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Abstract

A new paradigm for automaticnon-photorealistic render-
ing is introducedin this paper. Non-photorealistic render-
ing (NPR) providesan alternativeway to rendercomplex
scenesby emphasizinghigh level or salientperceptualfea-
tures. Particularly, the pen-and-inkrenderingstyle pro-
ducessketchy-like drawingsthat can effectivelycommuni-
cate shapeand geometry. This is achieved by combining
drawingprimitivesthat mimic ink patternsusedby artists.
ExistingNPRapproachescanbecategorizedin twogroups
dependingon the typeof input they use: image basedand
objectbased.Image based NPRtechniquesuse2D images
to producethe renderings.Objectbasedtechniqueswork
directly on given3D modelsand make useof the full vol-
umetricrepresentation.In this paper we proposeto enjoy
thebestof bothworldsdevelopingan hybrid modelthat si-
multaneouslyusesinformation from the image and object
domains. Thesetwo sourcesof information are provided
by a calibratedstereoscopicsystem.Givena pair of stereo
imagesand the calibration data we solvethe stereo prob-
lem in order to extract the normal and principal direction
�elds, which are fundamentalto guide a texture synthesis
algorithmthatgeneratestheNPRrenderings.In particular,
normalsguidetonal variations,while principal directions
determinetheorientationof stroke-like texturepatterns.We
describea particular, fully automatic, implementationof
theseideasandpresenta numberof examples.

1. Intr oduction
Non-photorealisticrenderingcanproduceschematicrepre-
sentationsof scenesthat includeonly the relevantgeomet-
ric information, clarifying shapesand focusingattention.
This meanssimple sketchesthat suf�ce to visually com-
municategeometryandomit secondarysceneinformation.
Mimicking artistsabilities involved in thedrawing process
well de�ned formationrulescanbe deductedandthenre-
producedby automaticcomputergraphicsalgorithms.For
example,pen-and-inkdrawingscanbearti�cially generated
by adequatelyplacingindividual strokesovertheimage,see

[21, 18, 22] andreferencestherein.Varyingthedensity and
directionof strokesawiderangeof texturescanbeachieved
that representdifferent materials,illumination conditions,
shapes,etc.

Existing NPR approachescan be categorized in two
groupsdependingon the type of input they use: imageor
objectbased.1 Imagebasedapproachesuse2D gray level
informationto generatetherenderings, e.g. [18, 19]. As any
typeof imagecanbeusedmuchmorecomplex modelscan
beconsidered(e.g. realscenes,landscapes,faces,etc.) but
no geometricinformationcanbe inferredfrom the images
themselves. On the other hand, object basedtechniques
work directly with 3D models,e.g. [22, 6, 16, 13, 10, 17].
They have full accessto the geometry(which is essential
to representshape)but are limited to computergenerated
scenes.

Wethenproposeto havethebestof bothworlds,consid-
eringanhybrid systemwhereimages andthegeometryare
simultaneouslyavailable. Thesetwo sourcesareobtained
from a calibratedstereoscopicsystemthatprovides theim-
agesandthe corresponding3D reconstruction asinputsto
guide the rendering. Although stereo reconstructionmay
notbeaccurateenoughfor many applications,weshow that
theshapeinformationneededto generatepen-and-inkillus-
trationscanbeobtainedfrom astereoscopicsystem.

Regardingtherenderingstage,therearetwo basicillus-
trationprinciplesthatproperlycombinedconvey thedesired
appearanceto pen-and-inkdrawings: densityandorienta-
tion of strokes.2 Varyingthehatchdensitywecanrepresent
differenttonalitiesor il luminationconditionsrangingfrom
bright (no hatching),to dark or shadowed areas(densely
crosshatched).Orientationcarriesthe shapeinformation,
and stroke directionsthat follow the projectionof princi-
pal directionsof the surfaceare known to be appropriate

1Anotherpossiblecategorizationof NPRalgorithmsis accordingto the
degreeof userinterventionthey require. Somejust assistthe userin the
generationprocess,others(the vast minority) are fully automatic. The
onewe proposeherebelongsto thesmallyet very importantclassof fully
automaticalgorithms.

