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Abstract

Weuserelaxationto producepaintedimageryfrom imagesandvideo.An energy functionis first specified;
a paintingis thengeneratedby performinga searchfor a paintingwith minimal energy. Theappealof this
strategy is that, ideally, we needonly specifywhat we want,not how to directly computeit. Becausethe
energy function is very difficult to optimize,we usea relaxationalgorithmcombinedwith varioussearch
heuristics.

This formulationallows us to specifypaintingstyle by varying the relative weightsof energy terms.
Thebasicenergy functionyieldsaneconomicalpaintingthateffectively conveysanimagewith few strokes.
This economicalstyle producesmoderatetemporalcoherencewhenprocessingvideo, without losing the
essential2D qualityof thepainting.Thesystemallowsasfineusercontrolasdesired:theusermayinterac-
tively changethepaintingstyle,specifyvariationsof styleover animage,and/oraddspecificstrokesto the
painting.Proceduralstroke texturesmaybeusedto enhancevisualappeal.

1 Introduction

The time is ripe for novel computer-generatedvisual styles. The increasinglyadventuroususeof digital
effectsin moviesandtelevision, togetherwith many recentadvancesin non-photorealisticrendering(NPR)
make this an exciting time for NPR research.Painterly rendering,the subjectof this paper, promisesto
mergethebeautyandexpressivenessof paintingwith theflexibility of computergraphics.

In this paper, we formulatepaintingasanenergy minimizationproblem,givena sourceimageor video
sequence.This approachhasmany benefits. Most generally, it allows us to expressthe desiredfeatures
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of thepaintingstyleasenergy terms,freeingusfrom theoften-difficult taskof devising a new or modified
paintingalgorithmfor eachnew considerationin astyle.

This givesustheability to producepaintingsthatcloselymatchtheinput imagery. In somesense,this
paperpresentsthefirst stroke-basedpainterlyimagefilter thatcanproducenon-“impressionistic”paintings1.
This is particularlyimportantin processingvideo sequences,whereimprecisioncanleadto unacceptable
problemswith temporalcoherence;theonly previousalgorithmfor automaticallypaintingvideowith long,
curved strokes[HP00] requiresmany small strokes,andstill producesa degreeof flickering that may be
objectionablefor someapplications.

Theenergy minimizationapproachalsoallows usto bridgethegapbetweenautomaticpainterlyfilters
anduser-driven paint systems.Usersmay specifyrequirementsabouta paintingat a high-level (painting
style), middle-level (variationsof style over the image),and low-level (specificbrushstrokes); the user
maywork backandforth betweenthesedifferentlevelsof abstractionasdesired.This featureis of critical
importancefor taking the bestadvantageof the skills of artists. This also allows us to accommodatea
wide rangeof userrequirements,skill levels,andtime constraints,from desktoppublishingto featurefilm
production.

1.1 Related Work

We now review previous work on painterly rendering. (A moregeneralsurvey of NPR canbe found in
[CGG

�
99].) Onethreadof work arepainterlyfilters,whichdonotrequireanexplicit 3D modelof theworld

beingpainted.Haeberli[Hae90]demonstratedaninteractivepaintingsystemfor quickly producingpainted
representationsof still image.Severalcommercialpackages(e.g.[Ado, Rig99])provideautomaticpainterly
imagefiltersbasedontheseideas,usingfixedsizeandshapestrokes.Litwinowicz [Lit97] demonstratedhow
theseideascouldbeextendedfor processingvideo,by moving shortstrokeswith estimatedopticalflow. In
previouswork, we variedbrushstroke sizesby layeringandplacedcurvedstrokesby following normalsof
imagegradients[Her98]. This methodproducesimagesthatareloosebut not very economicalor precise;
fine detailsareoftenlost evenafterseveral layersof painting.This methodis extendedto videoprocessing
in [HP00]. Althoughtheexisting techniquesproduceexcellentimageryin a varietyof styles,therangeof
stylesavailableis limited by theparticularpaintingprocess;thispaperexpandstherangeof stylesin several
dimensions,andprovidesa framework for thestraightforwardadditionof furtherstyles.

Theavailability of 3D geometryallowsmoreflexibility in producingpainterlyanimation.Meier[Mei96]
demonstratedanautomaticparticle-basedapproachfor paintingwith shortbrushstrokes.Extensionsof this
ideawith interactively-placedstrokeswereusedwith greatsuccessin therecentfeaturefilms What Dreams
May Come [Lit99] andTarzan [Dan99]. Suchsystemsnaturallyprovide excellenttemporalcoherenceand
aneconomicalpaintingstyle,if desired.However, exact3D informationis oftenunavailable.Also, theuse
of 3D typically yieldsa differentaestheticfrom painterlyfilters, becausestrokesthatadherecloselyto 3D
shapeover time usuallygive the impressionof strokesattachedto objectsin space,ratherthanof a view
throughananimatedpainting.Whichappearanceis preferredwill dependon theapplication.

Haeberli[Hae90]introducedtheuseof relaxationfor painterlyrendering,andTurk andBanks[TB96]
usedrelaxationto illustratevectorfieldswith streamlines.Thispaperextendsthiswork. Optimizationmeth-

1By “impressionistic,” we refer to a paintingcomposedof a scattershotcollectionof brushstrokes ratherthan to a specific
historicalpaintingstyle. We have attemptedto recreatea somewhat “generic,” modernpaintingstyle: realistic,but with visible
brushstrokes,inspiredby artistsasRichardDiebenkorn,WayneThiebaud,andLucienFreud.

2



NYU CSTechReport:PaintBy Relaxation

odshavebeenusedin otherareasof computergraphicsthatentailbothaestheticandmathematicalconcerns,
suchasanimation[GSG

�
99], surfacemodeling(e.g.[WW92]), andlighting design(e.g.[KPC93]).

Two basicapproacheshave beenusedto createrealistic-lookingstroke textures.Onegeneralapproach
is to usesomeapproximatesimulationof physicalmedia,by simulationof bristles[Str86] and/orthefluid
dynamicsof paint[Sma90,CAS

�
97]. Suchmethodsprovideimpressively-realisticappearanceatthecostof

muchlongercomputationtime. Alternatively, proceduraltexturesmaybeused[Cur99];proceduraltextures
aremoread hoc,but fasterto evaluateandeasierto control. However, the choiceof texturing strategy is
usuallyindependentof thestrokeplacementalgorithm.

