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ABSTRACT

Swarm intelligence metaheuristic search algorithms are quite popular methods to solve many complex
optimization problems in the real life. Bat algorithm is a recent addition to the family of metaheuristics. Bat uses echo-
location behaviour of the bats to search optima convergence point in the search trajectory. Although, it has proven its
mettle in finding optimal solutions, there are certain parameters that have not been investigated to improve convergence in
Bat. Therefore, this paper explores the variations in parameters such as pulse rate, loudness and echo-location in Bat
algorithm. The parameter enhancement is simulated on a set of benchmark functions and compared with other state of the
art algorithms such as; particle swarm optimization, wolf search, and artificial bee colony. The simulation results show that
Bat algorithm performance high correlates with the parameter adjustment.

Keywords: meta-heuristics, Bat algorithm, particle swarm optimization, wolf search algorithm, artificial bee colony.

INTRODUCTION

Swarm Intelligence comprise of agents that
coordinate with each other using self-organized and
decentralized mechanism inspired by the biological
systemsin nature (Fong, Deb, Yang;, & Li, 2014). The
main characteristic of swarm intelligence is that multiple
self-interested agents somehow work together without any
central control. These agents as a population can exchange
information, by chemical messengers (pheromone by
ants), by dance (waggle dance by bees), or by broadcasting
ability (Olmo, Romero, and Ventura, 2014). For example,
particle swarm optimization was developed based on the
swarm behaviour of birds and fish (Kennedy and Eberhart,
1995). There area lot of swarm intelligencemethods
popular  nowadays including  Particle Swarm
Optimization(PSO), Wolf Search Algorithm(WSA),
Artificial Bee Colony(ABC) and Bat Algorithm. Each of
these algorithms have their own advantages and
disadvantages.

Particle swarm optimization which have been
successfully applied in problems of antenna design (Jin
and Rahmat-Samii, 2007) and -electro-magnetics
(Robinson and Rahmat-Samii, 2004). Ant colony
algorithms is also used in many areas of optimization
(Blum, 2005; Karaboga and Basturk, 2007a). Artificial bee
colony (ABC) showed good performance in numerical
optimization (Kang, Li, and Li, 2013), in large-scale
global optimization(Fister, Jr, and Zumer, 2012), for
graph-3 coloring (Fister Jr, Fister, and Brest, 2012), and
also in combinatorial optimization (Blum, 2005).

Developed by Yang (X. S. Yang, 2010), Bat
algorithm uses echolocation with varying pulse rates of
emission and loudness to find and converge to the optimal
solution. Earlier studies on Bat have shown that it has
superior performance on genetic and particle swarm
algorithms(X.-S. Yang, 2013); therefore, it can be applied
to solve real world problems like efficient energy storage
in  micro-grid  operations (Bahmani-Firouzi and
Azizipanah-Abarghooee, 2014), for feature

selection(Rodrigues et al., 2014), and discrete sized
optimization of weight in steel columns (Hasancebi and
Carbas, 2014) etc. Bat has been used to update weights in
BPNN (N. M. Nawi, Rehman, Ghazali, Yahya, and Khan,
2013) and Functional Link Artificial Neural Networks
(FLANN) (Mishra, Shaw, and Mishra, 2012) and it has
shown superior performance than other hybrid variants
(i.e. ABC-BPNN, ABC-Levenberg-Marquardt, and
BPNN) on classification problems(Nazri Mohd. Nawi,
Rehman, and Khan, 2014). In this paper, the study of the
effect of pulse rate, loudness and echo-location on Bat
algorithm is performed. The basic aim of varying the bat
parameter is to see any enhancement in its performance on
selected Benchmark functions.

The structure of the paper is organized as
follows;in the next sections, meta-heuristic search
algorithms are discussed. Section 3 shed some light on the
simulation results. Sections 4 discuss the result
comparison of all methodsand finally the paper is
concluded in the Section 5.

META-HEURISTIC SEARCH ALGORITHMS

Over the years several meta-heuristic search
algorithms are proposed and they vary in performance
according to their searching mechanisms. Some of the
most popular ones are discusses in this section.

