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This chapter exploresalgorithms for the artistic stylisation (transformation)
of photographs into digital artwork, complemeriing techniques discussedso
far in this book that focuson image generation. Most artistic stylisation algo-
rithms operate by placing atomic rendering primitiv es\strok es" on a virtual
carnvas, guided by automated artistic heuristics. In many casesthe stroke
placemern processcan be phrased as an optimisation problem, demanding
guided exploration of a high dimensional and turbulent seard spaceto pro-
duce aesthetically pleasing renderings. Evolutionary seard algorithms can
o er attractiv e solutions to sudh problems.

This chapter beginswith a brief review of artistic stylisation algorithms, in
particular algorithms for producing painterly renderingsfrom two-dimensional
sources.lIt then discusseshow genetic algorithms may be harnessedboth to
increasecortrol over level of detail when painting (so improving aesthetics)
and to enhanceusability of parameterisedpainterly rendering algorithms.

1 Intro duction to Artistic Rendering

Researt in Computer Graphics hastraditionally focusedon attaining photo-
realism; simulating physical interactions between light and modelled objects
to produce scenedit in an ostensibly natural manner. Over the past decade
the dewvelopmert of rendering styles outside the bounds of photorealism has
gathered signi cant momertum | so called non-photorealistic rendering or
NPR. In particular, algorithms for generating artistic renderingsfor the pur-
poseof aesthetics(for examplepen-and-ink hatchings[1, 2], or paintings [3, 4])

have received considerableattention from NPR researters. Artists typically

draw not only to corvey scenecontent, but alsoto corvey a senseof how that

cortent is to be perceived. Artistic renderingstherefore o er numerousadvan-
tagesover photorealistic imagery, including the ability to stylise presenation,

abstract away unimportant detail and focus the viewer's attention.
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The dewelopmert of automated artistic rendering algorithms arguably be-
ganin the early nineties with Paul Haeberli's machine assistedpainting envi-
ronmernts [5]. Despite the advancesin artistic media modelling made during
the late eighties, Haeberli obsened that corvincing impressionist style paint-
ings remained unobtainable in digital paint systems.Blaming the time over-
headrequired to selectnew coloursfrom the palette, Haeberli deviseda novel
stroke basedrendering system basedon sourceimage point sampling.

In Haeberli's system the user starts with a source photograph that they
wish to paint, and is supplied with a virtual carnvason which to produce the
painting. The userthen movesa cursor over the virtual carvas creating brush
strokesasis commonin typical digital paint systems.The colour of the brush
stroke is determined by point sampling the sourceimage at the location of
the cursor. Stroke orientation may also be determined automatically by point
sampling intensity edge gradient (computed using a Sobel operator) while
other brush attributes, such as brush size and style, can be varied interac-
tively by the user. A painting is thus represerted asan orderedlist of strokes,
ead stroke exhibiting a mixture of user and systemde ned attributes. This
semi-automatic painting approac was judged highly e ectiv e by userswho
were able to construct renderings quickly and easily Thereafter, Haeberli's
combination of sourceimage point sampling and stroke basedrendering be-
came something of an NPR paradigm and has beenincorporated in to most
painterly rendering algorithms subsequetly developed.

1.1 Fully automatic painting algorithms

The novelty and high aesthetic quality of Haeberli's renderings prompted
researt) e orts into both alternativ e artistic styles for NPR, and further au-
tomation of the painting process(for example, to facilitate painterly anima-
tions). In this chapter we focus on the topic of painterly rendering, and so
review only the latter body of work.

The earliestattempts to derive fully automate the stroke placemern process
simply substituted the userinteractive componerts of Haeberli's system (e.g.
brush stroke size, or stroke painting order) with pseudo-randomprocesseg6].
This led to a disappointing loss of detail in paintings, as brush strokesfrom
visually important (often termed \salient”) image regionstended to become
overlapped and obscuredby strokesfrom unimportant (non-saliert) regions.
To mitigate against this problem, various image data driven algorithms were
developed that place strokes and modulate their attributes accordingto im-
age content. These fully automatic algorithms encade procedural heuristics
designedto enmulate the human artistic process.

The rst heuristics appearing in the literature were driven by low-level
image processingoperators. Lit winowicz presered an algorithm for painterly
rendering using rectangular brush strokes [3] which were clipped against
thresholded Sobel edgesdetected in the image. As with Haeberli's system,
strokes were oriented tangertial to edgegradient. Litwinowicz's system was
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Fig. 1. Paintings produced interactiv ely using Haeberli's impressionist system. The
user clicks on the canvas to create strokes, the colour and orientation of which are
point sampled from a reference photograph (inset). Reproduced from [5]. Courtesy
Paul Haeberli. Copyright 1990 ACM.

thus prevented from painting \outside the lines" of edgefeaturesin images,
so avoiding the problematic loss of detail causedby earlier pseudo-random
systems.Statistical image measureswere employed by Treavett and Chen[7],
and later by Shirashi and Yamagudi [8]. These systemscompute statistical
momerts of pixel intensity within a small pixel window local to a stroke's
intended position. Strokes are then painted tangertial to the axis of least
variance within that window.

In these early automated painterly algorithms, the generated \brush
strokes" were little more than textured stamps certred, rotated and com-
posited on carvas as directed by the painterly rendering algorithm. The late
nineties sav the dewvelopmert of a new generation of algorithms that paid
greater attention to the complexities of stroke placemen. Hertzmann devel-
oped a painting algorithm that made useof curved spline brush strokes tted
to strong Sobel edgedetectedin the sourceimage. Stroke cortrol points were
formed by modelling a particle that \hopp ed" between pixels along stroke
image edgesin a similar fashion to the algorithm described later in subsec-
tion 2.2.2. Hertzmann also adopted a multi-resolution approad to producing
his paintings, initially producing a coarsescale painting using large strokes
painted on a heavily sub-sampledimage. The painting was then re ned it-
eratively by painting increasingly ner strokeson carnvas using decreasingly
sub-sampledversions of the sourceimage. Curved strokes were also used in
Curtis et al.'s watercolour painting system[9], accompaniedby a sophisticated
model of watercolour pigment and substrate.

