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Abstract—Swarm intelligence in a bat algorithm (BA) provides
social learning. Genetic operations for reproducing individuals in
a genetic algorithm (GA) offer global search ability in solving
complex optimization problems. Their integration provides an
opportunity for improved search performance. However, existing
studies adopt only one genetic operation of GA, or design hybrid
algorithms that divide the overall population into multiple
subpopulations that evolve in parallel with limited interactions
only. Differing from them, this work proposes an improved selfadaptive bat algorithm with genetic operations (SBAGO) where
GA and BA are combined in a highly integrated way. Specifically,
SBAGO performs their genetic operations of GA on previous
search information of BA solutions to produce new exemplars
that are of high-diversity and high-quality. Guided by these
exemplars, SBAGO improves both BA’s efficiency and global
search capability. We evaluate this approach by using 29 widelyadopted problems from four test suites. SBAGO is also evaluated
by a real-life optimization problem in mobile edge computing
systems. Experimental results show that SBAGO outperforms its
widely-used and recently proposed peers in terms of effectiveness,
search accuracy, local optima avoidance, and robustness.
Index Terms—Bat algorithm (BA), genetic algorithm (GA), hybrid
algorithm, learning mechanism, meta-heuristic optimization algorithms.

I.

Introduction

S a nature-inspired algorithm of meta-heuristic optimization, a bat algorithm (BA) has been adopted to tackle
various types of complicated benchmark and engineering
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optimization problems since its inception [1] in 2010.
Simulating their echolocation behaviors of bats, a group of
bats interact and cooperate to locate and find their prey/solutions. They also identify distinct types of insects even if they
are in complete darkness. BA is easy to implement and exibits
high search efficiency. It has been chosen to solve different
real-life engineering optimization problems in various areas,
e.g., image classification [2], wireless sensor networks [3],
autonomous mobile robots [4], economic dispatch [5], and
power flow optimization [6].
However, bats in the standard BA maintain learning from
the globally best solution obtained so far. Therefore, its finally
obtained solutions to many industrial engineering problems
may be unsatisfying. To tackle this drawback, many BA
variants that use various methods and strategies are proposed.
They can be separated into six types: 1) mutation methods [7];
2) improved velocity updating methods [8], [9]; 3) hybrid
methods [10], [11]; 4) neighborhood search schemes [9], [12];
5) parameter adjustment [13], [14]; and 6) multi-objective
BAs [15], [16]. Although they can improve the performance
of BA, most of them fail to maintain all desired advantages or
features like high population diversity, avoidance of
premature convergence, fast convergence, and high accuracy
over different types of problems. For example, some variants
[10] can improve the diversity of population and tackle a
premature convergence issue, but their convergence speeds
are unsatisfactory. Some variants, e.g., [17], fail to find global
optima for some complicated optimization problems with
multiple local optima. Thus, it is challenging to universally
improve the overall performance of BAs for their various
applications.
It has been shown that behaviors of individuals, e.g., bird
foraging and migration [18], and bee scouting [19], are
significantly affected by their corresponding genotype information. For example, according to [20], foraging behaviors of
individuals are primarily determined by their evolutionary
processes rather than their foraging environments. On the
other hand, skills of individuals obtained from their social
activities can influence their selections, and thus, change the
genotype information in the current population [21]. Biological experiments have concluded that the genotype
information and behavior of individuals affect each other.
This provides an opportunity to adopt such relations between
them to improve the performance of BA as inspired by the
biological models [22].
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BAs’ performance can be limited for some real-life
problems due to their limited learning ability. The genetic
operations of the genetic algorithm (GA) provide a promising
way to tackle BA’s drawback. Thus, many techniques have