2Additional featuresthatfurtherenhancethedrawingsmayincludesil-
houettedrawing, edgetracing,etc.
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in representingshape[14]. This is the approachtaken in
[17, 10, 13, 16] andthe onewe follow here. Given thena
targettonalvalueanda preferredorientation,whattheren-
deringprocessdoesis �nd the appropriatecombinationof
strokesthatachievesthatparticular con�guration. Thetar-
gettoneandorientationcombinationsareobtainedfrom the
stereoscopicsystem.

1.1. Algorithm Overview
Themainstepsof theproposedNPRfrom stereoalgorithm
arethefollowing:

1. Reconstructthe 3D surfacegiven the pair of images
and the calibrationdata. Oncewe have the surface,
normalsand principal directionscan be readily ob-
tained.This is addressedin Section2.3

2. Computerequiredtone and orientationcombinations
from thegeometryandimagedomainsprovidedby the
stereoscopicsystem.These,which arejust particular
examplesof theinformationthatcanbeextractedfrom
thestereodata,arefurtherdescribedin Section3.

3. Thelaststepin thepipelineis therenderingitself. Here
we usea texturesynthesisalgorithmguidedby the il-
luminationandorientationvaluescomputedin thepre-
viousstep.This is describedin Section4.

Givena calibratedimagepair, thereconstructedsurface
andits differentialproperties(normalsandprincipaldirec-
tions) can be obtained in many ways. Likewise, the ren-
deringstagecanbeperformedusingvariousexisting tech-
niques(e.g. individual stroke placement,texture synthe-
sis, etc). What is importantandthe main ideawe want to
presenthereis the conceptof combiningboth sourcesof
information(2D and3D) asinput to guidethesynthesisof
non-photorealisticrenderings.As anexample,we describe
in thispaperaparticularrealizationof asystemof thiskind.
Variousexamplesarepresentedin Section5.

2. Solving the StereoProblem
Given a stereopair of images(I 1; I 2) and corresponding
calibrationdatawe can reconstruct3D scenecoordinates
up to a given transformation. The type of reconstruction
(Euclidean,af�ne, or projective)dependson thecalibration
dataavailable. We will assumethat intrinsic and extrin-
sic cameraparametersareknown soEuclideanreconstruc-
tion canbe performed.See[8, 9, 11] for details. Any 3D
spacepoint X = (x; y; z) projectsinto bothcameraretinal
planesasm1(u; v) 2 I 1 andm2(u0; v0) 2 I 2, where(u; v)
and(u0; v0) are2D coordinatesexpressedin thesystemsat-
tachedto the �rst and secondimageplanes,respectively.

3Notethatin certainscenarios,normalsandprincipaldirectionscanbe
obtainedwithouta full 3D reconstruction.

Eachpoint m1 = (u; v) in the�rst imagehasits correspon-
dentm2 = (u0; v0) = (u + U(u; v); v + V (u; v)) in the
secondimage,whereU(u; v) andV(u; v) arethesocalled
horizontalandverticaldisparities.If disparities areknown,
3D coordinatescanbeanalyticallyobtainedby solving the
stereoreconstructionformulas.We computedisparitiesus-
ing a variational energy approachthatrecoversa densedis-
paritymapfrom aset of two weaklycalibratedstereoscopic
images[1]. We can then solve the reconstructionformu-
las and get the surfacecoordinatesin parametrizedform:
S(u; v) = (x(u; v); y(u; v); z(u; v)) . Taking directional
derivativesSu = (xu ; yu ; zu ) andSv = (xv ; yv ; zv ), 3D
normalsareobtainedfrom:

N (u; v) =
Su ^ Sv

jSu ^ Sv j
(1)

Principalcurvaturesanddirectionsaretheeigenvaluesand
eigenvectorsof the shapeoperatorI � 1I I , whereI and I I
arethe�rst andsecondfundamentalformsof thesurface:

