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Abstract—In this paper the design parameters of a genetic
algorithm (GA) based image approximation / compression algo-
rithm are analyzed. The efficiency using different approximation
shapes and with different GA parameters (population size,
mutation rate) are evaluated using test runs. Recommended
parameter sets for different scenarios are provided.
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I. INTRODUCTION

The genetic algorithm [1] concept can be efficiently used in

many optimization problems to provide an alternative solution.

It can be used is several areas from data mining [2] to neural

networks and deep learning [3]. GA does not guarantee the

optimum, and the quality of the approximation highly depends

on the implementation and on the carefully chosen design

parameters.

One large area, where GA can efficiently be used, is image

processing [4], e.g. image approximation.

In [5] an image approximation algorithm was presented

using arbitrary triangles to approximate the back and white

areas of images. Using different shapes, however, can lead to

different results. In this paper additional shapes (rectangles

and circles) will be used for the approximation, among the

triangles.

The efficiency of the algorithm is highly affected by the

design parameters. In this paper the effect of the used shapes,

the maximum number of shapes, the mutation and crossover

ratio and the distribution and the parameters of the random

numbers used in generation of the new shapes and during the

mutations are evaluated.

II. RELATED WORK

Genetic algorithms [1] are widely used [3], primarily for

solving problems, where the number of parameters is too

high and no quick solution is known. For most of those

problems finding the optimal solution is not critical, and

an approximation (or maybe any possible solution) can be

acceptable.

An approximate solution can be given to classic NP-

complete problems, Vehicle Routing Problem (VRP) [6] and

Travelling Salesman Problem (TSP) [7], with genetic algo-

rithms. Another two typical applications are transporting [8]

and scheduling [9].

In mechanical engineering genetic algorithms can be used

to optimize mechanical components, e.g. to make support

elements with minimum weight (and from minimum amount

of material) and with maximal strength [10].

Different areas, like fuzzy logic [11], data mining [2] or

scheduling [12] can efficiently combined with genetic algo-

rithms.

Genetic algorithms can be effectively used for economic

applications [13], e.g. for automatized trading [14] or portfolio

analysis [15].

A promising application is using genetic algorithm to op-

timize the weights of a neural network instead of using back

propagation [3], [16]. Two interesting applications of neuro-

evolution are an automated player for the classic Nintendo

Super Mario Brothers video game (MarIO) [17] and an appli-

cation, where a virtual robot battle player is controlled by a

neuro-evolutionary algorithm [18].

A good application of genetic algorithms is image process-

ing [19], e.g. image segmentation [4] or image enhancement

[20]. This paper will focus on a similar application: image

approximation [5].

III. THE GA-BASED IMAGE COMPRESSION

A. Problem statement

The algorithm work with 8-bit grayscale images with, and

represent them as an (n× n) matrix:

IMG = (ai,j ∈ 0, 1, . . . 255n×n), (1)

where ai,j is the pixel in the (i, j) coordinates of the input

image.

An approximation B of the image consist of the series of

k shapes:

B = (s1, s2, . . . , sk) (2)

where each shape is given with a series of parameters. A shape

s is defined as follows:

s = (t, p1, p2, . . . , ppn(t), c), (3)

where t is the type of the shape and p1, . . . , ppn(t) are the

parameters of the shape, given that pn(t) gives the number

89

AIS 2022 – 17th International Symposium on Applied Informatics and Related Areas                   



of parameters for the tth shape. The c ∈ −255, . . . , 255
parameter gives the color of the shape.

Each approximation has a graphical representation R, sim-

ilarly to the input image:

R = (bi,j ∈ 0, 1, . . . 255n×n), (4)

where bi,j is the pixel in the (i, j) coordinates of the approx-

imation.

B. Graphical representation

The genetic algorithm handles the following shapes:

• t = 1 represents a triangle with np(1) = 6 parameters,

where (p1, p2), (p3, p4) and (p5, p6) belong the 3 vertices.

• t = 2 defines a rectangle with np(2) = 4 and (p1, p2)
and (p2, p3) give the opposite vertices.

• Finally, t = 3 determines a circle with np(3) = 3
parameters, where (p1, p2) is the center of the circle and

p3 is the radius.

During calculation of R the shapes are rendered overlaying

each other with adding their color to the actual image, stating

from a white image. After adding a shape, the value of each

pixel is kept between 0 and 255.