1.2 Overview

Therestof this paperis organizedasfollows: We first describetheenergy of a paintingin Section2. The
relaxationprocedurefor thisenergy is describedin Section3, andthesub-procedurefor applyingrelaxation
to a singlestroke is describedin Section4. We thendescribestroke texturing in Section5, painterlyvideo
processingin Section6, andour userinterfacein Section7. Someimportantimplementationdetailsare
givenin Section8, followedby discussionin Section10,andfuturework in Section11.

2 Energy Function

The centralideaof this paperis to formulatepaintingasan energy relaxationproblem. Given an energy
function

�������
, weseekthepainting

�	�
with theleastenergy:

� ��
��������� ������ �����	�

In this paper, a painting is definedasan orderedcollectionof coloredbrushstrokes, togetherwith a
fixedcanvascolor or texture. A brushstroke is a thick curve definedby a list of controlpoints,a color, and
a thickness/brushwidth. A paintingis renderedby compositingthebrushstrokesin orderontothecanvas.
Brushstrokesarerenderedasthick cubicB-splines.Strokesaredrawn in theorderthatthey werecreated.2

An energy function canbe createdasa combinationof different functions,allowing us to expressa
varietyof desiresaboutthepainting,andtheir relative importance.Eachenergy functioncorrespondsto a
differentpaintingstyle.This formulationgivesusareasonablyintuitivewayof designingpaintingstyles,in
thatwespecifythedesiredfeaturesof thepainting,ratherthanproviding adirectmethodfor computingthe
painting,ashasbeendonein thepast.

Weusethefollowing energy functionfor apainting:

������� 
 �������������! "���$#&%'�(�����! "�*)�+',-#������! "�*.'/$01���	�
� ���$� ����� 


24365 718 �:9<;
����� �>=@?BAC�EDFD ���>=@?BAG�!H"I	�>=@?BAC�EDFD

2We alsoexperimentedwith orderingby brushradius,andfound that, dueto the natureof the relaxation,large strokeswere
never placedaftersmallstrokesin any ordering.This occursbecausethesmallerstrokesarealmostalwaysa betterapproximation
to thesourceimagethanis a largestroke; hence,addinga largestroke on top of many small strokesalmostalwaysincreasesthe
paintingenergy in theshortterm.
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�*�$#J%'�(����� 

;
�$#J%'�

K �E� Area
��L��

�*)�+',-#������ 

;
)�+',-#�M(�

thenumberof strokesin
�	�

� .>/$0 ����� 

;
.'/$0 MN�

thenumberof emptypixelsin
���

This energy is a linearcombinationof four terms.Thefirst term,
� ���$�

, measuresthepixelwisediffer-
encesbetweenthepaintinganda sourceimage

I
. Eachpaintingin this paperwill becreatedwith respect

to a sourceimage;this is theimagethatwe arepaintinga pictureof. Thesecondterm,
� �$#J%'�

, measuresthe
sumof thesurfaceareasof all of thebrushstrokesin thepainting. In somesense,this is a measureof the
totalamountof paintthatwasusedby theartistin makingtheimage.Thenumberof strokesterm

� )�+',O#
can

beusedto biasthepaintingtowardslargerbrushstrokes.Thecoverageterm
��.'/$0

canbeusedto forcethe
canvasto befilled with paint, if desired,by setting;

.>/$0
to bevery large. Theweights; areuser-defined

values.Thecolordistance
D&D�MPDFD

representsEuclideandistancein RGBspace.
The first two termsof the energy function quantify the trade-off betweentwo competingdesires:the

desireto closelymatchtheappearanceof thesourceimage,andthedesireto useaslittle paintaspossible,
i.e. to beeconomical.By adjustingtherelativeproportionof ;

�'�$�
and;

�$#J%'�
, ausercanspecifytherelative

importanceof thesetwo desires,andthusproducedifferentpaintingstyles.Likewise,adjusting;
)�+',-#

allows
usto discouragetheuseof smallerstrokes.

By default, thevalueof ;
���$� �>=@?BAC�

is initialized by a binaryedgeimage,computedwith a Sobelfilter.
Thisgivesextraemphasisto theedgesquality, althoughaconstantweightoftengivesdecentresultsaswell
. If we allow theweight to vary over thecanvas,thenwe getaneffect that is like having differentenergy
functionsin differentpartsof theimage(Figure8). Theweight image;

���$�Q�'=R?SAG�
allows usto specifyhow

muchdetail is requiredin eachregionof theimage,andcanbegeneratedautomatically, or hand-paintedby
auser(Section7).

Someimportantvisualconstraintsaredifficult to write mathematically. For example,thedesirethatthe
paintingappearto becomposedof brushstrokeswould bedifficult to write asanenergy functionover the
spaceof bitmaps;hence,we parameterizea paintingin termsof strokes.Hence,we definesomeaspectsof
apaintingstyleasparametersto therelaxationprocedure,ratherthanasweightsin theenergy function.

3 Relaxation

Theenergy functionpresentedin theprevioussectionis very difficult to optimize: it is very discontinuous,
it hasa very high dimensionality(numberof brushstrokes* numberof brushstroke parameters),andthere
doesnotappearto beananalyticsolution.

Following Turk andBanks[TB96], we usea relaxationalgorithm. This is a trial-and-errorapproach,
illustratedby thefollowing pseudocode:

�T
emptypainting

while not doneU T
SUGGEST

���
// Suggest change

if (
��� U ��������V�������

) // Does the change help?
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�WT U ���	�
// If so, adopt it

Thereis noguaranteethatthealgorithmwill convergeto a resultthatis globallyoptimalor evenlocally
optimal.Nevertheless,this methodis still usefulfor producingpleasingresults.

Themain interestingquestionis how make thesuggestions.In our initial experiments,we usedhighly
randomsuggestions,suchasaddinga disc stroke in a randomlocationwith a randomsize. Most of the
computationtime wasspenton suggestionsthatwererejected,resultingin paintingspoorly-matchedto the
energy. Becausethespaceof paintingshasveryhighdimensionality, it is possibleto makemany suggestions
that do not substantiallyreducethe energy. Hence,it is necessaryto devise moresophisticatedwaysof
generatingsuggestions.

4 Stroke Relaxation

A basicstrategy that we usefor generatingsuggestionsis to usea stroke relaxation procedure.This is a
variationonsnakes[KWT87], adaptedto thepaintingenergy function.Thismethodrefinesanapproximate
stroke placementchoiceto find a local maximumfor a given stroke. This is doneby an exhaustive local
searchto find thebestcontrolpointsfor thestroke,while holdingfixedthestroke’s radiusandcolor, andthe
appearanceof therestof thepainting.We alsomodify thesnake algorithmto includethenumberof stroke
controlpointsasasearchvariable.