Particle swarm optimization

Particle Swarm Optimization (PSO) is one of the
algorithm that been compared in this research. Particle
Swarm Optimization (PSO) was developed by Kennedy
and Ebermart in 1995(Kennedy & Eberhart, 1995)]. PSO
is based on the swarm behaviour such as bird schooling in
nature. Due to some of the parameter of algorithm had
been adjusted, PSO is one of the popular algorithm that is
used in a variety of fields such as medical and physic
field.The particle swarm optimization concept consists of
at each time step, it changing the velocity of (accelerating)
each particle toward its p’’ and "' locations (local
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version of PSO). Acceleration is weighted by a random
term, with separate random numbers being generated for
acceleration toward p*" and /" locations.

Wolf search algorithm

The Wolf Search Algorithm (WSA) (Tang, Fong,
Yang, & Deb, 2012)works in a similar way as wolves
search for food and survive by avoiding their enemies.
WSA is different from the bio-inspired meta-heuristics
because it simultaneously possesses both individual local
searching ability and autonomous flocking movement.
Each wolf in WSA hunts independently by remembering
its own trait and only merges with its peer when the peer is
in a better position. Wolves are social predators that hunt
in packs.

Artificial bee colony

The Artificial Bee Colony (ABC) algorithm is
one of swarm based meta-heuristic algorithm. It was
introduced by Karaboga in 2005 for optimizing numerical
problems (Karaboga & Basturk, 2007). It was inspired by
the intelligent foraging behaviour of honey bees. The
algorithm is specifically based on the foraging behaviour
of honey bee colonies. The model consists of three
essential components which are employed and
unemployed foraging bees, and food sources. The first two
components, employed and unemployed foraging bees,
search for rich food sources, while the third component, is
for their hive. There are two leading modes of behaviour
that are necessary for self-organizing and collective
intelligence which is recruitment of foragers to rich food
sources resulting in positive feedback and abandonment of
poor sources by foragers that causing negative feedback.

Bat algorithm

Bat algorithm is a meta-heuristic optimization
algorithm developed by Xin-She Yang in 2010 (X. S.
Yang, 2010). This bat algorithm is based on the
echolocation behaviour of microbats with varying pulse
rates of emission and loudness. The capability of echo-
location of microbats is fascinating as these bats can find
their prey. Moreover, even in complete darkness, bat can
discriminate the different types of insects. Besides that,
most microbats are insectivores. Microbats use a type of
sonar which is called echolocation. The function is to
detect prey, avoid obstacles, and locate their roosting
crevices in the dark. These bats emit a very loud sound
pulse. They listen for the echo that bounces back from the
surrounding objects. Their pulses vary in properties and
can be related with their hunting strategies. This situation
depends on the species. The pseudo Code of Bat
Algorithm is given as;

Objective function f(x), X = (X1, ., Xg)T

Initialize the bat population x; (i = 1,2, ...,n) and v;
Define pulse frequency f; at x;

Initialize pulse rates r; and the loudness A;

While (t < Max number of iterations)

Generate new solutions by adjusting frequency,

and updating velocities and locations
if(rand >1;)

Select a solution among the best solutions
Generate a local solution around the selected best solution
end if

Generate a new solution by flying randomly
if(rand <A; &f (x))<f (x.) )

Accept the new solutions

Increase r; and reduce A;

end if

Rank the bats and find the current best x,
end while

Postprocess results and visualization

RESULTS AND DISCUSSIONS

To test the effect of pulse rate, loudness and
echo-location of Bat Algorithm, some benchmark
functions such as Ackley function, Griewank function,
Rastrigin function, Rosenbrock function and Schwefel
function were used. The simulations were performed on
Intel Core i5 with 2.5GHz Acer laptop with 4GB of RAM.
Matlab R2012b was used to perform the simulations. The
Bat algorithm 1is compared with Particle Swarm
Optimization algorithm (PSO), Wolf Search Algorithm
(WSA), and artificial bee colony algorithm (ABC) based
on three parameter which is frequency, f =[2,4], loudness,
1=[0.1,0.7] and pulse rate, p=[0.1,0.7].For all the datasets,
it is limited to 50 trials. The maximum iteration is
1000.The performance are evaluated based on the standard
deviation (SD), standard error of mean (SEM), and mean.
Where, mean is equal to the sum over every possible value
weighted by the probability of that value while SD is a
measure that is used to quantify the amount of variation or
dispersion of a set of data values. The simulation results
are stored using a bar chart graph for each function.

