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Abstract—This paper introduces a new method for IFS fractal
image compression of bitmap images. The method is based on
the bat algorithm, a powerful swarm intelligence method for
optimization. This algorithm is modified with two additional
features: a new population model based on strong elitism and
new random individuals, and the inclusion of mutation operators.
The modified method is also coupled with a local search heuristics
for further enhancement. An illustrative example is used to
analyze the performance of this approach. Our experiments
on a fractal image show that the method performs very well,
being able to capture the underlying structure of the original
image with good visual quality. We also compared our method
with other alternative approaches in the literature and found
that it outperforms all of them for the given example. However,
the numerical results show that there is also room for further
improvement. We conclude that the method is promising and
can potentially become a very useful and effective technique for
fractal image compression of bitmap images.
Index Terms—bitmap images, fractal image compression, iterated function systems, collage theorem, evolutionary computation, swarm intelligence, bat algorithm, local search

I. I NTRODUCTION
A. Motivation
Digital image compression is a very hot topic in image
processing, computer vision, and many other fields. This
subject has gained strong relevance during the last few decades
owing to its important applications in several areas, including
medical imaging, sensor systems, facial recognition, biometric
authentication, security and surveillance, wearable technology,
robotics, 3D scanning, entertainment industry, smart cities,
social networks, internet of things, autonomous systems, unmanned vehicles, and many others. In fact, as we move
forward towards a digital era of information and instant global
communication, image compression is becoming one of the
pillars of our current digital world.
Many different techniques and algorithms have been described in the literature for digital image compression and
related topics; see e.g. [9], [21]. In this paper, we are interested in this problem for the standpoint of fractal geometry.
Fractals are geometric shapes that exhibit the self-similarity

property: they follow (at least, approximately) a self-similar
pattern across different scales [2], [3]. This property can be
advantageously used for fractal image compression [4], [16].
There are several methods for fractal image compression,
depending on the kind of fractal scheme used for image
encoding. They include the Brownian motion, escape-time
fractals, finite subdivision rules, L-systems, strange attractors
of dynamical systems, and others [2], [7], [11], [13]. In this
paper, we will focus on IFS fractal image compression, which
is based on contractive maps (see Sect. II for details). Iterated
functions systems (IFS) were conceived by Hutchinson [14]
and popularized by M. Barnsley during the 90s [2]. Basically,
they consist of a finite system of contractive affine maps
tφi ui1,...,η on a complete metric space, M. Each contractive
map φi is defined by a set of parameters to account for the
different geometric operations (rotation, scaling, translation) of
the affine transformation. The collection of all the parameters
for all φi of the IFS is called the IFS code.
It has been proved that the Hutchinson operator over the
set of all compact subsets of M has a unique non-empty
compact fixed set for the induced Hausdorff metric, called
the attractor of the IFS. The graphical representation of this
attractor is a fractal image. Conversely, each fractal image
can be represented by an IFS. Furthermore, a key result is
the collage theorem, which states that any digital image (not
necessarily fractal) can be approximated by an IFS. This result
opens the door to IFS-based image compression techniques,
where the problem can be stated as follows: given a digital
image, compute the IFS whose attractor approximates the
input image accurately. As we will discuss later on, this means
to compute the IFS code of the system, i.e., the whole set of
parameters of such IFS.
Although theoretically possible (according to the collage
theorem), this task has proved to be extremely difficult. In
fact, it is still an open problem for the general case and only
partial solutions have been reported in the literature so far [4].
In this paper, we present a swarm intelligence approach to
address this problem. While it does not solve the problem in