I =
�

Su � Su Su � Sv

Su � Sv Sv � Sv

�

I I =
�

Suu � N Suv � N
Suv � N Svv � N

� (2)

The one we just described, is the straight forward ap-
proachto computenormalsand principal directionsfrom
stereo. Another approachmay be to obtain normalsand
principaldirections directly from the imageswithout actu-
ally reconstructingthe3D surface.Thiswasdonein [3], but
poor principal curvatureestimateswereobtained. A third
alternative is to follow the variationalapproachin [7] that
directly computesthe surface(in implicit form) given an
arbitrarynumber of images. Having an implicit represen-
tation of the surfacemakesit easier to obtainnormalsand
principaldirections.

3. Guiding the RenderingStage
This sectiondescribeshow to obtain tone andorientation
valuesto guidetherenderingstageusingimageandobject
domainfeaturesprovidedby the stereoscopicsystem.Be-
forestarting,wenotethatthereconstructedsurfaceS(u; v)
is somewhat noisy, so a smoothingstepis requiredbefore
computingany of thedifferentialquantitiespresentedin the
previous section. As pointedout in [13], importantscene
featuresarebettercapturedby tonevariations,while direc-
tionsonly provide a low resolution�eld that indicatesgen-
eralobjectshape.Accordingly, weperformasmallamount
of smoothingbeforecomputingnormals(so we keeprel-
evant features),and apply a bigger amount of smoothing
beforecomputingprincipaldirections(soweobtaina lower
resolutiondirection�eld).
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3.1. Computing Illuminations
Tone valuesat eachimagepoint are obtainedby project-
ing surfacenormalsinto the viewing direction. This gives
bright valuesfor fronto-parallelsurfacepointsandincreas-
ingly darkvaluesfor pointsapproachingobjectsilhouettes.
We canalsoexploit the imagebasedside of our approach
and extract illumination featuresfrom the imagesthem-
selves. Although we could useany of the techniquesre-
portedin imagebasedrendering,for the examplesin this
paperwe simply detectdark imageregions by threshold-
ing.4 Other relevant imagefeaturesmay include texture,
edges,objectsegmentation,etc.5 Featureextractioncanbe
mademorerobust by combingestimatesfrom both stereo
images,we have not explored this option, but it can cer-
tainly improve the results. By merging illumination infor-
mationextractedfrom bothsources,we obtainedthetarget
toneimagethatwill guidetherendering.We now describe
how to getthetargetorientations.

3.2. Computing Orientations
As mentionedin Section1 directionsthatfollow theprojec-
tion of principal directionsof the surfaceareknown to be
appropriatein representingshape. We alreadyknow how
to computeprincipal directionsfrom stereo,exceptthat at
umbilic pointsthey arenot de�ned (all directionsareprin-
cipal), so solving the eigenvalue problemis ill-posed. In
theactualcomputationwegetaconditionnumber thatindi-
catespresenceor proximity to anumbilic point. We there-
fore discardtheunreliableestimatesandprovide a method
for �lling-in the missing values. A similar approachwas
takenin [13]. In theendweneedto project3D principaldi-
rectionsinto theimageplane,therefore,wechooseto apply
the �ll-in procedureafter the projectionstepand the par-
ticular techniquewe useis basedon the variationalvector
diffusionapproach[20].

Let Û (u; v) be the (projected)principal direction �eld
estimateobtainedby solving the eigenvalue problemde-
scribedin Section2. A regularizedU �eld is thenobtained
astheminimizerof thefollowing energy:

E(U ) =
1
2

Z



! (U � Û )2 + (1 � ! )jj r U jj2dudv (3)

The �rst component in this equationis a �delity term that
forcesthe minimizer to be closeto the estimateÛ . The
secondcomponentis the regularizingterm that guarantees
smoothness.Theweightingfactor! accountsfor theaccu-
racy of theestimateÛ , the ideais to leave accuratevalues

4Graylevel encodedfeaturesareclearlyoverseenwhenreconstructing
geometry, but areeasilyrecognizedin theimagedomain.