Ackley function

The Ackley function is a multimodal and
continuous function. The global minimum value is located
at the origin which is atf (x*) = 0. The domain of this
function lies in the range of [-32.768, 32.768]. It has
dimensions of 10 for this function.

From Table-1 above, it can be concluded that the
best performance for Bat Algorithm in Ackley function is
at the parameter =2, 1=0.7 and p=0.7. The mean for this
parameter is 3.30, the SD is 0.80 and the SEM is 0.11. The
second best that perform in Ackley function for Bat
Algorithm is at the parameter of f=2, 1=0.5 and p=0.5
which the mean is 3.53, the SD is 0.86 and the SEM is
0.12. The worst performance for Bat Algorithm on Ackley
function is at the parameter of =3, 1=0.1 and p=0.1. The
mean for this parameter is 5. 17, the SD is 0.91 while the
SEM is 0.13.

Table-1. Performance of bat algorithm for Ackley.

PARAMETER MEAN SD SEM
=2/1=0.1/p=0.1 4.79 0.93 0.13
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£=2/1=0.2/p=0.2 4.45 0.93 0.13
£=2/1=0.3/p=0.3 4.07 1.13 0.16
{=2/1=0.4/p=0.4 3.98 0.99 0.14
f=2/1=0.5/p=0.5 3.53 0.86 0.12
f=2/1=0.6/p=0.6 3.71 0.83 0.12
=2/1=0.7/p=0.7 3.30 0.80 0.11
f=3/1=0.1/p=0.1 5.17 0.91 0.13
£=3/1=0.2/p=0.2 4.73 0.92 0.13
£=3/1=0.3/p=0.3 4.31 0.82 0.12
{=3/1=0.4/p=0.4 4.22 0.97 0.14
£=3/1=0.5/p=0.5 4.17 1.19 0.17
f=3/1=0.6/p=0.6 4.06 0.98 0.14
=3/1=0.7/p=0.7 3.58 0.81 0.12
f=4/1=0.1/p=0.1 5.14 0.84 0.12
f=4/1=0.2/p=0.2 4.92 0.94 0.13
£=4/1=0.3/p=0.3 4.69 1.15 0.16
{=4/1=0.4/p=0.4 4.49 1.06 0.15
£=4/1=0.5/p=0.5 4.45 1.03 0.15
f=4/1=0.6/p=0.6 4.21 1.09 0.15
t=4/1=0.7/p=0.7 4.26 0.86 0.12

Ackley Function
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Figure-1. Performance of bat algorithm on
Ackley function.

Based on Figure-1, the best performance of Bat
algorithm lies on the parameter of f=2, 1=0.7 and p=0.7
which is 3.30. The second best of optimal value of Ackley
function is at =2, 1=0.5 and p =0.5 which is 3.53. The
worst performance of Ackley on Bat Algorithm is at {=0.3,
1=0.1 and p =0.1 which is 5.17.

Griewank function

The Griewank function is also a multimodal and
continuous function. The global minimum is at origin,
(x*) = 0.The domain range lies on [-600,600]. The

dimension for this function is 100.Based on Table-2 the
parameter mostly gives almost the same for the result.
Griewank function on Bat Algorithm performed the best at
the parameter of f=4, 1=0.2 and p=0.2 which the mean is
0.0088, the SD is 0.02 and the SEM is 0. The parameter of
f=4,1=0.1 and p=0.1 shows the second best that performed
in Griewank function which gives the result of
mean=0.0101, SD=0.01 and SEM=0. The worst parameter
that performed in Griewank function on Bat Algorithm is
at =4, 1=0.7 and p=0.7. The mean of this parameter is
0.2097, the SD is 0.15 and the SEM is 0.02.

