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Abstract

A new paradigm for automaticnon-photoealistic render
ing is introducedin this paper Non-photoealistic render
ing (NPR) providesan alternativeway to rendercomple
scenedy emphasizindnigh level or salientperceptualfea-
tures. Particularly, the pen-and-inkrenderingstyle pro-
ducessletcy-like drawingsthat can effectivelycommuni-
cate shapeand geometry This is achieved by combining
drawing primitivesthat mimic ink patternsusedby artists.
ExistingNPRappmoadescanbe categorizedin two groups
dependingon the type of input they use: image basedand
objectbased.Image basel NPRtechniquesuse2D images
to producethe renderings. Objectbasedtechniqueswork
directly on given 3D modelsand male useof the full vol-
umetricrepresentation.In this paperwe proposeto enjoy
the bestof bothworlds developingan hybrid modelthat si-
multaneouslyusesinformation from the image and object
domains. Thesetwo souices of information are provided
by a calibrated steleoscopicsystem Givena pair of steieo
images and the calibration data we solvethe steleo prob-
lemin order to extract the normal and principal direction
elds, which are fundamentato guide a texture synthesis
algorithmthatgenemtesthe NPRrenderingsIn particular,
normalsguide tonal variations, while principal directions
determinahe orientationof stroke-like texture patterns.\\e
describea particular, fully autamatic, implementationof
theseideasand presenta nunber of examples.

1. Intr oduction

Non-photorealisticenderingcanproduceschematicrepre-
sentation®f sceneghatincludeonly the relevantgeomet-
ric information, clarifying shapesand focusing attention.
This meanssimple sketchesthat sufce to visually com-
municategeometryandomit secondaryscenenformation.
Mimicking artistsabilities involvedin the drawing process
well de ned formationrulescanbe dediwctedandthenre-
producedby automaticcomputergraphicsalgorithms. For
example pen-and-inkdravingscanbearti cially generated
by adequatelplacingindividual strokesovertheimage,see

[21, 18, 22] andreferencesherein.Varyingthedensty and
directionof strokesawide rangeof texturescanbeachieved
that represendifferent materials,illumination conditions,
shapesetc.

Existing NPR approachescan be categorized in two
groupsdependingon the type of input they use: imageor
objectbased. Imagebasedapproachesise2D gray level
informationto generatéherenderingse.g. [18, 19]. Asary
type of imagecanbe usedmuchmorecomplex modelscan
be considerede.g. realsceneslandscapedacesgetc.) but
no geometricinformationcanbe inferredfrom theimages
themseles. On the other hand, object basedtechniques
work directly with 3D models,e.g. [22, 6, 16, 13, 10, 17].
They have full accesgo the geometry(which is essential
to represenshape)but are limited to computergenerated
scenes.

We thenpropaseto have thebestof bothworlds,consid-
eringanhybrid systemwhereimages andthe geometryare
simultaneouslyaevailable. Thesetwo sourcesare obtained
from a calibratedstereoscopisystemthat provides theim-
agesandthe correspondin@D reconstructn asinputsto
guide the rendering. Although steeo reconstructiormay
notbeaccurateenoughfor mary applicationswe show that
theshapénformationneededo generatgen-and-inkllus-
trationscanbe obtainedfrom a stereoscopisystem.

Regardingthe renderingstage therearetwo basicillus-
trationprinciplesthatproperlycombineccorvey thedesired
appearanc¢o perrand-ink drawings: densityand orienta-
tion of strokes? Varyingthe hatchdensitywe canrepresent
differenttonalitiesor illuminationconditionsrangingfrom
bright (no hatching),to dark or shadeved areas(densely
crosshatched).Orientationcarriesthe shapeinformation,
and stroke directionsthat follow the projectionof princi-
pal directionsof the surfaceare known to be appropriate

1Anotherpossiblecateyorizationof NPRalgorithmsis accordingo the
degreeof userintenentionthey require. Somejust assistthe userin the
generationprocess,others(the vast minority) are fully automatic. The
onewe proposeherebelongsto the smallyet very importantclassof fully
automaticalgorithms.

