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Abstract

We presenthe “empathicpainting”— aninteractve painterlyren-
deringwhoseappearancadaptsn realtimeto re ect theperceved
emotionalstate of the viewer. The empathicpainting is an ex-
perimentinto the feasibility of using high level control parame-
ters (namely emotionalstate)to replacethe plethoraof low-level
constraintsusersmust typically setto affect the output of artis-
tic renderingalgorithms. We describea suite of ComputerVi-
sion algorithms capableof recognisingusers'facial expressions
throughthe detectionof facial actionunitsderived from the FACS
scheme. Action units are mappedto vectorswithin a continuous
2D spacerepresentinggmotionalstate,from which we in turn de-
rive a continuousmappingto the style parametersf a simple but
fastsggmentation-basepainterly renderingalgorithm. The result
is adigital carvascapableof smoothlyvaryingits painterlystyle at
approximatelyt framespersecondproviding a novel userinterac-
tive experiencausingonly commodityhardware.

CR Categories: 1.3.4[ComputerGraphics]:GraphicsUtilities—
Paint Systems|.4.8[ImageProcessingndComputelision]: Mo-
tion, Time-varying imagery Tracking—; 1.4.9 [Image Processing
andComputetVision]: Non-photorealistidikendering—;

Keywords: Painterlyrendering Animation,Emotion,FACS.

1 Intro duction

The developmentof image basednon-photorealisticrendering
(NPR) techniques,in particular painterly renderingalgorithms,
hasgatheredconsiderablenomentumin recentyears. A number
of automaticpainting algorithmsnow exist, guidedby heuristics
tailored to emulateparticular media or strolke placementstyles.
Althoughthe majority of algorithmstendto focuson onepatrticular
artistic style (for example impressionism[Litwinowicz 1997]),
someseekto emulatea broaderangeof stylesusinga plethoraof
usercon gurable low-level parametergfor example,[Hertzmann
1998] variesbrushsize, colour jitter, and stroke length to move
betweenpseudo”expressionist’and “pointillist” styles). Often
theseparametersanbetime consumingo set— bothdueto their

This work was undertalen during a summerinternshipat the Depart-
mentof ComputerScienceJniversity of Bath,England

BostonMA, USA.

Bath,England.

number and dueto their low-level nature,which can make them
non-intuitive for inexperiencedusersto manipulatewhen aiming
for aconceptuallyhigherlevel effect (e.g.a gloomypainting,or an
enepetic,cheerfulcomposition).This canresultin aslow, iterative
trial and error processbeforethe useris able to instantiatetheir
desiredresults.

Thispapereportsanexperimeninto thefeasibility of usinghigh
level styleparameterto expresscontroloverapainterlystylization.
Speci cally, we allow theuserto interactvely specifytheemotional
ambiancepr “mood” thatthey wish to corvey througha particular
artistic rendering;examplesmight include despair anger or ela-
tion. In the spirit of earlierwork by Hertzmannand Perlin [2000]
we have developeda novel interfaceandinteractve NPR installa-
tion for this experiment,which we term the “empathicpainting”.
This systemis capableof estimatingthe viewer's purposefullydis-
playedemotionalstatethroughautomaticfacial expressionrecog-
nition, andaffecting renderingparameterso mirror that stateon a
“live” digital carvas (Figure1). The purposeof the exhibit is to
allow usersto both explore the designspaceof a painterlyrender
ing parameterisedy higherlevel conceptsuchasemotion,andto
experiencea novel meansof interactingwith digital artwork. The
two principaltechnicalcontritutionsof this work aretherefore:

A computewision componentapableof estimatingheemo-
tional statethat the viewing usertriesto corvey throughob-
senation of facial expression.We describenovel approaches
to detectingthreefacial action units: mouth curl, wideness
of eyes, raisedand furrowed brows, as de ned under the
Facial Action Coding Scheme(FACS) [Ekman and Friesen
1978]. Theseactionunitsaremappedo vectorswithin the2D
pleasure-arousaimotionalkpaceproposedy Russel[1997].

A fast,sggmentatiorbasecpaintingalgorithmcapableof real-
time stylisationof photographsising commaodity hardware.
Mappingsarecreatedrom the pleasure-arousapaceo styl-
ization parameterf the algorithm, so enablingthe paint-
ing to reactto the stateoutput from the vision component.
We ensurehatstroke attributesvary in atemporallycoherent
mannerasthe emotionalparametergxpressedy the viewer
change.

Figure 2 summarieghe basicarchitectureof the system— we
give a detaileddescriptionof the vision andpaintingalgorithmsin
Sections3 and4 respectiely. The papersconcludeswith a gallery
of resultsanddiscussionn Section5.

2 Related Work

A number of machine-assiste@D painting ervironmentswere
developedin the early '90s for the purposeof painterly render
ing [Haeberli1990;Haggerty1991], however Litwinowicz [1997]
was the rst to proposea fully automatedalgorithm. Drawing