Table-2. Performance of bat algorithm for Griewank.

PARAMETER MEAN SD SEM
£=2/1=0.1/p=0.1 0.02 0.02 0.00
£=2/1=0.2/p=0.2 0.02 0.03 0.00
£=2/1=0.3/p=0.3 0.02 0.02 0.00
£=2/1=0.4/p=0.4 0.02 0.04 0.01
£=2/1=0.5/p=0.5 0.05 0.06 0.01
£=2/1=0.6/p=0.6 0.07 0.10 0.01
=2/1=0.7/p=0.7 0.11 0.12 0.01
£=3/1=0.1/p=0.1 0.01 0.03 0.00
£=3/1=0.2/p=0.2 0.01 0.02 0.00
£=3/1=0.3/p=0.3 0.02 0.04 0.01
{=3/1=0.4/p=0.4 0.03 0.04 0.01
f=3/1=0.5/p=0.5 0.05 0.08 0.01
f=3/1=0.6/p=0.6 0.08 0.12 0.02
=3/1=0.7/p=0.7 0.19 0.17 0.02
f=4/1=0.1/p=0.1 0.01 0.01 0.00
f=4/1=0.2/p=0.2 0.01 0.02 0.00
£=4/1=0.3/p=0.3 0.01 0.02 0.00
{=4/1=0.4/p=0.4 0.03 0.05 0.01
£=4/1=0.5/p=0.5 0.06 0.08 0.01
=4/1=0.6/p=0.6 0.08 0.09 0.01
f=4/1=0.7/p=0.7 0.21 0.15 0.02
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Figure-2. Performance of bat algorithm on
Griewank function.

Based on Figure-2, Griewank function can be
concluded such the best performance of the function on
Bat Algorithm lies on the parameter of f=4, 1=0.2 and
p=0.2 which is 0.0088. The next best performance of
Griewank function on Bat Algorithm is at the f=4, 1=0.1
and p=0.1 which is 0.0101. The worst performance of
Griewank function on Bat Algorithm is at the =4, 1=0.7
and p=0.7 which is 0.2097.

Rastrigin function

Rastrigin function is multimodal and continuous
function. The search domain of the function is in range
[-5.12, 5.12]. Global minimum of the Rastrigin function
isf (x*) = 0. The dimension of this function is 20.

Table-3. Performance of bat algorithm for Rastrigin.

PARAMETER MEAN SD SEM
=2/1=0.1/p=0.1 36.77 13.65 1.93
=2/1=0.2/p=0.2 32.58 14.25 2.02
=2/1=0.3/p=0.3 29.58 13.78 1.95
=2/1=0.4/p=0.4 35.88 14.03 1.98
=2/1=0.5/p=0.5 32.13 14.59 2.06
=2/1=0.6/p=0.6 26.12 13.07 1.85
=2/1=0.7/p=0.7 32.23 12.31 1.74
f=3/1=0.1/p=0.1 37.85 13.30 1.88
=3/1=0.2/p=0.2 34.77 14.32 2.03
=3/1=0.3/p=0.3 36.21 13.73 1.94
=3/1=0.4/p=0.4 32.62 12.02 1.70
=3/1=0.5/p=0.5 30.67 11.90 1.68
£=3/1=0.6/p=0.6 32.07 11.69 1.65
f=3/1=0.7/p=0.7 31.35 11.68 1.65
=4/1=0.1/p=0.1 37.65 14.20 2.01
=4/1=0.2/p=0.2 34.96 12.80 1.81
=4/1=0.3/p=0.3 35.58 11.98 1.69
=4/1=0.4/p=0.4 3691 14.24 2.01

