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Abstract

The Satin Bowerbird Optimization (SBO) is a recently developed meta-heuristic optimization algorithm which was
inspired by the Satin Bowerbirds living in Australia’s rainforests and other mesic habitats.Like other meta-heuristic
algorithms, the main problem faced by the SBO is that it has been empirically demonstrated to become easily trapped
into local optimal solutions, creating low precision and slow convergence speeds. Therefore, in an effort to enhance
global convergence speeds and in order to obtain a better performance, this paper introduces the chaos theory into
the SBO optimization process. Various chaotic maps were considered in the proposed Chaotic-SBO (CSBO) method
in order to replace the main parameter’s greatest step size (), which assists in controlling both exploration and
exploitation. The proposed CSBO methods are benchmarked within the CEC2014 test problems. The numerical results
show that these novel algorithms improve the chaotic maps, especially in the Tent map, as well as improving the
performance of the original Satin Bowerbird Optimization Algorithm. Specifically, the CSBO10(Tent) achieved the best

performance.
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1. Introduction

The optimization problem aims to search for a maximum
or minimum of an objective function value in widely varied
local optima, under highly complex constraints, and in a
reasonable amount of time'. Consequently, chaotic
sequences generated by means of chaotic maps have
been used in the development of global optimization
techniques. The first introduction of chaos into the
optimization challenge was the Chaos Optimization
Algorithm (COA) in 1963 by E.N. Lorenz’.The COA
represents the bounded, unstable, dynamic behavior that
exhibits sensitive dependence on its initial conditions®.
Uniquely characteristic of chaotic behavior, the COA
carries out global exploration searchs at higher speeds
than stochastic ergodic searches, which are dependent
on probabilities4. Chaos is a characteristic of several
nonlinear systems as motion distributes within a
specific range since it possesses degrees of
uncertainty, ergodicity, and stochasticity. Many
researchers therefore use the characteristics of chaotic
ergodicity to solve for the global optimal solution of
complex nonlinear multi-peak problems, by weakening
the randomness or constant parameters of the
metaheuristic optimization algorithm5. As a result, most
current works are devoted to the improvement of global
optimization algorithms to tackle the abovemen-
tioned shortcomings. Further interest has been
developed in the field of hybrid algorithms, especially in
typical and emerging heuristic optimization algorithms;
such as the harmony search algorithm [3], migration and
merging operation®, cuckoo search optimization
algorithms®, bee colony algorithms, great deluge
algorithm7, imperialist competitive algorithms, particle
swarm optimization®', firefly algorithm'', gravitational
search algorithm12, grey wolf optimization algorithm”,
whale optimization algorithm™, crow search algorithm'>",
league championship algorithm"’, salp swarm algorithm'®,
and the krill herd algorithm®; all of which were hybridized
with the COA. Various simulation results and applications
in each of these references have proven the solution
diversity and global optimization capacity of each chaos

based optimization algorithm.
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The standard Satin Bowerbird Optimizer (SBO) was
first proposed by S. H. Samareh Moosavi and V. Khatibi
Bardsiri”® in 2017 to optimize ANFIS for the purpose of
software development effort estimation. Its algorithm
was bio-inspired by Satin Bowerbirds living in the
rainforests and mesic habitats of Australia. Through the
breeding principle of male-attracting-female, the male
bowerbird attracts the female with the construction of a
specialized bower. The SBO technique, which is
population-based on a stochastic optimization
algorithm“, is very robust, straightforward, and efficient.
Details of the original SBO and the literature related to

its applications are presented in Sections 4 and 6.

Our principle concern we faced in our research was
to introduce the Chaotic Satin Bowerbird Optimizer
(CSBO) based methods in ways in which different chaotic
systems are used to replace the critical parameters of the
SBO. Through this method, we intended to enhance the
global searching ability of the SBO, and increase its
ability to stick on a local solution. The simulation results
demonstrated the improved performance of the CSBO
with the application of the deterministic chaotic signals,
as opposed to the constant parameters of the SBO.

The remainder of this paper is organized in seven
sections. Section 2 briefly describes the original SBO
algorithm; Section 3 describes the chaotic maps; the
proposed CSBO approach is detailed in Section 4; and
the benchmark functions and parameter studies used
to test the performance of the CSBO are found in
Section 5. The experimental results and discussions are
presented in Section 6, and the conclusions and future

scope of our research are presented in Section 7.

2. The original SBO algorithm

The SBO algorithm®?" is a population-based
algorithm which estimates the global optimum for a given
optimization problem. This process starts by creating a
population of random uniform distribution, through the
consideration of both the lower and upper limit parameters.
After that, each position is defined as a dimensional vector

of the parameters, which must be optimized.The
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probability of such defines the attractiveness of the bower.
A female satin bower bird selects a bower (nest) based
on its probability, and is able to calculate the probability

of each population member through Egs. (1) and (2),

below.
fit .
Prob, = —p— . @)
fit
n=1 n
—— ()20
fit; =1 1+’ VT
T+ 1f(x)lLf(x) <0 )

where NB is the population size of the bower, is the
fitness value of the ith solution, and f(X1) is the fitness
value of ith bower. To find the position of the best bower,
the SBO algorithm utilizes the concept of Elitism, which
allows the best solution to be preserved at each stage of
the optimization process. The SBO algorithm uses the
concept of birds building their nests using their natural
instincts. The male satin bower bird likes all other birds
in the mating season, and uses his natural instincts to
build his bower and decorate it. We may infer that the
male bowers rely upon their experience to influence
their creative decisions in building their bower; therefore,
more experienced birds will build more attractive bowers
(improving their fitness) than others. In this work, the best
built bower (best position) is intended as an elite
iteration. Since the elite position has the highest fitness,
it should be able to influence the other positions. The
changes of each new bower, representing a new
position determined by the position of the best fit

bower (position), are calculated according to Eq. (3).

X, +X
new __ _old Jk elitek old
Xy =Xy A T X > ()
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where Xi is the ith solution vector (bower), Xj is
determined as the target solution among all solutions in
the current iteration, ] is calculated by the roulette wheel
procedure, and Xik is the kth member of this dimensions.
Xelite indicates the elite position (the best fitness value

in the current iteration).

a

A

= ) (4)
g 1+pj

In Eq. (4), determines the attraction power in the goal
bower, shown at intervals of , where is the greatest step
size (constant) and is the probability obtained by Eq. (1)
using the goal bower, at intervals of .In the mutation
process, which occurs at the completion of each iteration
of the SBO, random changes are applied with a certain
probability. Random changes are then applied to , again,
with a certain probability.The normal distribution within
the mutation process is employed through the average

of and the variance of , as seen in Eqgs. (5)-(7).