all its generality and some issues still remain, we think it is a
significant step in the field.
B. Aims and structure of this paper
In this paper we introduce a new method for IFS fractal
image compression of bitmap images. The method is based
on a swarm intelligence method for continuous optimization
called bat algorithm. This algorithm is modified with two
additional features: a new population model based on strong
elitism and new random individuals, and the inclusion of
mutation operators. The modified method is also coupled with
a local search heuristics, the Luus-Jakoola method, aimed
at improving the local search step to refine the quality of
the solution. An illustrative example is used to analyze the
performance of this approach.
The structure of this paper is as follows: Section II summarizes the mathematical background required to follow the
paper. Section III describes the main features of the bat
algorithm, our modified algorithm and the coupling with the
local search. Our proposed method is described in detail in
Section IV and then applied to an illustrative example in
Section V. The paper closes with the conclusions and some
ideas for future work.
II. BASIC C ONCEPTS AND D EFINITIONS
A. Iterated Function Systems
An Iterated Function System (IFS) is a finite set tφi ui1,...,η
of contractive affine maps φi : Ω ÝÑ Ω defined on a complete
metric space M  pΩ, Ψq, where Ω  Rn and Ψ is a distance
on Ω. We refer to the IFS as W  tΩ; φ1 , . . . , φη u. In this
work we will consider the metric space pR2 , d2 q where d2 is
the Euclidean distance, which is a complete metric space. In
this case, the affine maps φκ are given by:
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or equivalently: Φκ pΞq  Θκ .Ξ
Σκ where Σκ is a
translation vector and Θκ is a 2  2 matrix with eigenvalues
λκ1 , λκ2 such that |λκj |
1. In fact, µκ  |detpΘκ q|
1
meaning that φκ shrinks distances between points. Thus, any
IFS in the plane can be characterized by the set of parameters
tθijκ , σiκ ui,j1,2;κ1,...,η , called the IFS code.
Let us now define a transformation called the Hutchinson
operator, H, on the compact subsets of Ω, CS pΩq, by:
HpB q 

η
¤



φκ pB q

(2)

κ 1

with B P CS pΩq. If all the φκ are contractions, H is also a
contraction in CS pΩq with the induced Hausdorff metric [14].
Then, according to the fixed point theorem, H has a unique
fixed point, HpAq  A, called the attractor of the IFS, which
is a fractal image.

B. Probabilistic Algorithm and Chaos Game
°ηConsider a set of probabilities P  tω1 , . . . , ωη u, with
κ1 ωκ  1. There exists an efficient method, known as
probabilistic algorithm, for the generation of the attractor
of an IFS. It follows from the result tΞj uj  A provided
that Ξ0 P Ω, where: Ξj  φκ pΞj 1 q with probability
ωκ ¡ 0. Picking an initial point Ξ0 , one of the mappings
in the set tφ1 , . . . , φη u is chosen at random using the weights
tω1 , . . . , ωη u. The selected map is then applied to generate a
new point, and the same process is repeated again with the
new point and so on. As a result of this stochastic iterative
process, we obtain a sequence of points that converges to the
fractal as the number of points increases [2], [12].
A key problem of the probabilistic algorithm is to find
a good set of probabilities to render the fractal attractor
associated with an IFS. Several heuristic methods for choosing efficient sets of probabilities have been proposed in the
literature [3], [10]. The most standard method was suggested
by Barnsley [2] and has been widely used in the literature. For
each of the mappings, this method (called Barnsley’s algorithm
or chaos game) selects a probability value proportional to
the area of the figure associated with the mapping. Taking
into account that the area filled by a linear mapping φi
is proportional to its contractive factor, µi , this algorithm
proposes the following set of probabilities:
µi
; i  1, . . . , η.
(3)
ωi  η
°
µj



j 1

C. Collage Theorem and IFS Fractal Image Compression
IFS fractal image compression is based on the Collage
Theorem, which says that given an initial fractal image
F, there exists an IFS W whose attractor has a graphical
representation F 1 that approximates F accurately, according
to a similarity function S measuring the graphical distance
between them. In particular, it states that given a nonempty compact subset I P CS pΩq, the Hausdorff metric
H p., .q, a non-negative real threshold value  ¥ 0, and an
IFS W  tΩ; φ1 , . . . , φη u on Ω with contractivity factor
0
µ
1 (the maximum of the contractivity factors µκ