£=4/1=0.5/p=0.5 34.12 11.89 1.68
f=4/1=0.6/p=0.6 32.15 13.96 1.97
=4/1=0.7/p=0.7 30.98 12.84 1.82

From Table-3, we can see that Bat Algorithm did
not performed onRastrigin function. This is due to local
minima. The best parameter that performed in Rastrigin
function is at f=2, 1=0.6 and p=0.6 which the mean is
26.12, the SD is 13.07 and SEM is 1.85. The second best
that performed on Rastrigin function is at the parameter of
=2, 1=0.3 and p=0.3 which the mean is 29.58, the SD is
13.78 and the SEM is 1.95. The worst parameter that
performed on Rastrigin function is at the parameter of f=3,
1=0.1 and p=0.1. The mean for this parameter is 37.85, the
SD is 13.30 and the SEM is 1.88.

Rastrigin Function
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Figure-3. Performance of bat algorithm on
Rastrigin function.

Based on Figure 3, mostly Rastrigin function was
not convergence on Bat Algorithm. This is due to the local
minima. But, based on the result, the best performance of
Rastrigin is at the f=2, 1= 0.6, and p=0.6 which is 26.12.
The second best performance of Rastrigin function on Bat
Algorithm is at parameter of f=2, 1=0.3, and p=0.3 which
the mean is 29.58. The worst performance of Rastrigin is
at the =3, 1=0.1 and p=0.1 which is 37.85.

Rosenbrock function

Rosenbrock is aunimodal and continuous
function. It is unimodal for two and three dimensions but it
may have multiple minima in high dimension cases and its
global minimum 1is inside a narrow, curved valley
atf (x*) = 0. The search domain for Rosenbrock is in the
range of [-100, 100]. Rosenbrock has a dimension of 10.

Table-4. Performance of bat algorithm for Rosenbrock.

PARAMETER MEAN SD SEM
£=2/1=0.1/p=0.1 4.93 2.90 0.41
=2/1=0.2/p=0.2 14.35 33.09 4.68
{=2/1=0.3/p=0.3 13.97 34.70 491
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=2/1=0.4/p=0.4 15.43 20.99 2.97
=2/1=0.5/p=0.5 30.05 58.74 8.31
=2/1=0.6/p=0.6 42.48 61.46 8.69
=2/1=0.7/p=0.7 119.21 223.41 31.59
f=3/1=0.1/p=0.1 7.81 13.05 1.84
f=3/1=0.2/p=0.2 13.66 23.50 3.32
f=3/1=0.3/p=0.3 21.02 52.56 7.43
f=3/1=0.4/p=0.4 23.52 53.86 7.62
f=3/1=0.5/p=0.5 53.73 102.97 14.56
f=3/1=0.6/p=0.6 66.89 79.39 11.23
f=3/1=0.7/p=0.7 166.19 246.33 34.84
=4/1=0.1/p=0.1 8.25 15.52 2.20
=4/1=0.2/p=0.2 10.85 18.13 2.56
=4/1=0.3/p=0.3 19.06 33.82 4.78
=4/1=0.4/p=0.4 35.79 77.97 11.03
f=4/1=0.5/p=0.5 81.24 131.50 18.60
f=4/1=0.6/p=0.6 91.56 144.10 20.38
f=4/1=0.7/p=0.7 277.92 338.37 47.85
Rosenbrock Function
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Figure-4. Performance of bat algorithm on
Rosenbrock function.

Based on Table-4, Rosenbrock function on Bat
Algorithm performed the best at parameter of =2, 1=0.1
and p=0.1 which the mean is 4.93 the SD is 2.90 and the
SEM is 0.41. The second best that performed on
Rosenbrock function is at the parameter of =3, 1=0.1 and
p=0.1 which the mean is 7.81, the SD is 13.05 and the
SEM is 1.84. At the parameter f=4, 1=0.7 and p=0.7
Rosenbrock function performed the worst. The function
was not converged on this parameter which gives the
result of mean=277.92, SD=338.37 and SEM=47.85.For
Rosenbrock function based on Figure-4, the best
performance of the function on Bat Algorithm is at the
f=2,1=0.1 and p=0.1 which is 4.93. The second best of this
function on Bat Algorithm is at the f=3, 1=0.1 and p=0.1
which is 7.81. The f=4, 1=0.7 and p=0.7 shows the worst
performance of Rosenbrock function on Bat Algorithm

which is 277.92. Rosenbrock function was not
convergence on this parameter due to the local minima.

