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ABSTRACT

Images are widely used in media contexts such as web design,
games and video animation. The process of creating inter-
esting images can be enjoyable if a useful tool is involved. In
this paper we describe an interactive image generation tool
called IMAGENE based on genetic programming, which can
be used to create novel, surprising, and sometimes stunning
images. A new method for presenting colour images is also
proposed, which results in more colourful images being gen-
erated. The system permits the user to progressively evalu-
ate and generate new images from previous sets of images.
In doing so, the user is also able to control various settings
and parameters. From a user perspective, the system has
the following qualities which make generating images enter-
taining: appealing images arise at random, different styles of
images can be created by choosing different function settings
and families of images which have common characteristics
between parents and children can be generated.

Categories and Subject Descriptors
J.5 [Arts and Humanities]: Fine Arts; H.5.1 [Multimedia
Information Systems]: Animations

Keywords
Image generation tool, Genetic Programming, Evolutionary
Search

1. INTRODUCTION

In this digital age, the computer is an indispensable media
tool. One application is the generation of interesting im-
ages for web design, games and animation. These images
may be natural ones, such as grass, fur or water surfaces, or
synthetic, such as the artificial image backgrounds in video
games. Synthetic images can be manually constructed by
using computer-aided design tools, or automatically gener-
ated. The latter category of images are known as procedural
images or procedural textures [6].

Since the computer has no concept of creativity, software
support for image generation is typically limited to captur-
ing an artist’s ideas visually on the screen using a range
of paint and graphics systems. There has been a need for
artificial image creation systems. Evolutionary Art is an
approach to creating novel, interesting images [11]. In one
form of evolutionary art populations of procedural images
are generated based on the principle of evolution: better
images have a higher chance of surviving as each new pop-
ulation of images is generated. Often, these images are dif-
ferent from the images manually created by humans and
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the evolutionary process frequently results in the creation
of surprising and interesting new images.

The human view of what makes a pleasing or interesting im-
age is subjective and personal, therefore most evolutionary
image systems are interactive and rely on a human user for
aesthetic judgments and image ranking [2, 7, 14].

Our original goal was to use our existing genetic program-
ming system to generate images like the ones in the pub-
lished literature, for example [8, 10, 12, 13, 14]. However, as
time went on and we collaborated with a number of artists
and designers the focus of the work became more on the pro-
cess of generating images and on how we could make this
process more productive and enjoyable.

We have built an interactive evolution system, IMAGENE,
which can generate novel and interesting images and allows
user control over a range of options and parameters. The
system is based on NEvAr [10] and employs the evolutionary
technique of genetic programming (GP) [9]. We discovered
that the system provides entertainment value as the user
becomes involved in the process.

The outline of this paper is as follows. Section 2 presents
the context of our work, highlighting the key concepts that
contribute to evolutionary image generation. We briefly dis-
cuss related work in Section 3, and then describe our sys-
tem in Section 4. We report the experiences of different
user cohorts that have used IMAGENE;, in Section 5. Sam-
ple evolved images generated via IMAGENE resulting from
user experiences are presented in section 6. Finally, in Sec-
tion 7 we draw some conclusions and point to directions for
future research.

2. BACKGROUND

One main direction of evolutionary art is the generation of
procedural images or textures that are aesthetically pleasing
to users. Several methods of generating procedural images
have been proposed, typically using GP to evolve images in
accordance with desired user aesthetics. Before we review
related work in the area, we provide some background on
procedural image generation and GP concepts.

2.1 Procedural Images

Procedural images or textures are produced by procedures
or algorithms in which the images are generated on the basis
of underlying mathematical formulae [6]. The input to each
formula is a pair of coordinates or a pixel location in an
image space, and the output is a corresponding pixel grey



Figure 1: Grey level image rendered from the for-
mula z + 2 X y.

level value. Figure 1 shows an example of a procedural image
and its corresponding formula, in which the pixel grey level
value is defined by a function of (z,y) coordinates. When
x and y are close to zero, the value of the function is close
to zero and the corresponding pixels will be black, as in the
bottom left corner of Figure 1. As z and y increase, the
corresponding pixels become lighter. In this example the
pixel in position (28, 28) translates to the grey value 84.

For colour images, an RGB (Red, Green, Blue) triple is nec-
essary to display true-colour images. In current colour image
evolutionary systems a 3d-vector is used [10, 17]. Each com-
ponent of a vector corresponds to a different colour channel
(Red, Green and Blue). Referring to the grey image for-
mula in Figure 1, if we change the constant 2 to a vector
equivalent [1,2, 3], a colour image formula =+ [1, 2, 3] X y re-
sults. We can translate this formula to its vector equivalent
[t+1xy,z+2Xy,x+3xy]. Itisclear that each compo-
nent of the vector is a function of (z,y), which corresponds
to one colour channel.

