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Abstract

This paper presents an efficient method based on evo-
lutionary algorithm for optimizing the rendering quality in
multi-scale stroke-based non-photorealistic rendering. The
proposed method produces better results than previously
published methods such as random descent and the single-
level genetic algorithm-based approach.
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1 Introduction

This paper extends our previous work [1, 2] on devel-
oping an efficient strategy for non-photorealistic (painterly)
rendering using evolutionary algorithms. In painterly ren-
dering, the basic elements for constructing pictures are
brush strokes. In general, a stroke is characterized as a
rectangular object with a number of parameters, including
position (z,y), color (R, G, B), orientation (6), width (w)
and height (h). Based on the parameter values, each stroke
is placed on the canvas (white image) one by one to simu-
late the painting process. One notable property in placing
strokes is that there can be many overlapping strokes as in
real paintings (see Fig. 1). Thus, the ordering of stroke is
significant as it affects the quality of the result.

(b) First stroke (d) Third stroke

(a) Input image (c) Second stroke

Figure 1. Strokes for painterly rendering

Haeberli [4] introduced the first stroke-based rendering
system, which was based on the user’s interactive stroke
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placements on a given input image. Litwinowicz [8] and
Meier [9] used particles to uniformly place strokes on a
canvas and to follow their movements in a video. Hertz-
mann [5] presented a layered painting method using multi-
sized brushes, and later proposed an algorithm for optimiz-
ing the rendering results [6]. Some researchers also devel-
oped stroke distribution algorithms based on computer vi-
sion techniques such as image moment [10] and image seg-
mentation [3]. Although each of these approaches success-
fully produces its own distinct rendering style, none of these
aims particularly at optimizing the rendering quality, except
for [6] which was based on a random descent process. In our
previous work [1, 2], we showed that our approach based on
evolutionary algorithm performs better than random descent
algorithm in terms of minimizing the fitness value. In the
present paper, we extend our previous algorithm to incor-
porate multi-level stroke distribution, achieving even better
results.

The rendering problem. The problem to be solved can
be stated as follows: Given an input image, place the strokes
on a white canvas (image) so that the fitness function (equa-
tion 1) is minimized. To simplify the problem, we optimize
the position variables (x, y) and the color variables (R, G,
B) in our current implementation, compute the orientation
and length from the input image, and let width be fixed for
a given level (scale).

Multi-level stroke distribution. In our approach, the
strokes are regarded as geometrical entities in a continu-
ous 2D domain. More specifically, each stroke is associ-
ated with a 2D point and a stroke distribution is modeled
as a set of arbitrarily scattered data points on a 2D space.
Note that this model is consistent with the actual painting
process of the artists, where they can apply an arbitrary
number of brush strokes at arbitrary positions on the can-
vas. To deal with the stroke distribution in multiple lev-
els, the strokes at each level 7 are represented as a point set
P = {p§,p!, ...,pfmz(i)} where each point pé» in P? is
associated with its 2D position (x;, y;) The point set P*
starts with a relatively small number of points at the coars-



est level (¢ = 0), and it grows larger as ¢ increases, or as
we move to the the finer levels. Again, this is similar to the
artists’ painting process where new strokes are incremen-
tally added on top of the old strokes on the canvas. Note
that the successive point sets in this multiresolution setting
maintain a nested structure, where the higher-level point set
contains all the lower-level point sets.

2 The algorithm

An evolutionary algorithm with a variable-length chro-
mosome and several domain-specific mutation operators is
used.

Chromosome representation. Multiple layers (levels)
of strokes are employed. The strokes at the beginning levels
are larger (i.e., wider), covering more of the canvas, while
the later levels have progressively smaller stroke widths.
The bigger strokes are placed first, followed by the smaller
ones. The multi-scale resolution concept is implemented
in the evolutionary algorithm by having a single chromo-
some encode strokes at different levels. In this paper, we
report results for five levels; it is easy to generalize the
approach to any number of levels. A chromosome com-
prises five sections, each section having a dynamically vary-
ing number of strokes. A section corresponds to a level
(layer). The strokes of a particular section (level) have the
same size, while the strokes of the next section (upper level)
have a lower size. Each section has a pre-determined stroke
size. This simple chromosome representation permits par-
allel stroke placement in multiple resolutions. Clearly, the
number of strokes is not fixed but varies across sections (in a
given chromosome) and also across chromosomes. Further,
the number of strokes in a given section of a given chro-
mosome varies over time (generations). The minimum and
maximum number of strokes that a chromosome may have
are predetermined constants. In the present implementation
the number of strokes in a chromosome varies dynamically
during a single run.