upon Haeberlis [1990] earlier semi-automaticpaint systems,
Litwinowicz produced corvincing impressioniststyle paintings
by aligning small rectangularstrokes tangentialto Sobel edge
gradientsin the image,and stochasticallyperturbingtheir colour.
A multi-scaleapproachto painting using curved b-spline strokes
was later proposedin [Hertzmann1998]. Spline control points
were obtainedby hoppingbetweenpixels in directionstangential
to Sobeledges. The processoperatedat several discretespatial
scales,concentratingstroke detail in high frequeng areasof the
image. An iteratve adaptationof this algorithm that produced
moreaccurategaintingsvia active contourrelaxationwaspresented
in [Hertzmann2001]. Otherearly painterly renderingalgorithms
suchas [Treavett and Chen1997] and [Shiraishiand Yamaguchi
2000] alsomadeuseof local imageprocessingperatorgo guide
stroke placement,speci cally pixel variancewithin a window.
Our approachs mostcloselyalignedwith morerecentwork that
harnessesnid-level computervision techniquesto model scene
content,with the aim of re ning aesthetics.Segmentationof the
image into homogeneougreyscale regions was rst proposed
by [Gooch et al. 2002]; strokes were paintedalong medial axes
of each seggmentedregion leading to a signi cant reductionin
the number of brush strokes whilst still preserving ne detail.
Segmentationwas also used by [DeCarlo and Santella 2002;
Santellaand DeCarlo 2004] to producepainterly abstractionsn
which a humangazetracker wasusedto correlatelevel of detailin
the painting with perceptuallysalientdetail in the sourceimage.
An automaticsystemfor salienceadaptive painting, driven by
machinelearning rather than run-time interaction, was recently
presentedn [CollomosseandHall 2005].

The majority of painterly renderingalgorithmsfocus upon a
particular mediatype or artistic style — predominantlythrough
a procedural approach, but in some casesby learning from
example [Hertzmannet al. 2001]. Instead,our work is aligned
with algorithmsencompassing rangeof visual stylesselectable
via user parameterisation. For example, Hertzmann claims
expressionism,pointillism, impressionismand “abstract” styles
throughthe variationof low level parametersuchasstrole length.
Similarly low-level parametersnay be usedto tunethevisualstyle
of paintingsin [Hays and Essa2004]. We form a mappingonto
such parametersusing a high level emotional parameterisation
derived from a facial tracking system. Facial tracking hasbeen
usedpreviously to drive NPR animationby piecavise retagetting
of trackedmotionto mave componentsf NPRfacialavatargBuck
et al. 2000; Li et al. 2001]. However our work focusseson the
derivation of emotionalcontext from the stateof a facial tracler,
andthere ection of thatcontet in the style of a painterlyvisuali-
sation. As suchour work is alignedwith recentstudiesexploring
theaffective qualitiesof NPR[Duke etal. 2003;Halperetal. 2003].

Our work alsodraws parallelswith recentliteratureaddressing
painterly animation; we too are concernedwith the smoothani-
mationof paintingsasstyle parametersary over time. A central
problemto ary painterly animationis that of suppressingtroke
ick er, causedby processnon-determinisn{either due to image
noiseor pseudo-randomelementf the algorithm). This is typi-
cally addressetly maintainingasmuchvisualstateaspossiblebe-
tweenframes,andpreventingsharpchangesn thatstateovertime.
Althoughllittle attentionhasbeendevotedto the problemof real-
time painterlyanimationfor interaction notablyHertzmanr{2000]
adaptedis earlierstaticrenderingechniqueg1998]to “paint over”
regionscontainingsigni cant motion— sopreservingtrokesfrom
previous framesto mitigate against ick er. Optical o w hasalso
beenusedto translatestrokesbetweerframeswhilst preservingvi-
sual attributessuchas orientationand colour [Litwinowicz 1997;
Kovacsand Sziraryi 2002]. Recentlyspatio-temporatonstraints

Figure1: A userinteractswith the paintingin a live installation
with acameranountedntop of themonitor;therenderingsvisual
style adaptsin realtime to re ect the perceved emotionalstateof
theuser
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Figure2: Architectureof the empathicpaintingsystem.Useremo-
tional stateis estimatedby detectingand combiningvisual cues
derived from the Facial Action Coding SchemgFACS). The state
estimates thenpassedo the painterlyrenderingalgorithmfor vi-
sualisation.

have beenenforcedthroughvideo to smooththe trajectoriesof
strokes[Hays andEssa2004; Wanget al. 2004; Collomosseet al.
2005]. However, the large temporalwindows requiredby these
techniquesnale themunsuitablefor real-timeprocessing.

3 Estimation of Emotional State

In this sectionwe rst describethe mappingfrom visual cuesto
emotionalstateandthenexplain the processby which thosecues
aredetectedn amonoculawview of theusersface.

Several approachesxist for deriving emotionalcontext from
facial expressions.Componentiabpproachegssociatemotional
interpretationswith distinct units of facial expression,such as
thosede ned by the Facial Action CodingSystem(FACS)[Ekman



and Friesen1978]. Expressionsare then typically classi ed by
their proximity to one of a set of prototypical emotionsin an
emotional space (usually accommodatingjoy, anger sadness,
surprise fearanddisgust[Black and Yacoob1997]). To facilitate
smoothanimationof renderingstyle we do not wish to cateorise
expressions, but instead require a continuous mapping from
obsenationsto the emotionalspace.To this end,we have adapted
an approachdiscussedn [Russeland Ferrandez-Dols1997] for
our empathic painting application, under which obsenrations
of facial action units (AUs) are mappedto vectorsin Russells
2D pleasure-arousaémotional space, adaptedfrom Plutchik's
activation-evaluation “emotional wheel” [Plutchik 1980]) — see
Figure 3. Notwithstandingour real-timeperformanceestrictions,
the task of accuratelyrecovering all 46 of the FACS action units
is a signi cant challengeto contemporaryvision techniques.
Ratherthan adoptan invasive marker-basedsystemwhich might
deter incidental interactionswith our system,we have adapted
threesigni cant visual cuesusedby FACS: foreheadfurrows (to
measuregaisedor loweredbrows), curvatureof the mouthandeye
opennessVariationin thesecuesis manifestedn sevenindividual
facialactionunitsdetectabldy our system.Emotionalexpression,
however, is not accomplishedsolely throughfacial deformations,
and so we have included an additional eighth “agitation” action
unit thatrelieson motion dataderived from the elementarytracker
embeddedn our system.