been proposed for increasing BA’s performance by incorporating genetic operations of GAs into BA. They fall into two
types. The first type of techniques [23], [24] aim to improve
one single genetic operation of BA, e.g., selection, mutation or
crossover of GAs. The second type of studies propose hybrid
algorithms by integrating BAs and GAs. For example, Xu and
Cheng [25] propose a hybrid genetic bat algorithm for
minimizing the makespan of scheduling problems by adopting
a neighborhood search of a GA’s mutation and hybrid
crossover operation. We consider that GAs and BAs can be
combined in more cohesive ways. For example, our genetic
operation of a GA can yield exemplars from which bats learn,
and in turn, pass their results back to GA to guide the
evolution of GA’s exemplars. Latif et al. [26] propose a
hybrid algorithm for overcoming the tendency of BAs toward
early trapping into local minima. They apply a GA’s mutation
after the construction of updated solutions produced by a BA
to improve solution diversity. We can well avoid the premature convergence problem associated with BAs by using highdiversity exemplars produced by GA’s genetic operations.
Yue and Zhang [17] present a hybrid BA with a GA’s
crossover operation to strengthen local search capability. They
apply an adaptive updating method of inertia weight for good
balance between exploration and exploitation. We combine
GA and BA in a cascade hybrid manner, and jointly adopt
selection, crossover and mutation operations of GA to guide a
search process of BA. Dizaj and Gharehchopogh [27]
combine GA and BA in a sequential manner. Specifically,
they first adopt BA to yield the best solution, which is further
transferred to GA. Then, they conduct the selection, crossover,
and mutation of GA on it to further produce the final best
solution. We combine GA and BA with an alternative feedback loop to help bats find the optimum. Hybrid algorithms
based on combing GAs with BAs have been adopted to solve
such practical problems as image segmentation [17], application placement in clouds [23], knapsack problems [24], job
shop scheduling [25], and energy management [26].
A majority of the above-mentioned hybrid algorithms divide
the entire population into two subpopulations that evolve in
parallel. GA and BA control each subpopulation, and recombine their produced subpopulations. Their relations and
interactions are relatively weak and loose. It is difficult to
distinguish how individuals in a subpopulation produced by
GA affect that by BA. It is challenging to investigate how
individuals in a subpopulation produced by BA affect that by
GA. In addition, most hybrid algorithms are tested and
evaluated with single-type or low-dimensional benchmark
optimization problems only. It remains an open problem of
how to efficiently combine BA and GA to achieve better
performance than all the existing ones.
In most existing hybrid algorithms of GA and BA, two
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individual subpopulations are controlled by GA and BA
separately, and recombined periodically. However, it is
difficult to recognize interactions between GA and BA
because they are loosely coupled. For instance, it is hard to
judge how individuals yielded from GA affect BA population,
and how individuals from BA survive in GA population. To
address this challenge, we design a self-adaptive bat algorithm
with genetic operations (SBAGO) that incorporates GA’s
genetic operations into BA. This work aims to make the
following innovative contributions:
1) It combines GA and BA together in a highly integrated
way, thus leading to a new BA and GA hybrid method called
SBAGO. GA produces exemplars with its genetic operations
for bats in BA while BA updates its bats by both its best
solution and the exemplars from GA. In addition, survived
exemplars in GA are diversified with high-quality because of
genetic operations. Therefore, they improve BA’s search
efficiency and avoid its premature convergence.
2) It passes promising and high-quality genetic information
from BA’s search processes back to GA. Therefore, they help
GA yield improved exemplars. It well uses such interactions
between GA and BA to improve them in an alternate manner
in SBAGO.
The rest of this paper is organized as follows. Section II
discusses the algorithmic and biological backgrounds. Section
III describes the implementation of SBAGO. Section IV
presents the setting of experiments and gives the experimental
results of SBAGO and recently proposed peers. Section V
concludes this work.
II.