η

of maps φκ ), if H pI, HpI qq  H I,
φκ pI q ¤  then
κ1

H pI, Aq ¤
, where A is the attractor of the IFS. That
1µ
 η
¤
1
is: H pI, Aq ¤
H I,
φκ pI q .
1µ
κ1
In short, the theorem says that any digital image F can be
graphically approximated through an IFS, W. Obtaining the
IFS coding of W is the basis of the fractal image compression
method. Note that this task can be achieved for any (not
necessarily fractal) initial image I. Mathematically, this means
that we have to solve the optimization problem:
minimize

tΘκ ,Σκ ,ωκ uκ1,...,η

S pF, HpI qq

(4)

Problem (4) is a continuous constrained optimization problem,
because all free variables in tΘκ , Σκ , ωκ ui are real-valued and

must satisfy the condition that the corresponding functions φκ
have to be contractive. It is also a multimodal problem, since
there can be several global or local minima of the similarity
function. The problem is so difficult that only partial solutions
have been reported in the literature so far, but the general
problem still remains unsolved to a large extent. In this paper
we address this problem by using a modified bat algorithm
coupled with a local search heuristics. Both algorithms are
described in next section.
III. T HE A LGORITHMS
A. Original Bat Algorithm
The bat algorithm is a bio-inspired swarm intelligence
algorithm originally proposed by Xin-She Yang in 2010 to
solve optimization problems [23]–[25]. The algorithm is based
on the echolocation behavior of microbats, which use a type
of sonar called echolocation, with varying pulse rates of
emission and loudness, to detect prey, avoid obstacles, and
locate their roosting crevices in the dark. The idealization of
the echolocation of microbats is as follows:
1) Bats use echolocation to sense distance and distinguish
between food, prey and background barriers.
2) Each virtual bat flies randomly with a velocity vi at position (solution) xi with a fixed frequency fmin , varying
wavelength λ and loudness A0 to search for prey. As it
searches and finds its prey, it changes wavelength (or
frequency) of their emitted pulses and adjust the rate
of pulse emission r, depending on the proximity of the
target.
3) It is assumed that the loudness will vary from an
(initially large and positive) value A0 to a minimum
constant value Amin .
Some additional assumptions are advisable for further efficiency. For instance, we assume that the frequency f evolves
on a bounded interval rfmin , fmax s. This means that the
wavelength λ is also bounded, because f and λ are related
to each other by the fact that the product λ.f is constant.
For practical reasons, it is also convenient that the largest
wavelength is chosen such that it is comparable to the size
of the domain of interest (the search space for optimization
problems). For simplicity, we can assume that fmin  0, so
f P r0, fmax s. The rate of pulse can simply be in the range
r P r0, 1s, where 0 means no pulses at all, and 1 means the
maximum rate of pulse emission.
With these idealized rules indicated above, the basic pseudocode of the bat algorithm is shown in Algorithm 1. Basically,
the algorithm considers an initial population of P individuals
(bats). Each bat, representing a potential solution of the
optimization problem, has a location xi and velocity vi . The
algorithm initializes these variables with random values within
the search space. Then, the pulse frequency, pulse rate, and
loudness are computed for each individual bat. Then, the
swarm evolves in a discrete way over iterations, like time
instances until the maximum number of iterations, Gmax , is
reached. For each generation g and each bat, new frequency,

Require: (Initial Parameters)
Population size: P ; Problem Dimension: d
Maximum number of iterations: Gmax
Objective function: φpxq, with x  px1 , . . . , xd qT
Maximum frequency: fmax ; Pulse rate: r
Loudness: A ; Random number: θ P U p0, 1q
1: g Ð 0
2: Initialize the bat population xi and vi , pi  1, . . . , nq
3: Define pulse frequency fi at xi
4: Initialize pulse rates ri and loudness Ai
5: while g
Gmax do
6:
for i  1 to P do
7:
Generate new solutions by using eqns. (5)-(7)
8:
if θ ¡ ri then
9:
sbest Ð sg
//select the best current solution
10:
lsbest Ð lsg //generate a local solution around sbest
11:
end if
12:
Generate a new solution by local random walk
13:
if θ Ai and φpxi q φpx q then
14:
Accept new solutions, increase ri and decrease
Ai
15:
end if
16:
end for
17:
gÐg 1
18: end while
19: Rank the bats and find current best x
20: return x
Algorithm 1: Bat algorithm pseudocode