Individual video framesare submittedto the vision component
for classi cation at successie instantswritten astime t. Facial
featuresare rst locatedandsubjectedo af ne registration(Sec-
tion 3.1). Thepresencef oureightactionunitsis thenmeasuredby
a bankof four independentlassi ers (eachdealingwith a distinct
visual cue) describedin Sections3.2-3.5respectiely. Mid-level
featureanalysiswithin eachclassi er allows usto infer the lik eli-
hoodof a particularactionunit beingpresentat the currentinstant,
which is usedto producea signedscalarweightingw;(t) on cor
respondingrectorsy; associateavith eachactionunit. In orderto
cover theentireemotionalrange we have adaptedhe pleasureand
arousabaluessuggestethy Snodgrasgl997]to thevectorsy;, used
in our system(the mappingsbetweenractionunitsandy; aretalu-
latedin Figure3). A simpleweightedsummationof thesevectors
(centerof Figure2) yieldsa 2D pointP_(t):

8
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in Russellsemotionakpacehatis passedo thepainterlyrendering
componen{bottomof Figure2 andSection4).

3.1 Feature Tracking and Registration

Our systemincorporatesa fully automatedeye and mouthtracker
thatcompensatefor af ne variationof thefacewith respecto the
camergplane. The dominantfacial region within the frameis rst

detectedusinga standardHaarwaveletbasedapproacHViola and
Jones2001]. Threepoints correspondingo the centroidsof the
eye andmouthregionsarecomputedandusedto recover anaf ne

transformthat warpsthe faceto a normalisedreferenceramefor
subsequerdnalysishy thefacialactionunit classi ers.

The eyesandmouthregionsaretracked usingdeformabletem-
plate matchingwith the normalizedcorrelationcoefcient [Chau
andBetke 2005]. Theinitial few framesof video areusedto boot-
strapthetracker, duringwhich the subjectis assumedo befacing
thecamerawith neutralexpressiorandopeneyes.Pre-de nedtem-
platescombinedwith anthropometripropertiesof theaverageface
are usedto estimatethe location of the subjects eyesand mouth.
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Brow Fully Raised(1+2) Vi 0.0 0.7
InnerBrow Raised(1) vy -0.5 -0.7
Brow Furraved (4) V3 -0.5 0.7
Negative Mouth (various) A -1.0 0.0
Positve Mouth/ Smile (12+25) Vs 1.0 0.0
Wide Eyes(5) Ve 0.0 0.4
ClosedEyes(41,43,45) vy 0.0 -1.0
Agitation (N/A) Vg 0.0 0.5

Figure3: Above: Russells 2D pleasure-arousapaceusedto ex-
pressemotionalstatein our system.Below: Our facialactionunits
(AUs) adaptedrom the FACS schemd&Ekmans original AU noted
in parenthesesgndtheir vectormappingsn Russells 2D space.

Theselocationsare re ned via thresholding,and subject-speci c
templatesarethencutfor useby thetracker throughoutheremain-
der of the session. To improve tracking accurayg, templatesare
scaledand rotatedaccordingto the momentsof the facial region
identi ed within eachframe. We alsousea Kalman lIter to esti-
matethe secondordermotion parameter®f eachtracked feature.
This enableausto bothrestricttemplatesearcharounda predicted
featurelocation, so reducingthe high costsof template-matching
andimprove robustnesgo occlusions.

3.2 Mouth Shape Analysis

The rst of our classi ers considersthe detectionof mouth curl
usinga data-drven approachbasedon principal componentanal-
ysis (PCA). Principalcomponentanalysishasbeenappliedexten-
sively to the problemof faceandexpressiorrecognition(for exam-
ple [Pentlandet al. 1994]), and althoughsuchapproachesequire
ana priori supervisedrainingstep,their run-timeef ciency is ap-
pealingfor our application. Our classi er acceptsa mouthimage
isolatedby the tracker at time t, andreturnsa signedvalueon the
normalisedcontinuumspanningthe two extremesof upward and
downward mouthcurl. Our basictechniqueis to modelthe statis-
tical distribution of eachof threetrainingimageclasseseachclass
representin@ discretevalueon this continuum(speci cally down-
ward, neutraland upward curl). Thesedistributionsare built off-
line usingarepresentatie sampleof usersandundervaryinglight-
ing conditions(we usedaround800 framesin our experiments).
Givenanovel imageat run time we areableto infer the lik elihood
of membershigo eachdistribution, andsothe stateof the mouth.

We represeneéachmouthimageasavectorof concatenatepixel
grey-valueswhichwewrite x2 A" wheren is thenumberof of pix-
els. Trainingimagesx; areanalysedusing PCA andprojectedvia
their majoreigervectorsinto alower dimensionakpacecontaining
97% of training setvariation. We have obseredthe point distribu-
tionsof trainingclasseso be poorly approximatedy simplelinear



Figure4: Mouth curl distributions. A visualizationof the upward
curl (red), neutral(magenta)and downward curl (green)training
imagesets,projectedonto the rst threeprincipal componentof
thedistribution. Gaussiamixturemodelswereusedto modeleach
class.

models andsoclustereachof thethreeclasseén piecavisefashion
using GaussiarMixture Models (seeFigure4). Labelling classes
¢ 2 f1;2;3g, this resultsin threemodelsM ¢, eachcomprisinga
setof eigenmodel$ m, ;gc_i ;\:/C,i g wheremc,i isa mean,gc_i aset
of eigervectors,andV ., their correspondingigervalues. Given

amouthimagey, atruntime we may determinethe Mahalanobis
distanceto modelM ¢ (thatis, the inverselikelihoodof x beinga
memberof classc) using:
h T 1T i

I(eix) = min (m, )TV T (m, %) @
By computingsimplelinearcombination®f classmembershipsve
obtainthe parametersi,(t) andws(t) usedto weighthepositive v,
andnegative vs mouthvectorsin theemotionalstatespace.