Procedural images have a number of advantages. They can
simulate a variety of natural phenomena, including stone,
cloud and landscaping effects. Their mathematical nature
makes them extremely robust, and there is an infinite va-
riety of formulae. However, it is difficult to comprehend a
procedural image formula which combines complex mathe-
matical functions (see Figure 5). It is even more difficult to
create a formula that will generate an interesting image. A
method of generating formulae that give interesting images
is needed. GP is one such method.

2.2 Genetic Programming

In a tree-based GP system each individual is an evolved pro-
gram, represented as a tree composed of terminals (leaves)
and functions (interior nodes). The evolutionary process
starts with a random population of individuals and evolves
new individuals using operators such as crossover, mutation
and evaluation repeatedly. The evaluation of an individual
is carried out using a fitness function, an individual with
higher fitness has a higher probability of being selected for
the next generation.

2.2.1 GP Representation

Each image formula is an individual and the number of indi-
viduals in each generation is called the population size. Two
sets of tree nodes need to be provided to the evolutionary
system, the function set and the terminal set. The function
set is drawn from the set of common arithmetic operators,

Formula: x+2Xy

Figure 2: A GP tree and corresponding formula

such as +, —, x and /. Pixel coordinate positions (z,y) and
constants are used in the terminal set.

To illustrate how a GP tree maps to an image formula, Fig-
ure 2 shows a program tree which corresponds to the formula
and image shown in shown in Figure 1. The first node +
has two arguments, x and 2 X y, the second argument is
also a formula represented as a sub-tree. This whole tree
represents the formula f(z,y) =2+ 2 x y.
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2.2.2  Genetic Operators

There are two main types of genetic operator: crossover
and mutation. Methods of crossover and mutation differ,
depending on the problem and its objectives. We describe
the simplest but most widely used methods.

The usual crossover method is to exchange sub-trees be-
tween individuals. Figure 3 is an example of crossover. The
node x in the left hand tree and the node * in the right hand
tree have been selected as crossover points. The children are
generated by swapping the corresponding subtrees.

For the mutation operator, a node (function or terminal) is
randomly selected and then replaced by a randomly gener-
ated tree. Figure 4 is an example of mutation, node * in the
left hand tree is replaced by the sub-tree 2 + Y.

2.2.3 Interactive GP Algorithm

The GP evolutionary process is based on crossover, muta-
tion and guided by a fitness function. In an interactive GP
system, fitness evaluation is provided via user interaction
with the system. For each generation, the user rates the fit-
ness of the individuals in the current population before the
system proceeds to generate the next population. Once the
user is satisfied with a population of individuals, the evolu-
tionary process is terminated. The interactive GP algorithm
is as follows:

e STEP 1: Initialize the population of randomly gener-
ated GP trees. Ask the user to rate the fitness of the
individuals in the initial population.

e STEP 2: Repeat until solution is found:

— Repeat until new population generated:

+* With a given probability select two individu-
als based on their fitness and apply crossover
to generate two offspring. Add them to new
population.

+* With a given probability select one individual
based on fitness and apply mutation. Add it
to the new population.

— Ask the user to rate the fitness of individuals in
new population.

3. RELATED WORK

There are several existing systems using genetic program-
ming to evolve images [5, 18]. The goal of these systems is
to find better images during evolution with the better images
being assigned higher fitness values. The fitness assignment
guides the evolutionary process and plays a significant role
in these systems. However, it is not an easy task to develop
an appropriate fitness function in the field of image gener-
ation. In the recent past, two major directions for image
evolutionary systems have emerged based on different fit-
ness evaluation methods: interactive image evaluation and
automatic image evaluation.

As stated in section 2.2.3, interactive systems are based
on user supervision [14]. Interactive image evolution takes
users’ inputs as the evaluation of fitness, as in the NEvAr
system [10], wherein a user views and ranks generated im-
ages from the population interactively. A skilled user can

guide the evolutionary process to produce desirable images [10].