Thehigh-level algorithmfor modifyingastroke is:

1. Measurethepaintingenergy

2. Selectanexistingstroke

3. Optionally, modify somestrokeattribute

4. Relaxthestroke

5. Measurethenew paintingenergy

Herewe omit many implementationdetails.This algorithmis describedin detail in Section8.1. How-
ever, we mentiontwo importantaspectsof the implementationhere: First, the stroke searchprocedure
evaluatesthe paintingenergy with the stroke deletedfor reasonsdescribedlater. Hence,the modification
suggestionmay becomea stroke deletionsuggestion,at no extra cost. Second,the relaxationprocedure
would bevery expensive anddifficult to implementif doneprecisely. Instead,we useanapproximationfor
theenergy insidetherelaxationloop,andmeasuretheexactenergy only aftergeneratingthesuggestion.

4.1 Single Relaxation Steps

In this section,wedescribeindividualproceduresfor generatingsuggestions.
Add Stroke: A new strokeis created,startingfrom agivenpointontheimage.Thenew strokeis always

addedin front of all existingstrokes.Controlpointsareaddedto thestroke,usingthecontour-approximating
proceduredescribedin [HP00]. Thestroke is thenrelaxed(seeprevioussection).Theresultof this search
is thensuggestedasachangeto thepainting.
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Reactivate Stroke: A given stroke is relaxed, and the modificationis suggestedas a changeto the
painting.However, if deletingthestroke reducesthepaintingenergy morethanthemodificationdoes,then
thestroke will bedeletedinstead.Note that this proceduredoesnot modify theorderingof strokesin the
image.Thus,it will deleteany stroke that is entirelyhidden,solong asthereis somepenaltyfor including
strokesin thepainting(i.e. apositiveweighton theareaor numberof strokesterms).

Enlarge Stroke: If the stroke radiusis below the maximum,the stroke radiusis incrementedandthe
stroke is reactivated.Theresultingstrokebecomesasuggestion.

Shrink Stroke: If thestroke radiusis above theminimumradius,thestroke radiusis decrementedand
thestroke is reactivated.

Recolor: Thecolor for a stroke is setto theaverageof thesourceimagecolorsover all of thevisible
pixelsof thestroke,andthestroke is reactivated.

4.2 Combining Steps

Individualsuggestionsarecombinedinto loopsover thebrushstrokesin orderto guaranteethateverystroke
is visitedby a relaxationstep.

Place Layer: Loop over image,Add Strokesof a specifiedradius,with randomlyperturbedstarting
points.

Reactivate All: Iterateover thestrokesin orderof placement,andReactivatethem.

Enlarge/Shrink All: For eachstroke,Enlargeuntil thechangeis rejectedor thestroke is deleted.If the
stroke is unchanged,thenShrinkthestrokeuntil thechangeis rejectedor thestrokedeleted.

Recolor All: Iterateover thestrokes,andRecoloreachone.

Script: Executea sequenceof relaxationloops.To make a paintingfrom scratch,we usethefollowing
script:

foreach brushsize X�Y , from largestto smallest,
do Z times:

Reactivateall strokes
PlaceLayer X Y
Enlarge/ShrinkAll
RecolorAll

We normallyuse Z 
W[
. This scriptusuallybringsthepaintingsufficiently closeto convergence.Note

thatthereactivationloopsapplyto all brushstrokes,not just thoseof thecurrentsize.For processingvideo,
we reduceprocessingtimeby setting Z 
\

andomitting therecolorandenlargesteps.

Creatinga final imagecantake severalhours,dependingon theimagesizeandthepaintingstyle.Most
of theimagesin thispaperweregeneratedin afew hoursona225MHz SGIOctaneR10000.Theaccompa-
nying videowasprocessedat low resolution(320x240)with thereducedscriptabove to save time,yielding
aprocessingrateof about1 hourperframe.

6



NYU CSTechReport:PaintBy Relaxation

5 Stroke Color, Texture, and Opacity

Our systemprovidesa varietyof differentwaysto renderan intermediateor final painting. Brushstrokes
canbe renderedwith randomcolor andintensityperturbations(as in [Her98]), with transparency, and/or
with proceduraltextures. Texturing operationsareomittedfrom the main relaxationprocedureprimarily
solely for the sake of efficiency. Furthermore,separatingthe renderingstepallows us to experimentwith
differentstrokecolorsandtextureswithoutneedingto performrelaxationanew. Proceduralstroke texturing
is describedin theAppendix.

All of our stroke scan-conversionis performedin software,usingthetriangle-stripmethoddescribedin
theAppendix.We have not usedhardwarescan-conversionbecausewe needto beableto reliably traverse
every pixel in a brushstroke without rendering(for adding/removing strokesandsummingimagestatis-
tics), which is not easilyaffordedby hardwarescan-conversion. Scan-converting in softwareallows us to
guaranteethata loopoverastrokevisits everypixel of thestrokeexactlyonce.

6 Video

The relaxationframework extendsnaturallyto processingvideo. A varietyof energy formulationscanbe
employedfor video. In thesimplestformulation,theenergy of thevideosequenceis thesumof theenergy
for eachframe. Thetarget imagefor eachvideoframeis thecorrespondingimagein thesourcesequence.
For efficiency andtemporalcoherence,we canusethepaintingfor oneframeastheinitial paintingfor the
next frame.For speed,we currentlyprocesseachframesequentially;a moregeneralextensionwould beto
performrelaxationover theentiresequencein arbitraryorder.

This methodcanbeimprovedif opticalflow informationis available[Lit97]. Opticalflow is a measure
of themotionof sceneobjectsprojectedontotheimageplane.Warpingbrushstrokesby opticalflow gives
the impressionof brushstrokesmoving to follow the motionsof objectsin the scene.We computeflow
usinga variantof coarse-to-finedifferentialmotion estimation[SAH91]. In order to generatethe initial
paintingfor a frame,we warpthestroke positionsby theopticalflow beforerelaxation.This givesa good
initialization for thenext frame.

Thisyieldsarelatively clearvideosequence,with muchlessflickeringthanoccursin more“impression-
istic” algorithms.In particular, it is possibleto paintavideosequencewith muchlargerstrokesthanbefore.
However, thetemporalcoherenceis far from perfect,andmorework remainsto bedonein thisarea.