1.2 More sophisticated approac hes to painterly rendering

Most of the painterly rendering algorithms deweloped in the nineties can be
characterisedas spatially local, non-linear ltering operations. Strokesare po-
sitioned on carvas solely on the basis of information extracted from a small
pixel neighbourhood certred upon the stroke's location. This obsenation was
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made explicit by Hertzmann et al.'s \Image Analogies" system [10] which,
when preseried with a photograph and a painterly rendering of that pho-
tograph, was able to learn painterly rendering transformations by example.
This wasaccomplishedby modelling the mapping betweencorresponding pixel
windows in ead image. Simple linear transformations sudh as sharpening or
blurring could alsobe learnt in this manner.

At that stage of dewelopmert, painterly rendering heuristics focused on
the presenation of high frequency detail (e.g. edgesor ne texture) to mit-
igate against loss of saliert image cortent during the painting process.For
example in Hertzmann's \P aint by Relaxation" systems[11] (discussedin
subsection2.1), paintings were created via an optimisation processin which
the objective function minimised discrepanciesbetweendetail in the original
and painted images.This tends to produce a machine-generatedsignature in
the resulting painterly renderings; human painters do not seekto presere all
content when rendering a scene,but rather paint to emphasisethe perceptu-
ally salient detail in that a scenewhilst abstracting away non-saliert details.
The emphasisplaced on a particular region within a painting is therefore a
function of the relative importance of that region to the artist. Suc obsena-
tions have most recertly motivated a trend away from use of local low-level
image processingoperators towards the incorporation of mid-level computer
vision techniquesin stroke placemern heuristics (in particular, image salience
measureg12] and colour segmemation algorithms [13, 14]). Notably, DeCarlo
and Sartella produced a segmetation basedpainting system[14] in which an
eye tracker was usedto monitor a user'sinterest in regions of a source pho-
tograph, so producing an saliencemap of the image interactively. Preserting
a userwith a photograph would causehis or her gazeto automatically xate
upon perceptually saliert regions of the image. The location and duration
of these xations governed level of detail in DeCarlo and Sartella's painting
process.In Section 2.2 we discussa fully automatic approac to producing
salienceadaptive painterly renderings[12].

We conclude this review by observing that various attempts have been
madeto produce painterly animations from video. This is a challenging prob-
lem; the presenceof video noise or processnon-determinismin painterly ren-
dering algorithms frequertly inducesa distracting ic kering or in the painted
animation that prohibits the independen rendering of video frames. A naive
solution to this problemisto x the positions of brush strokes, allowing only
their coloursto change. This givesthe impressionof video moving \b ehind a
shower door" [15] and is aesthetically poor in most casesLit winowicz wasthe
rst to produce a solution, making use of optical ow algorithms to estimate
the motion of pixels from onevideo frame to the next [3]. The idea s straight-
forward, paint strokesare generatedon the rst frame of video and translated
to subsequen frames basedon the inter-frame motion estimate. This tech-
nigue was applied in parts of the movie \What dreams may come", which
won an Acadeny Award for \Best Visual E ects" in 1998.Unfortunately op-
tical ow estimatesare often inaccurate in generalvideo, and the errors that
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Fig. 2. Curved B-spline stroke paintings produced by Hertzmann's original, single-
pass algorithm [4] (left) and by Hertzmann's active contour (snake) optimisation
process[11] (right). Note the improvemerts in stroke placemert precision using the
latter. Reproduced from [10]. Courtesy Aaron Hertzmann. Copyright 2001 IEEE.

accunulate and propagate throughout the animation require extensive man-
ual correction to prevert ic ker in videosof a practical size.Other temporally
local algorithms, making use of inter-frame di erencing rather than optical
o w, were preserted in [16]. Most recertly, researters have begunto explore
the avenue of spatio-temporal optimisation in video for painterly rendering,
with somepromising results addressingthe problem of stroke ic ker [17, 1§].

2 Painting as an Optimisation Problem

Most painting rendering algorithms treat painting as a \single-pass" process;
pixels in the image are examined in turn, and strokes placed according to

various artistic heuristics. Although the image might be processedepeatedly
at di erent scales(producing successie coarseto ne layers of strokes|[4, 8]),

once a particular stroke is placed there is no subsequeh adjustment of its

position or attributes to improve the painting in a more global senseRecerily

researters have begunto addressthis shortcoming by phrasing the painterly

rendering processas a global goal-directed seard (optimisation) problem.

2.1 Paint by Relaxation

Although optimisation approacesto painting were rst suggestedby Hae-
berli [5] it was not until a decadelater that the rst algorithmic solution
was preserted by Hertzmann [10]. Hertzmann extended his single-passcurved
stroke painterly algorithm [4] by treating ead stroke as an active contour
or \snake". Snakes are a computer vision innovation deweloped in the late
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eighties by Kass et al. for the purpose tting of curvesto edgesdetected in
images[19]. A snake is typically a piecewisecurve whose cortrol points are
iterativ ely updated to minimise an energy function; a processtermed relax-
ation. Ideally, this hasthe e ect of moving the curve incremertally closerto
the edgeover time. The energyfunction for a snake is a weighted sum of \in-
ternal" energy parameters, guarding against sharp discortin uities or \kinks"
appearing along the curve, and \external" energy parameterswhich serne to
minimise distance betweenthe curve and edgesdetectedin the image.