X"~ N(xp o) (5)
N(xi",6?)=x; +(c"N(0,1)) (6)
o= Z*(Varmax_ Varmin) ’ (7)

where 0 is a proportion of space width, and and are
the lower and upper bounds assigned to the variables,
respectively. The value of the Z parameter is the percent
of the difference between the lower and upper limit, which
is variable. In the last of stage of each iteration, the
newly formed population and the initial population are
evaluated, and all populations are combined and sorted
by their fitness values. A new population is then created
according to the previously defined number, while the
others are rejected. The basic steps of the SBO are shown

in Algorithm 1.
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Algorithm 1 The satin bowerbird optimization algorithm®.

J Sci Technol MSU

1: Initialize the population size of bowers (NB), greatest step size (a), mutation probability (P), percentage of the difference

between the upper and lower limits (Z) and proportion of space width (0) calculated by Eq. (7)

2: Generate the population (bower)

3: Evaluate the fitness value of bowers. Let the initialization also be the best bower and assume it as elite
4: While (the end criterion is not satisfied) Do

5 Calculate the probability of bowers using Eqgs. (1) and (2)

6: Fori = 1 to all bower Do

7 For j = 1 to all element of bower Do

8 Select one bower randomly using roulette wheel selection
9 Calculate step size (4;) using Eq. (4)

10: Update the position of bower using Egs. (3) and (6)

11: End for

12: Evaluate the fitness value of bower.

13: End for

14: Sorted bower and by the fitness values

15: Find the current global best

16: End while

17: Output the best fitness value of bower

3. Chaotic maps for the SBO

This section presents the descriptions and
equations of ten discrete chaotic maps used within the
experiments of the SBO algorithm.

Chaos, as a kind of dynamic behavior within a
nonlinear chaotic time series, has raised enormous
interest in fields such as scientific applications and
engineering systems”; which have included numerical
simulation, chaos control, synchro-nization, pattern
recognition, optimization theory, and additional nonlinear
sciences. In random-based optimization algorithms,
methods employing chaotic variables rather than random
variables are referred to as chaotic optimization algorithms
(COA)". Due to the non-repetition of chaotic behavior,
the algorithm is capable of carrying out overall searches
at higher speeds than stochastic searches, which are
dependent upon their probabilitie323. One—dimensional,
non—invertible maps are the simplest systems capable of

generating the desired chaotic motion®*.

To fulfill this matter within our study, one-—
dimensional, non—invertible maps are utilized to generate
chaotic sets. In Table 1, we review some of the better
known one—dimensional maps. Within the ten different
chaotic maps presented in this table; k indicates the
index of the chaotic sequence, and Xk represents the
kth number in the chaotic sequence. Figure 1a - 1j outlines

the dynamics of the ten different chaotic maps.
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Table 1 The ten chaotic maps

Satin Bowerbird Optimization Algorithm with Chaos

13,14,16,19

No. Name Definition
CSBO1  Chebyshev map X1 = cos(kcos™ (x;))
X =X +b—(a—2m)sin(2mx, ymod(1
CSBO2  Circle map et ( )sin(27x )mod(l)
With a= 0.5 and b = 0.2, it generates a chaotic sequence in (0, 1)
0 x, =0
CSBO3  Gauss/Mouse map  X,,, = 7 1/x.mod(l) = 1 —[l}
1/kmod(l) otherwise X L Xk
: _ ol ar
CSBO4 lterative map Xpp1 = Sm(—) ,a e (0,1)
Xk
CSBO5  Logistic map X =axy(1—x;)
%‘ 0<x, <P
CSBO6 Piecewise map Xpp) = 1 .P_
PN Loy <1-p
05-P 2
1- Xk
— 1-P<x, <1
P k
CSBO7  Sine map Xpo = %sin(mck) ,0<a<4
CSBO8  Singer map X, = m1(7.89x, —23.31x; +28.75x; —13.3028.75x;)
CSBO9  Sinusoidal map Xpa1 = axi sin(my ), a= 2.3 and x, = 0.7
Ox—k X < 0.7
CSBO10 Tent map Xps1 = Y

%(1—;@() X >0.7

35
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Figure 1 The dynamics of the chaotic maps xt e (0, 1).
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4. The proposed CSBO approach

This section presents a novel Chaotic with Satin
Bowerbird Optimization algorithm called the CSBO, which
replaces the main parameter and embeds chaos into the
existing SBO.While SBOs possess good convergence
rates, they still cannot perform sufficiently in finding the
global optima, which in turn affects the convergence rate
of the algorithm.In order to reduce this effect and to
improve its efficiency, the concept of chaos has been
introduced into the SBO algorithm.

Chaotic maps are imbedded into the SBO to improve
the algorithm’s solution quality. One of the main
parameters of the SBO is the greatest step size (), which
remains a constant parameter. Here, this value (a) is
replaced with ten different chaotic maps in an attempt to
improve the performance of the SBO. To implement the
maps, all maps are normalized between 0 and 1.
Furthermore, the parameter of a, determined by Eq.
(4), is modified by the ten different chaotic maps through
the following equation, Eq. (8).

t+1

¢ mod(z, NB—1) =0,
1+ p;
l" - t+1
otherwise
1+ p;

(8)

Where ¢l represents the different chaotic
variables, is current iteration ¢t =1,2,3,..m), m
represents the maximum iteration number, and is the
number of bowers. Eq. (8) produces a design point xir;cew
from Eq. (3), which uses the different chaotic variables

derived from the chaotic maps, with different initial values.
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The pseudo-code of the CSBO algorithm is
presented in Algorithm 2. In the first step, the bower
population within the search space is initialized randomly.
After which, the parameters of the CSBO algorithm
involved in controlling the exploration and exploitation
mechanisms, specifically the NB, P, Z, 0, and «, are
initialized similarly to the SBO. In the second step, the
fitness function values of all bowers are initialized in
the search space, and evaluated using the various
standard benchmark functions. The lower fitness value is
assumed to be the elite (the best fitness function
value). The chaotic number of the chaotic map is initial-
ized to adjust the parameter of the SBO. In the third step,
the CSBO algorithm runs sequentially, in which all bowers
will update their positions, resulting in the first position
as the optimal solution. The value of parameter is also
updated along with the course of each iteration through
Eg. (8), where mod(t, NB —1) = 0, t is the current
iteration, and is the population size (Algorithm 2, line 19).
In the finally step, at the end of the last iteration, the best
search agent will be considered as the most optimal

solution by the CSBO algorithm.

