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ABSTRACT
The bat algorithm is a very simple and efficient natureinspired algorithm belonging to the swarm intelligence family. Recent studies showed its potential in solving the continuous and discrete optimization problems and many researchers have applied bat algorithm to solve real-world problems. However, empirical studies showed that the main issue of most algorithms is the setting of control parameters.
An algorithm such as the bat algorithm typically has a few
parameters, and it is very time-consuming to find its best
parameter combination. Here, we propose a new parameterfree bat algorithm variant without the need for control parameters. Initial experiments on basic benchmark functions
showed the potential of this new approach.
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1.

INTRODUCTION

As the world is becoming a global village, advances in technologies means that new challenges are emerging. Better
and greener products are needed for companies to have a
competitive edge. Thus, the optimization of product designs
and manufacturing processes become ever-more important.
It is expected that artificial intelligence is among the most
promising developments for the next 20 years. Many artificial intelligence tasks can be achieved by optimization and
machine learning techniques.
One of the most important tasks for many productions is
how to improve the production of products and services for
the market, which requires the optimal design and the optimal use of resources. Until recently, many methods have
been used to help designers and developers to solve such optimization problems. Some methods are pure mathematical,
while others are combined with computer sciences. In line
with this, optimization algorithms play a big role. Recently,

stochastic nature-inspired methods are among the promising kind of optimization algorithms. This family consists
of the following algorithms: genetic algorithms [7], genetic
programming [11], evolution strategies [1], evolutionary programming [5], differential evolution [14], particle swarm optimization [9], firefly algorithm [18], bat algorithm [19] and
dozens of others [4].
The bat algorithm (BA)is one of the latest algorithms in the
swarm intelligence (SI) domain. Due to its simplicity, it is
a very efficient as well. The original BA works with five parameters that represent a potential problem for users which
usually may not know how to specify their values properly.
Therefore, this paper introduces a new parameter-free or parameterless BA (PLBA) that eliminates this drawback and
then proposes techniques for a rational and automated parameter setting on behalf of the user. This study is based
on the paper of Lobo and Goldberg [12].
The structure of the remainder of the paper is as follows.
Section 2 presents a description of the original BA. In Section 3, a design of the parameter-free or parameterless BA
(also PLBA) is presented. Experiments and results are discussed in Section 4. The paper concludes in Section 5 where
the directions for the future work are also outlined.

2.

BAT ALGORITHM

The origin of the BA development can date back to the
year of 2010 when Xin-She Yang in [19] proposed the new
nature-inspired algorithm that mimics the phenomenon of
echolocation by some species of bats for the optimization
process. This algorithm can integrate the characteristics of
many algorithms such as particle swarm optimization (PSO)
algorithm [9] and simulated annealing (SA) [10]. Primarily,
BA was developed for continuous optimization, but many recent papers showed the potential of the algorithm in solving
discrete optimization problems. In a nutshell, this algorithm
is widespread in many areas of optimization and industrial
applications [8,13,15–17]. Yang proposed the following rules
which mimics the bat behavior:
• All bats use echolocation to sense the distance to target
objects.
• Bats fly with the velocity vi at position xi , the frequency Qi ∈ [Qmin , Qmax ] (also the wavelength λi ),
the rate of pulse emission ri ∈ [0, 1], and the loudness
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Ai ∈ [A0 , Amin ]. The frequency (and wavelength) can
be adjusted depending on the proximities of their targets.
• The loudness varies from a large (positive) A0 to a
minimum constant value Amin .
These three rules mimics the natural behavior of bats, while
the full basic pseudo-code is presented in Algorithm 1.
Algorithm 1 Bat algorithm
Input: Bat population xi = (xi1 , . . . , xiD )T for i =
1 . . . N p, M AX F E.
Output: The best solution xbest and its corresponding value
fmin = min(f (x)).
1: init bat();
2: eval = evaluate the new population;
3: fmin = find the best solution(xbest ); {initialization}
4: while termination condition not met do
5:
for i = 1 to N p do
6:
y = generate new solution(xi );
7:
if rand(0, 1) < ri then
8:
y = improve the best solution(xbest )
9:
end if { local search step }
10:
fnew = evaluate the new solution(y);
11:
eval = eval + 1;
12:
if fnew ≤ fi and N(0, 1) < Ai then
13:
xi = y; fi = fnew ;
14:
end if { save the best solution conditionally }
15:
fmin =find the best solution(xbest );
16:
end for
17: end while
The BA is a population-based algorithm, where the population size is controlled by a parameter Np. The main loop
of the algorithm (lines 4-16 in Algorithm 1) starts after the
initialization (line 1), the evaluation of the generated solutions (line 2) and determination of the best solutions (line
4). It consists of the following elements:
• generating a new solution (line 6),
• improving the best solution (lines 7-9),
• evaluating the new solution (line 10),
• saving the best solution conditionally (lines 12-14),

of the current best solution is performed according to the
following equation:
(t)

x(t) = xbest + Ai N (0, 1),

(2)

where N (0, 1) denotes the random number drawn from a
Gaussian distribution with a zero mean and a standard de(t)
viation of one. In addition,  is the scaling factor and Ai is
the loudness. The improvement is controlled by a parameter ri . It is worth pointing that the parameter balances the
exploration and exploitation components of the BA search
process, where exploitation is governed by Eq. 1 and exploitation by Eq. 2.
The evaluation function models the characteristics of the
problem to be solved. The archiving of the best solution
conditionally is similar to that used in SA, where the best
solution is taken into the new generation according to a
probability controlled by the parameter Ai in order to avoid
getting stuck into a local optimum.