In Hertzmann's optimisation system, a single painting is created from the
source photograph and iterativ ely updated to corverge toward an aesthetic
ideal. Strokesare placedin their initial positions on canvas using an existing
curved stroke painting algorithm [4]. An iterativ e optimisation phase then
beginsin which snake strokesare added, deleted or moved (relaxed) over the
carvas to minimise an objective function that ewaluates the quality of the
painting. Hertzmann deemsa high quality painting to be one that matches
the sourceimage as closely as possible, using a minimal number of strokes
but covering the maximum area of canvasin paint. His objective function is a
summation of four weighted scalarfunctions which assesshe current painting
'P' with respect to theseattributes.

width hsight
Eapp(P) = !4 P(xy) Gy )
x=1 y=1
X
Earea(P) = !2 Area(S) (2
S2P
Enstt (P) = '3 (number of strokesin P) (3)
Ecov(P) = !4 (number of unpainted pixels in P) 4)

Weights ! ;..4 cortrol the inuence of eat quality attribute and are de-
termined empirically. Vector functions P (x; y) and G(x; y) referto RGB pixel
colour at point [x;y]" in the painting and source photograph respectively.
ExpressionS 2 P refersto all strokescomprising painting P. Summing the
areas of strokesin equation (3) yields a value analogousto the quantity of
paint usedin producing the painting.

Figure 2 demonstratesthe signi cant improvemerts in accuracythat can
be obtained using an optimisation approac to painting. However the consis-
tently high level of detail returned within the painting can causethe rendering
to tend badk toward photorealism, and is arguably inconsistert with the se-
lective processof abstraction with which artists paint. Furthermore the snake
relaxation processis prone to falling into local minima. Artifacts may appear
in paintings where snake relaxation falls into local minima causing strokesto
be painted erroneouslyacrosssaliert featuresin the image.In most caseshis
can be resolved by tweaking weights ! 1.4, and re-running the optimisation.
Snake relaxation is alsocomputationally expensiwe, and this placessigni cant
limitations on the usability of the systemfor experimentation and exploration
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of potential artistic styles. A typical painting containing tens of thousands of
shake strokes can take many hours to optimise.

2.2 A Search for Salient Paintings

Art historian E.H. Gombrich writes that \w orks of art are not mirrors" [20]
| rather, artists commonly paint to capture the structure and elemerns of a
scenethat they considerto be visually important (salient). In an addendum
to Hertzmann's \P aint by relaxation" paper (subsection2.1) userscould draw
masks over regions of the image to reduce the in uence of equation (2), so
interactively attenuating non-saliert detail in theseareas(a precursorto De-
Carlo and Sartella's gazedriven painting system, section 1.2). In this section
we describe an algorithm for rendering imagesin an impasto oil painted style,
automatically identifying saliert regionsin the sourceimage and concerrat-
ing painting detail there. The algorithm was deweloped by Collomosseand
Hall [12] and extends an earlier pilot study [21] which demonstrated that or-
dering the placemen of virtual brush stroke with respectto imagesaliencecan
enhanceboth accuracyand senseof composition within a painterly rendering.

Collomosseand Hall's algorithm makesuse of a Genetic Algorithm (GA)
to seard the spaceof possiblepaintings, solocating the optimal painting for
a given photograph. Their optimality criterion is a measureof the strength of
correlation betweenthe level of detail in a painting and the saliencemap of its
sourceimage (later de ned moreformally | equation 14). Their GA approac
was motivated through consideration of Haeberli's abstraction of a painting;
an ordered list of strokes [5] (comprising control points, thickness,etc. with
colour as a data dependert function of these). Under this represenation the
spaceof possiblepaintings for a given sourceimage is very high dimensional,
and the aforemerioned optimalit y criterion makesthis spaceextremely turbu-
lent. Stochastic seartiesthat model evolutionary processessud as GAs [22],
are often cited among the best seard strategiesin suc situations; large re-
gions of problem spacecan be covered quickly, and local minima more likely
to be avoided [23, 24]. Furthermore the GA approacd adopted allows di erent
regionswithin a painting to be optimised independerly, and later combined
to produce improved solutions in later generations.

We now outline the trainable saliencemeasurethat forms the basisof the
tness function for the GA. The GA is then described in subsection2.2.2.

2.2.1 A Trainable Image Salience Measure

Image saliencemeasuresmap a colour image to a scalar eld, in which the
value of any point is directly proportional to the perceived salience of the
corresponding imagepoint. This scalar eld describesthe importance (salience
magnitude) of imageregionsand is referredto asa \salience map". Producing
a saliencemap is a subjective task; for example, di erent facesphotographed
in a crowd will hold di erent levels of salienceto friends or strangers.A priori
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user training is one way of incorporating this notion of subjectivity into an
automated saliencemeasure.The saliencemeasureused by Collomosseand
Hall [25] is trainable, and conmbinesthree operators which compute the rarity,
visibility and the classi cation of local image artifacts.