5. Implementation
5.1 Benchmark numerical experiments

Ten different chaotic SBO variants of this
comparative study are presented in the 30
benchmark problems taken from the special session and
competition on single objective real-parameter numerical
optimization held under the IEEE Congress on
Evolutionary Computation (CEC) 2014°°; available on
http://www3.ntu.edu.sg/home/EPNSugan/index_f
iles/CEC2014/CEC2014.htm. The formulation of these

benchmark functions are presented in Table 2.
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Algorithm 2 The CSBO algorithm.

1:

9:
10

36
37

Initialize the population size of bowers (N B), greatest step size (a), mutation probability (P), percentage of the difference

between the upper and lower limits (Z), proportion of space width (c)and NFEs = 0

: Generate the population X; = (i = 1,2, 3, ..., N) of N bowers
: Fori=1toN Do

Evaluate the fitness value of all bowers f(X;)
The best bower (X},.5; ) and assume it as elite
NFEs = NFEs + NFEs that is consumed by bower

: End for

The stage of CSBO

. Initial iterations t = 1

Generate the chaotic sequences ¢! € (0, 1), the description in Section 3 and Table 1 <|m

: While (NFEs > max_NFEs) Do
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:

For k = 1to N Do
Calculate the probability (P) of bowers using Egs. (1) and (2)
End for
liGenerate a new bower (X:*1)
Fori = 1to N Do
For k = 1to D (all element (D) of bower)Do
Select one bower (th),where (X]t) is random using roulette wheel selection
liCalculate step size (4;)
If mod(t, N — 1) = 0 Then <@
Calculate step size (1) using Eq. (8) <10
Else
Calculate step size (1) using Eq. (4)
End if
Update the position of bower (Xf*1) using Eq. (3)
//Mutation
If rand < P Then
Update the position of bower (X} *1) using Eq. (6)
End if
End for
Evaluate the fitness value of bower f(Xf+1)

NFEs = NFEs +1
End for

Sorted bower (Xy ) and f (Xy ) by the fitness values
Update elite (X,.s;) if a bower becomes fitter than the elite

t=t+1

: End while

:Output the global best fitness value of bower (Xpz;)

Note: The differences between the SBO and CSBO are indicated with lines marked with the symbol < O,
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Table 2 Description of the CEC2014 benchmark functions [26—28].

Satin Bowerbird Optimization Algorithm with Chaos

Func. # Function name

Md SpRo ShHy Co DFVS DFLB Opt.

‘__g f1 Rotated High Conditioned Elliptic Function U NY NNNN N 100
é f2 Rotated Bent Cigar Function U NY NNNN N 200
> f3 Rotated Discus Function U NY NNNN N 300
f4 Shifted and Rotated Rosenbrock’s Function M NY YNNN N 400
f5 Shifted and Rotated Ackley’s Function M NY YNNN N 500
f6 Shifted and Rotated Weierstrass Function M NY YNNN N 600
f7 Shifted and Rotated Griewank’s Function M NY YNNN N 700
‘_-8 f8 Shifted Rastrigin’s Function M YNYNNN N 800
é f9 Shifted and Rotated Rastrigin’s Function M NY Y NNN N 900
2 f10 Shifted Schwefel’s Function M YNYNNN N 1000
é_ f11 Shifted and Rotated Schwefel’s Function M NY YNNN N 1100
n f12 Shifted and Rotated Katsuura Function M NY YNNN N 1200
f13 Shifted and Rotated HappyCat Function M NY Y NNN N 1300
f14 Shifted and Rotated HGBat Function M NY YNNN N 1400
f15 Shifted and Rotated Expanded Griewank’s plus Rosenbrock’s Function M NY Y NNN N 1500
f16 Shifted and Rotated Expanded Scaffer’s F6 Function M NY Y NNN N 1600
f1 Hybrid Function 1 (N = 3) MUNNNYNY N 1700
f18 Hybrid Function 2 (N = 3) MUN N NY N Y N 1800
2 19 Hybrid Function 3 (N = 4) MUNNNYNY N 1900
T f20 Hybrid Function 4 (N = 4) MUUN N NY N Y N 2000
f21 Hybrid Function 5 (N = 5) MIUN N NY N Y N 2100
f22 Hybrid Function 6 (N = 5) MUUN N NY N Y N 2200
f,3 Composition Function 1 (N = 5) M NNNNYN Y 2300
f24_ Composition Function 2 (N = 3) M NNNNYN Y 2400
s f25 Composition Function 3 (N = 3) M NNNNYN Y 2500
’§ f26 Composition Function 4 (N = 5) M NNNNYN Y 2600
%’ f27 Composition Function 5 (N = 5) M NNNNYN Y 2700
o f28 Composition Function 6 (N = 5) M NNNNYN Y 2800
f29 Composition Function 7 (N = 3) M NNNNYY Y 2900
f30 Composition Function 8 (N = 3) M NNNNYY Y 3000

Node: Features of the 30 benchmark functions (Note: Md: Modality, Sp: Separable, Ro: Rotated, Sh: Shifted, Hy: Hybrid, Co:

Composition, DFVS: Different properties for different variables subcomponents, DFLB: Different properties around different local

optima, U: Unimodal, M: Simple Multimodal, N: No, Y: Yes.)