2Additional featureghatfurtherenhancehedravings mayincludesil-
houettedraving, edgetracing,etc.



in representingshape[14]. This is the approachtaken in
[17, 10, 13, 16] andthe onewe follow here. Giventhena
targettonal valueanda preferredorientation whattheren-
deringprocesgdoesis nd the appiopriatecombinationof
strokesthatachievesthat paricular con guration. Thetar
gettone andorientationcombinationareobtainedrom the
stereoscopisystem.

1.1. Algorithm Overview

Themainstepsof the proposedNPR from stereaalgorithm
arethefollowing:

1. Reconstructhe 3D surfacegiven the pair of images
andthe calibrationdata. Oncewe have the surface,
normalsand principal directions can be readily ob-
tained.Thisis addresseth Section 2.3

2. Computerequiredtone and orientationcombinations
from thegeometryandimagedomaingprovidedby the
stereoscopisystem. These,which arejust particular
examplesof theinformationthatcanbe extractedfrom
the stereadata,arefurtherdesribedin Section3.

3. Thelaststepin thepipelineis therenderingtself. Here
we usea texture synthesisalgorithmguidedby theil-
luminationandorientationvaluescomputedn thepre-
viousstep.Thisis describedn Sectiond.

Givena cdibratedimagepair, the reconstructedurface
andits differentialpropertiegnormalsand principal direc-
tions) can be obtdaned in many ways. Likewise, the ren-
deringstagecanbe performedusingvariousexisting tech-
nigues(e.g. individual stroke placementtexture synthe-
sis, etc). Whatis importantandthe mainideawe wantto
presenthereis the conceptof combiningboth sourcesof
information (2D and3D) asinputto guidethe synthesiof
non-photorealisticenderings As an example,we describe
in this papera particularrealizationof a systenof thiskind.
Variousexamplesarepresenédin Section5.

2. Solvingthe StereoProblem

Given a stereopair of images(l1;12) and correponding
calibrationdatawe can reconstruct3D scenecoordinates
up to a given transformation. The type of reconstruction
(Euclideanaf ne, or projectve) depend®n the calibration
dataavailable. We will assumethat intrinsic and extrin-
sic camergparameterareknown so Euclideanreconstruc-
tion canbe performed. See[8, 9, 11] for details. Any 3D
spacepoint X = (X;y;z) projectsinto both cameraretinal
planesasm;(u; V) 2 1, andm,(u%v9 2 1,, where(u; v)
and(u®v% are2D coordindesexpressedn the systemsat-
tachedto the rst and secondimage planes,respectiely.

SNotethatin certainscenariosnormalsandprincipaldirectionscanbe
obtainedwithoutafull 3D reconstruction.

Eachpointmy = (u;v) in the rst imagehasits correspon-
dentm, = (U%V9 = (u+ U(u;v);v + V(u;V)) in the
secondmage,whereU(u; v) andV (u; v) arethesocalled
horizontalandvertical disparities.If disparities areknown,
3D coordinatesanbe analytically obtainedby solvingthe
stereareconstructiorformulas. We computedisparitiesus-
ing avariatioral enegy approachhatrecorersa denselis-
parity mapfrom a se of two weakly calibratedstereoscopic
images[1]. We canthen solve the reconstructiorformu-
las and get the surface coordinatesn parametrizedorm:
S(u;v) = (x(u;Vv);y(u;v); z(u;v)). Taking directional
derivatives S, = (Xy;Yu;zu) andS, = (Xv;Yv;2v), 3D
normalsareobtainedfrom:
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The one we just descrbed, is the straightforward ap-
proachto computenormalsand principal directionsfrom
stereo. Another approachmay be to obtain normalsand
principal directiors directly from the imageswithout actu-
ally reconstructinghe 3D surface.Thiswasdonein [3], but
poor principal curvatureesimateswere obtained. A third
alternatve is to follow the variationalapproachn [7] that
directly computesthe surface (in implicit form) given an
arbitrary numbe of images. Having an implicit represen-
tation of the surfacemakesit easer to obtainnormalsand
principaldirections.