RED Program:

(cos (+ (log (twice (+ (log (tan (cos (- (twice
(sqrt 64.10)) (sin (+197.57 X)))))) (x (Y
42.43)))) (sin (+ (sqrt (/ (sin (/ (sqrt (sin
106.44)) Y)) (x (twice (x (X (sin 71.83))) (x (sin
(- (log Pi) (/Y 129.63))) (/ (/ (* Pi Pi)189.50)
(triple Y)))))) (sqrt X)))))

GREEN Program:

(cos (log (* (sqrt (log (sin (- (sin (* (sqrt (/
X 173.57)) (sqrt Pi))) (sqrt (+ Pi (- (/Y X) (+
10.62 Pi)))))))) (cos (triple 27.30)))))

BLUE Program:

(cos (+ (log (twice (+ (log (tan (cos (- (twice
(sqrt 64.10)) (sin (+ 59.97 X)))))) (x (Y
42.43)))) (sin (+ (sqrt (/(sin (/ (sqrt (sin
106.44)) Y)) (* (twice (*X (sin 71.83))) (* (sin
(- (Qog Pi) (/Y 189.50))) (/ (/ (* Pi Pi)189.50)
(triple Y)))))) (sqrt X)))))

Figure 5: Colour image formulae in IMAGENE

More recently, automatic image evaluation, which removes
the users from the manual process, has been investigated [3,
15, 19]. The Gentropy system [19] uses image features such
as colour, luminosity, and wavelet coefficients in its fitness
function. More recently, some aesthetic models [12, 16]
which use different measurements to score images have been
developed. These systems generate some appealing images
without user involvement.

4. THE IMAGENE SYSTEM

Research into automatic image evaluation systems has achiev-
ed some level of success, however, as users’ individual views
are often personal and subjective, automatic evaluation is
not an easy task. In comparison, a human can easily iden-
tify and assess an image. Moreover, the interaction between
a user and a good image evolutionary system can be an en-
tertaining process, as the user sees the random images in
the initial generation develop into more and more interest-
ing ones as the evolution proceeds.

Interactive image generation systems require users to view
and rank generated textures continuously. This is imprac-
tical when the population size is large or many generations
are needed. IMAGENE uses a small number of individuals
and a few evolutionary steps. For grey level images eight in-
dividuals are used to give eight grey images which are shown
on one screen. In contract to other systems such as NEvAr
which uses a vector to represent the RGB components of an
image, IMAGENE uses three individuals to represent one
colour image.

4.1 A New Method for Colour Image Genera-
tion
As stated in section 2.1, most GP colour image systems use a
3d-vector to represent an RGB value. We use a new method
to create colour images. Three individuals are used to rep-
resent one colour image, each individual giving a different
colour channel (Red, Green and Blue). An example of three
colour image formulae is given in Figure 5. The correspond-
ing tree for the green program is shown in Figure 6. Fig-
ure 10a is the corresponding image. In this example, all the



Figure 6: GP tree of the Green Program in Figure 5

constants such as 27.30 and 173.57 were randomly generated
during evolution.

This method results in colourful images which contain many
intricate patterns. While our method needs three times the
population size of other methods, we show the same number
of images to the user in each generation, so there is no extra
work for users.

4.2 Image Rendering

The output of an image formula is likely to be outside the
range of grey level or colour pixel values accepted by stan-
dard image display programs. For instance, for an input of
(100,125) the output of the formula = + 2 x y (Figure 1)
is 350. This is beyond the allowable range for a display
program that accepts values up to 255. We use the follow-
ing method to convert the outputs of formulae to the range
[0,255]:

e Store the output for each pixel position in a 2D array.

Find the largest value and smallest value in this array,
then calculate the difference.

Divide each value in the array by the difference and
then multiply by 255.

e Use these new values as the pixel’s grey or RGB value.

Our system is able to map a formula to symmetric and non-
symmetric renderings of images, that is, one formula can
depict two images. In non-symmetric renderings, the ori-
gin (0,0) is the top left corner of the image, whereas for
symmetric renderings the origin is the centre of image. For
symmetric renderings the absolute value of x and y is input
to the image formula. By providing two alternatives for each
formula the system is able to present images in two distinct
ways at each generation, thereby allowing the user to find a
greater variety of images, and more quickly.

4.3 User Involvement

A trained user can guide our system in an extremely efficient
way. The user need not have background or knowledge in
computer programming or art, they will know how to control
the evaluation criteria after a few runs. In some runs it is
no longer possible to find interesting images. This usually
means that the population has lost diversity and user should
restart IMAGENE.

The user has control over three aspects of the system: Eval-
uation, creation of the initial population and parameter set-
ting.