location and velocity are computed according to the following
evolution equations:
fig
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where β P r0, 1s follows the random uniform distribution, and
x represents the current global best location (solution), which
is obtained through evaluation of the objective function at all
bats and ranking of their fitness values. The superscript p.qg
is used to denote the current generation g. The best current
solution and a local solution around it are probabilistically
selected according to some given criteria. Then, search is
intensified by a local random walk. For this local search,
once a solution is selected among the current best solutions,
it is perturbed locally through a random walk of the form:
xnew  xold Ag , where  is a uniform random number on
r1, 1s and Ag  Agi ¡, is the average loudness of all the
bats at generation g. If the new solution achieved is better
than the previous best one, it is probabilistically accepted
depending on the value of the loudness. In that case, the
algorithm increases the pulse rate and decreases the loudness.
This process is repeated for the given number of iterations.
In general, the loudness decreases once a new best solution

is found, while the rate of pulse emission decreases. For
simplicity, the following values are commonly used: A0  1
and Amin  0, assuming that this latter value means that
a bat has found the prey and temporarily stop emitting any
sound. The evolution rules for loudness and pulse rate are
as: Agi 1  αAgi and rig 1  ri0 r1  exppγg qs where α
and γ are constants. Note that for any 0
α
1 and any
γ ¡ 0 we have: Agi Ñ 0, rig Ñ ri0 as g Ñ 8. Generally,
each bat should have different values for loudness and pulse
emission rate, which can be achieved by randomization. To
this aim, we can take an initial loudness A0i P p0, 2q while the
initial emission rate ri0 can be any value in the interval r0, 1s.
Loudness and emission rates will be updated only if the new
solutions are improved, an indication that the bats are moving
towards the optimal solution.
Bat algorithm is a very promising method that has already
been successfully applied to several problems, such as multilevel image thresholding [1], economic dispatch [19], B-spline
curve reconstruction [15], optimal design of structures in civil
engineering [18], robotics [22], fuel arrangement optimization
[17], and many others. The interested reader is also referred
to the general paper in [26] for a comprehensive review of the
bat algorithm, its variants and other interesting applications.

operator that introduces random perturbations in the form of
an additive and a multiplicative uniform random number on a
κ
randomly chosen coordinate of the σiκ and θij
, respectively,
while all other coordinates of the bat remain unaltered.
C. Coupling with a Local Search Heuristics
Our modified bat algorithm is coupled with a local search
procedure to promote further exploitation in the neighborhood
of the best solutions. We apply the Luus-Jaakola local search,
a popular heuristic for nonlinear programming problems [20].
It starts with an initialization step, where random uniform
values are chosen within the search space. To this aim, we
compute the upper and lower bounds for each dimension.
Then, a random uniform value in-between is sampled for each
component. This value is added to the current position of
the potential solution to generate a new candidate solution,
which replaces the current one if and only if the fitness at the
new position is improved. Otherwise, the sampling space is
multiplicatively decreased by a factor, usually of value 95%.
In practice, we found that it is better to consider a selfadaptive size for this factor, with the effect of speeding up
the convergence to the steady state. This process is repeated
iteratively. With each iteration, the neighborhood of the point
decreases, so the procedure eventually collapses to a point.