Schwefel function

The Schwefel is multimodal and continuous
function. The function is evaluated on the hypercube in a
range of [—100,100] and the global minima is at f (x*) =
0. The dimension for this function is 2.

Table-5. Performance of bat algorithm for Schwefel.

PARAMETER MEAN SD SEM
£=2/1=0.1/p=0.1 0.03 0.09 0.01
£=2/1=0.2/p=0.2 0.16 0.47 0.07
£=2/1=0.3/p=0.3 0.80 1.47 0.21
£=2/1=0.4/p=0.4 1.22 1.66 0.23
£=2/1=0.5/p=0.5 2.82 3.81 0.54
£=2/1=0.6/p=0.6 3.70 3.69 0.52
£=2/1=0.7/p=0.7 5.31 3.60 0.51
f=3/1=0.1/p=0.1 0.02 0.09 0.01
£=3/1=0.2/p=0.2 0.21 0.63 0.09
£=3/1=0.3/p=0.3 0.74 1.24 0.18
f=3/1=0.4/p=0.4 1.58 2.55 0.36
f=3/1=0.5/p=0.5 2.89 3.17 0.45
f=3/1=0.6/p=0.6 4.10 3.51 0.50
=3/1=0.7/p=0.7 7.37 5.07 0.72
£=4/1=0.1/p=0.1 0.21 0.76 0.11
£=4/1=0.2/p=0.2 0.37 1.02 0.14
£=4/1=0.3/p=0.3 0.82 1.57 0.22
{=4/1=0.4/p=0.4 2.28 2.86 0.40
f=4/1=0.5/p=0.5 4.53 391 0.55
=4/1=0.6/p=0.6 6.14 4.54 0.64
f=4/1=0.7/p=0.7 0.11 6.61 0.94

Based on Table-5, the parameter of f=3, 1=0.1 and
p=0.1 shows the best performance on Schwefel function
which the mean=0.0196, SD=0.09 and SEM=0.01. The
second best that performed in Schwefel function is at the
parameter of f=2, 1=0.1 and p=0.1 which the
mean=0.0252, SD=0.09 and SEM=0.01. The parameter of
f=3, 1=0.7and p=0.7 shows the worst performance of
Schwefel function on Bat Algorithm which the
mean=7.37, SD=5.07 and SEM=0.72.

13256



VOL. 11, NO. 22, NOVEMBER 2016 ISSN 1819-6608

ARPN Journal of Engineering and Applied Sciences i \a

©2006-2016 Asian Research Publishing Network (ARPN). All rights reserved.

www.arpnjournals.com

Schwefel Function

Figure-5 shows that f=3, 1=0.1 and p=0.1 is the
best performance of Schwefel function on Bat Algorithm
which gives the result of 0.0196. The second best
performance of Schwefel function on Bat Algorithm is at
the =2, 1=0.1 and p =0.1 which is 0.0252. The parameter
of £=3, 1=0.7 and p=0.7 gives the worst result for the Bat
Algorithm in Schwefel function which is 7.37.