39
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5.2 Initialization and parameter settings

In an effort to produce meaningful statistics,
the experiment was carried out over 50 different runs for
each setting, with the same initial conditions for all
algorithms. Moreover, the performance of the CSBO
algorithms was measured using statistical measures, such
as mean objective function value and the standard
deviation. The population size of the SBO and among the
CSBO algorithms was, which we felt would be
sufficient for most problems. With a fixed population
size at each run, the benchmark function test problems
were executed with 30 and 50 dimensions of 50 function
evaluations. The maximum number of functions
evaluated (NFEs) were set at 3.0E+5 and 5.0E+5°°°",
respectively. The percentage of the difference
between the upper and lower limits (Z) was considered
to be 0.02, the mutation probability (P) was 0.05, the
greatest step size (x) was 0.94, and the proportion of

20,21

space width (o) was calculated through Eq. (7)

6. Experiment results and discussion

In this paper, our experiments are coded in MATLAB
R2016a, 64 bit, and run on a desktop computer with
an Intel® Core™ i7-6770HQ processor, 8.00GB of
RAM, 500GB of HD, and Microsoft Windows 10
Professional 64 bit Operating System. The sets of
benchmark test functions were employed to
demonstrate the effectiveness of the SBO and CSBOs
(denoted as CSBO1 to CSBO10), and the 30 test
functions with 30 dimensions (30D) and 50 dimensions
(50D), via IEEE CEC2014.

The average objective function values (“Avg.Obj”)
and standard deviation of the fitness function values (“Std.
Dev”) of all runs were recorded. The “Avg.Obj” and “Std.
Dev”’ were considered as two performance metrics to
assess the performance of the algorithms. Moreover,
Wilcoxon’s rank sum test” at a 5% significance level was
used to test the statistical significance between pairwise

algorithms.

J Sci Technol MSU

The performance of the CSBO with different chaotic
maps and their results are discussed in Section 6.1. The
qualitative analysis is described in Section 6.2, and the
analysis ranked by Friedman rank is described in Section
6.3. Also, the statistical testing by Wilcoxon’s rank
sum test of the experiment results is clearly described

in Section 6.4.

6.1. Performance assessment of CSBO with different

chaotic maps

Within the experiment results, the CSBOs utilized
the Chebyshev, Circle, Gauss/Mouse, lterative, Logistic,
Piecewise, Sine, Singer, Sinusoidal and Tent map,
respectively; as shown in Table 1 and Figure1.The
CSBOs are capable of significantly improving the solution
quality through the use of the chaotic maps. The adjust-
ments of the main parameter are implemented with the
various chaotic maps, as seen in Section 4. In Tables 3
and 4, the SBO, CSBO1(Chebyshev), CSBO2(Circle),
CSBO3-(Gauss/Mouse), CSBO4(lterative),
CSBO5(Logistic), CSBO6(Piecewise), CSBO7(Sine),
CSBO8(Singer), CSBO9(Sinusoidal) and CSBO10(Tent)
were proven to successfully enhance the performance of
the SBO algorithm. However, compared to the CSBO
algorithm, the CSBO3(Gauss/Mouse) algorithm
produced less satisfying results. The most favorable
results, derived from the Wilcoxon’s rank sum test on the
50 independent runs in both 30 and 50 dimensions, were
achieved by the CSBO10(Tent) algorithm (Tables 7 and
8). The p-Values clearly depict that this supremacy is
statistically significant.

The average running times of the SBO and among
the CSBO algorithms were collected and are presented
at the end of Tables 3 and 4, in which all methods of the
CSBO clearly outperformed the SBO algorithm, and in
which the CSBO10(Tent) was the fastest of all algorithms.
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6.2. Qualitative analysis

In this Section, we present the qualitative analysis of
the CSBO algorithms based on the 30 benchmark functions
employed for an effective evaluation. The sample of the
convergence progress of the solution values of the 50
iterations for 30 benchmark functions over each run
with the CSBO algorithm are shown in Figure 2a - 2j. The
results clearly present the convergence speed rates of the
algorithms, in which the picture agent of 30 benchmark
functions are represented as f1, fg, fﬂ, f21, and fzs,
respectively.

The Unimodal function, shown in Figure 2a and 2f
shows the optimization values for the f1 function. The
CSBO10(Tent) clearly demonstrated has the best
performance for this benchmark. The CSBO5-(Logistic)
also worked very well, as it ranked second among 11
algorithms.

The Simple multimodal function, show in Figure 2b
and 2g, shows the optimization values for the f9 function.
The figures reveal that while the differences in performance
between the CSBO10(Tent) and CSBO5(Logistic) were
slight, the CSBO10(Tent) yielded the better results for
this problem, as shown in Tables 3 and 4. Noteably, the
convergence to the value of the CSBO5(Logistic) was
very close to that of the CSBO10(Tent). Contrastingly,
the SBO, CSBO1(Chebyshev), CSBO2(Circle),
CSBO3-(Gauss/Mouse), CSBO4(lterative),
CSBO6(Piecewise), CSBO7(Sine), CSBO8(Singer),
and CSBO9-(Sinusoidal) did not succeed in this
benchmark function.

The hybrid function, shown in Figure 2c, d, h, and i,
shows the optimization values for the f17 and f21 functions;
in which the CSBO10(Tent) and CSBO5-(Logistic) yielded
the fastest convergence rates of all other methods. Where
both were able to more quickly find the optimal solution,
the other algo-rithms, upon completion, failed to find the

best solution in this benchmark function.
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In the composition function, found in Figure 2e and
j, all CSBO algorithms demonstrated better search
capabilities in finding the optimal solution of each
benchmark function. Each algorithm presented
sufficient reliability and stability, and was able to search
much deeper than the standard SBO algorithm. While
they were all capable of converging much faster than the
standard algorithm, only the CSBO10(Tent) was able to
find the optimal solutions.

Fifty iterations were conducted in order to analyze
the convergence curves of the CSBOs on various chaotic
maps. Tables 3 and 4 show that on average,
the CSBO10(Tent) outperformed the SBO,
CSBO1(Chebyshev), CSBO2(Circle),
CSBO3-(Gauss/Mouse), CSBO4(lterative),
CSBO5(Logistic), CSBO6(Piecewise), CSBO7(Sine),
CSBO8(Singer), and CSBO9(Sinusoidal) algorithms on
21 of the 30 benchmark functions in 30D (f1 - fs, f7 -f

1’

f f ,f,f -f f , f f -f), and 17 out of the 30

14" 16 17 19 21 23 24 26 28

benchmark functions in 50D (f, f,f -f ,f ,f ,f ,f ,
2 3 8 13 15 18" 21 22

f -f

, £, f ), when searching for the optimal function
24 260 28 29

minimum. The CSBOS5(Logistic) provided the second
best map, performing best on 10 out of 30, and 13 out of

30 benchmark functions; based on 30D (fe, f12, f13, f15, fw,
f , f,f,f,f)and50D (f,f -f,f ,f ,f ,f ,f f
29 30 17 4 14" 16 17

22" 23’ 25 7 19’ 20" 23’
f27, fso), respectively.
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(f) f1 : Rotated High Conditioned Elliptic in 50D
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(e) f28 : Composition 7 (N = 3) in 30D
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Figure 2 Convergence curves for 30 benchmark functions in 30D and 50D (f1: Rotated High Conditioned Elliptic
Function, fg: Shifted and Rotated Rastrigin’s Function, f17: Hybrid Function 1 (N = 3),
f21: Hybrid Function 1 (N = 5), and fzsz Composition Function 7, (N = 3).