Background

A. Algorithmic Comparison: GA Versus BA

Both GA and BA are bio-inspired algorithms that have been
applied to solve various types of optimization problems. The
standard GA includes three major operations, i.e., crossover,
mutation and selection. The selection operation chooses highquality individuals to breed offspring ones for increasing the
fitness of the entire population. The crossover and mutation
operations reproduce new offspring individuals, and the
population evolves by using the genetic information of
selected individuals. On the other hand, all bats in the standard
BA adopt their echolocation behaviors to specify distance, and
evaluate the distance variation between their prey/food and
locations. Each bat randomly flies by following a velocity at a
specific position with dynamic wavelength, loudness and
frequency to find their prey. All bats dynamically change their
frequencies or wavelength and update their pulse emission
rates according to the proximity of their preys. BA does not
adopt any selection operation, and its evolution is mainly
realized by guiding bats towards the currently best positions.
The flying processes of bats correspond to the transmission
ones of genetic information in GA.
GA and BA differ considerably in terms of their convergence behaviors. The standard GA selects two random
individuals to share their genetic information with a crossover
operation. Then, GA further randomly changes some genes in
the produced offspring individuals with a mutation operation.

1286

Consequently, the search process of GA is highly random and
tends to be slow. On the contrary, bats in the standard BA
move towards the best solution of all bats in the current
population. Thus, the search process of BA is directional. As a
result, BA shows quicker convergence and but worse global
ability of solution exploration than GA.
It has been shown that BA can efficiently converge to the
best solutions for unimodal functions because of its efficient
search ability and high search accuracy [28]. On the other
hand, BA is often trapped into a locally best solution for
multimodal functions if the currently obtained solution falls
into local optima and fails to jump out of them. Thus, its
performance is poor when it has been used to solve multimodal problems. On the other hand, GA has superior a global
search capability and a higher chance to find the global optima
of multimodal functions than BA. Nevertheless, its evolution
is slow because its crossover and mutation operations are
time-consuming and highly random due to its directionless
searches in solution space. Consequently, GA converges to the
best solutions slowly, and its performance for unimodal,
multimodal and complicated composite functions is not acceptable in many cases.
In summary, both GA and BA have their own advantages
and disadvantages. Can we properly combine them to achieve
better performance than them alone and their recent hybrid
algorithms? This work intends to answer it.
B. Biological Comparison: Gene–Behavior Interaction

GA has been proposed to update the phenotype information
of each individual in a biological manner by dynamically
updating such information. Then, its population evolves
through the update of all individuals. Alternatively, a BA
updates the phenotype information of bats by learning from its
locally and globally best solutions obtained so far, and its
convergence is faster than a GA’s. According to [29], behavioral characteristics of individuals in nature are controlled by
the genetic information. It is a commonsense that the genotype
information and a living environment affect most behaviors of
individuals [30]. For example, it has been shown that genotype information controls migration behaviors and directions
of blackcap [31]. In addition, foraging behaviors of animals
can be well analyzed by their evolutionary processes and
genotypic differences, rather than the current foraging environments [32].
According to [32], individuals’ learning leads to their
evolutionary results. The abilities obtained by them in real-life
environments cannot be directly reflected in the corresponding
genes. However, the phenotype differences among individuals
greatly affect the selection in nature performed on them, and
then change genes in the subsequent population in the
evolution of generations. For example, some types of woodpeckers start to adopt the corresponding cactus spines to
efficiently search food/prey in trees [33]. The selection in
nature inclines to maintain some individuals with a beak shape
of the current population, which can better adopt spines. In
this way, more offspring woodpeckers inherit and own the
ability of such beak shapes, and obtain such skill of feeding.
Thus, the genotype information controls behaviors and the
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phenotype information of individuals. Meanwhile, GA selects
individuals with some superior skills obtained by learning in
real-life environments to breed with high probability. In this
way, they transmit their genotype information to their offsprings.
To summarize, the interaction between genes and behaviors
of individuals is beneficial to improve the future individual
diversity in a population. Similarly, BA belongs a type of
nature-inspired and meta-heuristic optimization algorithms. Its
search process can be improved by adding some genetic
operations into its learning process. This motivates this work.
III.

Genetic Operation-Based BA

A. Original BA and Its Variants

In BA, the locally best position for each particle i means its
best solution obtained so far. The global optimum means the
currently obtained best solution of the whole population. Each
bat adjusts its position and velocity by using information from
its locally best position, and a global optimum in the current
population as obtained so far. Let M denote the number of bats
in the current population. vi denotes the velocity of bat i
(1 ≤ i ≤ M ). xi denotes a position of bat i. pi and g denote the
locally best position of bat i and a globally best one of all bats.
Let D denote the dimension of the vector representing the
position of a bat. Let vi,d and xi,d denote the values of each
element d (d ∈ {1, 2, . . . , D} ) of vectors vi and xi, respectively.
Let gd denote the dth element of vector g. Let fi denote the
pulse frequency of bat i. For each element d (1 ≤ d ≤ D), xi,d
and vi,d are updated as
vi,d = vi−1,d + (xi−1,d − gd ) fi−1

(1)

xi,d = xi−1,d + vi−1,d .

(2)

The minimum and maximum frequencies of each bat are
denoted by fˇ and fˆ , respectively. Let βi ∈ denote a uniformly
distributed random number in [0, 1] for bat i. Specifically,
according to [15], fi is updated as
fi = fˇ + ( fˆ − fˇ)βi .