The rst operator (Prare ) performs unsupervisedglobal statistical analysis
to evaluate the relative rarity (P;ar¢) Of image artifacts, a technique inspired
by Walker et al. [26] who obsene that saliert features are uncommonin an
image. Howewer, not all rare artifacts should be considered\salient". In par-
ticular, saliert artifacts should alsobe visible, and the saliencemeasureincor-
poratesa second,perceptually trained, operator which estimatesthe visibilit y
(Puisible ) of image artifacts. Finally, the user may perceiwe certain classesof
artifact, for example edgesor corners, to be more saliert than others. The
saliencemeasureincorporates a third operator which userstrain by highlight-
ing saliert artifacts in photographs. Signals corresponding to these artifacts
are clusteredto producea classi er which may be applied to artifacts in novel
imagesin order to estimate their potential salience (Pgass). The three op-
erators are computed independently, yielding three probabilities which are
combined to estimate the nal probability of an image artifact being saliert:

l:)salient = Prare F>visible Pclass (5)

The three operators are computed for ead pixel location p = (i;j)" in the
source image by analysing a signal (hereafter written x(:)) obtained via a
circular sampling technique. Image data is sampledunder a seriesof rings of
radius , ead certred at p. The imageis uniformly sampledaround ead ring's
circumference at angular positions , hence obtaining a discrete \circular"
signal x(; ;p) 2 <3; colours are in RGB space.Suitable sampling rates for

and arecited as0:5 in range[1;3], and =16in range[0;2 ] respectively.

Operator 1: Feature Rarit y

Image rarity is computed by modelling the statistical distribution of a set
of measureslocally assaiated with ead pixel, and isolating the outliers of
this distribution. For ead pixel location p= (i; )T the discrete image signal
x(; ;p) is rewritten asa column vector. An eigenmalel is created from the
collection of vectors x(:) sampledover from ead pixel within the image. The
Mahalanobis distance d(:) is then computed for all pixels P in the image.

() = (x() )T _UTx) ) (6)

The probability of an individual pixel g 2 P being rare is given by a
guotient measuringthe fraction of the sample density which is lessrare than
the pixel g:

Q=fr:d(x(r)) d(x(q)"riq2Pg )
p2q dX(p))

3pzr AX(P))

r
P

Prare(Q) = (8)
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Operator 2: Feature Visibilit y

The secondoperator is perceptually visibilit y measure,calibrated asa one-o
processprior to processing.lt is simplistically assumedthat for each RGB
colour r there is distance (r), alsoin RGB spacebeyond which it is possible
to perceptually distinguish colours from r. This unit of distance is termed
the \just noticeable di erence” (JND). Togetherthe colour and the distance
specify a sphereof RGB colours(r; (r)). No colour interior to the surface of
the sphere can be perceptually discriminated from the certre colour, whilst
all exterior colours can be sodiscriminated. The distance (r) is oneJND at
the colour r, and is measuredexperimentally using a processdescribed in [25].
The sphereradius can vary depending on experimental conditions, and after
seweral experimertal trials emergesas the mean radius accompaniedby an
assaiated standard deviation

To ewvaluate the visibility of artifacts local to a point p, we compute the
di erential magnitude of circular signal x(; ;p) as: B

o 2 Loy 2172
a g X xG o

The probability (:) that this changeis visible is computed as:

G sp=erf((d(; ;p  )=) (10)
where and are the JND and its deviation for the colour sample at
x(; ;p)in the local window. Ideally, if a signal grazesthe edgeof the disc it

should register asvisible, but not strongly becauseit will not passthrough all
rings. The probability of the region local to location p being visible is thus:

Xax
Puisible = max( (; ;p) (11)
=1

Operator 3: Feature Classi cation

The nal operator enablesusersto train the systemto identify certain classes
of low-level artifact aspotentially saliert. This not only intro ducesa subjective
property to the salience measurebut also enablesthe salience measureto
classify the type of saliert feature it encourters. This additional functionality
is useful later (subsection2.2.2) where it enablesdi erent types of stroke to
be painted for di erent featuressuc as edgesor ridges.

Each ring in circular signal x(; ;p) is processedseparately and later
combined to produce a value Pgass for location p. Here we outline the classi -
cation processfor a singlering (i.e. is constart), and refer the readerto [25]
for details, including the method for combining signalsfrom multiple rings.
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Fig. 3. Left: Comparison of imagesedgedetected and saliencemapped [25], with a
hand-sketched ground truth. The saliencemaps are qualitativ ely closerto sketches,
and can \pick out" the circle and face where local methods such as edge detec-
tion fail. Such examples motiv ate the use of global salience maps rather than local
edge detection in the production of artistic renderings. The salience measure de-
scribed in subsection 2.2.1 both estimates salience magnitude and classi es salient
artifacts into trained categories (bottom row). In this example edgesare drawn in
red, ridges green, and corners blue. Right: Sobel edges(top) and saliencemap (bot-
tom), corresponding to the MODEL painting included on the DVD. Salient edgesare
discriminated from non-salient high frequency texture, which allows the GA tness
function in subsection 2.2.2 direct level of painterly detail correctly.

The operator begins by transforming the circular signal x(; ;p) into a
usefulinvariant form amenableto feature classi cation. We simplify notation
here by writing the periodic signal (at location p with constart ) asy( ).
To obtain the invariant form, y( ) is transformed into the spectral domain
using a Fourier transform. The magnitude (absolute value) of the Fourier
componerts jF[y( )]j are computed, normalised to unit power, and the d.c.
componert dropped to yield a feature vector f (! ):

- _

F(1) = J .[x( ).]J . (12)
jy( )iz ?

f(t)y f£()nf(0) (13)

By disregarding phasethe feature vector f (! ) becomesotationally invari-
ant. In addition, dropping the d.c. componert and normalising o ers some
invariance to changesof brightnessand cortrast over the image.
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The classi cation operator requiresthe userto specify training examples
of saliert and non-saliert featuresf (! ), in order to build an a priori model
of the features the user nds subjectively important. Precise details of the
modelling processare beyond the scope of this chapter, but details may be
found in [25]. In summary, this \training" occurs over seeral images, and
requires the user to interactively highlight artifacts they regard as saliert.
The user may choosea number of classesof artifacts (such as edge,ridge, or
corner), and identify a classlabel with ead artifact they highlight.