6.3. Analysis based on the Friedman rank test

The Friedman rank analyses, presented in Tables 5
and 6, reports the performance of the SBO and CSBO
algorithms based on the averages of the objective function
values of 30 benchmark functions, in both 30 and 50
dimensional cases. Each algo-rithm was ranked according
to their performance using an average Friedman rank
competition ranking scheme. In competition ranking,
algorithms are put in the same rank if their performances
are the same. In the simulation results of the average
Friedman ranks, the CSBO10(Tent) clearly outper-formed
all other algorithms.

Within the 30D problems, the results of the chaotic
maps on all benchmark functions displayed the following
order: CSBO10(Tent)<CSBO5(Logistic)< CSBO9(Sinu-
soidal)<CSBO1(Chebyshev)<CSBO2(Circle)<CS-
BO4(lterative)<CSBO8(Singer)<

CSBO7(Sine)<CSBO6(Piecewise)<CS-
BO3(Gauss/-Mouse). Within the 50D problems, the results
of the chaotic maps on all the benchmark functions dis-
played the order:CSBO10(Tent)<CSBO5(Logistic)
<CSBO7(Sine)<CSBO6(Piecewise)<CSBO2(Circle)<CS-
BO8(Singer),CSBO9(Sinusoidal<CSBO4-(It-
eraive)<CSBO1(Chebyshev)<CSBO3(Gauss-/Mouse).
The CSBO10(Tent) exhibited the best (minimum) results,
whereas the CSBO3(Gauss/Mouse) yielded the worst
(maximum) results. The underlying reason behind the
superior performance of CSBO10(Tent) using the Tent
chaotic map is that it provides better exploration and local
optima avoidance capability.In other words, the Tent map
brings different patterns of search behavior to the SBO,

resulting in higher exploration capability.



48 Tanachapong Wangkhamhan J Sci Technol MSU

Table 5 Rank table for the mean values of 30 dimensional cases (Friedman rank).

# SBO CSBO1 CSBO2 CSBO3 CSBO4 CSBO5 CSBO6 CSBO7 CSBO8 CSBO9 CSBO10
fl 11.00 10.00 8.00 9.00 5.00 2.00 3.00 7.00 6.00 4.00 1.00
f2 11.00 9.00 5.00 10.00 7.00 2.00 4.00 6.00 3.00 8.00 1.00
f3 11.00 3.00 8.00 10.00 5.00 2.00 7.00 4.00 9.00 6.00 1.00
f4 11.00 9.00 5.00 3.00 4.00 2.00 7.00 10.00 6.00 8.00 1.00
f5 11.00 6.00 8.00 10.00 7.00 2.00 3.00 4.00 9.00 5.00 1.00
f6 11.00 8.00 3.00 4.00 9.00 1.00 10.00 5.00 7.00 6.00 2.00
f7 11.00 7.00 8.00 4.00 5.00 2.00 3.00 9.00 10.00 6.00 1.00
fg 11.00 6.00 2.00 5.00 10.00 3.00 9.00 8.00 4.00 7.00 1.00
f9 11.00 7.00 6.00 4.00 8.00 2.00 9.00 10.00 3.00 5.00 1.00
]rlo 11.00 7.00 9.00 4.00 10.00 2.00 8.00 3.00 6.00 5.00 1.00
fll 11.00 4.00 9.00 8.00 7.00 2.00 3.00 10.00 5.00 6.00 1.00
f;z 11.00 3.00 4.00 5.00 8.00 1.00 7.00 10.00 6.00 9.00 2.00
JFB 11.00 9.00 5.00 6.00 7.00 1.00 3.00 4.00 10.00 8.00 2.00
fi4 11.00 4.00 9.00 8.00 7.00 2.00 10.00 3.00 5.00 6.00 1.00
](;5 11.00 3.00 5.00 7.00 10.00 1.00 6.00 8.00 9.00 4.00 2.00
-f16 11.00 9.00 5.00 10.00 4.00 2.00 7.00 6.00 8.00 3.00 1.00
fi7 11.00 6.00 10.00 4.00 9.00 2.00 5.00 3.00 7.00 8.00 1.00
f;8 11.00 6.00 3.00 8.00 5.00 1.00 9.00 7.00 4.00 10.00 2.00
]rlg 11.00 8.00 6.00 5.00 4.00 2.00 7.00 9.00 3.00 10.00 1.00
f20 11.00 6.00 5.00 8.00 3.00 2.00 9.00 10.00 4.00 7.00 1.00
]21 11.00 4.00 3.00 10.00 5.00 2.00 8.00 6.00 9.00 7.00 1.00
]22 11.00 6.00 8.00 9.00 3.00 1.00 10.00 5.00 7.00 4.00 2.00
f23 11.00 4.00 4.00 8.50 4.00 4.00 10.00 8.50 4.00 4.00 4.00
]24 11.00 6.00 7.00 9.00 10.00 2.00 3.00 4.00 8.00 5.00 1.00
]25 11.00 7.00 3.00 6.00 5.00 1.00 10.00 8.00 9.00 4.00 2.00
f26 11.00 8.00 7.00 9.00 5.00 3.00 4.00 10.00 6.00 2.00 1.00
]27 11.00 4.00 9.00 8.00 7.00 2.00 3.00 5.00 10.00 6.00 1.00
-f28 11.00 3.00 9.00 4.00 6.00 2.00 10.00 8.00 7.00 5.00 1.00
f29 11.00 8.00 10.00 6.00 4.00 1.00 9.00 7.00 5.00 3.00 2.00
f;O 11.00 6.00 5.00 7.00 9.00 1.00 8.00 4.00 10.00 3.00 2.00

Avg. ranking 11.00 6.20 6.27 6.95 6.40 1.83 6.80 6.72 6.63 5.80 1.40

Ranking 11.00 4.00 5.00 10.00 6.00 2.00 9.00 8.00 7.00 3.00 1.00
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Table 6 Rank table for the mean values of 50 dimensional cases (Friedman rank).