(3)

It is worth noting that each bat is guided by both g and pi,
and thus, it might oscillate dramatically if they are located in
opposite directions of xi. On the contrary, bats might trap into
local optima if pi and g are almost the same, thus leading to
premature convergence. To address this issue, we propose a
new hybrid algorithm that combines BA and GA next.
B. Self-Adaptive Bat Algorithm With Genetic Operations
(SBAGO)

It is clear that each exemplar Ei for bat i determines the
search directions of the latter. Thus, these exemplars significantly affect BA’s search performance. This work integrates
the genetic operations of GA into BA such that GA can
produce high-diversity and high-quality exemplars for bats. In
other words, we intend to use the outstanding global search
capability of GA to benefit BA. Consequently, we intend to
enhance the diversity of bats with the genetic operations of
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GA, and thus, avoid the premature convergence of BA. Note
that the foraging behaviors of bats by the biological nature are
beneficial to the high diversity and continuous survival of
bats.
Let Ei denote the exemplar for bat i, and it is a composite
exemplar that is a linear combination of pi and g. Let Ei,d
denote the dth entry of Ei . Thus
c1 × r1 × pi,d + c2 × r2 × gd
.
(4)
c1 × r1 + c2 × r2
where c1 and c2 are cognitive and social acceleration parameters to reflect the effects of pi,d and gd , respectively in
evolution, and r1 , r2 ∈ U(0,1).
In generation t of the while loop, there are four major parts,
i.e., crossover, mutation, and selection operations for the
update of exemplars and bat positions.
1) Crossover: For element d of bat i, the following crossover operation is performed. At first, bat k, k ∈ {1, 2, . . . , M} ,
is randomly selected. Then, the operation of the crossover is
applied to g and pi to produce Oi = [Oi,1, Oi,2 , . . . , Oi,D ].
Specifically
{
r × pi,d + (1 − rd ) × gd , F(pi ) < F(pk )
Oi,d = d
(5)
pk,d ,
otherwise
Ei,d =

where rd ∈ U(0,1).
In this way, a crossover operation between a global
optimum g and its local optimum pi of bat i can improve
quality of Oi . However, if bat i is an individual inferior to the
others in the population, Oi should use more entries from pk
of a randomly selected bat k with a higher value of fitness.
The random selection of two bats in the current population for
performing a crossover operation in GA. Our proposed crossover operation adopts previous search experiences of bats to
enhance gene quality, thus improving search efficiency.
2) Mutation: This operation is applied to Oi with a
probability denoted by ζ. For each element d, if rd < ζ , Oi,d is
changed with a uniformly distributed random number in
(b̌d , b̂d ), i.e.,
Oi,d = rand(b̌d , b̂d ), rd < ζ

(6)

where b̌d and b̂d are lower and upper limits, respectively of the
dth element of xi.
We adopt this operation to increase the diversity of
exemplars. Note that any exploratory coordinates in solution
spaces can be reached in the theory.
3) Selection: After crossover and mutation operations, we
apply the one to specify whether Oi is selected to update Ei .
Specifically, if F(Oi ) < F(Ei ), Ei is updated with Oi ;
otherwise, it is not changed. In addition, it is worth noting that
Ei might trap into local optima and remain unchanged if it is
better than Oi . Thus, to ensure that exemplars do not
deteriorate in each generation, the following mechanism is
proposed and used. If Ei maintains the same for successive δ
generations, it may be trapped into local optima. Then, the
selection of ξM -tournament [34] is conducted to update Ei
with another exemplar E j. Here, ξ ∈ (0,1) denotes the empirically given value for tournament selection. Thus, the size of
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tournament is ξM . Hence, SBAGO randomly selects ξM
exemplars to enter the tournament. SBAGO selects exemplar
(E j) with the best fitness value to update Ei . In this way, each
bat i can learn from other exemplars with the hope of
significantly altering its search direction and jumping from its
local optima.
4) Update of Bat Positions: tˆ denotes the total number of
iterations in SBAGO. ωt denotes the inertia weight in iteration
t (1 ≤ t ≤ tˆ ). ωt linearly decreases from its maximum value ω̂
to its minimum value ω̌
t×(ω̂ − ω̌)
.
(7)
tˆ
Let c denote an acceleration coefficient reflecting the relative importance of the difference between xi,d and Ei,d . Then,
to avoid the premature convergence to local optima, vi,d and
xi,d are updated as
ωt = ω̂ −

vi,d = ω × vi,d + c × rd × (xi,d − Ei,d ) × fi

(8)

xi,d = xi,d + vi,d .