A single stroke is represented by its two-dimensional co-
ordinates (x and y) and the three color components (R, G
and B). The z and y values are floating-point numbers in
the interval [0,1], with a particular x (or y) value being
mapped to the abscissa (or ordinate) of a pixel of the im-
age. This allows the present encoding method to handle any
input image size. The R, G and B values are integers be-
tween 0 and 255 inclusive. The strokes of a section are im-
plemented as elements of a dynamically growing / shrinking
array. The ordering of the elements of the array determines
the sequence of stroke placement.

Population initialization. The initial population is
created by giving each chromosome a random num-
ber of strokes between two limits, MIN_STROKES
and MAX_STROKES. This is done by initializ-
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ing each section of each chromosome with a random
number of strokes between MIN_STROKES/5 and
MAX _STROKES/5. The (x,y) coordinates of each
stroke of each section are initialized uniformly randomly
in the interval [0,1]. Each of the R, G, B components of
each stroke of each chromosome is set to the correspond-
ing value in the input image and then perturbed following
color-perturbation-mutation (explained later).

Fitness function. The goal is to generate a rendering as
close to the input picture as possible while using the mini-
mum number of strokes. That is, the strokes are to be placed
so that the total number of strokes is minimized to maximize
the abstractness, and the difference from the input image is
minimized to maximize the rendering quality. The follow-
ing fitness function is used (I and I’ represent the input and
the output images, respectively):

2

fah = (171/#5trokes)2||l’(x) —Ix)| 1)

The multiplying factor is used to reward chromosomes with
a fewer number of strokes. The problem is one of minimiza-
tion.

Selection. Binary tournament selection with replace-
ment is used where the winner of the tournament is selected
with probability 1. The generational, elitist model of the
genetic algorithm is used, where the best individual of the
previous generation replaces the worst individual of the cur-
rent generation.

Crossover. Two children are created by crossover be-
tween two parents. Crossover is implemented by uniformly
randomly choosing a section (between 1 and 5), and then
choosing, again uniformly randomly, two cut-points in that
section — one cut-point for each parent. For example, sup-
pose the section chosen for a particular crossover operation
is 3 (picked between 1 and 5). Let the current length (i.e.,
number of strokes) of section 3 in the first parent be 10, and
let that length in the second parent be 7. Then the first cut-
point is between 1 and 10, while the second is between 1 and
7. Once the cut-points are determined, strokes of the cho-
sen section are swapped between the parents. Thus a single
crossover operation affects exactly one (the same) section
in each of the two parent chromosomes so that strokes of
the same size are swapped.

Mutation. Four different problem-specific mutations are
used. In each of these mutations, better mutants are uncon-
ditionally accepted while worse mutants are accepted with
a low, predetermined probability.

Delete strokes: Both the total number of strokes to be
deleted from a given chromosome and the individual strokes
(to be deleted) are chosen randomly. The total number of
strokes to be deleted is determined as a random integer be-
tween zero and the minimum of the following two: a (prede-
termined) fraction of the current length of the chromosome,



and current length — MIN_STROKZES. While perform-
ing stroke deletion, no attention is paid to section bound-
aries. The individual deletions in a single mutate-delete op-
eration are applied one after another, following the above-
mentioned accept/reject policy at each deletion.

Add strokes: A random number of new strokes are
added at the end of a randomly chosen section of the chro-
mosome. The sizes of the new strokes correspond to the
section that is being augmented. One mutate-add operation
adds to exactly one section. (In general, different mutate-
add operations work on different sections.) The color com-
ponents of the new strokes are first obtained from the input
image and then altered by applying color-perturb-mutation
(explained later). Note that the new strokes are added at the
end of the section, that is, they are placed on top of other
strokes at that level, since in general placing the strokes
‘beneath’ the already placed strokes on the canvas does not
have much impact on changing the rendering result. The to-
tal number of strokes to be inserted in a single operation is
determined as a random integer between zero and the mini-
mum of the following two: a (predetermined) fraction of the
current length of the section, and MAX_STROKES/5 -
current length of the section.