# SBO CSBO1 CSBO2 CSBO3 CSBO4 CSBO5 CSBO6 CSBO7 CSBO8 CSBO9 CSBO10
fl 11.00 7.00 8.00 9.00 4.00 1.00 3.00 10.00 5.00 6.00 2.00
f2 11.00 3.00 6.00 4.00 8.00 2.00 5.00 7.00 9.00 10.00 1.00
f3 11.00 6.00 4.00 10.00 9.00 2.00 3.00 7.00 8.00 5.00 1.00
f4 11.00 4.00 10.00 8.00 9.00 1.00 6.00 3.00 7.00 5.00 2.00
f5 11.00 6.00 9.00 7.00 10.00 1.00 8.00 5.00 4.00 3.00 2.00
f6 11.00 9.00 3.00 8.00 4.00 1.00 7.00 10.00 5.00 6.00 2.00
f7 11.00 3.00 9.00 5.00 10.00 1.00 6.00 4.00 8.00 7.00 2.00
f8 11.00 9.00 3.00 7.00 4.00 2.00 8.00 10.00 6.00 5.00 1.00
f9 11.00 6.00 10.00 5.00 8.00 2.00 7.00 3.00 4.00 9.00 1.00
flo 11.00 2.00 6.00 7.00 9.00 4.00 10.00 5.00 8.00 3.00 1.00
fll 11.00 6.00 5.00 9.00 10.00 2.00 4.00 3.00 8.00 7.00 1.00
flz 11.00 9.00 3.00 8.00 6.50 2.00 5.00 10.00 4.00 6.50 1.00
f13 11.00 10.00 6.00 7.00 5.00 2.00 4.00 3.00 8.00 9.00 1.00
f14 11.00 10.00 9.00 6.00 7.00 1.00 4.00 5.00 3.00 8.00 2.00
fls 11.00 6.00 10.00 3.00 5.00 2.00 8.00 4.00 9.00 7.00 1.00
flé 11.00 4.00 7.00 6.00 5.00 1.00 10.00 8.00 9.00 3.00 2.00
f17 11.00 3.00 7.00 6.00 9.00 1.00 5.00 4.00 10.00 8.00 2.00
f18 11.00 6.00 10.00 8.00 4.00 2.00 9.00 7.00 5.00 3.00 1.00
fl9 11.00 5.00 6.00 8.00 4.00 1.00 9.00 7.00 3.00 10.00 2.00
f20 11.00 8.00 5.00 6.00 3.00 1.00 10.00 7.00 4.00 9.00 2.00
le 11.00 9.00 7.00 8.00 10.00 2.00 4.00 3.00 5.00 6.00 1.00
f22 11.00 9.00 3.00 4.00 7.00 2.00 6.00 8.00 5.00 10.00 1.00
f23 11.00 9.50 5.50 7.50 7.50 1.00 3.00 5.50 9.50 3.00 3.00
f24 11.00 10.00 8.00 5.00 9.00 2.00 6.00 4.00 7.00 3.00 1.00
f25 11.00 3.00 4.00 9.00 7.00 2.00 6.00 5.00 8.00 10.00 1.00
f26 11.00 6.00 3.00 8.00 4.00 2.00 5.00 7.00 9.00 10.00 1.00
f27 11.00 10.00 8.00 9.00 5.00 1.00 7.00 4.00 3.00 6.00 2.00
f28 11.00 8.00 4.00 7.00 10.00 2.00 5.00 3.00 9.00 6.00 1.00
f29 11.00 8.00 5.00 4.00 3.00 2.00 9.00 7.00 6.00 10.00 1.00
f30 11.00 5.00 10.00 7.00 3.00 1.00 6.00 8.00 9.00 4.00 2.00

Avg. ranking 11.00 6.65 6.45 6.85 6.63 1.63 6.27 5.88 6.58 6.58 1.47
Ranking 11.00 9.00 5.00 10.00 8.00 2.00 4.00 3.00 6.50 6.50 1.00

6.4. The non-parametric Wilcoxon’s rank sum test

To evaluate the performance of proposed CSBO
algorithms, we employed the Wilcoxon’s rank sum test,
in order to determine the statistical difference of the
results achieved by each algorithm. The nonparametric
Wilcoxon’s rank sum test was conducted for the results
obtained by both the SBO and CSBO algorithms, as
shown in Tables 7 and 8. The Wilcoxon’s rank sum test
returns a p-Value, which represents the minimal

significance level for detecting differences. The level

of significance considered was five percent. If the
p-Value is less than 0.05, it definitively indicates that, in
each case, the better result achieved by the best algorithm
is statistically significant, and not obtained by chance.
Within the Tables 7 and 8, N/A indicates “not applicable”,
denoting the best objective function value in this current
function. In the comparison the SBO and CSBO
algorithms, it is generally considered that a p-Value of
less than 0.05 is sufficient indication of the null hypothesis.

The best results are highlighted in bold face, and the
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p-Values (greater than 0.050 are underlined).

The comparison summaries of the SBO and among
the CSBO in both the 30D and 50D test problems are
presented in Tables 3 and 4. From these tables, it is clear

that the number of problems in which better average
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objective fitness values were obtained by the
CSBO10(Tent) algorithm were superior to all other
algorithms, with the exception of the CSBO5(Logistic).
However, the CSBO10-(Tent) results are believed to be

biased.

Table 7 Evaluating the results of Table 3 using Wilcoxon’s rank sum test.