4.3.1  Evaluation

At each generation, the user will view and rank newly gen-
erated images. The user is presented with a window of 8
images. The user is required to enter up to 8 numbers which
give the user’s ranking of the images. The more highly
ranked images will have a higher chance of being selected
by the genetic operators in creating the next generation. It
is not necessary to rank all the images. Users may rank
only the images of interest to them. IMAGENE will auto-
matically give a lower ranking to the remaining images. A
experienced user knows how to select potential individuals
as parents, a selection which will result in desirable offspring
images. The newly generated child images will usually have
some features in common with parent images. We denote
such parents and children images as a family of images. One
such family is shown in figure 11.

4.3.2  Creation of initial population

By default IMAGENE creates the initial population of im-
ages by randomly generating GP trees (see section 2.2).
That is, the tree shapes, functions and terminals that char-
acterize each tree, are randomly selected by the system.
Thus, the initial population of images will typically appear
as a set of unrelated or distinct images. While this initial
population is unlikely to be viewed favourably, users can
quickly generate more interesting sets of images by allocat-
ing high ranks to images in the initial population that are
deemed to have interesting features, such as repeating pat-
terns, appealing colours or shapes. In the next generation,
users are likely to find some interesting images, with char-
acteristics shared with their chosen parents.

If a user is dissatisfied with the randomly generated initial
population of images, they may recreate a new initial popu-
lation manually. A database of images is maintained by the
system with the ranked images from different generations
or system runs. A user may select favorite images from the
database to be present in the initial population. The sys-
tem can automatically read the formulae for these images
and translate them into corresponding GP trees.

4.3.3 Parameter Setting

Different functions and terminals will result in different styles
of image being generated. For example, trigonometric func-
tions create repeating patterns, while linear functions result
in smooth changes in pixel intensity. IMAGENE allows the
user to select different sets of functions and terminals. The
user can also experiment with different settings of GP pa-
rameters such as crossover and mutation rates and maxi-
mum permitted tree depth.



5. USER EXPERIENCES

IMAGENE has been used by approximately 100 users. The
users have ranged from school children who used it for 1-2
hours to experienced artists and designers who have used it
for many hours over many months. User experiences have
produced a variety of images, some of which are shown in
figure 6.

IMAGENE was used by a group of 15-16 year old high school
students who were attending a science summer school. They
had been selected for the school by academic achievement
and interest in science. They received a short presentation
on the basic concepts of formulae, image rendering and com-
putational evolution. They then used the system to gener-
ate their own images. Soon some were excitedly calling to
friends across the room to come and see images they liked.
Some students were unlucky and didn’t get any interest-
ing images for a number of generations and were starting
to lose interest. Many students wanted printouts of images
they had generated to take home. Evaluation feedback af-
ter the summer school indicated that most students enjoyed
this experience.

IMAGENE was used by a multi-media design student for
a major project. This student spent many hours with the
program with the goal of generating interesting images. She
generated many stunning images, some of which are repro-
duced in this paper. Many of the interesting images tended
to come in families, each member of a family being a recog-
nizable variation of another member of the family. She did,
however, report a sense of frustration with system for two
reasons: (1) Many of the images generated were not very in-
teresting. A considerable amount of time was spent ranking
images which were not at all interesting or were very sim-
ilar to images previously ranked. (2) There was not quite
enough user control of the process. The only possible input
was an order of preference for the displayed images, whereas
she wanted to explore such possibilities as ”I wonder what
would happen if images 4 and 8 were parents?”.

Experienced artists and designers who have used IMAGENE
have been delighted with some of the images that have been
generated and have been very excited about using the evolved
images as a starting point for further creative work, with
tools such as photoshop. Some images created in this way
have won first prize at an international evolved art competi-
tion [4]. However, they have reported a sense of frustration
in that considerable effort is needed to rank many uninter-
esting images before a stunning one was generated and were
frustrated by lack of a way to have creative input into the
evolutionary process.

6. EVOLVED IMAGES

We present a series of some evolved images from IMAGENE,
in this section. Figures 7 and 8 show some images from an
initial population generated randomly by IMAGENE. It is
clear that most of them, collectively, are not appealing or
interesting. However, within individuals it is possible to
identify some interesting features, such as the depiction of
a rainbow-shaped pattern in Figure 7b, and a background
repeating pattern in Figure 8c.

Interaction with IMAGENE becomes exciting once a user
finds appealing images, such as those shown in Figures 9
and 10. Beautiful images may be located in many places,
but the feeling of satisfaction assumes a higher plane when

a beautiful image is created by oneself. Most users find it is
entertaining to drive the evolutionary process, which starts
from a very random population of images, then suddenly
delivers an interesting image in a subsequent generation.