=4/1=0.7/p=0.7 |m 111

=4/1=0.6/p=0.6 6.14
=4/1=0.5/p=0.5 s 2 4.53
=4/1=04/p=04 = 228

f=4/1=0.3/p=0.3 0.818

f=4/1=0.2/p=0.2 " 0366

=4/1=0.1/p=0.1 0.209

=3/1=0.7/p=0.7 737
=3/1=0.6/p=06 = 2 . a1
=3/1=0.5/p=0.5 > 2.89

=3/1=04/p=04 5 1.58

f=3/1=0.3/p=0.3 0.74

=3/1=0.2/p=02 0.207

=3/1=0.1/p=0.1 | 0.0196

f=2/1=0.7/p=0.7 7 7 = i 531
=2/1=0.6/p=0.6 37

=2/1=0.5/p=0.5 282

f=2/1-04/p=0.4 = - 122

=2/1=03/p=03 " 0.797

f=2/1=0.2/p=0.2 0.162

=2/1=0.1/p=0.1 | 0.0252

Parameters

RESULTS COMPARISON

Bat Algorithm is compared with other algorithms
such as; PSO, WSA, and ABC in terms of the optimal
value. Table-6 shows the average optimization results for

benchmark testing functions.
Optimal Value

Figure-5. Performance of bat algorithm on
Schwefel function.

Table-6. Average optimization results for benchmark testing functions.

Function(s) PSO WSA ABC BAT
MEAN 0.16 5.13 0.21 3.30
Ackley SD 0.49 0.74 0.27 0.80
SEM 0.09 0.13 0.05 0.11
MEAN 0.02 0.12 0.33 0.01
Griewank SD 0.02 0.01 0.23 0.02
SEM 0.004 0 0.04 0
MEAN 43.97 114.67 0.1 26.12
. SD 11.73 15.27 0.30 13.07
Rastrigin
SEM 2.14 2.79 0.05 1.85
MEAN 15.08 5.04 9.32 4.93
Rosenbrock SD 24.17 1.72 10.91 2.90
SEM 4.41 0.31 1.99 0.41
MEAN 0.03 0.01 0 0.02
Schwefel SD 0.06 0 0 0.09
SEM 0.01 0 0 0.01
CONCLUSIONS ACKNOWLEDGEMENT

Bat algorithm is a recent addition to the family of
metaheuristics. It uses echo-location behaviour of the bats
to search optima convergence point in the search
trajectory. Although, it has proven its mettle in finding
optimal solutions, there are certain parameters that have
not been investigated to improve convergence in Bat.
Therefore, this paper explored the variations in parameters
such as pulse rate, loudness and echo-location in Bat
algorithm. Bat Algorithm shows promising results after
parameter enhancement is performed. It shows that it is
better than particle swarm optimization, wolf search
algorithm and artificial bee colony when trained on
benchmark functions such as Ackley function, Griewank
function, Rosenbrock function, and Schwefel function.

The authors would like to thank ORICCM,
Universiti Tun Hussein Onn Malaysia (UTHM) for
supporting this Research under Fundamental Research
Grant Scheme (FRGS) vote. 1236.

REFERENCES

Bahmani-Firouzi, B. and Azizipanah-Abarghooee, R.
2014. Optimal sizing of battery energy storage for micro-
grid operation management using a new improved bat
algorithm. International Journal of Electrical Power and
Energy Systems, 56, 42-54.
doi:10.1016/j.ijepes.2013.10.019.

13257



VOL. 11, NO. 22, NOVEMBER 2016

ISSN 1819-6608

©2006-2016 Asian Research Publishing Network (ARPN). All rights reserved.

ARPN Journal of Engineering and Applied Sciences i \a

www.arpnjournals.com

Blum, C. 2005. Beam-ACO - Hybridizing ant colony
optimization with beam search: An application to open
shop scheduling. Computers and Operations Research, 32,
1565-1591. doi:10.1016/j.cor.2003.11.018.

Fister, L., Jr, I. F., & Zumer, J. B. 2012. Memetic artificial
bee colony algorithm for large-scale global optimization.
In IEEE Congress on Evolutionary Computation (CEC).

Fister Jr, 1., Fister, I. and Brest, J. 2012. A hybrid artificial
bee colony algorithm for graph 3-coloring. Swarm and
Evolutionary Computation, 66-74.

Fong, S. ., Deb, S. ., Yang, X.-S. and Li, J. 2014. Feature
Selection in Life Science Classification: Metaheuristic
Swarm Search. IT Professional, 16(4), 24-29.