SBO CSBO1 CSBO2 CSBO3 CSBO4

CSBO5 CSBO6 CSBO7 CSBO8 (CSBO9 CSBO10

7.69E-06 2.23E-09 2.51E-09 3.65E-08 5.06E-09

1.39E-08 7.56E-10 7.56E-10 7.56E-10 7.56E-10

1.67E-07 1.56E-09 1.27E-08 1.31E-08 4.78E-09

2.35E-09 8.03E-10 7.56E-10 7.56E-10 8.03E-10

4.55E-06 1.91E-07 3.35E-06 2.93E-08 2.62E-05

4.79E-09 1.20E-08 2.36E-09 1.27E-08 8.21E-08

7.91E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10

2.96E-09 1.38E-09 7.56E-10 7.56E-10 1.02E-09

SHSH TS STNSNSNS N |

6.72E-03 2.49E-01 9.40E-02 2.30E-02 3.37E-01

7.56E-10 6.38E-09 9.63E-10 1.56E-09 3.57E-09 N/A
7.56E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10 N/A
7.56E-10 9.07E-10 1.38E-09 1.88E-08 4.51E-09 N/A
7.56E-10 7.56E-10 1.11E-09 7.56E-10 7.56E-10 N/A
1.88E-08 8.31E-07 1.32E-07 6.05E-05 2.09E-06 N/A

N/A  595E-08 3.37E-09 6.99E-08 1.13E-08 1.66E-09

1.10E-08 7.56E-10 9.63E-10 7.56E-10 8.03E-10

(=]

9.33E-06 5.34E-08 4.64E-06 4.34E-07 8.66E-08

—_

1.85E-08 9.63E-10 6.76E-09 4.01E-09 1.38E-09

[

3.20E-06 7.12E-05 8.39E-06 4.43E-06 7.41E-05

w2

3.47E-07 2.53E-01 5.08E-01 6.96E-01 4.96E-01

~

2.27TE-04 251E-09 1.26E-07 1.59E-08 1.24E-06

w

3.24E-07 2.91E-06 4.79E-08 6.81E-07 2.12E-07

(=}

1.05E-07 4.07E-08 1.06E-06 1.72E-07 3.37E-07

-

1.48E-03 1.57E-04 4.72E-05 6.67E-04 2.89E-04

o0

1.86E-09 2.51E-09 1.86E-09 1.76E-09 1.38E-09

o

3.54E-08 3.57E-09 1.86E-09 1.56E-09 8.03E-10

1.30E-09 8.66E-08 7.78E-08 7.91E-07 2.12E-07

3.54E-09 4.51E-09 9.53E-09 6.38E-09 1.07E-08

[

1.07E-06 7.56E-10 7.56E-10 7.56E-10 7.56E-10

%

2.84E-07 8.36E-05 7.67E-06 2.89E-04 1.84E-04

ENS

2.86E-08 3.17E-09 2.23E-09 5.37E-09 9.00E-09

W

(=}

2

7.54E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10 N/A
7.56E-10 8.03E-10 9.07E-10 7.56E-10 8.03E-10 N/A
4.55E-01 2.73E-01 3.18E-01 5.04E-03 8.14E-02 N/A
7.56E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10 N/A
9.00E-09 3.05E-06 1.70E-05 1.12E-06 2.78E-06 N/A

N/A  4.78E-09 1.88E-08 2.82E-09 4.25E-09 2.99E-09
N/A  5.01E-04 4.03E-04 1.43E-05 2.03E-05 7.78E-08
2.51E-01 6.54E-01 3.92E-07 3.47E-01 6.06E-01 N/A
N/A  595E-08 1.07E-07 1.77E-08 4.25E-09 7.56E-10
1.56E-09 2.30E-06 2.60E-07 1.17E-06 6.38E-09 N/A
7.56E-10 2.35E-07 1.26E-07 1.91E-07 1.40E-07 N/A

N/A  6.44E-04 6.44E-04 2.89E-04 8.23E-04 6.39E-06

7.55E-10 1.66E-09 3.09E-08 1.38E-09 6.63E-08 N/A
7.56E-10 1.76E-09 2.79E-09 1.09E-09 4.51E-09 N/A
7.56E-10 3.35E-06 4.80E-07 6.74E-07 1.72E-07 N/A

N/A 6.38E-09 2.66E-09 5.34E-08 2.99E-09 1.30E-09
N/A 7.56E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10
8.66E-08 1.47E-07 1.72E-07 7.72E-05 2.12E-07 N/A

N/A 1.01E-08 1.77E-08 2.48E-08 2.10E-09 1.56E-09

>3

7.30E-05 1.04E-01 4.11E-03 2.54E-02 1.12E-01

K=

SESNSIN NSNS NSNS SN IS S IS S S

(=]

6.38E-04 2.62E-08 2.78E-06 1.23E-06 2.78E-06

1.50E-04 4.84E-04 4.84E-04 4.84E-04 2.06E-04 2.06E-04 2.06E-04 1.12E-03 4.84E-04 8.71E-05 N/A
7.09E-04 1.24E-01 2.37E-01 1.94E-01 1.04E-01 9.79E-01 5.06E-02 1.24E-01 1.46E-01 1.81E-01 N/A
1.59E-06 9.07E-10 9.07E-10 7.56E-10 7.56E-10 7.53E-10 7.56E-10 8.53E-10 7.56E-10 7.56E-10 N/A

N/A  1.28E-01 6.21E-03 1.04E-01 1.57E-01 5.04E-01

N/A  531E-07 1.90E-06 5.84E-06 5.87E-07 7.56E-10
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Table 8 Evaluating the results of Table 4 using Wilcoxon’s rank sum test.