3. Guiding the Rendering Stage

This sectiondescribeshow to obtaintone and orientation
valuesto guidethe renderingstageusingimageandobject
domainfeaturesprovided by the ster@scopicsystem.Be-
fore starting,we notethattherecorstructedsurfaceS(u; v)
is somavhat noisy, so a smoothingstepis requiredbefore
computingary of thedifferentialquantitiepresentedh the
previous section. As pointedout in [13], importantscene
featuresarebettercapturedby tonevariations,while direc-
tionsonly provide alow resolution eld thatindicatesgen-
eralobjectshape Accordingly, we performasmallamount
of smoothingbefore computingnormals(so we keeprel-
evant features),and apply a bigger anount of smoothing
beforecomputingprincipaldirections(sowe obtainalower
resolutiondirection eld).



3.1. Computing llluminations

Tone valuesat eachimage point are obtainedby project-
ing surfacenormalsinto the viewing direction. This gives
bright valuesfor fronto-parallelsurfacepointsandincreas-
ingly darkvaluesfor pointsapproachingbjectsilhouettes.
We canalsoexploit theimagebasedside of our approach
and extract illumination featuresfrom the imagesthem-
sehes. Although we could useary of the techniquese-

portedin imagebasedrendering,for the examplesin this

paperwe simply detectdark imageregions by threshold-
ing.* Other relevant image featuresmay include texture,

edgespbjectsegmentationgtc® Featuresxtractioncanbe

mademore robust by combingestimatesrom both stereo
images,we have not explored this option, but it can cer

tainly improve the results. By merging illumination infor-

mationextractedfrom both sourcesye obtainedthe target
toneimagethatwill guide the rendering.We now describe
how to getthetargetorientatons.

3.2. Computing Orientations

As mentionedn Sectionl directionsthatfollow the projec-
tion of principd directionsof the surfaceareknown to be
appropriatein representingshape. We alreadyknow how
to computeprincipal directionsfrom stereo,exceptthat at
umbilic pointsthey arenot dened (all directionsareprin-
cipal), so solving the eigervalue problemis ill-posed. In
theactualcomputationwe geta conditionnumter thatindi-
catespresencer proximity to anumbilic point. We there-
fore discardthe unreliableestimatesand provide a method
for lling-in the missng values. A similar approachwas
takenin [13]. In theendwe needto project3D principaldi-
rectionsinto theimageplane thereforewe chooseo apply
the Il-in procedureafter the projectionstepand the par
ticular techniquewe useis basedon the variationalvector
diffusionapproacH20].

Let O (u; v) be the (projected)principal direction eld
estimateobtainedby solving the eigervalue problem de-
scribedin Section2. A regularizedU eld is thenobtained
astheminimizer of thefollowing enepy:

z
E(U) =

5 ru 0)Y2+q@a

D)jjr Ujj?dudv (3)
The rst comporentin this equationis a delity termthat
forcesthe minimizer to be closeto the estimateQ . The
secondcomponents the regularizingterm that guarantees
smoothnessTheweightingfactor! accountdor theaca-
ragy of the estimatel) , theideais to leave accuatevalues

4Graylevel encodedeaturesareclearly overseerwhenreconstructing
geometrybut areeasilyrecognizedn theimagedomain.

5Throughout this work we assumedh good segmentationof the ob-
jectwasgiven, meaningwe canseparatehe objectfrom the background.
Instead we could have obtainedthe segmentatiorautomaticallyfrom the
images.

unchanged! = 1) while allowing thosethat are unreli-
able to evolve (! =0). Computingthe EulerLagrangefor
theenegy in Equation(3) we obtaintheminimizing, unity-
preservinggvolution:

§ U= 10 (0 uvu)+
@ " u (U uu) 4

U (0)

The steadystat solutionof this systemwill provide a suit-
able2D direction eld for guiding therenderingstage.