(9)

To mitigate the risk of the early convergence to local optima
and increase the diversity of solutions, we perform the
following local search, i.e.,
xi,d = x̃d + ϵ × Ai

(10)

where a solution ( x̃) for bat i is selected among the currently
best solutions, xi,d is generated locally around x̃d with a local
random walk, ϵ is the length of each step in solution spaces,
and Ai is the loudness of bat i.
In each iteration, SBAGO adjusts the loudness and the rate
of pulse emission for each single bat according to
Ai = α × Ai

(11)

ηi = ηi × [1 − exp(−γ × t)]

(12)

where ηi is the pulse emission rate of bat i, Ai is the loudness
of bat i, and α (0 < α < 1) and γ (0 < γ < 1) are two coefficients. In real-life cases, if each bat finds its prey/food, its
loudness reduces and its rate of pulse emission grows with the
hope that bats move towards the global optima.
Algorithm 1 implements SBAGO. F(xi ) denotes the objective function value of bat i. Line 2 randomly initializes vi and
xi, and evaluates F(xi ) accordingly. Line 3 randomly initializes fi , ηi and Ai for bat i. Line 4 updates pi with xi for each
bat i. Line 6 sets g to the currently best position of all bats.
Line 7 initializes Ei,d with (4) and updates ω with (7). In
iteration t of the while loop, crossover, mutation, and selection
operations, and bat position update are performed for each bat
i. Lines 12–19 apply the operation of crossover for xi,d . Lines
21–25 apply the operation of mutation for xi,d . Lines 27–34
apply the selection for xi,d . Line 36 updates fi for each bat i
with (3). Line 38 updates vi,d with (8). Line 39 updates xi,d
with (9). Lines 41 and 42 select a solution ( x̃) among the best
solutions currently obtained, and then update xi,d if rand(0,1) >
ηi. Then, Lines 47 and 48 update Ai and ηi if F(xi ) < F(g) and
rand(0,1) < Ai, respectively. Line 50 evaluates F(xi ), and
updates pi and g. Finally, Line 54 outputs g∗, which is the best
fitness value of all bats found so far.
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C. Complexity Analysis of SBAGO
Algorithm 1 SBAGO
1: for i ← 1 to M do
2: Randomly initialize vi and xi , and evaluate F(xi )
3: Initialize fi, ηi and Ai for xi
4: pi ← xi
5: end for
6: Set g to the currently best position of all bats
7: Initialize Ei with (4) and update ω with (7)
8: t ← 1
9: while t ≤ tˆ do
10: for i ← 1 to M do
11:
/*Exemplar update: Crossover*/
12:
for d ← 1 to D do
13:
Randomly select a bat k ∈ {1, 2, . . . , M}
14:
if F(pi ) < F(pk ) then
Oi,d ← rd × pi,d + (1 − rd ) × gd
15:
16:
else
17:
Oi,d ← pk,d
18:
end if
19:
end for
20:
/*Exemplar update: Mutation*/
21:
for d ← 1 to D do
22:
if rand(0, 1) < ζ then
23:
Oi,d ← rand(b̌d , b̂d )
24:
end if
25:
end for
26:
/*Exemplar update: Selection*/
27:
Evaluate F(Oi )
28:
if F(Oi ) < F(Ei ) then
29:
Ei ← Oi
30:
end if
31:
if F(Ei ) stops improving for δ generations then
32:
Select E j by ξM tournament
33:
Ei ← E j
34:
end if
35:
/*Bat update*/
36:
fi ← fˇ + ( fˆ − fˇ) × βi
37:
for d ← 1 to D do
38:
vi,d ← ω × vi,d + c × rd × (xi,d − Ei,d ) × fi
39:
xi,d ← xi,d + vi,d
40:
if rand(0,1) > ηi then
41:
Select a solution ( x̃) among the best solutions
42:
xi,d ← x̃d + ϵ × Ai
43:
end if
44:
end for
45:
if rand(0,1)< Ai && F(xi ) < F(g) then
46:
Accept a new solution xi
47:
Ai ← α × Ai
48:
ηi ← ηi × [1 − exp(−γ × t)]
49:
end if
50:
Evaluate F(xi ), and update pi and g
51: end for
52: t ← t + 1
53: end while
54: Output g∗