B. Modified bat algorithm
Several modifications on the original bat algorithm have
been described in the literature for better performance. In this
paper, we consider a modified version of the bat algorithm
with two additional features: a new population model based
on strong elitism and new random individuals to promote
exploitation and exploration, respectively, and the inclusion of
mutation operators to enforce intensive search at local level.
In the original bat algorithm, the original population of
NP individuals is replaced in each generation. Consequently,
it misses some features that are valuable in evolutionary
algorithms such as the selection pressure for survival of
individuals. In our approach, we use a population model
comprised of 3NP individuals classified into three groups of
size NP : the first one is comprised by the parents, initially
chosen randomly; the second group is obtained by applying the
mutation operator onto the members of the first group; finally,
the third group consists of new random individuals injected
at every iteration to promote diversity. At each iteration t,
the three lists are combined altogether and all individuals are
ranked according to the fitness. The best NP individuals are
then preserved for the next generation as members of the first
group. Then, mutation of these individuals generates the new
second group, and random operators generate the third one,
and the whole process is repeated. This procedure guarantees
strong elitism and selection pressure, as the best individuals
are always preserved over the time and the selection is based
on the survival of the fittest. On the other hand, the mutation
on the second group enforces exploitation of current good
solution, while the random choice on third group promotes
diversity and hence, exploration of the whole search space. In
this work, we apply a two-point, inductive uniform mutation

IV. T HE P ROPOSED A PPROACH
A. The Method
Suppose that we are given a digital image, I  . The Collage
Theorem states that I  can be closely approximated by an iterative process driven by a set of contractive affine mappings on
the two-dimensional real plane, Φ  tφ1 , . . . , φη u. In particular, for any arbitrary Ξ0 P CS pR2 q, consider Ξj  φκ pΞj 1 q,
where κ is randomly chosen from the set of indices t1, . . . , η u
according to a set of probabilities W  tω1 , . . . , ωη u, with
°
η
κ1 ωκ  1 and ωκ selected as in (3), for each iteration
step j. Then, the sequence tΞj uj converges to I  as j Ñ 8.
In other words, any given digital image I  can be accurately
approximated by the action of a finite collection of affine
maps. The problem then consists of computing the IFS code
according to the optimization problem in (4).
To this aim, we consider a population of P individuals
called bats, tBiκ ui1,...,P :
Biκ

κ,i κ,i κ,i κ,i κ,i
 pθ1,1
, θ1,2 , θ2,1 , θ2,2 |σ1 , σ2κ,i |ωκi q

(8)

where each bat is a real-valued vector comprised of all free
variables in Eq. (4) and the superscript κ denotes the iteration
number. These individuals are initialized with uniform random
values in r1, 1s for the°
variables in tΘκi,j ui,j,κ , and in r0, 1s
η
for the tωκ uκ , such that κ1 ωκi  1. After this initialization
step, we compute the contractive factors µκ and reinitialize
all functions φκ with µκ ¥ 1 to ensure that only contractive
functions are included in the initial population. Regarding the
fitness function, it is given by the Hamming distance: the
fractal images are stored as binary bitmap images of 0s and
1s for a given resolution defined by a mesh size parameter,
ms . Then, we divide the number of mismatches between the

B. Parameter Tuning

TABLE I
BAT ALGORITHM
Symbol
P
Gmax
A0
Amin
r0
fmax
α
γ

PARAMETERS AND THEIR VALUES IN THIS PAPER .

Meaning
population size
max. number of iterations
initial loudness
minimum loudness
initial pulse rate
maximum frequency
multiplicative factor
exponential factor

Range
50-200
1,000–30,000
p0, 2q
r0, 1s
r0, 1s
r0, 10s
p0, 1q
r0, 1s

Used Value
100
5,000
0.5
0
0.2
1.5
0.3
0.2

original and the reconstructed matrices by the total number
of boxes in the image. This yields the normalized similarity
error rate index between both images, denoted by |S |
 . This
is the fitness function used in this work.