The aim of the algorithm is to find an approximation B with

minimum error e(B), i.e. with minimum difference between

the original image IMG and the graphical representation R

of the approximation B:

e(B) =

∣
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∣

∣

∣

∣

∑
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∣
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(5)

The conventional term related to genetic algorithms is fitness

function, which can be defined as the opposite of the error:

f(B) = −e(B). (6)

C. The genetic algorithm

The genetic algorithm uses a P population of p approxima-

tions:

P = B1, . . . , Bp. (7)

At first each approximation of the population is initiated

with an approximation contains a number of randomly gener-

ated shapes. Then every population is generated as follows.

• The graphical representation is rendered for each approx-

imation.

• The fitness function is calculated using the graphical

representations and the original image.

• A fixed number of approximations are selected from the

population with the highest fitness, which are left intact.

• A fixed number of approximations are overwritten by new

ones generated using crossover.

• The rest of the approximations are randomly modified in

terms of the coordinates and the color with predefined

probabilities.

For sake of simplicity the details of the genetic operators

are not discussed here in detail. They can be found in [5].

D. Software architecture

The image approximation algorithm is implemented in

C language with as few external dependencies as possible

to be portable to different operating systems. The different

parameters (i.g. population size, resolution, maximum number

of shapes, shape types) can be set at compile time.

The software excepts the input image in BMP format in

grayscale with a fixed resolution. The graphical representation

of the approximation with the smallest error is saved in every

tenth iteration in raw format and converted to JPEG using an

external program.

The implementation uses a single thread only, but several

instances with different settings can be run in parallel.

IV. TEST RESULTS

To test the performance of the method with different settings

and to analyze the effect of different parameters the genetic

algorithm was run with several different settings. The param-

eters can be summarized as follows:

• Maximum number of shapes: 20 ≤ kmax ≤ 100
• Population size: p = 4096
• Intact approximations: 256

• Overwritten approximations: 1024

• Shapes: triangles only, rectangles only, circles only and

all shapes mixed.

• Random shape generation and mutation with random

numbers with uniform and Gaussian distribution.

During generating and modifying the shapes two different

strategies are used. The uniform strategy uses uniform distri-

bution for all random numbers, i.g. the vertices of the triangles

and the rectangles, and the center and the radius of the circles

are generated with uniform random distribution. The same is

true for the modification of the vertices and the radii as well.

The Gaussian strategy uses random numbers with Gaussian

distribution. During generation of triangles and rectangles first

a center point is generated with uniform distribution and the

vertices are shifted with Gaussian offsets. The circles are

generated with uniform centers and Gaussian radii.

The test image can be seen in Fig. 1(a). It is a moderately

detailed, well distinguishable silhouette of Sherlock Holmes.

Fig. 1(b) contains the best approximation during the experi-

ments with the number of shapes limited to 80 (kmax = 80).

Fig. 1. The test image (a) and the best matching image after 5000 generations
with the best performing settings.
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Fig. 2 shows the best approximation of the test image after

50, 200 and 1000 generations using mixed shapes (upper row)

and circles (lower row). The maximum number of shapes were

kmax = 80.

Fig. 2. The best approximation of the test image after 50, 200 and 1000
generations using mixed shapes (upper row) and circles only (lower row).

On Figs. 3 and 5 the effect of using different shapes and

different random number strategies are visualized. For this

experiment kmax = 80 was set. Fig. 3 shows the results of the

uniform strategy, while Fig. 4 belongs to the Gaussian random

number strategy. Gaussian distribution leads to slightly lower

errors in each case. During the experiments triangles gave the

worst performance, while the other two shapes and the mixed

mode performed almost equally, being the mixed mode the

best setting.
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Fig. 3.

To evaluate the effect of kmax and the random distribution

the same test image was approximated with 9 different kmax

values between 20 and 100, and the genetic algorithm was run

with the Gaussian random number strategy and with mixed

shapes. Fig. 5 shows the error of the best approximation in

each generation.

According to the tests the achievable minimum error de-

creases with more and more shapes. Using less than 40 or 50
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Fig. 4.
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shapes does not give a recognizable approximation. On the

other hand, using more than 80 shapes does not significantly

reduce the achievable error.

V. SUMMARY

In this paper a genetic algorithm based image approximation

method was presented, which extends a similar, existing solu-

tion. The approximation is based on a genetic algorithm and

uses a limited number of triangles, rectangles, circles, or all of

them. The paper discussed several different design parameters

of the algorithm: different limits for the number of shapes,

different random number generation strategies and different

shapes. In all tests the triangle based approximation was

outperformed by the others, and the mixed strategy provided

the best results. With using Gaussian distribution during some

part of the algorithm the results can slightly be improved.
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