7 Interaction and Metapainting

The energy formulation is well-suitedfor an interactive painting application. In this view, the software
functionsasa high-level paintbox,allowing theuserto make artisticdecisionsat any stageandat any level
of abstractionin thepaintingprocess.In particular, theusermay:

] Selectoverall paintingstyles.
] Selectdifferentstylesfor differentimageregions.
] Placeindividualbrushstrokes,assuggestionsor by decree.

7
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Wereferto thisapproachasmetapainting. (A relatedsystemwasdescribedby Salisbury etal. for pen-and-
ink illustration[SWHS97].)

In our implementation,theuserhascompletefreedomto make thesechoicesbefore,during,andafter
relaxation.For example,theusermight selectanoverall stylefor animageandperforma relaxation.After
seeingthe result, the userdecidesthat a particularpart of the imageshouldbe emphasized,paintsa new
appearanceweight function, and thenperformsrelaxationagain. The userthen realizesthat shedesires
specificbrushstrokesin oneimageregion,andthenpaintsthemin.

Our user interfaceallows several different methodsfor visualizing the painting and editing painting
styles,includingoutputpainting,differenceimage,sourceimage,weight image,pseudocolor(eachstroke
assigneda randomcolor), etc. The usermay paint directly into the outputimage,andmay paint weights
into the weight image. Painting stylesandparametersarecontrolledby variouswidgets. Specificstrokes
maybereactivatedby clicking onthem.Duringrelaxation,changesto thepaintingaredisplayedasthey are
computed,to give theusera view of thework in progressandto allow modificationto thestyleduringthe
computation.

We believe that interactive metapaintingcanbea very powerful tool for image-making,combiningthe
easeof anautomaticfilter with thefine controlof a digital paintsystem.Theartistholdsabsolutecontrol
over the appearanceof the final painting, without being requiredto specify every detail. The appealis
evengreaterfor videoprocessing,whereonecanautomaticallypropagateartisticdecisionsbetweenvideo
frames.

Thesystemis currentlytoo slow to provide tight interactivity. With fasterhardware,theuserfeedback
loop canbemadetighter. We look forward to thedaywhenit is possibleto visualizechangesin painting
stylesat interactive rates.

8 Implementation Details

In this section,we describesomeof thealgorithmsanddatastructuresusedin our implementationto avoid
redundantcomputation.

Lazy evaluationandpartialresultcachingareusedthroughoutour code.Thevaluesof eachsubtermin
theenergy functionarecached,andareonly updatedwhenthey change.For example,oneimageencodes
theper-pixel valueof theweightedcolordifference(WCD) betweenthepaintingandsourceimage(i.e. the
summandof

� ���$�
). Wheneverapixel valuechanges,thecorrespondingvaluein theWCD imageis updated.

Thesumof theWCD imageis alsoupdatedby subtractingtheold valueandaddingthenew value.Similar
methodsareusedfor othertheenergy terms.

8.1 Stroke Relaxation

Wenow describethedetailsof thestroke relaxationprocedureintroducedin Section4.
Performinga searchfor a locally optimalsetof stroke controlpointswould beprohibitively expensive

even with dynamicprogramming;the cost is a productof the numberof per-pixel operations,the costof
scan-convertinga curve section,andanexponentialin thesizeof thesearchneighborhood.A key ideaof
therelaxationprocedureis to performrelaxationover a simplerenergy functionthatapproximatesthetrue
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Figure1: Approximatingtheimprovementof a stroke. Left: A stroke is definedasa smoothpathapproxi-
matingagivenlist of controlpoints.Right: Theimprovementof astroke is approximatedby thesumof the
improvementsof discscenteredat eachcontrolpoint. Eachdischasradius X . Theimprovementof placing
a discof radius X at location

�>=@?BAG�
is storedasan image ^�_ �>=@?BAC� . (Althoughnot illustratedin thefigure,

controlpointsareroughly X pixelsapartfrom eachother.) Theimagê�` storesimprovementto thepainting
dueto eachpixel. ^�_ �>=@?BAC� is computedby summinĝ ` over a discof radius X . Theimageŝ�_ and ^ ` are
computedlazily, in orderto avoid redundantcomputation.

energy, andhasroughlythesameminimaasthetrueenergy. Thetruestroke energy will only beevaluated
once,for theresultingsuggestion.

Our goal is to replaceinitial stroke
L

with a stroke a , wherea hasthesamecolor andthicknessas
L

,
anda minimizesthenew energy

�����bHcLd a � . Thisis equivalentto minimizing
�	���cHcLd a �EHc�����cHcL�� ,

whichcanbeevaluatedfaster.3 Webuild anapproximateenergy function ^ � a ��e�����bHbL* a �fHc�����bHcLg�
over which to search.In this new energy function,a brushstroke is modeledroughlyastheunionof discs
centeredateachcontrolpoint. Thesearchis restrictedin orderto ensurethatadjacentcontrolpointsmaintain
a roughly constantdistancefrom eachother. This is doneby addingan extra term to the paintingenergy
function:

�*h % hd����� 

;
h % h �ED&D i Y Hji Y �Ck DFDBH X �'l , for astrokeof radiusX . This is avariantof membrane

energy [KWT87].
All of thetermsof thetrueenergy function

�	�����
havecorrespondingtermsin theapproximation̂

� a � .
Thenumberof strokesandspacingtermsaremeasuredexactly: ^ +',-# � a � 
 ;

)�+',O#
, ^ h % hd� a � 
 �*h % h*� a � .

Theareaenergy ^ �$#&%'� is approximatedastheproductof thestroke’sradiusandits controlpolygonarclength.
Theappearance( ^ �'�$� ) andcoverageimprovements( ^ % h �f,-m ) areapproximatedbymakinguseof auxiliary

functions ^�_ �'=R?SAG� and ^�` �>=@?BAC� (Figure 1). This formulation allows us to use lazy evaluationto avoid
unnecessaryextracomputationof theauxiliary functions. ^ ` �'=R?SAG� measurestheenergy improvementdueto
changingpixel

�>=R?SAG�
to thecolor of thestroke,unlessthestroke would behiddenby anotherstroke at that

pixel. ^�_ �>=@?BAG� sumŝ ` �'=R?SAG� overacirculardiscaround
�>=@?BAC�

. Thesefunctionsaregivenby:

^�_ �'=R?BAC� 

non 24pq5 rf8tsC243N5 7f8tnon u _ ^�`

�'vR?SiG�

^ ` �'=R?BAC� 
 w �>=@?BAC�
;
���$� �'=R?SAG� ^�x �'=R?SAG�!H"yz�>=@?BAC�

;
% h �1,-m

^�x �'=R?BAC� 
 D&D U H"I	�>=R?SAG�fDFDzH{DFD ���"H"L����>=@?BAG�!H"I	�'=R?BAC�EDFD
3We use | and } in thesettheoreticsensewhenappliedto paintingsandstrokes,e.g. ~�|	���j~���������� painting ~ with

stroke � added.�d�-~�� is ascalar, andthus�d�-~<����}��d�O~!�S� is ascalarsubtraction.
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U
is thecolor of thebrushstroke.

yz�'=R?BAC�
and

w �>=@?BAG�
areindicatorfunctionscomputedfrom thefragment

buffer:
yz�>=@?BAC�

is 0 if
�>=@?BAG�

is coveredby any paint,1 otherwise;
w �>=@?BAC�

is 0 if
�>=@?BAC�

is coveredby astroke
thatwascreatedafter

L
. (Thenew strokewill take thesameplaceastheold stroke in thepainting;e.g.if

L
is completelyhidden,then a maybeaswell.) Summinĝ�_ �'=R?SAG� over thecontrolpointsfor a stroke gives
anapproximationto theappearanceandcoverageimprovementtermsdueto placingthestroke:

^ �����  ^ % h �1,-m 
 2�365 7f8 � controlpoints
^�_ �>=@?BAC� (1)

With thesefunctions,wecanmodify astrokeasfollows:

Measure
�������

Selectanexistingstroke
L����

Remove thestroke,andmeasure
�����"H�L��

Optionally, modify someattributeof thestroke
Relaxthestroke:LC�GT�L

do �O�6�$�����*  T ^ ��LC�'�LC�GT ��������� �¢¡ � )�%¤£4¥B¦�§'/$#�¦$/¤/B¨ 2 Kq© 8 ^ � a �
while ^ ��LC�'��V ��� �<ª �O�N�«�����*  ?�¬�

Measurethenew paintingenergy
�����" "L!�®H"L��

.�T ��������� �¢¯ �6°�� 5 � s K 5 � � Kq© s KP± ����²	�

Thedo loop in theabove text representstheactualstroke relaxation,describedin thenext section.
The constant

¬
is usedto prevent pursuingstrokes that appearto be unprofitable. We normally use¬ 
³

;
¬

couldalsobedeterminedexperimentally.

8.1.1 Locally Optimal Stroke Search

In this section,we describea dynamicprogramming(DP) algorithm for searchingfor a locally optimal
stroke, with a fixed stroke color and brushradius. This is a slightly modified versionof an algorithm
developedby Amini etal. [AWJ90] for usein finding imagecontours,basedonsnakes[KWT87].

We searchfor thelocally optimalcontrolpolygon,andfix all otherstroke andpaintingparameters.We
first defineanenergy function ´ � a � of astroke a consistingof 2D controlpoints

i(µ(?Bi k ?:¶F¶&¶F?BiN· s k :

´ � a � 

· s k
Y�¸ µ ´

µ �>i Y �! 
· s l
Y�¸ µ ´

k �>i Y ?Si Y �Ck � (2)

For our purposes,theenergy ´ � a � is theimprovement̂
����? a ?:L�� definedin theprevioussection.Notethat¹ is alsovariable;we aresearchingfor theoptimalcontrolpolygonof any length.For now we will assume

that the stroke length is kept constant,and later describehow to modify it. Higher order terms,suchas
bendingenergy, mayalsobeaddedto optimization(e.g.

· s�ºY�¸ µ ´ k �>i Y ?Bi Y �Ck ?Si Y � l � ) asdescribedby Amini et
al. [AWJ90]; however, thecomplexity is exponentialin theorderof theenergy, sowehave focusedonly on
thelower-orderterms.

10
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Themain loop of thesearchis asfollows: Givena currentstroke, we want to find new control points
in the neighborhoodof the currentcontrol points(Figure2). Eachcontrol point hasa window of ;¼»½;candidatesin whichwewill searchfor thebestnearbycontrolpoint. Wenormallyuse;


¾
. Theintuition

for the algorithmcomesfrom the observation that the energy is purely local: the optimal locationfor the
first controlpoint is connectedonly to theoptimallocationfor thesecondcontrolpoint; therestof thecurve
hasno interactionwith thefirst controlpoint. Therefore,wecancreateaDPtablethatwill take theposition
of thesecondcontrolpointandreturnthecorrespondingoptimallocationfor thefirst point.

Westartby builing theDP tablesas:

¿ µ �>i k � 
 ��� �r�À�´ µ �'i µ �! ´ µ �>i k �! ´ k �'i µ ?Si k �
¿ k �>i l � 
 ��� �r � ¿ µN�>i k �! ´ µ(�'i l �! ´ k �>i k ?Si l �

...¿ Y s k �>i Y � 
 ��� �r�Á&Â � ¿ Y s l
�'i Y s k �C ´ µ �>i Y �C ´ k �>i Y s k ?Bi Y �

Thesetableshave theimportantpropertythat:

¿ Y s k �>i Y � 
 ÃÅÄ ¹ r�À«Æ ÆoÆ rzÁ ´ �>i µ ?�¶:¶�¶Si Y �

In otherwords,givena fixedvaluefor controlpoint
i Y , theoptimal locationfor theprior controlpoint

i Y s k
canbelookedupas ¿ Y s k �>i Y � .

In additionto theenergy tables,wealsocreateacorrespondingtablethatcanbebacktrackedto find the
optimalstrokewith thecorrespondingoptimalenergy:

� Y s k �>i Y � 
W��������� �rzÁFÂ � ¿ Y s l
�'i Y s k �C ´ µ �'i Y s k �C ´ k �>i Y s k ?Bi Y � (3)

Usingthesetables,wecanseethattheoptimalchoicefor thelastcontrolpoint,
iN·

, is givenby

i · 
��������� �r�Ç ¿ · s k �>i · � (4)

Therestof thestroke is foundrecursively:

i Y s k 
 � Y s k �'i Y � (5)

Furthermore,we canfind the length
Ã

of the locally optimal curve of any length(up to ¹ ) simply by
searchingthetablesfor thesmallestvalue:

ÃÈ
�z��� ��� �h £4)�É:%B)�¥¤,-¦ u®Ê�u®ÊgË«3�Ì�Í ·fÎ$ÏFÐ ��� �r ¿ Ê�s k �'iÑ� (6)

This operationrequiresminimal overhead,becausewe cankeeptrackof theminimumentrywhile building
thetables.