During painting, classi cation of location p begins by sampling to ob-
tain f (! ). A probability vector is computed (one elemer per classof feature
trained) to determine if the region local to p cortains a potential saliert fea-
ture. Pgass is computed as the maximum value in this probability vector.

2.2.2 Initialising the Painting Population

Collomosseand Hall's systemacceptsasinput a sourceimagel ; paintings de-
rived from | are points in the seart space.The algorithm beginsby applying
the saliencemeasureto | ; obtaining both a saliencemap and a classi cation
probability for ead pixel. An intensity gradient imageis also computed using
Gaussianderivatives, from which a gradient direction eld is obtained. Once
this pre-processingis complete, a xed size population of 50 individuals is
initialised. Eacdh individual is a point in the seart space,represened by an
orderedlist of strokesthat, when rendered, producesa painting from | . Each
individual (painting) is derived from the sourceimagevia a stochastic process.

Sto chastic Strok e Placemen t and Gro wth

Seedpoints are scattered over the carnvas, from which brush strokeswill be
subsequetly \grown". Seedsare scattered stochastically, with a bias toward
placemern of seedsin more saliert regions of sourceimage | . A painting is
formed by compositing curved Catmull-Rom spline brush strokeson a canvas
of identical sizeto the sourceimage. Brush strokes are grown to extend bi-
directionally from ead seedpoint; eat end grows independertly until halted
by one or more presetcriteria. Growth proceedsin a manner similar to Hertz-
mann's algorithm [4]. Starting from the pixel at givenseedpoint, the algorithm
\hops" between pixels in the direction tangertial to their intensity gradient
(Figure 4). The list of visited pixels forms the cortrol points for the stroke.
Recognisingthat noiseforms a componert of any real image, Collomosse
and Hall treat hop directions as samplesfrom a stochastic distribution. Given
a locally optimal direction estimate a hop direction is selectedby adding
Gaussiannoise G(0; ). The value is an estimate for the level of noisein
the image, and is calibrated using a procedureoutlined elsewhereg12] (typical
values vary between 2 and 5 degrees,depending on the imaging device
that acquired the photograph). The magnitude of the hop is also Gaussian
distributed, but inversely proportional to the local value of the saliencemap
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Fig. 4. Left: Stochastic growth of strokesfrom a seedpixel. The departure angle
of a\hop" is drawn from distribution p( ) = G(0; ). Right: A \lo oseand sketchy"
painting in the style of Matisse, rendered prior to the GA optimisation step of
subsection 2.2.3. Note the variation in stroke style when rendering edgesand ridges.

measuredat the seedpoint of the stroke. The growth of a stroke end is halted
when either the curvature betweenadjacert pixels, or the di erence between
the colour of the pixel to be appendedand the mean colour of visited pixels
exceedsa threshold. This method initially yields a sub-optimal tra jectory for
the stroke with respect to our optimalit y criterion. Howewer, for a \lo oseand
sketchy" paintings this is often desirable (seeFigure 4, right).

Rendering an individual painting

At this stageit is possibleto either render one of the paintings in the initial
population (to producea single-passlo oseand sketchy” painting), or proceed
to subsection(2.2.3) to optimise the painting | ead iteration of the latter
processalso requires paintings to be renderedto evaluate tness.

Rendering a painting is a straightforward processof scan-cowerting and
compositing its list of curved spline brush strokes. Stroke thicknessis set in-
versely proportional to stroke salienae; taken as the mean salienceover eath
control point. Stroke colour is uniform and set according to the mean of all
pixels encompassedn the footprint of the thick paint stroke. During ren-
dering, strokes of least salienceare laid down rst, with more saliert strokes
being painted later. This prevernts strokesfrom non-saliert regionsencroad-
ing upon saliert areasof the painting. The ability of our saliencemeasureto
di erentiate betweenclasseof saliert feature (e.g. edge,ridge) alsoenablesus
to vary brush style styles. Figure 4 shows a painting where the classi cation
probability of a feature has beenusedas a parameter to interpolate between
three stroke rendering styles at , edgeand ridge.

2.2.3 lterativ e search step of the GA

Geneticalgorithms (GAs) simulate the processof natural selectionby breeding
successie generationsof individuals through crosswer, mutation and tness-
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proportionate selection[24]. In Collomosseand Hall's systemsud individuals
are paintings; their genomesare ordered lists of strokes. A description of a
single iteration (generation) of their GA seard now follows. Iteration con-
tinuesuntil the improvemerts gained over previous generationsare marginal
(the changein both averageand maximum population tness over a sliding
time window falls below a threshold).

Evaluation and Fitness Function

The ertire population is rst rendered,and edge maps of ead painting are
produced by convolution with Gaussianderivatives, which sene as a quan-
titativ e measureof local ne detail. The generatedmaps are then compared
to a precomputed saliencemap of the sourceimage. The mean squarederror
(MSE) between maps is used as the basis for evaluating the tness quality
F (:) of a particular painting; the lower the MSE, the better the painting:

1 X 2
F)=1 & 1s) EC@ ) (14)

The summation is computed over all N pixelsin sourceimagel . (:) isour
painterly processwhich producesa rendering from | and a particular ordered
list of strokes corresponding to an individual in the population. Function
S(:) signi es the saliencemapping processdescribed in subsection2.2.1, and
E () the processof corvolution with Gaussianderivatives.

The population is evaluated according to equation (14) and individuals
areranked accordingto tness. The bottom 10%are culled, and the best 10%
of the population passto the next generation. The middle 80% are used to
produce the remainder of the next generation| two individuals are selected
stochastically using roulette wheel selection. These individuals are bred via
crosswer to produce a novel o spring for the successie generation.