A critical issue when working with swarm intelligence
techniques is the parameter tuning, which is well-known to
be problem-dependent. Our choice has been fully empirical,
based on computer simulations for different parameter values.
The different parameters used in this work are arranged in rows
in Table I. For each parameter, the table shows (in columns)
its symbol, meaning, range of values, and the parameter value
chosen in this paper. Regarding the stopping criterion, our
method is run for a fixed number of iterations, Gmax . From
our experiments, we found that Gmax  5000 iterations is
enough to reach convergence in all our simulations, so this is
the value used in this work. Finally, our method requires to
define the mesh size, ms , set to ms  100 in this work.
With this choice of parameter values, we run our modified
algorithm iteratively. Positions and velocities of the bats are
computed following the evolution equations (5)-(7) and then
ranked according to the fitness function explained above. The
iterative process stops when the maximum number of iterations
Gmax is reached. The best solution achieved at the final
iteration is taken as the solution of the optimization problem.
C. Implementation details
All computations in this paper have been performed on
a 3.4 GHz Intel Core i7 processor with 16 GB of RAM.
The source code has been implemented by the authors in the
native programming language of the popular scientific program
Matlab version 2018b and using the numerical libraries for
fractals in [5], [6], [8]. Regarding the CPU times, they depend
on the complexity of the image, the resolution of the mesh, the
population size, and other factors. In general, we noticed that
the method is time-consuming for very high resolution images.
This is the case for the image in our example, which is drawn
with 800,000 points. For illustration, each single execution for
the example in this paper takes about 8–12 hours. Clearly, the
CPU times is one of the issues to be improved in our method.
V. A N I LLUSTRATIVE E XAMPLE
A. Graphical Results

Fig. 1. (top) Original image; (bottom) best compressed image.

Our method has been applied to several examples. However,
only one is discussed because of limitations of space. The
original digital image, shown in Fig. 1(top), corresponds to an
academic example chosen in order to analyze the performance
of the proposal. It has been generated by an IFS with five
contractive maps, colored in red, blue, dark yellow, light green,
and dark pink. The input for our method is the collection of
800,000 data points of the image and the number of contractive
maps, η. We also include the list of colors for the contractive
functions (included here for visualization purposes only, as
they do not affect the performance of our method). Our method
does not compute the optimal number of contractive functions.
This is part of our future work in the field.
We apply our method by using an initial population of
100 random individuals for η  5 according to (8), yielding
100 random initial images. For illustration, four of them are
displayed in Fig. 2. As the reader can see, they are visually

Fig. 2. Four different individuals (bats) of the initial random population. Note the large diversity of images in our initial population.

very different to each other, and all them are certainly very far
from the original source image. Then, our method is applied
for Gmax  5000 iterations as described above.
Fig. 3 shows the evolution from a random initial image
of the global best of the population for 5000 iterations with
step-size 250 (see also the accompanying video in QuickTime
format and total length 2 min. 26 sec., showing 48 frames
of the evolution from the initial to the final image). From
Fig. 3, we can see that the global best is very far from the
source image at initial stages of the method, leading to images
that do not really resemble the goal image. However, as the
number of iterations increases, the global best image is getting
visually closer to the intended image. Also, the variation of
the global shape of the image for different iterations is more
dramatic at initial stages, corresponding to a higher explorative
phase, while it varies slightly at later iterations, where the
image approaches to the target image by small incremental
improvements of some local features, corresponding to the
exploitative phase of the method. Fig. 3 (bottom) shows the
final compressed image after the convergence is reached. As
the reader can see, the final image is very similar visually to
the source image, capturing faithfully all major features of a
complicated and irregular fractal shape. This means that our
method is able to reconstruct the general shape of the given
image with a good visual accuracy.
B. Numerical Results
In spite of the good graphical results, the numerical results
show that the method is not optimal yet and there is still
be room for further improvement. The similarity error value
between the original and the reconstructed images is 0.3196
according to our metric, meaning that we got almost a 32% of
mismatches between both images for the given resolution. This
result may appear surprising in the light of the good visual
results, but it must be taken into account that our metrics
computes the differences based on the numerical values on
the grid, meaning that it is not enough to capture the global
shape of the image. Any minor distortion of the image (e.g.,
displacement, rotation, or scaling) might lead to substantial
increases in the similarity error, even although the general
shape is still well reproduced. Furthermore, even if these
variations happen at a local level, they are amplified by the