Hasangebi, O., & Carbas, S. 2014. Bat inspired algorithm
for discrete size optimization of steel frames. Advances in
Engineering Software, 67, 173-185.
doi:10.1016/j.advengsoft.2013.10.003.

Jin, N. and Rahmat-Samii, Y. 2007. Advances in particle
swarm optimization for antenna designs: Real-number,
binary, single-objective and multiobjective
implementations. IEEE Transactions on Antennas and
Propagation, 55, 556-567. doi:10.1109/TAP.2007.891552.

Kang, F., Li, J., & Li, H. 2013. Artificial bee colony
algorithm and pattern search hybridized for global
optimization. Applied Soft Computing Journal, 13, 1781-
1791. doi:10.1016/j.as0c.2012.12.025.

Karaboga, D. and Basturk, B. 2007a. A powerful and
efficient algorithm for numerical function optimization:
Artificial bee colony (ABC) algorithm. Journal of Global
Optimization, 39, 459-471. doi:10.1007/s10898-007-9149-
X.

Karaboga, D. and Basturk, B. 2007b. Artificial Bee
Colony (ABC) Optimization Algorithm for Solving
Constrained Optimization. In LNAI 4529 (pp. 789-798).
doi:10.1007/978-3-540-72950-1_717.

Kennedy, J., & Eberhart, R. 1995. Particle swarm
optimization. In Neural Networks, 1995. Proceedings.,
IEEE International Conference on (Vol. 4, pp. 1942-1948
vol.4). doi:10.1109/ICNN.1995.488968.

Mishra, S., Shaw, K., & Mishra, D. 2012. A new meta-
heuristic bat inspired classification approach for
microarray data. Procedia Technology, 4, 802-806.

Nawi, N. M., Rehman, M. Z., Ghazali, M. 1., Yahya, M.
N. and Khan, A. 2013. Hybrid Bat-BP: A New Intelligent
tool for Diagnosing Noise-Induced Hearing Loss (NIHL)
in Malaysian Industrial Workers. Applied Mechanics and
Materials, 465, 652-656.

Nawi, N. M., Rehman, M. Z. and Khan, A. 2014. A New
Bat Based Back-Propagation (BAT-BP) Algorithm. In J.
Swiatek, A. Grzech, P. Swiatek, and J. M. Tomczak
(Eds.), Advances in Systems Science (pp. 395-404).
Springer International Publishing. Retrieved from
http://link.springer.com/chapter/10.1007/978-3-319-
01857-7_38.

Olmo, J. L., Romero, J. R. and Ventura, S. 2014. Swarm-
based metaheuristics in automatic programming: a survey.
Wiley Interdisciplinary Reviews: Data Mining and
Knowledge Discovery, 4(6), 445-469.

Robinson, J. and Rahmat-Samii, Y. 2004. Particle swarm
optimization in electromagnetics. IEEE Transactions on
Antennas and Propagation, 52.
doi:10.1109/TAP.2004.823969.

Rodrigues, D., Pereira, L. A. M., Nakamura, R. Y. M.,
Costa, K. A. P, Yang, X. S., Souza, A. N. and Papa, J. P.
2014. A wrapper approach for feature selection based on
Bat Algorithm and Optimum-Path Forest. Expert Systems
with Applications, 41, 2250-2258.
doi:10.1016/j.eswa.2013.09.023.

Tang, R., Fong, S., Yang, X.-S. and Deb, S. 2012. Wolf
search algorithm with ephemeral memory. Seventh
International ~ Conference on Digital Information
Management (ICDIM 2012), 165-172.
doi:10.1109/ICDIM.2012.6360147.

Yang, X. S. 2010. A new metaheuristic Bat-inspired
Algorithm. In Studies in Computational Intelligence (Vol.
284, pp. 65-74). doi:10.1007/978-3-642-12538-6_6.

Yang, X.-S. 2013. Bat Algorithm: Literature Review and

Applications. International Journal of Bio-Inspired
Computation, 5, 10. doi:10.1504/1JBIC.2013.055093.

13258