Crossover and mutation

Two di erence images,A and B, are produced by subtracting the edgemaps
of the parents from the saliencemap of the original image, then taking the
absolutevalue of the result. Large valuesin thesedi erence images(A and B)
indicate large discrepanciesbetweenlevel of detail in the painting, and saliert
detail detectedin the sourceimage. Thesediscrepanciesare undesirable,given
the tness criterion de ned in equation (14).

We de ne the > (greater than) operator to act on images, outputting a
binary image maskthat indicates where pixels in oneimage hold larger values
than those in corresponding locations in a secondimage. By computing the
binary image A > B, and likewiseB > A, it is easyto determine which
pixelsin oneparent contribute toward the tness criterion to a greater degree
than those in the other. Since the primitiv es of paintings are thick brush
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Fig. 5. Control ow in the genetic painting algorithm. Population evaluation is
performed in parallel over a distributed computing cluster.

strokesrather than single pixels, we perform seweral binary dilations to both
imagesto mark small regions local to these\tter" pixels as desirable. A
binary AND operation betweenthe dilated imagesyields mutually preferred
regions(i.e. where A = B). Thesecon icting regionsare masked with a coarse
chequerboard texture (of random scaleand phaseo set) to decide between
parents in an arbitrary fashion. Strokes seededwithin the set regionsin eah
parent's mask are clonedto create the o spring individual (Figure 6).

When a bred individual passesto a successie generation it is subjected
to a random mutation. A new \temp orary" painting is synthesised (though
never rendered), and a binary mask produced cortaining seeral small discs
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Random Mask
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Fig. 6. Visualisation of crosswer (using the DRAGON from Figure 8, manually
marked up for illustration). Two parent paintings, A and B, are rendered and com-
pared to the pre-computed saliencemap. If aregion from one parent preservessalient
detail to a greater degreethan the corresponding region from the other parent, the
former region's strokes are adopted by the new o spring | seesubsection 2.2.3.

scatteredwithin it. The number, location and radius of the discsare governed
by random variates. Strokes seededwithin set regionsof the binary mask are
substituted for those in the temporary painting; the temporary painting is
then discarded. Mutation occurs over approximately 4% of the carvas.

2.2.4 Parallel Implemen tation

In practice, evaluation is the most lengthly part of the processand the ren-
dering step is farmed out to seweral machines concurrertly. In Collomosse
and Hall's implemertation, paintings are evaluated in parallel using the Sun
RPC/XDR interface to communicate over a small heterogeneous(Pentium
I11/UltraSP ARC) compute cluster. The typical time to render a 50 painting
generationis cited as approximately 15 minutes over 6 workstations. Optimi-
sation of the painting can therefore take in the order of hours, but signi cant
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Fig. 7. Salience adaptive painting of the TRUCK image. Bottom row: salience
map values within region B have been arti cially reduced to demonstrate visual
abstraction of detail. Top-left: region A sourceimage exhibiting salient detail (sign)
against non-salient detail (shrubbery). Top-middle: Lit winowicz's painterly render-
ing algorithm [3] aords equal emphasisto all features. Top-right: Collomosse and
Hall's algorithm abstracts away non-salient detail with coarsebrush strokes whilst
preserving salient detail on the sign.
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Fig. 8. Detail in the saliert region of the DRA GON painting sampled from the
ttest individual in the 1%, and 70" generation of the GA seard.
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Fig. 9. Population tness graphed during optimisation. Left: MSE of the ttest
individual plotted against time. Right: MSE averaged over ead generation. Red-
dashed line indicates the DRAGON (Figure 8, video of optimisation on DVD),
green-solid line the TRUCK (Figure 7), and blue-dotted line the MODEL (included
on the DVD).

improvemens in stroke placemen can be achieved | seeFigures 7,8. In
particular note the variation in level of detail present in 7 asa function of the
saliencemap de ned in subsection2.2.1. Additional paintings and a video of
the optimisation processfor Figure 8 are included on the DVD.

3 Interactiv e Genetic Search for Parameter Selection

Artistic rendering algorithms are commonly motivated as creative tools, for
example helping to improve accessibility to art (perhapsallowing young chil-
dren to producedigital paintings or create cartoon animations from videos of
their toys [27, 18]), or permitting experimentation with new forms of dynamic
art (such as artistic stylisation of digital video [17, 18]). In fully automated
painterly rendering algorithms, creative cortrol is expressedthrough setting
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various user parameters governing internal operation of the algorithm. For
example, Hertzmann's curved stroke painterly algorithm [4] contains many
stylistic parameterscontrolling properties such as maximum stroke length or
random colour jitter, as well as data dependen parameters controlling the
scaleat which imagesare Itered to detect edges.By manipulating these pa-
rametersit is possibleto emulate a wide gamut of stylesincluding \p ointillist",
\impressionist", \expressionist" and \abstract" paintings.

Unfortunately the large number of parameters that accompary many
painterly rendering algorithms can be time consumingto set| both due
to their number, but alsodue to their low-level nature, which can make them
non-intuitiv e for inexperiencedusersto manipulate when aiming for a concep-
tually high level e ect (for example, a dark, gloomy painting or an energetic,
cheerful composition). Moreover, parameters can interact in complex ways
leading to emergen behaviour within the painting that the user may not ex-
pect or understand. The end result is often a slow, iterativ e trial and error
processbheforethe useris able to instantiate their desiredresults.

This parameter selection problem can be overcome,as before, by framing
the painterly rendering problem as a goal-cenred ewlutionary seard [28],
and resorting to a form of IEC system (see,e.g. Chap. ??). A population of
paintings is iterativ ely ewlved towards a user's aesthetic ideal using a GA.
The useris preseried with a sample of the population for tness ewaluation
in ead ewlutionary cycle. Through this interface the usera ects selectionin
the GA, and sothe composition of paintings in subsequeh generations.