# SBO CSBOf1 CSBO2 CSBO3 CSBO4 CSBO5 (CSBO6 CSBO7 CSBO8 CSBO9 CSBO10
f; 8.07E-08 6.28E-08 6.81E-07 6.17E-07 3.45E-08 N/A 5.64E-08 1.59E-06 4.34E-07 6.28E-08 7.56E-10
f; 3.86E-09 7.56E-10 7.56E-10 7.56E-10 7.56E-10 7.49E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10 N/A
f3 4.66E-08 1.02E-07 7.16E-09 3.26E-07 1.13E-07 7.56E-10 3.17E-09 3.65E-08 7.38E-08 4.25E-09 N/A
]2 1.81E-05 5.04E-03 2.59E-01 2.19E-02 4.73E-02 N/A  2.24E-02 4.03E-04 8.53E-03 8.53E-03 2.10E-01
f; 3.49E-09 8.03E-09 1.90E-06 7.56E-10 1.01E-06 N/A  247E-07 3.45E-08 4.01E-09 9.14E-08 9.02E-10
fé 8.13E-06 1.01E-08 7.16E-09 1.01E-08 2.82E-09 N/A 1.13E-08 2.61E-08 5.37E-09 1.50E-08 7.56E-10
f; 5.95E-05 7.56E-10 7.56E-10 7.56E-10 7.56E-10 N/A  7.56E-10 7.56E-10 7.56E-10 7.56E-10 7.54E-10
f;; 1.11E-09 1.56E-09 4.01E-09 1.56E-09 1.07E-08 1.02E-09 3.78E-09 1.34E-08 4.25E-09 2.10E-09 N/A
f9 1.63E-07 1.56E-05 3.38E-05 1.90E-06 2.49E-04 1.23E-06 5.33E-06 1.36E-06 5.31E-07 3.38E-05 N/A
fio 2.13E-07 8.03E-10 8.03E-10 8.03E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10 8.53E-10 8.03E-10 N/A
jfll 4.26E-09 7.12E-05 8.52E-04 1.23E-06 1.41E-08 3.89E-04 3.00E-04 4.34E-04 1.20E-05 2.98E-05 N/A
f;z 7.91E-06 7.56E-10 7.56E-10 7.56E-10 7.56E-10 7.55E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10 N/A
fi3 8.17E-09 6.72E-03 1.28E-01 1.06E-01 1.21E-01 9.14E-01 2.01E-01 2.82E-01 1.44E-02 5.53E-02 N/A
j{14 2.54E-04 6.15E-01 8.51E-01 1.84E-01 5.85E-01 N/A  1.44E-01 2.26E-01 1.44E-01 6.26E-01 7.56E-01
f;s 1.20E-08 1.23E-06 5.58E-06 2.51E-09 5.64E-08 7.56E-10 3.62E-07 5.95E-08 1.81E-06 1.64E-06 N/A
jiﬁ 4.65E-08 1.12E-06 1.94E-05 3.92E-07 2.98E-05 N/A 3.14E-05 9.18E-06 1.11E-04 1.32E-07 7.56E-10
j{” 1.18E-09 1.77E-04 4.17E-05 7.67E-06 4.64E-06 N/A  1.00E-05 1.10E-05 2.53E-06 2.65E-06 7.56E-10
f;g 4.95E-04 7.56E-10 7.56E-10 7.56E-10 7.56E-10 7.54E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10 N/A
ji9 1.02E-07 1.76E-09 3.17E-09 3.57E-09 2.23E-09 N/A  452E-09 4.51E-09 1.09E-09 1.20E-08 7.56E-10
jfzo 9.26E-07 2.12E-05 1.43E-05 1.84E-04 1.25E-05 N/A 471E-04 7.72E-05 5.57E-05 1.25E-05 7.56E-10
f;l 5.21E-07 3.37E-09 1.66E-09 4.25E-09 1.39E-08 7.56E-10 1.38E-09 1.23E-09 1.30E-09 1.30E-09 N/A
f;z 3.39E-04 8.58E-01 3.39E-03 1.07E-02 2.42E-01 1.30E-01 8.14E-02 7.33E-02 1.04E-01 3.22E-01 N/A
j{23 1.20E-04 7.56E-10 7.56E-10 7.56E-10 7.54E-10 N/A 7.56E-10 7.56E-10 7.56E-10 7.56E-10 7.56E-10
f;4 4.65E-07 4.54E-01 2.24E-02 1.26E-02 2.61E-02 5.84E-01 2.03E-02 1.05E-03 5.41E-02 1.79E-03 N/A
f;s 1.68E-08 1.68E-08 4.07E-08 1.81E-06 1.77E-08 8.53E-10 7.78E-08 9.14E-08 1.07E-07 2.09E-06 N/A
j{% 4.23E-04 1.04E-02 1.69E-01 2.48E-02 3.10E-02 6.83E-01 1.38E-01 6.31E-02 2.48E-02 8.29E-03 N/A
f;7 1.51E-09 8.03E-10 7.56E-10 7.56E-10 7.56E-10 N/A  7.56E-10 7.56E-10 7.56E-10 7.56E-10 2.26E-01
fég 3.49E-04 1.86E-09 1.23E-09 2.51E-09 1.09E-09 7.54E-10 8.53E-10 9.63E-10 7.16E-09 1.38E-09 N/A
jfzg 3.86E-04 3.61E-04 2.11E-03 1.11E-04 2.89E-04 7.56E-10 3.61E-04 4.92E-05 1.35E-04 2.28E-04 N/A
»f;() 5.76E-08 7.56E-10 5.41E-09 1.56E-09 2.99E-09 N/A  7.56E-10 7.56E-10 8.53E-10 7.56E-10 7.56E-10
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7. Conclusions and future scope

In the present paper, we present a novel, and
improved meta-heuristic SBO using chaotic maps to solve
complex optimization problems. Ten different chaotic
maps were investigated to tune the main parameter, the
greatest step size (), of the standard SBO; in which a
wide variety of chaotic maps were utilized. In the
comparison of several different chaotic SBO algorithms,
those utilizing the Tent map were selected as the greatest
step size (); and through the comparisons of the various
chaotic SBO variants, the best CSBO10(Tent) was
formed. The simulations demonstrated that the usage of
deterministic chaotic signals rather than linearly
decreasing values represents an important modification
of the SBO method.The experimental results indicated
that the tuned SBO significantly enhances the reliability
of the global optimality and the quality of the solutions of
the newly formed algorithm, due to the application of the
deterministic chaotic signals in place of constant values.
In order to evaluate an algorithm with its original (SBO)
and improved (CSBO) variants, other mathematical
benchmark examples were employed. The statistical
results and success rates of the CSBO10(Tent) suggest
that the tuned algorithms clearly improve the reliability of
the global optimality, and further enhance the quality of
the results.

The CSBO proved to be simple and easy to
implement within all of our applied (and similar type)
applications. In future works, we intend to investigate the
further capabilities of the CSBO algorithm in solving
real-world engineering problems, as well as discrete

optimization problems.

Appendix

The Satin Bowerbird Optimizer (SBO) codes used
within this paper were retrieved from the resource: https://
www.mathworks.com/matlabcentral/fileexchange/
62009-satin-bowerbird-optimizer--sbo-2017-

J Sci Technol MSU
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