At this pointwe have completelydeterminedargettone
andorientaions by simultaneouly usingimageandobject
spacefeatures.Whenactually doing the synthesisve will
only have a discretenumberof differenttones(dictatedby
thepatticulartexturesetwe areusing),sowe needo thresh-
old illumination valuesinto the availablenumberof tones®
The samehappendor orientation values,we only have a
discretenumberof possibleorientations.For the examples
in Section5 we use6 and 8 different illumination levels
(dependingnthetexture set)and180orientationvalues.

4. Non-photorealistic Rendering

Two methodscanbe usedto generatestroke basedimage
renderings. The rst is to individually place eachstroke

on the target image until the desiredtarget appearancés

reached. Bright areasof the image would require fewer

strokes, lessdensity while darker or shadev areaswould

require denserstroke concentrations. To achive higher
densitylevelswe candecreasé¢he distanceamongadjacent
strokes or we caneven superposehemin differentdirec-

tions(crosshatching).Systemghatusedindividual placing
of stokeswerestudiedin [18, 21, 22, 13].

The secondapproachis to use a setof pre-generated
stroke texturesand apply a texture synthesisalgorithmto
reproducethosepatternsthroughoutthe image. By using
different texture setsa variety of renderng stylescan be
obtained. This is the approachusedin [16, 10] for object-
spacerendering(texture mgpping on 3D surfaces). This
simplerapproachis easyto implementandis the one we
usehere.Obsenre thatwe only needto selecta basicsetof
texturesandthenrunastandardexturesynthesislgorithm,
we describehespeci c algaithm in the next section.

For every possiblecombinationof tone and orientation
we needto provide a sampletexture that achieses that
particularcon guration. Textureswith differenttonesare
achieved by varying the densityof strokes,we thensimply
pre-rotateeachof themto getall the possibleorientations.
This way we have a 2D bark of texture samplesgachrep-
resentinga particularcombinationof toneandorientation,
seeFigurel. Givena particulartargettoneandorientation

6Thresholdsarecomputedby minimumvariancequantization.
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Figure1: imagebankgeneratedvith texture setstaken from [16]. Di-
rectionsspanalongthe horizontalaxis andillumination valuesalongthe
verticalaxis.

we have to choosethe correspondingexture samplefrom
thebankto performthe syntlesis.

4.1. Texture SynthesisRendering

Amongmary texture synthesislgorithmsconsidered?, 5,
4, 12, 15], patchbasedalgorithmsprobedto be the most
effective for thetypeof textureswe areinterestedn. Patch-
basedtexture synthesisalgorithmsgeneratethe outputim-
ageby pastingtogethempatchesf the sanple texture. Two
suchalgorithmsare[4] and[15], we mainly follow the lat-
ter.

Letl 4 (u; v) denotehesampleexturecorrespondingo
directionvalued andillumination valuei (bothtake integer
values)’ Isyntn(u; V) will denotethe output synthesized
image. Py is a squarepatchof 14, (u;v) of sizew  w.
For eachpatch Py we denoteits boundaryzoneby Bp, .
Ex denotesa squarepatchof | synin(u; v) of sizew w
with boundaryzoneBg, . Theboundaryzonesepresenthe
overlappingregionsbetweeradjacenpaches seeFigure2.