Reverse segment: One section is randomly chosen for
reversing. Two randomly chosen strokes are used to define
a segment of strokes in that section, and the strokes in the
segment are reversed. Like mutate-add and crossover, this
mutation affects exactly one section (level) of the chromo-
some.

Perturb strokes: Two types of perturbations are applied
to a stroke — position perturbation and color perturbation,
the two perturbations being independent of each other. Each
stroke in a chromosome is perturbed, independently of any
other stroke, with a (predetermined) position-perturb prob-
ability. For the x of each stroke, a random perturbation
amount is obtained by multiplying a predetermined fraction
by a uniform random number in [0,1]. The perturbation
amount is then added to (or subtracted from) the original
x value. The add / subtract decision is made with a 50%
probability. The y component of a stroke is similarly per-
turbed. The color components of a stroke are also perturbed,
probabilistically, and independently of the z- (or y-) pertur-
bations. With a predetermined color-perturb probability, a
stroke is chosen for color perturbation and each of its three
color components is given a random amount of positive or
negative perturbation. The perturbations are guaranteed not
to result in out-of-bound values.

Orienting strokes. The orientation of each stroke is de-
rived from the input image I(x,y). First, we generate a
gradient image VI whose pixel contains three components
(dx,dy, mag), where (dz, dy) denote the gradient direction
and mag represents the gradient magnitude. We then blur
V1 several times to reduce noise. While the gradient image

contains the correct direction information near the strong
edges, the information in the homogeneous regions is usu-
ally incorrect as their gradient magnitudes are nearly zero.
To create a smooth gradient vector field, we diffuse the in-
formation from the strong edges to nearby pixels by itera-
tively applying weighted sum in a spatial mask (with mag
values as weights), while keeping the information around
the strong edges (using a certain threshold on mag). Fi-
nally, we turn the gradient directions 90° (by resetting them
as (—dy, dz, mag)), to make them follow the shapes of the
object boundaries. The resulting gradient image contains
the desired gradient vector field to guide the stroke orienta-
tion at each pixel.

Termination condition. The quality of the rendered im-
age is to a great extent a matter of human perception. Equa-
tion 1 shows that the best possible solution has f = 0, cor-
responding to the case when the input and the output images
are the same. Clearly, that would never be an acceptable so-
lution. It is also to be noted that it is possible for two (or
more) different chromosomes to have the same numerical
fitness. We chose to terminate a run when either the fitness
value of the best individual in the current population drops
below a predefined threshold or the maximum number of
generations is reached.

3 Experimental results

We conducted experiments on a number of input im-
ages of various sizes to compare the rendering results of our
method against (1) a random descent method (which is the
core idea in [6]), and (2) our single-level genetic algorithm-
based method [1, 2]. For the random descent method, an
iterative process of random stroke insertion, move, delete
operations is applied, where each of these trial operations
is first tested and then accepted only when it is confirmed
to lower the fitness value. As shown in Figure 2 and Ta-
ble 1, our method outperforms both the above-mentioned
approaches on two counts: (a) fitness value, and (b) the vi-
sual quality of the rendered images. For the same number
of strokes, the multi-scale method produces smaller (better)
fitnesses for all the input images. Because of space restric-
tions, we show only three images in Figure 2.

The stroke length is dynamically determined by applying
a stroke clipping algorithm [8], where each stroke is clipped
at nearby edges with strong image gradient values. We used
a fixed stroke widths for a given section (level). This stroke
rendering method was also applied for the random descent
method.

4 Conclusion

This paper described an efficient method for optimizing
the rendering quality for multi-scale stroke-based rendering,
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(i) Input: Burger (j) Random Descent

(d) Multi-level EA

(1) Multi-level EA

(k) Single-level EA

Figure 2. A comparison of rendering results for various images

| Image || # of strokes || Random Descent | Single-level EA | Multi-level EA |

[ Puppy | 600 [ 9256033 | 6698952 [ 479909.0 |
[ Peppers || 500 ]| 8942957 | 6590044 | 5198938 |
[ Burger [ 750 [ 11911088 | 8921210 [ 6898244 |

Table 1. Comparison of the three methods

based on an evolutionary algorithm that uses new, problem-
specific mutation operators and a variable-dimensional
chromosome. Initial results showed that the present
method outperformed both random descent-based method
and our previously published evolutionary algorithm-based
approach.
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