3.3 Brow Analysis

Raisedor lowered brows featurein mary of the FACS action
units, and are detectedn our systemby measuringthe presence
of furrows in the foreheadregion (locatedabove the eyes using
simpleanthropometrigpropertiesof theface).Speci cally we aim
to measurdully raisedbrows (derived from FACS AUs 1 and 2,
vy), furrowed brows (FACS AU 1, v,), raisedinner brows (FACS
AU 4,v3).

Theforeheads often susceptibléo specularitiesvhich canad-
verselyaffectclassi cationbasedn adata-drienapproachesuch
asPCA usedin Section3.2. We have insteadadopteda feature-
basedapproachin which line segmentsare detectedusing a low-
resolutionHoughtransformoperatingoverthe Canry edgedetected
foreheadregion. Vertical wrinkles often indicatefurrowed brows
while horizontalwrinklesindicateraisedbrows [Tian et al. 2001].
In addition,araisedinnerbrow canalsoresultin wrinkles of arbi-
trary orientation.Pixelsdetectedvithin line sggmentsaretherefore
groupednto threesetsaccordingo line orientation:approximately
verticallines (setV), horizontallines (H) and“neither” (N). This
yieldsthefollowing respectre weights:

wp = min O;w @ %
1= A
kvVk kHk

= min O; —_ —
Wy i w T T

. . kHk  kVk.,.
w3z =min Ow 1 J(? ?)J 3)

on our actionunit vectorsv,..3, wherek:k indicatessetcardinality
T = kH[ V[ Nk, andw is aweightingfactorintroducedo prevent
misclassi cationof wrinklesthathave becomepermanenwith age
(computedhsaratio of edgepixelsdetectedn thecurrentframe,to
thosedetectedn the “neutralface”usedto bootstraghetracler).

3.4 Eye State Analysis

The degreeto which the users eye is openis a powerful cueto
alertness(arousal). We aim to measurea rangethat spansthe
closed,normal and wide-openstatesof the eye. Much work has
beendonein blink detectionandwe extendthe approactof [Chau
and Betke 2005] in the analysisof openand closedeye statesto
accommodatsvide eyesaswell. The correlationscoreuseddur
ing tracking of the eye region generallyadherego the inequality
1 Chomal > Cuwide > Colosed 0, WhereC subscriptndicatesthe
correlationscoreof a typical eye state. However this is insuf-
cientto accuratelydifferentiatebetweeneye states.\We re ne ac-
curay by combiningthis measurewith a further normalised‘iris
correlationmeasure” computedonly within the iris region of the
eyes, locatedusing the Hough Transform. We write the iris and
eye region correlationmeasuressz(t) andc(t) respectiely, com-
putedbetweerthe tracker templatesandthe currentframeat time
t. We obseredthebehaiour of c(:) andz(:) overeachof ourthree
discreteeye statesand modelledtheir lik elihoodsby six Gaussian
probability distributions B (c(:)) and Qi(z(:)) respectiely (where
i 2 f closed normal; wideg). Thelikelihoodof the eye beingin dis-
cretestatei attimet is thentheproduct:

pi(t) = R(c() Qi((1)) (4)

where pelosedt) and pyige(t) correspondo the facial action unit
weightswg(t) andwy(t) usedin Equationl. Notethatin orderto
minimisecomputationabverheadve calculatethe pixel difference
within eye regionsin consecutie framesto determineif eye state
haschangedsigni cantly. If theinterframedifferenceis lessthan
asensitvity thresholdthenwe simply returnp;(t)=p;i(t 1).

3.5 Agitation

Obsenationsof humaninteractionsuggesthatindicatorsof a per
son's arousalstateinclude not only speed(how quickly the face
moves), but also acceleratiormagnitude(how frequentlythe ve-
locity of the facechangesfor examplehead-shaking) We basea
simpleagitationclassi er ontheseobsenations.Usingthe Kalman
Iter statecomputedby the tracker (Section3.1) we obtainvalues
for the speedandacceleratiorof the midpointm betweerthe eyes.
Thesemeasuresre normalisedwith respectto scaleof the face,
yielding jmj andjrij respectiely. Theweightof agitationvectorvg
is thencomputeddy:

_Im

ot 2 € (5)

Wg
which introducesa biastowardsrapidly changingmotion, andal-
lows very low acceleratiorto resultin a slightly negative arousal
value(we have founde = 0:15to beasuitablevaluethroughexper
imentation).