5Throughout this work we assumeda goodsegmentationof the ob-
ject wasgiven,meaningwe canseparatetheobjectfrom thebackground.
Instead,we couldhave obtainedthesegmentationautomaticallyfrom the
images.

unchanged(! = 1) while allowing thosethat are unreli-
able to evolve (! =0). Computingthe Euler-Lagrangefor
theenergy in Equation(3) weobtaintheminimizing,unity-
preserving,evolution:

8
<

:

U t = ! (Û � (Û � U )U )+
(1 � ! )(� U � (� U � U )U )

U (0) = Û
(4)

Thesteadystate solutionof this systemwill provide a suit-
able2D direction�eld for guiding therenderingstage.

At this point we have completelydeterminedtargettone
andorientationsby simultaneously usingimageandobject
spacefeatures.Whenactuallydoing thesynthesiswe will
only have a discretenumberof differenttones(dictatedby
theparticulartexturesetweareusing),soweneedto thresh-
old illumination valuesinto theavailablenumberof tones.6

The samehappensfor orientation values,we only have a
discretenumberof possibleorientations.For theexamples
in Section5 we use6 and 8 different illumination levels
(dependingon thetextureset)and180orientationvalues.

4. Non-photorealisticRendering
Two methodscanbe usedto generatestroke basedimage
renderings. The �rst is to individually placeeachstroke
on the target imageuntil the desiredtarget appearanceis
reached. Bright areasof the imagewould require fewer
strokes, lessdensity, while darker or shadow areaswould
require denserstroke concentrations. To achieve higher
densitylevelswecandecreasethedistanceamongadjacent
strokesor we caneven superposethemin differentdirec-
tions(crosshatching).Systemsthatusedindividualplacing
of stokeswerestudiedin [18, 21, 22, 13].

The secondapproachis to use a set of pre-generated
stroke texturesand apply a texture synthesisalgorithm to
reproducethosepatternsthroughoutthe image. By using
different texture setsa variety of rendering stylescan be
obtained.This is theapproachusedin [16, 10] for object-
spacerendering(texture mapping on 3D surfaces). This
simplerapproachis easyto implementand is the onewe
usehere.Observe thatwe only needto selecta basicsetof
texturesandthenrunastandardtexturesynthesisalgorithm,
wedescribethespeci�c algorithm in thenext section.

For every possiblecombinationof toneandorientation
we need to provide a sampletexture that achieves that
particularcon�guration. Textureswith different tonesare
achievedby varyingthedensityof strokes,we thensimply
pre-rotateeachof themto getall the possibleorientations.
This way we have a 2D bank of texturesamples,eachrep-
resentinga particularcombinationof toneandorientation,
seeFigure1. Givena particulartarget toneandorientation

6Thresholdsarecomputedby minimumvariancequantization.
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Figure1: Imagebankgeneratedwith texturesetstaken from [16]. Di-
rectionsspanalongthe horizontalaxis andillumination valuesalongthe
verticalaxis.

we have to choosethe correspondingtexture samplefrom
thebankto performthesynthesis.

4.1. TextureSynthesisRendering

Amongmany texturesynthesisalgorithmsconsidered[2, 5,
4, 12, 15], patchbasedalgorithmsprobedto be the most
effective for thetypeof texturesweareinterestedin. Patch-
basedtexture synthesisalgorithmsgeneratethe outputim-
ageby pastingtogetherpatchesof thesample texture. Two
suchalgorithmsare[4] and[15], we mainly follow thelat-
ter.

Let I d;i (u; v) denotethesampletexturecorrespondingto
directionvalued andillumination valuei (bothtake integer
values).7 I sy n t h (u; v) will denotethe output synthesized
image. Pk is a squarepatchof I d;i (u; v) of size w � w.
For eachpatchPk we denoteits boundaryzoneby BPk .
Ek denotesa squarepatchof I sy n t h (u; v) of sizew � w
with boundaryzoneBE k . Theboundaryzonesrepresentthe
overlappingregionsbetweenadjacentpatches,seeFigure2.