The colour images are usually more attractive than grey
images. We compared our colour images with the images
created by the method of using a 3D-vector described in sec-
tion 2.1. Although we have not conducted a rigorous com-
parison, our colour images tend to be visually more colourful
and varied.

The evolution of families of images is another exciting out-
come of IMAGENE. In Figure 11, image (c) is the child of
image (a) and (b) and image (d) is the child of (b) and (c).
The members of a family have some similar features yet are
different. They could be deployed in various media contexts,
such as animation design and game background.

Examples of non-symmetric and symmetric image genera-
tion are presented in Figures 12 and 13, respectively. While
the two sets of images look quite different, corresponding
images in the sequence have been produced from the same
image formula. It is difficult to imagine that the images la-
beled (d), for example, are produced by the same formula.
This ability to generate alternative images with the same
formula assists the user to find diverse and interesting im-
ages quickly.

6.1 Number of potential images

It was interesting to note that IMAGENE did not disengage
or irritate users by generating similar images over and over
again. While some image patterns re-occurred in several
runs, most runs generated different patterns. In this section
we analyze the reasons for this.

As illustrated in Figure 6 the nodes in the generated trees
are either unary or binary. The number of possible formulae
depends on two factors: (1) the number of different unla-
belled tree shapes that are possible for a given depth, and
(2) the number of different ways of assigning labels from the
function and terminal sets to the interior nodes and leaves.

There are no published results on the number of tree shapes
for the kinds of trees that appear in IMAGENE. However
there are results for binary trees. The number of different
tree shapes at a given depth, d, is a “double exponential” se-
quence [1]. For tree depths d = 1,2,3,4,5,6...9 the number
of tree shapes is 1,3,21,651,4.5F5,2.1F11...3.7E60. For
the kinds of trees that appear in IMAGENE these numbers
would be even higher since binary tree shapes are subset of
the possible shapes with unary and binary nodes.

For any given tree shape there is a large number different
ways of assigning labels to the nodes. Thus, the number of
possible formulae at a given depth is much greater than the
number of shapes. For a depth of 9 the number of formulae
is much greater than 3.7E60. In IMAGENE we use a maxi-
mum depth of 12. With such gigantic search space it is not
surprising that new runs give novel images.

7. CONCLUSIONS

This paper has described an interactive image evolutionary
system known as IMAGENE which can generate interesting,
novel, and sometimes stunning images under user supervi-



sion. As an interactive application, the user plays a key role
in using IMAGENE. The user assigns the fitness to each gen-
eration of images and can choose whether the initial popula-
tion of images is created automatically or manually. As can
be expected from a system that generates images with op-
erators that involve randomness, many images are not very
interesting. However interesting and pleasing images usually
emerge after a few generations of the evolutionary process.

We have achieved our original goal of evolving interesting
images. We have also succeeded in making the process an
enjoyable and entertaining one for many users. Over 100
users of different ages and backgrounds have used the sys-
tem and have stated that they enjoyed using it. Factors
contributing to entertainment value include: (1) The sys-
tem keeps generating novel images in different runs, (2) Not
all images are novel and interesting. It takes some effort
and perseverance to get really good images. (3) Families
of images, in which the children have similar characteristics
to their parents are generated, (4) The user can change the
kinds of images that are generated by experimenting with
different options and parameter values.

It has been particularly pleasing that the artists and de-
signers were inspired to use the evolved images for further
creative work, either by selecting and recombining evolved
images into new compositions, or adding various effects with
programs like Photoshop.

While we have yet to perform a rigorous comparison, it does
appear that our approach of using 3 individuals to render
one image gives more novel images with richer colours and
patterns than techniques which use one individual with a
3D vector representation of colour.

Some aspects of the system need further work. We would
like to improve the current user interface which is somewhat
inelegant and clumsy in parts. We would like to explore new
terminals and functions and the different image styles which
could result. We would like to explore different methods
for rendering the images from formulae, in addition to the
symmetric/non symmetric methods. We would like to find
ways in which the artist can have more creative input into
the evolutionary process. We would also like to carry out
a more rigorous evaluation of the system. One intriguing
direction for further work would be to use machine learning
techniques to try to learn a user’s aesthetic preferences and
then to use these preferences in guiding the evolutionary
process.
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Figure 8: Colour images in an initial generation
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Figure 9: Some evolved interesting grey level images

Figure 10: Some evolved interesting colour images
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Figure 11: An image family
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Figure 12: Examples of non-symmetric renderings

Figure 13: Examples of symmetric renderings