4 Image Stylization

We now describethe fastmulti-resolutionalgorithmusedto gen-
erateframesof painterlyanimationfrom a sourcephotograph.in



Figure5: Sampleoutputgeneratedby our painterlyrenderingalgorithm(Sectiond), original photographénset. Renderingparametersvere:
p1= 0:3;p2= ( 0:3;0:0); p3 = 0:31; pg = 0:0; p5 = 0:5 (left image),andp; = 0:0; p2 = (0;0); p3 = 0:0; ps = 0:0; p5s = 0:0 (rightimage).

contrastto the majority of painterly renderingalgorithmswe op-
erateusing multi-scalesegmentationonly, escheving imagegra-
dient measuredor region shapepropertiesto guide stroke place-
ment. Most imagebasedpainterlyalgorithmsaim to consere de-
tail by aligningstrokestangentiato edgegetectedn theimageus-
ingintensitygradientdirection(e.g.[Litwinowicz 1997;Hertzmann
1998; CollomosseandHall 2005]) or statisticalmomentgTreavett
and Chen1997; Shiraishiand Yamaguchi2000]. However, such
measuresftenbecomenoisyin relatively at (non-edgeprease-
sultingin chaoticorientationof strokeswherethereis no predom-
inantdirectionof intensitygradientor variance.This canresultin
pooraestheticén objectinteriors. Someapproachebave usedex-
pensve interpolationtechniquese.g. thin-platesplines[Litwinow-
icz 1997]andradial-basidunctions[Hays and Essa2004],to cre-
ate smoothdirection elds betweensparse,irregular samplesof
strongedgedirection. Herewe borrow from our previous work in
painterlyvideostylisation[CollomosseandHall 2005]— perform-
ing mid-level imageanalysisthroughsegmentationand consistent
alignmentof strokeswithin sggmentedregions. Regionsareren-
deredby laying down “interior” strokesof similar orientationand
“boundary”strokesplacedaroundtheregion's perimeter(including
ary holesthat may exist within the region interior). A similar ap-
proachto stroke placemenivasrecentlyappliedto the generation
of paintingsfrom object-spacévy [Kolliopoulos 2005], although
this work focusedprimarily uponderiving a temporallycoherent
geometrysggmentatiorof scenes.

4.1 Stroke placement

We begin by creatinga colour band-paspyramid segmentationof
the sourceimageusingthe EDISON algorithm[Christoudiaset al.
2002] (after [DeCarlo and Santella2002]). Successiely coarser
layersof the pyramid are sub-sampledvithout low-pass ltering
to presere cornersanddiscontinuitiesin the boundariesof large
regions. Pyramidlayersarethenrenderedn coarseto ne order
For eachlayer, we rst renderthe“interior” strokesof all regions,
thenthe“boundary”strokesof all regions. Brushstrokesareformed
using Catmull-Rompiecavise cubic splines,the control points of
which are computedfrom the binary image of eachregion. We

now describethe stroke placemenprocesgor renderingonesuch
region.

4.1.1 Interior Strokes

The interior of a sggmentedregionis rst lled usinga modied
boundary- Il algorithmthatpaintsstrokestangentiato theregion's
principal axis. We computethe eigervectorsof pixel coordinates
insidetheregion, andtemporarilywarptheregion sothatits princi-
pal eigervectoris parallelto the horizontal.Scan-linesrethentra-
versed andstrokesarestartedandterminatedasregion boundaries
areencounteredheverticalinterval betweerscan-linesluringpro-
cessingis proportionalto stroke thickness. Stroke control points
aredistributed uniformly over the stroke's length, andjittered via
smalltranslationgo disguisetheregularity of the stroke placement
procesgseeFigure6). Stroke colouris computedusingthe mean
colourof theoriginalimage, sampledat pixelscorrespondingo the
stroke's controlpoints. Stroke thicknesds seton a perregion basis,
in proportionto area. In the caseof very large regions, thickness
is cappedandstrokesare paintedhorizontally (after [Kolliopoulos
2005])to presere naturalappearance.

4.1.2 Boundary Strokes

The boundaryof the sgmentedregion is encodedasa run-length
compressedreeman(chain) code,and stroke control pointsgen-
eratedby vectorizingthis codesequencePointson the chaincode
arevisited oneat a time andaddedto aninitially empty“working
set”. Upon eachpoint's addition,we sumthe distancebetweenrall
pointsin theworking setto aline dravn betweerthe rst andlast
pointsin thatset. If thedistances above athreshold(or no further
pointsremainin thechaincode),we outputthemostrecentlyadded
point asa stroke control point. The working setis thenemptied.
Figure 6 illustratesthe control points (magenta)generatedrom a
chaincode(cyan). A brushstrolke is terminatedanda new stroke
startedwhenthe anglebetweeradjacentontrol pointsrisesabove
a presetthreshold(we use50 ). A stroke may alsobe terminated
if the colourof anew controlpoint differsfrom the meancolour of
thosealreadypresento the stroke by morethana presethreshold



Figure6: Falsecolourillustration of interior andboundarystroke
placementvithin thebrown region of the DRAGONimage(seeFig-
ure 7, bottom). Chaincodeentriesindicatedin cyan, and stroke
control pointsdeducedrom thesein magenta.Stroke medialaxes
indicatedin white.

(weuse0.3in anormalisedCIELAB* space)Stroke thicknessand
colouraresetaswith theinterior stroke placemenprocess.