3.1 A fast segmentation-based painterly algorithm

Here we illustrate an interactive GA system for parameter selection using a
simple, but fast, single-passpainterly rendering algorithm (from [28]). The
algorithm operatesby segmemation alone. A sourceimageis rst segmeied
into regions of homogeneouscolour using the EDISON [29] algorithm. Each
segmeted region is rendered using a combination of \in terior* and \b ound-
ary" strokes; ead stroke is curved and takesthe form of a spline, textured
and bump mapped to give a 3D relief e ect reminiscert of oil paintings [30].

Interior strokes are usedto Il the interiors of regions, and are painted
tangertial to the principal axis running through the region (except for very
large regions,which are renderedusing horizontal straight strokes). Boundary
strokesare painted around the exterior perimeter of a region vectorisedusing a
standard contour walking technique (chain codes). The colour of brush strokes
is sampledfrom the sourceimageaswith other painterly rendering algorithms.
Careis taken when placing ead stroke to prevert a) the stroke spanning pixel
regionsof greatly di ering colour b) the stroke bending at too acute an angle.
Both problems causedistortion and smearing of detail, and are avoided by
fragmerting the stroke into multiple, smaller strokes.
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Algorithm  Parameterisation

There are eight parametersp;..g = [0; 1] governing this algorithm which, as
with [4], are capable of creating signi cant stylistic variation in the output of
the algorithm. A full description of the mathematical function of ead param-
eter is beyond the scope of this text (but may be found in [28]). Instead we
now summarisethe function of theseparameters.Figure 11 givesan indication
of the various painterly e ects attainable.

p: Colour jitter: The maximum distancein RGB spaceby which the colour
of strokesmay be randomly o set from their \true" colour sampledfrom
the sourceimage.

p2 Maxim um strok e angle: The maximum angle a spline stroke may bend
during placemen, beforeit becomedragmerted into smaller strokes. This
tends to govern stroke size and expressieness.

ps Region turbulence: Boundary stroke placemen may be repeatedly per-
formed, eat time shrinking the area (and sothe perimeter) of the region
being painted. Under few repetitions, the interior of a region is comprised
mainly of strokesoriented in a commondirection. Under many repetitions,
the interior becomesmore chaotic, formed of seriesof concertric boundary
strokeswith reducedvisual structure.

ps.sColour mo od: The colour of strokesis subjected to a transformation pro-
cess,according to vector (ps; ps) which represerts a point in Russell's2D
pleasure-arousalspace[31]. Russell'sspaceis usedto represen emotional
state; an emotion such as anger would be positioned low on the \plea-
sure" axis and high on the \arousal" axis, for example. A complex series
of colour transformations, derived from the colour psycology literature,
are performed on the original stroke colour accordingto the value of point
(ps; ps)- Interested readerscan nd further details in [2§].

ps Strok e jaggedness: Brush strokes are splines, created by interpolating
control points generatedduring the stroke placemern process.n onepossi-
ble extreme (ps = 0), interpolation is performed smoothly using Catmull-
Rom splines; in the other (ps = 1) using only linear interpolation (so
creating jagged strokes).

p; Strok e undulation: Sinusoidal variation can be introduced along each
brush stroke, causinginaccuracy in stroke placemen and conveying a dif-
ferent visual aesthetic to the painting. p; cortrols the magnitude of this
variation.

ps Region damp ening: The e ects of stroke undulation parameter p; can
a ect either the interior or boundary strokes,depending on this parameter.

3.2 Interactiv e Evolutionary Search

Within this parameterised rendering framework, the painting processis re-
duced to a seart for the point in parameter space[p:; po;::;ps] 2 <8. The
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genomeof an individual in the GA seard is thus represetted as eight nor-
malised scalar values. The system createsa population of 1000 sudc individ-
uals, initially with random genome.As is explained in the next subsection,
the user will explicitly evaluate only a fraction of this population on eath
generation (the remainder will be evaluated by extrapolation). The algorithm
then enters an iterativ e stage in which individuals are bred to produce im-
proved paintings. When successie improvemerts fall below a threshold, the
algorithm terminates; in practice this usually takesonly 20 to 25 iterations.

In teractiv e Evaluation

The rst stepin ead iterativ e cycle is population ewaluation, in which the
proximity of ead individual's phenotype to the user's \ideal" aesthetic in
measured.Speci cally we require a mapping M ([p1p2:::ps]) 7! f 2 < wheref
is a normalised tness score;higher valuescorrespond to aesthetically superior
paintings. As our aim is to assistthe user creatively in style speci cation it
is not possibleto write an automatic function for M (:). Our objective is
therefore twofold. First, to estimate the mapping function M (:) through user
interaction. Second,to seard for the point p 2 <8 that maximisesM (p).

The rst of these problems can be addressedby sparsely evaluating M (:)
over a subsetof the population, and usethis data to extrapolate the behaviour
of M (:) over the ertire population. A simple userinterface, allowing the user
to be prompted for the tness of a givenindividual drawn from the population
(so obtaining a sparsedomain sample of M (:)). The useris supplied with a
graduated colour bar, and askedto rate the aestheticsof the painting rendered
from a given individual on a cortinuous scale spanning red (bad), amber
(neutral) and green (excellert). The user is preseried with the nine ttest
individuals from the previous iteration, and asked to rate the individual that
they feel most strongly about.