We alsoadda control point
i · �Ck 
¼[ i · HÒi · s k to the stroke beforeeachrelaxationstep,andsearch

nearthis longerstroke. Thisallows thestroke lengthto increaseaswell asdecreaseduringthesearch.

11
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Figure2: Left: Dynamicprogrammingfor computinga locally optimal stroke shape.A ;
l

tableis con-
structedaroundeverycontrolpoint,exceptthefirst. ¿ Y s k �'i Y � is atablethatcontainstheenergy of theoptimal
strokefor agivenvaluefor

i Y . Right: Theenergy of theoptimalstrokeof length¹ canbefoundby searching
the ¹ -th table: ´ h £ ) 
��� � r�Ç ¿ · s k �>iN·¢� .

Thecomputationalcomplexity of asinglesearchstepis linearin thelengthof thestroke,but exponential
in theorderof theenergy: � � ¹ � ;

l ���q�
energy evaluationsarerequiredfor a stroke of order � andlength ¹

For � 
{[
and;


{¾
this means625computationspercontrolpoint periteration,whereeachcomputation

maybequiteexpensive.
For stroke evolution, we chosedynamicprogrammingfor theadvantageof generality. Gradient-based

methodssuchasusedby Kassetal. [KWT87] requiretheenergy functionto bedifferentiable,andit appears
thatagraph-theoryformulation[MB95] of thisproblemwouldbeNP-complete.

8.2 Fragment Buffer

Whenwedeleteabrushstroke,weneedto find outwhatthenew paintinglookslike. A simple,but exceed-
ingly slow, methodwouldbeto rerendertherevisedpaintingfrom scratch.Becausebrushstrokedeletionis
averycommonoperationin therelaxationprocess,weneeda fasterway to deletebrushstrokes.

Wechooseanapproachsimilar to anA-buffer [Car84],calleda fragment buffer. Eachpixel in theimage
is associatedwith a list of the fragmentsthatcover thatpixel, aswell astheir associatedstroke indices.A
fragmentis definedasasingleRGBA value,andeachlist is sortedby depth.In ourcurrentimplementation,
this is equivalentto sortingby theorderof strokecreation.

To computethe color of a pixel, we compositeits fragmentlist from bottom to top, unlessthe top
fragmentis opaque. Creatingor deletinga stroke requiresgeneratingor deletingone fragmentfor each
pixel coveredby the stroke. In our experiments,the lengthof a typical fragmentlist rarely exceeds

¾
for

automatically-generatedimages.
The fragmentbuffer is alsouseful for otheroperations,suchaspicking a stroke basedfrom a mouse

click, andrerenderingstrokeswith pseudocolors.
Therearea variety of alternativesto this method,basedon saving partial renderingresults;we chose

this asagoodtrade-off betweensimplicity andefficiency.

8.3 Texture Buffer

Our systemallows theuserto experimentwith modifying thestroke renderingstyles. Becausestroke po-
sitionsarenot modifiedduring this process,it would bewastefulto repeatedlyscan-convert strokeswhile

12
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changingcolors. We usea texturebuffer to avoid this effort. The texturebuffer is a fragmentbuffer with
additionaltexturecoordinatesprovidedwith eachfragment.Thefragmentalsocontainspartialderivatives
for usein theproceduraltexture;thecompletetexturefragmentdatastructurecontains:

] �>v@?BiG�
texturecoordinates

] Jacobianmatrix of partials:

���� 3 � Ï� 3���� 7 � Ï� 7 , where ¿ �'=R?SAG� and � �'=R?SAG� definethemappingfrom screen

spaceto stroke texturespace.Thepartialsarecomputedasaproductof strokescan-conversion.

] Stroke index, usedto look up thestrokecolorandtexturing function.

Beforeexperimenting,we first scanconvert all brushstrokesinto the texture buffer. Renderingwith new
texturesandcolors is thena matterof traversingthe texture buffer, calling the appropriateprocedurefor
eachtexturecoordinate,andcompositing.Thetexturebuffer couldalsobeusedto incorporatetexture into
relaxation;wecurrentlydonotdo this for efficiency concerns.

8.4 Parallel Implementation

Wehave implementedaparallelversionof therelaxationalgorithmfor betterperformance.A serversystem
containsthemaincopy of thepainting,andclient machinesprovide suggestionsto theserver. Oneconnec-
tion is usedbetweeneachclientandtheserver; in our implementation,this takestheform of asingleUNIX
socketon theserver. Wheneveraclientgeneratesasuggestion,it is sentto theserverover thesocket. These
suggestionsarekept in a queueon theserver, andaretestedin theorderthey werereceived. Whenever the
server commitsa changeto thepainting,it is announcedover thesocket,andadoptedby all clientsin their
local copiesof thepainting. Althoughtherearemany waysof generatingsuggestions,all suggestionscan
be written asoneof two typesof messages:Delete stroke number¹ , or Create/modify stroke number¹
to have radius X , color

U
, andcontrolpolygon

�
. (Thereis no distinctionbetween“create”and“modify”

commands.)Thesameprotocolis usedfor sendingsuggestionsto theserver asfor announcingchangesto
theclients. Two othermessagetypesareused:onemessagetells clientsto advanceto thenext framein a
videosequence,andanotherannounceschangesto thestyleparametersmadeby theuser.

This systemis limited by themainprocessor’s speedin processingsuggestions.We have alsodevised
(but not implemented)a decentralizedversionin which any processormay commit changesto a painting
after acquiringa lock on the appropriateimageregion. In this setup,a main copy of the paintingresides
on sharedstorage.Whenever a processorgeneratesa suggestion,it is placedon a globalsuggestionqueue.
Beforecomputinga suggestion,a processormustfirst testevery suggestionin thequeueandclearit out if
thequeueis notalreadyin use,to keepthepaintingup-to-date.Theimageis brokeninto blocks,andbefore
testingasuggestion,theprocessoracquiresawrite lock on theaffectedimageblocks.

9 Improved Search Methods

In this section,we speculateon how standardmethodscanbeappliedto improve thesolutionsdetectedby
therelaxationalgorithm.

13
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Themethodsin thissectionareprimarily designedto find betterlocalminima,notto speedupthesearch.
A passof relaxationat full resolutionseemsto be requiredafter any othercomputations,to cleanup any
errorsresultingfrom simplifying theproblem.

