainegceneo w (causing'swimming” in somecases)These
problemscan be addressedvith a combinationof bettercapture
technologyandaddingsomeinteractve designinto theloop.

Finally, 2.5-Dvideois still someavhatdif cult to capturerequiring

eitherexpensve equipmenibr a complicatedsetup.Our particular

capturesystemfor instanceis notportable canonly handlescenes
with relatively slow motion,andhasa resolutionof only 640x480.
However, we predictthatadvancesn sterecalgorithmsandcapture
technologywill malke captureof 2.5-Dvideomorewidespreadnd

exible in thefuture.



Figure5: Sampldramesfromhatthedrenderingsof the salsahand andmilk videos.
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