2.1

Control parameters in the bat algorithm
and their bottlenecks

Control parameters guide algorithms during the search space
and may have a huge influence on the quality of obtained
solutions. In summary, the BA is controlled by the following
control parameters:
• the population size NP ,
• loudness Ai ,
• pulse rate ri ,
• minimum frequency Qmin and
• maximum frequency Qmax .
As we can see, the BA has five control parameters that can
be difficult for users to set a proper combination of control parameter settings that are the most suitable for the
particular problem. Though some algorithms have fewer
parameters such as differential evolution [14] that employs
only three basic control parameters. However, the parameter tuning can be a time-consuming task for all algorithms.
On the other hand, there are also some other robust selfadaptive [3] BA variants that can modify the values of control parameters during the run.

• determining the best solution (line 15).
The generation of a new solution obeys the following equation:
(t)

Qi

(t+1)

vi

(t+1)
xi

= Qmin + (Qmax − Qmin )N (0, 1),
(t)

= vit + (xti − xbest )Qi ,
=

(t)
xi

+

(1)

(t+1)
vi
,

where N (0, 1) is a random number drawn from a Gaussian
distribution with a zero mean and a standard deviation of
(t)
(t)
(t)
one, and Qi ∈ [Qmin , Qmax ] is the frequency determining
the magnitude of the velocity change. The improvement
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The main task for us is to develop a parameterless variant
of the bat algorithm.

3.

DESIGN OF A PARAMETERLESS BAT
ALGORITHM

In order to develop a new parameterless BA (PLBA), the
influence of control parameters was studied and extensive
studies revealed that some algorithm parameters can be effectively set. For example, the parameter Qi ∈ [Qmin , Qmax ]
determines the magnitude of the change and settings of parameters Qmin and Qmax depend on the problem of interest.
However, the rational setting of this parameter can be apUb
bounds of the
proximated with the lower xLb
i and upper xi
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particular decision variables as follows:
(U b)

(t)

Qi

=

xi

(Lb)

− xi
Np

· N (0, 1),

(3)

where N (0, 1) has the same meaning as in Eq. (1). For
(Lb)
(U b)
example, when the xi
= −100.0 and xi
= 100.0, the
(t)
frequency is obtained in the interval Qi ∈ [0, 2].
The rationality for setting the values of parameters ri and Ai
are obtained, based on the following consideration. Parameter ri controls the exploration/exploitation components of
the BA search process. The higher the value, the more the
process is focused on the exploitation. However, the higher
ri also means that the modified copies of the best solution
are multiplied in the population. As a result, the premature
convergence to the local optimum can occur. The appropriate value of this parameter is ri = 0.1, as revealed during
the extensive experimental work.
Similar consideration is valid also for parameter Ai ; i.e., the
lower the parameter, the less time the best current solution
is preserved in the new generation. Therefore, the rational
selection of this parameter is Ai = 0.9 that preserves the
90% of each best solutions and ignores the remaining 10%.
The population size is also a crucial parameter in the BA. A
lower population size may suffer from the lack of diversity,
while a higher population size may cause slow convergence.
However, the rational setting of the population size depends
on the problem of interest. Therefore, this parameter is
varied in the interval Np ∈ [10, 1280] in the proposed PLBA
such that each population size multiplied by two in each run
starting with Np = 10. In this way, eight instances of the
PLBA is executed and a user selects the best results among
the instances.

4.