9.1 Coarse-to-Fine

We have experimentedwith onestandardimageprocessingtechnique,coarse-to-fineprocessing.The idea
is to performrelaxationon a subsampledversionof theproblem,andusethe resultasa startingpoint for
relaxationon the completeimage. Reducingthe imagesize is like increasingthe searchwindow around
eachcontrolpoint duringstroke relaxation.Thecomplexity of theproblemis reducedbecausetheimageis
smaller, but finedetailsarelost.

Resamplingthepaintingrequiresproducinga new relaxationproblemthat is equivalentto theold one,
at a differentscale. The sourceandweight imagesareresampled,andthe stroke control pointsandradii
areadjustedaswell. Theenergy function is modifiedthat theenergy for thenew paintingis equivalentto
the old energy, up to a scalefactor. This is doneby observingthe effect of rescalingthe paintingon the
energy function: for example,if theimageis doubledin size,thevaluesof all termsof theenergy function
quadrupleexcept for the numberof strokes weight (;

)�+',O#
). Therefore,an equivalent energy function is

achievedby multiplying ;
)�+',O#

by thescalefactorsquared.For example,if the imagewidth andheightare
eachbeingdividedin half, then;

)�+',-#
shouldbedividedby 4.

In our experimentsthusfar, coarse-to-fineprocessinghasgivenworseresultsthanprocessingwithout
coarse-to-fine.Onepossibleexplanationfor this is thatthedetailslost to subsamplingaresosignificantthat
theminimaof thesubsampledproblemarenot a goodapproximationto thefull problem.If so,thenthis is
evidencethattheenergy functionis verypoorly-behaved.

9.2 Monte Carlo

A standardrelaxationtechniquearetheMonteCarlomethods.In thesemethods,we replacetherelaxation
loopwith thefollowing:

�T
emptypainting

while not doneU T
SUGGEST

���
// Suggest change

if (
��� U ��������V�������

) or RANDOM()
V��

// Does the change help?�WT U ���	�
// If so, adopt it

Thevariable
�

is athresholdthatdecreasesfrom
\

to
³

by somepredefinedor automaticscheduleduring
therelaxation,andRANDOM is a random-numbergeneratorin therange � ³ ? \�� . Acceptingsuggestionsthat
appearto beunprofitableallows therelaxationto escapefrom localminima.As relaxationproceeds,

�
goes

to
³
, therelaxationsettlesinto a localminimum.
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9.3 Other Annealing Methods

Thegeneralstrategy of annealingis to reducethecomplexity of theenergy function,for example,by blurring
theenergy function.Otherformsof annealingmaybepossible,suchasby removing termsfrom theenergy
function,or increasingtheweights.For example,we couldreducethenumberof strokesweightto geta lot
of brushstrokes,thenincreasethecostsothatextrastrokeswill bedeleted.

10 Discussion

We have presenteda novel methodfor generatingpaintedimageryfrom imagesandvideo. This is done
by searchingfor a paintingthat minimizessomeenergy function. The style of the paintingis completely
specifiedby the energy function, constraintson stroke sizes,the brushtextures,and, to someextent, the
relaxationsteps.This allows usto produceaneconomicalpaintingstyle,andto easilyaccommodateuser-
specifiedconstraintsor spatialvariationsin style. In the long run, it provides a generalframework for
designingpaintingstylesin termsof energy functions.

Therelaxationalgorithmrequiressubstantiallymorecomputationtime thandopreviousalgorithms,but
canproduceimagesin novel styles.Thedistinctionis analogousto thesituationin photorealisticgraphics,
with a continuumfrom fast,low-endmethodsto moreexpensive high-endmethods.Paintingcanbedone
at differentpointsalongthecontinuum:relaxationcanbecombinedwith anotherpaintingalgorithm,and
computationtime canbetradedoff for morepolishedresults.As in photorealisticgraphics,we expectthat
thehigh-endpainterlyrenderingof todaycanbeapartof theconsumer-level graphicsof tomorrow.

11 Future Work

In this section,weoutlinesomeof themany avenuesavailablefor extendingthis work.
Themostpressingneedis for speed;we wereunableto testmany of thestylesthatwe wanted,because

they would have beentoo slow to compute.We arehopefulthat fasterhardwarein thenext few yearswill
goa longway to speedingup thecomputation.Thesuggestionmechanismcouldalsobetuned.

Givenfastercomputation,wecanexplorestandardmethodsfor findingbetterminima,includinganneal-
ing, Monte Carlo methods,andgeneticalgorithms,any of which would be straightforward to incorporate
into relaxation.Likewise,stroke relaxationcouldbeimprovedby usingabetterapproximation,andinclud-
ing strokecolor, radius,andtexturein thesearch.

Thetemporalcoherenceof paintedvideoneedsimprovement.Preliminaryexperimentswith a pairwise
temporalcoherenceenergy have beenunsuccessfulbecausethebrushstrokesgeneratedfor a singleframe
typically donotcorrespondsufficiently to scenegeometry. Globaloptimizationoveranentiresequencemay
givebetterresults.

A moresophisticateduserinterfacewould behelpful, especiallyonethatprovidesdiagnostictools for
estimatingenergy functionsfrom examplesor from local information.

Fromanartisticstandpoint,themostinterestingfuturework is theexplorationof theenergy functions
andpaintingstyles.Thusfar, we have only scratchedthesurfaceof paintingandanimationstylesthatcan
becreatedby energy minimization.
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A Brush Stroke Rendering

In thischapter, wedescribemethodswehaveusedfor scan-convertingandtexturingbrushstrokes.However,
methodsmoresophisticatedthantheseareavailable(e.g.[HLW93,Met, NM00]).

A.1 Brush Stroke model

In our system,a basicbrushstroke is definedby a curve,a brushthicknessX , a stroke color
U

. Thestroke
is renderedby placingthestrokecoloratevery imagepoint thatis within X pixelsof thecurve. Thecurve is
anendpoint-interpolatingcubicB-splinedefinedby a setof controlpoints.A densesetof curve pointscan
becomputedby recursivesubdivision.

Our original implementation,usedfor the figuresand video in [Her98], was chosenfor easeof im-
plementation,andsimply sweptanarbitrarybrushprofile alonga curve, with somefancy bookkeepingto
correctlyhandlestroke opacity. In the remainingimplementationandimages,we usedthe fastermethod
describedin thenext section.

A.2 Rendering with Triangle Strips

Ourbasictechniquefor scan-convertingabrushstroke is to tessellatethestroke into a trianglestrip:

Givenamoderatelydenselist of controlpoints � Y andabrushthicknessX wecantesselatethestrokeby the
following steps:

1. Computecurve tangentsat eachcontrol point. An adequateapproximationto the tangentfor an
interior stroke point �<Y is givenby �GY 
 �<Y �Ck H �<Y s k . Thefirst andlast tangentsare � µ 
 � k H � µ
and � · s k 
 � · s k H � · s l .