The patchPk matchesEk if the distancebetweentheir
overlappingboundaryzonesis below somethresholdvalue
� . Thesetof matchesfor thepatchEk is thende�ned as:

� k = f Pk 2 I d;i (u; v)=d(BPk ; BE k ) < � g (5)

With thesede�nitions, thepatchbasedalgorithmworks
asfollows:

7Note that unlike classicaltexture synthesisherewe requirea set of
sampletexturesinsteadof justonereferencetexture.

Figure2: Patchbasedalgorithm. Left: threepatcheswerealreadyas-
signedto theoutput imageI sy nth (u; v), wenow look for thebestmatch-
ing patchto pastein the lower right corner. Right: candidatepatchesare
searchedin thesampleimageI d;i (u; v) by matchingtheoverlappingre-
gions(shadedareas).

� Randomlyselecta patchfrom thecorrespondingsam-
pleimageI d;i (u; v) andpasteit in theupperleft corner
of I sy n t h (u; v).

� Build theset� k of all patchesPk 2 I d;i (u; v) whose
boundaryzoneBPk matchesthecurrentpositionpatch
boundaryBE k . Selectonepatchfrom � k at random
andpasteit into theoutputimageI sy n t h (u; v).

� Repeatuntil thewholeimageI sy n t h (u; v) is covered.

To build theset� k thesearchis doneusinganapproxi-
matep-nearestneighboralgorithmfor which faststructures
and routinesare readily available. The bestcandidateis
chosenatrandomfromthesep-nearestneighborsandpasted
into theoutputI sy n t h (u; v). Thesearchspacedimensionis
the numberof pixels in BPk andthe whole sampleimage
spaceis considered.

5. Data Setsand Examples
We usedthreecalibratedstereodatasets.The �rst two are
real facesand the third one is a concretebust of Buffalo
Bill. Stereopairs andcorrespondingrenderingsareshown
in Figures4, 5 and6.

The synthesisstagewas run with two different texture
sets.Set1 wasobtainedfrom [16] (seeFigure 1), thesec-
ondsetis shown in Figure3. Thesesetshave 6 and8 dif-
ferenttonevaluesrespectively, andwere pre-rotatedto 180
differentdirections.

6. Summary and Discussion
We presentedan automaticsystemfor the generationof
pen-and-inkillustrations given a calibratedstereoscopic
system.Wesimultaneouslyusegraylevel informationfrom
theimagesaswell asgeometricfeaturesextractedfrom the
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Figure3: Textureset2.

stereoreconstructionto guidea texturesynthesisalgorithm
thatgeneratestherenderings.

Themainidea is generalin thesensethatwe couldhave
usedany stereoreconstructionprocedureandany rendering
technique(e.g. individual placementof strokes,othertex-
turessetsfor thesynthesis,etc.) to obtainthe results.The
emphasisis in theideaof usingbothsourcesof information
to guidetherenderingstageandthefactthata stereoscopic
systemcanprovidethembothwith enoughaccuracy for this
particulartask.Althoughtherequiredminimumto perform
the 3D stereoreconstructionare two images,if more are
available,better3D modelscanbeobtained,thereforebet-
tergeometryestimateswould guidetherenderingstage.

Let's concludeby mentioningthat the approachin [19]
is similar in natureto ours,thedifferencebeingthatasingle
imageisused.Therefore,externaluseractionwasneededto
provide the directional �elds that guidethe rendering.We
proposeto get those�elds from the stereoreconstruction
without requiringany 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 shown. 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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Figure5: Secondfacedataset.Thestereopair, renderingsusingthe�rst
andsecondtexturesetsandtwo correspondingclose-upsviewsareshown.
Thisdatasetis availablefrom theRobotVis projectat theINRIA website.

Figure 6: Buffalo Bill bust. The stereopair, renderingsusing the
�rst and secondtexture sets and two correspondingclose-upsviews
are shown. This data set is available from the GRASP Laboratoryat
http://www.cis.upenn.edu/ � janem/rsrch/dataset/ReadMe.html .
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