self-similar nature of the fractal. As a result, they have a
dramatic effect on the numerical results. Of course, this effect
can be partially alleviated by relaxing our fitness function.
However, we opted to preserve this more demanding metric in
order to push our method further looking for a higher accuracy.
C. Comparative Work
For better assessment of our approach, a comparative work
with other alternative methods in the literature has been carried
out. Four different approaches have been used in our comparison: neural networks, simulated annealing (SA), genetic algorithms (GA), and firefly algorithm (FFA). These approaches
have been primarily chosen because they represent four qualitatively different families of methods. Neural networks is
one of the most popular artificial intelligence approaches,
simulated annealing belongs to the family of single particle
methods, and genetic algorithms and firefly algorithm are good
representatives of population-based evolutionary algorithms
and swarm intelligence algorithms, respectively. In addition,
all of them have been previously applied to this problem.
Obviously, these approaches are very general, so some
choices are still to be taken. Regarding the neural networks,
we use a multilayer perceptron (MLP), which is well-known
to be a universal function approximator. The MLP in our
comparison includes 30 neurons (as many as the free variables
of the problem) in a single hidden layer and uses the back
propagation algorithm of Levenberg–Marquardt for training.
Whenever possible, we consider a similar set of values for
the parameters, in order to make the comparison as fair
as possible. Thus, we also consider a population of 100
individuals and 5, 000 iterations for GA and FFA. However, to
compensate the fact that only a single particle is considered,
we allow 5  105 iterations for SA, so that the number of
function evaluations keeps still the same. We also included two
variations of our method to enrich the discussion: the original
bat algorithm described in Sect. III-A, and the modified bat
algorithm in Sect. III-B, but without the local search.
Table II summarizes our computational results. The different
methods are arranged in rows. For each method, the corresponding similarity index |S |
 , taken values in the interval
r0, 1s (the lower, the better), is reported. Best result is high-

Fig. 3. (left-right, top-bottom) Evolution of the best of the population for 5,000 iterations with step-size 250.

TABLE II
C OMPARATIVE RESULTS OF OUR METHOD WITH OTHER
APPROACHES ( BEST RESULT IN BOLD ).
Method
Multilayer perceptron:
Simulated annealing:
Genetic algorithms:
Firefly algorithm:
Original bat algorithm:
Modified bat algorithm:
Our method:

ALTERNATIVE

|S |


0.7846
0.7329
0.4611
0.5387
0.3755
0.3307
0.3196

lighted in bold for easier identification. As shown in the table,
our method outperforms all other methods in our comparison.
VI. C ONCLUSIONS AND F UTURE W ORK
This paper introduces a new method for IFS fractal image
compression. The method is based on the bat algorithm, a
powerful swarm intelligence method for optimization. This
algorithm is modified with two additional features: a new
population model based on strong elitism and new random
individuals, and the inclusion of mutation operators. The
modified method is also coupled with a local search heuristics
for further enhancement. An illustrative example is used to
analyze the performance of this approach. Our experiments
on a fractal image show that the method is able to recover
the general pattern of the image with good visual quality.
Furthermore, we compared our method with other alternative
approaches and found that it outperforms all of them. However,
the numerical results show that there is also room for further
improvement. We conclude that this approach is promising and
it could potentially become (after further improvement) a very
useful technique in the context of fractal image compression.
Of course, we also found some limitations. On one hand, our
method does not compute the number of contractive functions,
so this value is assumed by now to be an input. On the other
hand, the method is quite slow, as it requires a large number of
iterations to converge (even for input fractal images). This is
not surprising, given the enormous difficulty of the problem,
but also means that the method is still not well suited for
image compression for the general case of digital images.
Regarding our future work, we want to modify our method
to improve our numerical and graphical results. In addition
to a more optimized fitness function, we are interested to
include a procedure to determine automatically the number
of contractive functions. We also wish to extend our results
to the case of general digital images, a task that requires to
reduce our CPU times significantly. We are also interested to
extend our method to the case of colored images, possibly
with the inclusion of a color channel within the method and
the application of color processing techniques.
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