The patchPyx matdesEy if the distancebetveentheir
overlappingboundaryzoness belov somethresholdvalue

. Thesetof matchedor the patchEy is thende ned as:

k = fPx 2 g (u;v)=d(Bp,;Bg,) < 0@ %)

With thesede nitions, the patchbasedalgorithmworks
asfollows:

“Note that unlike classicaltexture synthesisherewe requirea setof
sampletexturesinsteadof just onereferenceexture.
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Figure 2: Patchbasedalgorithm. Left: threepatcheswvere alreadyas-
signedto theoutpu imagel sy ntn (U; v), we now look for the bestmatch-
ing patchto pastein the lower right corner Right: candidatepatchesare
searchedn the sampleimagel 4; (u; v) by matchingthe overlappingre-
gions(shadedhreas).

Randomlyselecta patchfrom the correspondingam-
pleimagel 4. (u; v) andpastet in theupperleft comer
of I'synth (U; V).

Build theset  of all patchesPy 2 14, (u;Vv) whose
boundaryzoneBp, matcheghecurrentpositionpatch
boundaryBg, . Selectonepatchfrom  atrandom
andpasteit into the outputimagel syntn (U; v).

Repeauntil thewholeimagel syntn (U; v) is covered.

To build theset  the searchis doneusingan approxi-
matep-nearesheighboralgorithmfor which faststructures
and routinesare readily available. The bestcandidateis
choseratrandomfrom thesep-nearesheightorsandpasted
into the outputl synth (u; v). Thesearchspacedimersionis
the numberof pixelsin Bp, andthe whole sampleimage
spacds considered.

5. Data Setsand Examples

We usedthreecalibratedstereodatasets. The rst two are
real facesand the third oneis a concretebust of Buffalo
Bill. Stereopairs andcorrespondingenderingsare shovn
in Figures4, 5 and®6.

The synthesisstagewas run with two differenttexture
sets.Set1 wasobtainedfrom [16] (seeFigure 1), the sec-
ond setis shavn in Figure3. Thesesetshave 6 and8 dif-
ferenttonevaluesrespectiely, andwere pre-rotaédto 180
differentdirections.

6. Summary and Discussion

We presentedan automaticsystemfor the generationof
pen-and-inkillustrations given a calibrated stereoscopic
system.We simultaneouslyisegraylevel information from
theimagesaswell asgeometricfeaturesextractedfrom the
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Figure3: Textureset2.

stereareconstructionio guidea texture synthesisalgorithm
thatgeneratesherenderings

Themainideais generain the sensehatwe couldhave
usedary stereareconstructiorprocedureandary rendering
technique(e.g. individual placementof strokes, othertex-
turessetsfor the synthesis etc.) to obtainthe results. The
emphasissin theideaof usingbothsourcef information
to guidetherenderingstageandthefactthata stereoscopic
systencanprovidethembothwith enoughaccurag for this
particulartask. Althoughtherequiredminimumto perform
the 3D stereoreconstructionare two images,if more are
available,better3D modelscanbe obtained thereforebet-
tergeometryestimatesvould guidetherenderingstage.

Let's concludeby mentioningthatthe approachin [19]
is similarin natureto ours,thedifferencebeingthatasingle
imageis used.Thereforegxternaluseractionwasneededo
provide the diredional elds thatguidethe rendering.We
proposeto get those elds from the stereoreconstruction
withoutrequiringary userinput, thuspresentinga fully au-
tomaticapproach.
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Figure 4: First face data set.  The stereo pair, render
ings using the rst and second texture sets and two corre-

sponding close-ups views are shawn. This data set is dis-
tributed with the StereoFlow software package available at
http://serdis.dis.ulpgc.es/ jsanchez/research/software/StereoFlow
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Figure 6: Buffalo Bill bust. The stereopair, renderingsusing the

Figure5: Secondacedataset. Thesteregair, renderingsisingthe rst rst and secondtexture setsand two correspondingclose-upsviews
andsecondexture setsandtwo correspondinglose-upsiiews areshavn. are shavn. This datasetis available from the GRASP Laboratoryat
This datasetis availablefrom the Robot\Ms projectatthe INRIA website. http:/Avww.cis.upenn.edu/ janemirsrchidataset/ReadMe.htm