4.2 Rendering Parameters

Althoughit canbe dif cult to separatehe subjectof the painting
from the emotionalatmospherét expressesseveral psychological
studiessuggesstrongcorrelationsdetweercertaintypesof strokes
or colour combinationsandthe emotionalcontect or “mood” por

trayedby a visual artwork. For instance,color psychologysug-
geststhat bright colors are exciting, while cooler colourssuchas
bluesand greenare calming [Mahnke 1996]. We have incorpo-
rateda gamutof suchpsychologicatuesfrom theliteraturewithin

our paintingalgorithm. The expressionof thesecuesis governed
by the stateestimateP (t) determineddy thevision componentn

Section3.2. In orderto prevent prevent ick er andtemporaldis-

continuitybetweerframeswe rst low-passlter thissignalusing
a nite impulserespons€FIR) Iter of theform:

P =aP )+ apPqt 1 (6)

where a representshe expectedspeedof emotionalstatevaria-

tion; we found a = 0:3 suitablefor our installation. We createa

mappingfrom P_{t) to anumberof normalisedstylisationparam-
etersgoverningstroke placementtonalvariation,stroke denotation
styleandaccuray, detaileddescriptionf which aregivenin Sec-
tions 4.2.1-4.2.3.In the majority of caseswe createa continuous
mappingfrom P_%to the it parameterp;, by allowing the userto

sketch a trajectoryacrossthe pleasure-arousapacebetweenthe

two extremaof the parameterp; = [0;1]. The trajectoryis ex-

pressedasa parametriccurve T;(p;) wherep; is anarc-lengthpa-
rameterisationWith eachtrajectoryT;(:) de ned a priori, cueex-

pressiorparametergrerecoveredby solving:

pi = argminiP_° T;(¥)j) @)

The exceptionis the cue governing tonal variation, which is ex-
pressedsanon-linearfunctionof P_%tore ect theseparateffects
of pleasureand arousalwith respectto colour We now describe
eachof the style parameteré turn.

4.2.1 Region Turbulence (p1)

We wish to encompasa gamutof brushstroke stylesrangingfrom
the calm, serenewashesof a watercolourto the enegetic swirls
of a Van Goghoil or the chaoticstrokesof a Turneror Dzigurski
seascape Sucheffects are often manifestedwithin expansve re-
gions(e.g.skies),whilst alsomaintaining delity aroundtheedges
of regions[Butler etal. 1994]. We canintroducea rangeof similar
effectsby repeatedlyperformingboundarystroke placemen(Sec-
tion 4.1.2)with regionsbeingsubjectedo morphologicalerosion

a) b) c) d)

Figure7: Someof the effectsgeneratedy varying style parame-
ters. Top: A singlebrushstroke renderedvith a rangeof undula-
tion (p4) andjaggednesgps) parameters.From left to right; (a)
ps = 0:0; ps = 0:0, (b) ps = 0:0; ps = 1:0, () ps = 0:7; ps = 0:0,
(d) ps = 0:7; ps = 0:8. Bottom: The effect of the turbulence(p;)
parameteion interior stroke regions (most pronouncedn the re-
gionsindicated).

prior to eachiteration. This hasthe effect of allowing boundary
strokesto encroactupontheinteriorsof regionsin anunstructured
manney so breakingup smoothexpanses.The numberof process
iterationsis proportionalto renderingparameteips, the trajectory
of which s typically sketchedin broadalignmentwith the arousal
axisin thepleasure-arousabpace Figure7 (bottom)illustratesthe

effect of this parametepn a sectionof the DRAGON painting.

4.2.2 Tonal Variation (p,= P {t))

It is well known that certaincombinationsof colourscan evoke
particular emotions, so helping to corvey a particular mood
to a composition. Although a number of studies attempt to
attribute emotional semanticsto particular colour ranges,there
is little generalconsensusxcept for a few specialcases(such
as expressionsof anger or sadness)Pickford 1972]. Rather
Wright and Rainwater [1962] have found the notion of happiness
(pleasantness)o be primarily dependenton colour brightness
(luminance), and to a lesserdegree on saturation. Intuitively
arousalcorrespondgo colour saturation,but can also be linked
to hue. Wright and Rainwater's study hasshavn calmnesdo be
blue-correlatedWright and Rainwater 1962], but accordingto
Mahnke bluemayalsosuggestlepressiomandcold [Mahnke 1996].

We have de ned a numberof transferfunctions that operate
upon hue, saturationand luminanceas a mechanisnfor instan-
tiating the colour heuristicswe have distilled from the literature.
The complex psychological theories underpinning colour and
emotion generatenon-linear mappings of hue, saturationand
luminancevariationto the pleasure-arousabace We approximate
thesepiecavise with a collection of linear transferfunctions—
differentfunctionsareappliedin eachof six regionsof the space.
Figure8 illustratesthe boundarie®f theseregions,andthetransfer



functionsusedoverthepleasure-arousapace FunctionsG(x) and
U(x) correspondo greying and un-greying (scalingsaturationin
proportionto x), while D(x) andL(x) correspondo lighteningand
darlkening (scalingluminancein proportionto x). The operation
of the latter function is cappedfor “boundary” brush strokes to
prevent bleachingof ne detail. Careis taken in blendingthe
constantof proportionalityto prevent visible discontinuitiesnear
theboundariesle ned overthe pleasure-arousabace.

FunctionsTy1(x) andT,(x), indicatedin Figure8, aretwo special
casedhatencodehuevariationconsistentvith arousedlispleasure
(angenandapathetidispleasurédepression)Hueis manipulated
via anRGB spacdransformatiorprior to saturatiorandluminance
manipulations.In the former caseT(X), predominantlyred colors
arereddenedandgreen(associateavith calm)is reduced(in pro-
portionto x). Theseeffectscombinewith the saturatiorandlumi-
nancetransformationslreadypresento producethe combination
of arousededsanddismaldarksthatappeain psychologicaliter-
aturein associatiorwith anger In thelattercaseT,(x) we increase
thebluein proportionto x to generatea monotonousshift into the
blue spectrumassociatedavith sadnesandcalm. Coloursarealso
desaturatec@nd darkenedin accordancewith transformationsal-
readypresenin thatquadranbf the space.