The sparseset of user interactions are transformed into a contin uous es-
timate for M (:). Each time a user evaluates an individual we obtain a point
g and a user tness rating U(g) = [ 1;1]. Thesedata are encaded by adding
a Gaussianto a cumulative model, built up over successie user evaluations.
Each Gaussiandistribution is certred at point g, and multiplied by the factor
U(q). The integral under the Gaussianis assumedto be well approximated
by unity in space<?® 2 [0; 1], and so the cortin uous function M (:) is written:

0 if N = 0,
M(p)= 05+ P '

, 15
A it U(Q)G(pig; ) otherwise (15)

where p is an individual to be ewaluated in the current generation, q are
individuals evaluated by the userin the previous N iterativ e cycles,and U(x)
is the user's scoreof a given genotype x. The function G(x; ; ) denotesa
Gaussiandistribution with mean and standard deviation , evaluated at x.
The standard deviation —governsthe locality in problem spaceover which a
single user evaluation holds in uence; = 0:1 for typical results
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Fig. 10. Population statistics from three runs of the GA system, corresponding to
Figure 11 top left (blue, dotted), top right (red, dashed), and bottom left (green,
solid). Left: mean tness over time. Right: tness diversity over time. The + symbol
indicates algorithm termination. indicates a negative tness rating from the user.

Selection and Propagation

Once the current population has been evaluated, pairs of individuals are se-
lected and bred to produce the next generation of painting solutions. Parert
individuals are selectedwith replacemen, using a stochastic processbiased
toward tter individuals. A single o spring is produced from two parents via
stochastic crosswer and mutation operations. Each of the eight parameters
that comprisethe genomeof the o spring hasan equal chanceof being drawn
from either parent. Mutation is implemented by adding a random normal vari-
ate to eat parameter. Thesevariates have standard deviations of 0:1; 97% of
mutations will producelessthan 0:3 variation in a rendering parameter.

Impro vements in Usabilit y

The population statistics gathered during seweral runs of the GA seart (Fig-
ure 10) shaw a steady improvemert in tness over time, punctuated by short-
term dips. Thesecorrespond to the occasionswhen the model M (:) doesnot
tally with the user'saestheticideal, requiring correction, in the form of a neg-
ative ratings issuedby the user. Thesedips becomelesspronouncedover time
as M (:) more closely matchesthe usersexpectations.

In small scale usability studies conducted with this system, non-expert
userswere given a target aesthetic objective, for example\pro duce a happy,
cheerful composition”. Using the GA systemuserswere able to manifest their
desired aesthetic using approximately 20-25mouseclicks (one click per gen-
eration), in an averageof one minute. The sameuserswere asked to re-create
the results using a bank of 8 sliders (each cortrolling an independert paint-
ing parameter). The results were reproducible but usually took around 4-5
minutes due to the number of parameters and unexpected emergen visual
properties causedby interactions between the parameters. The number of
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Fig. 11. A variety of paintings rendered from the DRAGON image using the
algorithm outlined in subsection 3.1, parameterised using the interactive GA.

mouseclicks required to usethe sliders was signi cantly larger than the GA
system; between100to 200 interactions in all cases.

4 Summary and Conclusions

In this chapter we have exploredthe topic of artistic stylisation, presening two
algorithms that harnessewlutionary seard algorithms to produce synthetic
oil paintings from photographs. We began by reviewing a brief history of
Artistic Rendering algorithms, which ewolved from artistic media emulation
work in the mid-1980s,to semi-automated paint pacages,to fully automatic
stylisation algorithms in the late 1990s(Section 1). We described how these
automatic painting processesan be phrased as optimisation problems; as a
seart to identify the \b est" con guration and arrangemert of paint strokes
for a given sourceimage (Section 2). We then provided a detailed exposition of
Collomosseand Hall's ewolutionary seard algorithm that develops paintings
where emphasis(expressedthrough level of brush detail) is focusedupon the
areasof visual importance or \image salience" (subsection2.2).
Collomosseand Hall's algorithm [12] preseried two key technical cortri-
butions: (i) a perceptually based measure of image salience; (i) a genetic
algorithm driven relaxation processthat automatically produces\optimal”
synthetic oil paintings under a de nition derived from (i). Adopting a salience
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adaptive approad to painting was shown to improve the aestheticsof render-
ings; abstracting away non-saliert detail with coarsebrush strokesand empha-
sising saliert detail with ne strokes(Figure 7, 8). The ability of the salience
measureto classifyimage artifacts (for example edges ridges, or corners)was
alsoharnessedto parameterisestroke style, yielding attractiv e artistic e ects.

In addition to directly manipulating strokesduring painting, we also dis-
cussedhow genetic algorithms can be applied to aid user parameter selection
for painting algorithms (Section 3.2). Often artistic rendering algorithms are
capableof a wide gamut of styles, but the parameterisationsof that gamut is
courter-intuitiv e for non-expert users.By framing the painting problem asa
goal-cerired ewlutionary seart with interactive aesthetic evaluation (i.e. an
IEC system) we described how userscan e cien tly cortrol a painting algo-
rithm without detailed knowledge of its underlying parameterisation.

Artistic Renderingis a comparatively young eld within Computer Graph-
ics, and much of the groundwork hasbeenlaid down only within the last 10-15
years.However over this period we have already obsened an marked increase
in the complexity of stroke placemen algorithms; from simple random stroke
placemert [6], to image Itering and edgedetection basedtechniques|3, 4, §],
to approacdes drawing on sophisticated mid-level computer vision [13] and
models of perceptual salience[14, 12]. Strong cornvergencetrends are now
emergingbetweenAtrtistic Renderingand elds suc as Computer Vision and
Cognitive Science.As this cross-pllination of ideasyields increasingly com-
plex stroke placemert heuristics, cortributing to new algorithms with diverse
artistic capabilities, it is likely that ewolutionary algorithms will continue to
nd application in the designand control of Artistic Rendering software.
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