2. Computecurvenormaldirectionsasperpendicularto thetangents:� 
 � � 3 Y ? � 7 Y � 
 � � 7 Y ?:H � 3 Y � �¢D&D � Y DFD
3. Computepointson theboundaryof thestrokeaspointsoffsetby adistanceX alongthecurvenormal

direction.Theoffsetsfor acontrolpointare ! Y 
 � Y  X"� Y and # Y 
 � Y H X"� Y .
4. Tesselatethestrokeasshown above.
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Figure3: A variable-thicknessstroke. Thicknesseswererandomlygeneratedfor eachcontrolpoint.

5. If desired,addcircular“caps”astrianglefans.

This algorithmcanalsobeusedwith varyingbrushthickness(Figure3), by specifyinga profile curve
for thethickness.Wedothisby assigningathicknessfor eachcontrolpoint,andsubdividing thethicknesses
at thesametimeassubdiving thecontrolpointpositions.

This methodfails whenthestroke hashigh curvaturerelative to brushthicknessandcontrolpoint spac-
ing. Suchsituationscan be handled,for example,by repeatedsubdivision nearhigh curvaturepoints.
Generally, we have not found theseerrorsto be of muchconcern,althoughthey may be problematicfor
high-qualityrenderings.

A.3 Procedural Brush Textures

Paintingswith the textureandappearanceof realmediacanaddsubstantialappealto a painting. Thefirst
stepin creatingstroke texturesis to definea parameterizationfor a stroke [HLW93]. A stroke definesa
mappingfrom

�>=@?BAC�
screencoordinatesto

� ¿ ? � � texturecoordinates.Theparameter¿ variesalongthespine
of thestroke in proportionto thecurve’sarclength,andtheparameter� variesnormalto thecurve from

H \
to
\
, asillustratedin Figure4. Multiplying � by the brushradiusgivesa parameterizationproportionalto

distancein imagespace.

(s,t)
s$ =0

s=L

t
%
=1

t
%
=-1

t
%
=0

Figure4: Parameterizationof abrushstroke
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Wehaveexploredtheuseof proceduraltexturesfor providing brushstroketextures.Proceduraltextures
are typically fasterthan paint simulationapproachesbasedon cellular automata[Sma90,CAS

�
97] and

providefinercontroloverappearance;on theotherhand,usingproceduraltexturesmake it moredifficult to
achieve thecomplex, naturalisticappearanceproducedby simulation.Papertextureandcanvascanalsobe
synthesizedprocedurally[Wor96,Cur99]. Scanningimagesof realpaintstrokesis anexcellentway to get
goodstroke textures.We currentlyemploy a simplebristletexturegivenby &('*)t�«���,+ � ¿ ? � � 
.-0/ )>�1+ ��y k ¿ ?�y l � � ,
where

-/ )t��+ �>=@?BAC�*� � H \ ? \�� is a noisefunction [Per85],and
y	e \(³N³(³

. This functioncanbeusedfor the
stroke opacity, or asa heightfield for paint lighting; we computelighting asa functionof thedot product
betweentheview directionandtheslopeof theheightfield: ^ �'=R?SAG� 
32 �54 ¡76 ¬½�'=R?SAG���

, where
¬½�'=R?SAG�

is
theheightfield at

�>=@?BAC�
. We have used

2 �98G� 
 D 8�D: ¶;:
. Thestroke texture itself providestheheightfield

parameterizedin texture space:
¬�� ¿ ? � � . The stroke parameterizationalsodefinesa mappingfrom screen

spaceto texture spaceas
� ¿ �'=R?BAC��? � �>=@?BAC� ; the derivative of this mappingcanbe computedduring stroke

scan-conversionandsummarizedby theJacobianmatrix

<@�>=R?SAG� 
 ���� 3 � Ï� 3���� 7 � Ï� 7 (7)

Theintensitycanbecomputedas:
¬��>=@?BAC� 
 w � ¿ �'=R?SAG��? � �'=R?SAG���6 ¬��>=@?BAC� 
 � Ð 2 � 24365 718>5 Ï 24365 718t8� 3� Ð 2 � 24365 718>5 Ï 24365 718t8� 7


 � Ð�=� ���� 3  � Ð� Ï � Ï� 3� Ð�=� �=�� 7  � Ð� Ï � Ï� 7

 <@�'=R?BAC� � Ð�=�� Ð� Ï
 <@�'=R?BAC� 6 w � ¿ �'=R?SAG��? � �'=R?SAG���

^ �>=@?BAC� 
 2 � 4 ¡ 6 ¬½�'=R?SAG��� 
>2 � 4 ¡ <@�'=R?BAC� 6 w � ¿ �'=R?SAG��? � �'=R?SAG�����
Additionally, a soft edgecanbeaddedto thestroke by multiplying thestroke opacityby a falloff curve

parameterizedin � .
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(a) (b)

(c) (d)

Figure5: A sourceimage,andpainterly renderingswith the methodof [Her98] with 1, 2, and3 layers,
respectively. Thealgorithmhasdifficulty capturingdetailbelow thestrokesize.
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(a) (b)

(c)

Figure6: Paintby relaxation,with (a)onelayer(for comparisonwith FigureA.3(b)) and(b) two layers(for
comparisonwith A.3(c)). Strokesarepreciselyalignedto imagefeatures,especiallynearsharpcontours,
suchasthelower-right cornerof thejacket. (c) A looserpaintingwith two layers.
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(a) (b)

Figure7: Proceduralbrushtexturesappliedto Figure6(a)andFigure6(c).
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(a) (b)

(c) (d)

Figure8: Spatially-varying style providesa usefulcompositionaltool for directingattention. (a) Source
image.(b) Interactively paintedweight image(;

�����
). (c) Paintinggeneratedwith thegivenweights.More

detailappearsnearfacesandhands,asspecifiedin theweightimage.(d) A moreextremechoiceof weights
andfocus.Detail is concentratedon therightmostfigures.
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Figure9: A looserpaintingstyle,with andwithout texture
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Figure10: QueenMary paintings,illustratingvarioususesof textureandtransparency
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Figure11: QueenMary paintings,illustratingvarioususesof textureandtransparency
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Figure12: QueenMary paintings,illustratingvarioususesof textureandtransparency
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Figure13: Consecutive framesfrom apainterlyanimation.
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