4.2.3 Stroke Denotation Style (ps  ps)

Herver [1935] suneyed artists' useof line andfounda correlation
betweendenotationstyle and the emotionalcontext cornveyed to
viewers by a drawing. Gently sloping curves were obsened to
depict serenity laziness,or tendersentimentalityin a subject—
whereasharshanglesor jaggedstrokes depictedvigorousity or
power in a subject, expressingfury or agitation. Thesestudies
expandedupon earlier investigationsinto line style by [Poffen-
bewger and Barronvs 1924] and [Lundholm 1921] who obsered
impressionsof agitation or unpleasantnesfo be corveyed by
lines exhibiting discontinuitiesand angularities. Halper et al
form similar conclusionsin a recentobsenational study [Halper
et al. 2003] of the affective nature of NPR, and similar visual
cues remain commonin contemporarycomic-strip inking. In
responsewe have introducedtwo parametergo control stroke
undulation (p3) and jaggednesgps). The former is typically
sketchedalongthe arousalaxis, andthe latter diagonallyfrom the
displeasure-arouseduadrantto the pleasure-sleemuadranton
Russells emotionalspace.

Whenrenderinga given stroke we createan arc-lengthparam-
eterisationover the piecavise Catmull-Romspline that smoothly
interpolatesstroke controlpoints,which we write asP(s). To intro-
ducestroke jaggedneswe createafurther, linearinterpolationover
the control pointsL(s) usingthe samearc-lengthparameterisation.
We now form a new stroke plotting function Q(s) by combining
thesefunctions: B

Q() = (1 pa)P(s) + paL(s) ®)

We introduceundulationsinto the stroke by translatingeachpoint
on the stroke curve PYs) alongits normal,accordingto a periodic
function O(s). The frequeny and amplitudeof this function are
proportionalto p3, but arerandomlyperturbedto avoid introduc-
ing regularity into the painting. To maintainthe desiredjaggedness
of the stroke, this functionis a weightedsumof a smoothanddis-
continuousperiodicsignalsOp(s) andQ, (S); in our casesineand
triangularwavesrespectiely:

Q(s) = (1 pa)(B(9) + Op(s;p3)) + pa(L(s) + OL(s;p3))  (9)

We have alsointroduceda furtherparamete(ps) to damperthe ef-
fectsof undulation(ps) oninterior strokes,which canoftenleadto

Arousal (a)
7\.} i -
ol e
W,

.. UGalph

/;(IPI-IB\) ’U(a) ’

Dis- s Pleasure
pleasure ®)

L(p)

\ D(lplal) , -
)

O\

G(a) ‘

L(p)

Tominlpl.lal)
g —

i

Sleep

Figure 8: Schematicillustrating the various colour transforma-
tionsperformedwithin regionsof the pleasure-arousapace False
colouris usedhereto represenintensityof particularcolourtrans-
ferfunctionandis notrelatedo colourchangesnanifestedn paint-
ings. FunctionsG, U, L, D, T; andT, arede nedin Sectiorn4.2.2.

highly chaoticstroke placementsn the background®f paintings.
We have found that this parametes mappingcan be sketchedei-

therin parallelwith the arousalaxis, or on the diagonalbetween
the pleasure-arousednd displeasure-sleeguadrantsdepending
onuserpreference.

4.3 Rendering Process

To enablereal-timerendering,computationof the band-passey-
mentationandstroke placementss performedasa pre-processing
stepduring systeminitialisation. During the interactve phaseof
execution, the strolke list needonly beenrenderedand stroke at-
tributesmodulatedn accordancevith parameterg;..5. Strokesare
thentexturedandbump-mappedisingstandardyraphicshardware
to give anoil paintedappearancfHertzmann2002]. Unfortunately
parametelp; altersthe numberof strokesin the painting,sointro-
ducingcomplicationsunderthis optimization.Real-timeoperation
canbe maintainedby quantisingthe rangeof p; andlabelling por
tionsof thestroke list asvisible only in particulardiscreteintenals
of p1. Therequiremenfor a stochastiqrocesgo drive someas-
pectsof painting (for examplestroke undulation)could introduce
temporalincoherencesparametersary over time. We avoid this
by assigninguniqueidenti ers to eachstroke on creation. These
numbersareusedto seedhe pseudo-randomumbergeneratobe-
fore plotting eachstroke, so ensuringa reproduciblebut seemingly
“random” seriesof perturbationdor eachstroke. Becausewe in-
troduceartifacts suchas jaggednessnd undulationat the stroke
renderingstage(ratherthanby addingadditionalcontrol pointsto
the stroke), we needonly maintaina static strole list for render
ing — thisimprovesbothreal-timeperformancendalsotemporal
coherencef thepainting.

5 Results and Discussion

We have describedan interactive systemfor creating“empathic
paintings”the stylesof which reactin realtime to re ect the per

ceivedemotionalstateof theviewer. The systemcomprisesacom-
putervision componenfor expressiorrecognitionanda computer
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Figure9: Still framesdemonstratingypical operatiorof the“empathicpainting” usingthe DRAGON photograpl{Figure10). Threedifferent
facial expressiongrom top to bottomdepictinganger sadness/despaandjubilation. The measuredoordinatesn Russellpleasure-arousal
statespace(centre),arrans indicatetrajectoryover the previous 10 frames. The resultingpainterlyrenderinggright). Note thesepaintings
have beengammacorrectedor printing— highresolutionoriginalsareavailableat http://www.cs.bath.ac.uk/ vision/empaint

graphicccomponento visualisetheestimatec&motionaktateof the
viewer througha non-photorealistipainterlyrenderingalgorithm.
We have implementedhe systemon a standardPentium4 2.8GHz
machine,with NVidia GeForce 6600 graphicsacceleratar Paint-
ing initialisation took approximately30 secondsand by leverag-
ing commonlyavailablelibraries(OpenGL,0OpenCV)a maximum
framerateof four framesper secondwvasachiezed duringinterac-
tion. Similar framerateswerefound suitablefor painterlyinterac-
tion in [HertzmannandPerlin2000].