EXPERIMENTS

The purpose of our experimental work was to show that the
results of the proposed PLBA are comparable if not better than the results of the original BA. In line with this, the
original BA was compared with the PLBA using the rational
selected parameter setting, i.e., Qi was calculated according
Eq. (3) (e.q., Qi ∈ [0.0, 2.0]), pulse rate and loudness were
fixed as ri = 0.1 and Ai = 0.9, while the population size was
varied in the interval N p = {10, 20, 40, 80, 160, 320, 640, 1280}.
In contrast, the original BA was run using the following parameters: Np = 100, ri = 0.5, Ai = 0.5 and Qi ∈ [0.0, 2.0]
as proposed in Fister et al. [3].
Experiments were run on the benchmark suite consisting of
five functions (Fig. 1). Here, the domains of parameters
were limited into the interval [−10, 10] by functions, while
the dimensions of functions D = 10 were applied during this
preliminary work. The optimization process of functions
was stopped after 10,000 fitness/function evaluations. Each
algorithm was run 25 times.
The results of the comparative study are summarized in Table 2, where the mean values and standard deviations are
given for each algorithm. The BA in Table 2 denotes the
original BA while PL-i the parameter-less BA using differ-
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Figure 1: Summary of the comparison analysis.
ent population sizes Np.
The results are also statistically evaluated using the Friedman’s non-parametric statistical tests [2, 6]. These results
are shown in Table 3 where the ranks, confidence intervals
with significance level α = 0.05, and dagger signs denoting
the significance difference are summarized.
Table 3: Friedman’s statistical tests.
Alg.
Np Rank
CI Sign.
BA
100
4.7
[3.28,6.12]
†
PL-1
10
1.36 [-0.06,2.78]
†
PL-2
20
2.24
[0.82,3.66]
†
PL-3
40
3.56
[2.14,4.98]
†
PL-4
80
4.74
[3.32,6.16]
†
PL-5
160
5.88
[4.46,7.30]
†
PL-6
320
6.98
[5.56,8.40]
PL-7
640
7.66
[6.24,9.08]
PL-8 1280
7.88
[6.46,9.30]
‡
The same results are also presented graphically in Fig. 1,
where ranges and confidence intervals are shown as points
and lines, respectively. Two algorithms are significantly different, if their confidence intervals do not overlap. From
Fig. 1, it can be seen that the population size has a significant influence on the results of the PLBA. The higher the
population size, the better the results. Interestingly, using
the PLBA with population sizes Np = 640 and Np = 1, 280
significantly outperformed the results of the original BA.

5.

CONCLUSION

Population-based nature-inspired algorithms can be a powerful tool for solving the hard optimization problems. However, these kinds of algorithms can depend crucially on the
good parameter setting. Unfortunately, finding the proper
parameter setting for a specific problem of interest is not
easy and can pose challenges for users. In this paper, a parameterless BA (also PLBA) algorithm has been proposed
in order to avoid these issues.
The PLBA sets parameters either by guessing their rational
values, such as setting the parameters pulse rate ri , loudness Ai , minimum Qmin and maximum Qmax frequencies,
or by searching for their proper values experimentally, such
as setting the population size Np. The results of the proposed PLBA are comparable with the results of the original
BA by solving the benchmark suite of five well-known functions. A statistical analysis of the results has showed that
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Tag

Function

f1
f2
f3
f4

Ackley’s
Griewank
Rastrigin
Sphere

f5

Whitley

Table 1: Summary of the benchmark functions.
Definition
q P
Pn
1
2
f (x) = −20 exp(−0.2 n1 n
i=1 xi ) − exp( n
i=1 cos(2πxi )) + 20 + e
Q
P
n
n
xi
2
1
√
f (x) = 1 + 4000 i=1 xi − i=1 cos( i )
Pn
2
f (x) = 10n
Pn + 2 i=1 (xi − 10 cos(2πxi ))
f (x) = i=1 xi
i
Pn h (100(x2i −xj )2 +(1−xj )2 )2
P
2
2
2
f (x) = n
−
cos(100(x
−
x
)
+
(1
−
x
)
)
+
1
j
j
i
j=1
i=1
4000

Domain
[−10, 10]
[−10, 10]
[−10, 10]
[−10, 10]
[−10, 10]

Table 2: Experimental results.
Alg.
BA
PL-1
PL-2
PL-3
PL-4
PL-5
PL-6
PL-7
PL-8

Np
40
10
20
40
80
160
320
640
1280

f1
1.11e+01±8.66e-01
1.15e+01±8.91e-01
1.13e+01±1.15e+00
1.06e+01±7.11e-01
1.01e+01±7.59e-01
9.68e+00±8.44e-01
9.42e+00±7.32e-01
8.76e+00±9.29e-01
8.57e+00±8.62e-01

f2
2.76e-01±2.70e-01
3.96e-01±2.68e-01
3.63e-01±2.94e-01
2.52e-01±2.59e-01
1.79e-01±1.64e-01
1.07e-01±3.24e-02
1.16e-01±3.82e-02
1.02e-01±2.45e-02
1.02e-01±2.08e-02

the proposed PLBA can achieve comparable results as those
obtained by the original BA. Such findings encourage us to
continue with this work in the future. As the first goal,
we would like to develop also a variant of a parameterless
cuckoo search algorithm. We will also investigate the effect
of the population size further in various applications.
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[2] Janez Demšar. Statistical comparisons of classifiers
over multiple data sets. J. Mach. Learn. Res., 7:1–30,
December 2006.
[3] Iztok Fister Jr., Simon Fong, Janez Brest, and Iztok
Fister. A novel hybrid self-adaptive bat algorithm.
The Scientific World Journal, 2014, 2014.
[4] Iztok Fister Jr, Xin-She Yang, Iztok Fister, Janez
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