Figure 9 shawvs a gallery of facial expressionsthe perceved
emotional state in Russells pleasure-arousakpace, and the

correspondingpainterly renderinggeneratedrom the DRAGON
image (Figure 10, top-left). The useris expressingangerin
Figure 9 (top), correspondingto high displeasureand moder
ately high arousal. The painterly output mirrors this through
a general red-shift and luminance reduction of colours used
in the rendering. Strokes becomemoderatelyundulated, and
noticeablyjaggedand chaotic. Renderingparametersvere setat
Pr1::5¢ = [0:64;( 0:86;0:73);0:62 0:85,0:58]. In Figure9 (centre)
the userexpressesadnes®r despairre ectedin high displeasure
andneutralto negative arousal;falling within the third quadranof
the emotionalspace.The presencef userstatein the third quad-



rantgenerates colour shift towardsthe calmerbluesandgreens,
with low arousaklsomanifestingtself throughbothlow saturation
andstroke undulation,aswell asa muchcalmer lesschaoticback-
ground. As with anger the high displeasurescorehasgenerated
a generaldarkening of theimage. Renderingparametersvere set
at Pri5q = [0:33( 0:96, 0:22);0:31,0:52,0:24]. In Figure 9
(bottom) we give an example of a cheerful, jubilant expression
correspondingto moderatelyhigh scoreson both arousal and
pleasureaxes. In this examplewe seehighly agitatedand chaotic
stroke placementaggin re ecting high arousalscores.This output
is slightly over-agitatedfor the currentemotionalstate(indicated
by the red circle on the plot), andthis canbe attributedto recent
historicalstatesexpressingnuchhigherarousal(indicatedby blue
vectortrail) — theFIR Iter imposedsmoothingconstraintonthe
NPR style parametersin this caseintroducinga shortlag to miti-
gate agpinsttemporalincoherencen the animation(this trade-of
is controlledby parameter, seeSection4.2). The cheerful,vivid
colourselectionis aresultof the combinationof high pleasureand
arousablalueswithin the rst quadrantRenderingparametersvere
setat py.5q = [0:87,(0:67,0:73);0:85,0:47,0:91]. A *“control”
painting,generatedrom a neutralexpressiorstate(P_  (0;0)) is
shavn in Figure10.

For the purposesof evaluation we deplo/ed our empathic
paintingsystemin alive installation,allowing usersto experiment
with our interactionmethodand explore the gamut of painterly
stylesavailable. Userfeedbaclkwasbroadlypositive, bothin terms
of paintingaestheticandmethodof interaction.In particularusers
felt engagedwith the system,remarkingon the intuitive nature
of the interface and that they felt able to easily control the style
of the painting to producetheir desiredresults. To attemptto
quantify this notion of intuitivenessa small group of userswere
taken asideand presentedvith a seriesof sliders corresponding
to rendering parametersps .64 and, following instruction on
their operation,aslked to generatepaintingsexhibiting particular
a emotional atmosphere— for example, a cheerful, enepgetic
painting. Whilst usersof the standardsystemwereableto produce
sucharesultin oneor two secondsthe sameusersmanipulating
the sliderswere obsered to revert to several cycles of trial and
error experimentation; often taking betweentwenty to thirty
secondgo producepaintingsof similar style. However we note
that the con guration spaceof the painting was less constrained
whenusingthesliders.

We believe there are a number of interesting avenues for
building upon this experimentalsystem. Certainly e xibility of
the computervision andgraphicscomponentgould be improved.
Facial expressionrecognitionis currently trainedon the features
of a single user and accurag variesgreatly betweenparticipants
(most notably with age, and to a lesserextent gender). This
often requiresrecalibrationbetweenusersto obtain acceptable
results. Likewise the graphicscomponentrelies on a seriesof
subjectve mappingsbetweenthe emotional spaceand the style
parameterf the painterly algorithm. We have found that the
mappingsspeci ed in Section4.2 areappropriatefor the majority
of users,however one might imagine a scenariowhere the user
would preferto seea cheerfulpaintingproducedn responsdo a
despondeninput expression. Thesemappingsmight alsorequire
modi cation to take into accountcross-culturalvariation in the
way visual cuesare usedto depictemotionalstate;suchvariation
would require recon guration of the trajectories suggestedin
Section#4.2.1-4.2.3.

We have recentlyexperimentedvith the additionof a parameter
controlling strolke colour jitter (aligned to the arousalaxis) to
producepaintingsin a more abstractstyle, andalso experimented

Figure 10: Control data. The sourceDRAGON image (top-left)
usedto generatgaintingsin the gallery of Figure9. A neutralex-
pressiorcorrespondingo approximatelyP_  (0;0) in the Russell
spacetop-right)andtheresultingneutralpainting (bottom).

with alternatve stroke textures (Figure 11). In future work we
hopeto explore more rigorously the extensionof our systemto
alternatve artistic genressuch as pen-and-inkor watercolour
However we do not believe such enhancementsiecessaryto
demonstrate that conceptually higherlevel parameterisation
of NPR algorithms can play a valuable role in intuitive user
control of artistic renderings. We look forward to further exper
imentationin thedesignof novel userinteractionmethoddor NPR.

A video of the system$ operation is available at
http://www .cs.bath.ac.uk/ vision/empaint
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