SBAGO mainly consists of three parts including initialization in Lines 1–8, genetic operations in Lines 12–34, and BA
procedure in Lines 36–50. The complexity of Line 2 is 3D and
that of Line 7 is 3D. Thus, the complexity of initialization is
D(4M + 1). Let ϖG denote the complexity of genetic operations for bat i in each iteration. Let ϖB denote the complexity
of BA for bat i in each iteration. So are those of Lines 12–19,
Lines 21–25, and Line 27. The complexity of Lines 28–30
is D. The complexity of Lines 31–34 is ξM + D . Thus,
ϖG = 5D + ξM . The complexity of Lines 36–50 is 6D, i.e.,
ϖB = 6D . Thus, the complexity of SBAGO is D(4M + 1)+
(ϖG + ϖB )M tˆ , i.e., D(4M + 1) + (11D + ξM)M tˆ . Hence, its
complexity is O(ξM 2 tˆ), which is mainly determined by
genetic operations of SBAGO. However, its complexity is
lower than other algorithms [17], [35], [36] that integrate
genetic operations into BA. The reason is that they use typical
crossover operations, e.g., simulated binary crossover, partiallymapped crossover, K-point crossover, shuffle crossover, and
cycle crossover, which require more iterations. They also
adopt roulette wheel selection.
IV.

Experimental Results and Discussion

A. Experimental Setup

To evaluate the performance of SBAGO, we adopt four
types of widely used test suites including total 29 benchmark
functions, which are adopted by many researchers [37]. In
addition, we apply SBAGO to solve a real-life optimization
problem in mobile edge computing systems [38]. A list of
these functions and the details are given in Tables I–III in the
Supplementary File (in the online version of this paper). D
means the number of decision variables, Range shows the
boundaries of the solution space of each function, and fˇ
means the minimum of a function. In F11 (x) and F12 (x),
u(xi , a, k, m) is calculated as follows:
k(x − a)m ,
xi >a


 i
0,
−a
≤ xi ≤ a
u(xi , a, k, m) = 
(13)


k(−xi − a)m , xi < −a.
This section groups these benchmark functions into multiple
groups including unimodal, multimodal, fixed-dimension multimodal, and composite functions, which are given in Table I.
TABLE I
Unimodal Benchmark Functions (F1–F7)
Function
F1 (x) =
F2 (x) =

n
∑
i=1
n
∑
i=1

xi2
|xi | +

n
∏
i=1

|xi |

F3 (x) = maxi {|xi |, 1 ≤ i ≤ n}
n
∑
F4 (x) = (|xi + 0.5|)2
i=1
(
)
n
∑
F5 (x) =
ixi4 + random[0,1)
F6 (x) =
F7 (z) =

i=1
n (
∑

)
106 ni −− 11 xi2
)
106 ni −− 11 z2i , z = T osz (x − xopt )

i=1
n (
∑
i=1

D

Range

30

[−100, 100]

0

30

[−10, 10]

0

30

[−100, 100]

0

30

[−100, 100]

0

30

[−1.28,1.28]

0

30

[−100, 100]

0

30

[−100, 100]

0

fˇ
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The first test suite (F1–F7) consists of all the scalable
functions widely tested in [39]. For example, F6 is a base
function named Elliptic and seen in many continuous optimization test suites [40], [41]. F7 is a large-scale shifted Elliptic
function that is unimodal, fully-separable, shifted, smooth, illconditioned and has local irregularities. The second suite (F8 –
F13) includes multimodal functions with different shapes. For
example, F13 is a large-scale shifted Rastrigin’s function,
which is multimodal, fully-separable, shifted, smooth, illconditioned and has local irregularities. The third suite (F14–
F23) consists of fixed-dimension multimodal benchmark functions [42]. The last test suite (F24–F29) consists of six composite functions that are composite variants of typical benchmark functions.
We execute SBAGO for 30 times on each function. Tables II
and III show the statistical results of F1–F7 with respect to the
average and standard deviations. Tables IV–VII in the Supplementary File give the statistical results of F8–F29 in the Supplementary File. We then verify and compare the efficiency
and effectiveness of SBAGO with GA [43], BA [44], simulated annealing (SA) [45], [46], SA-based particle swarm
optimization (SAPSO) [47], and particle swarm optimization
(PSO) [48], [49], autonomous groups PSO (AGPSO) [50],
hybrid PSO and gravitational search algorithm (PSOGSA)
[35], genetic bat algorithm (GBA) [36], and SGABA [17].
In addition, the GBA [36] first adopts GA to initialize a
∗
population of solutions, and to obtain the best solution ( xg ) by
searching the solution space. Then, the GBA adopts BA to
∗
further search around xg and finally yields a final solution
( x∗). It is worth noting that GA and BA are executed sequentially in the GBA, and they do not interact with each other in
each iteration. SBAGO integrates GA and BA in a cohesive
manner, and they affect each other in each iteration. Besides,
the SGABA [17] adopts a smart inertia weight to balance its
exploitation and exploration based on fitness values. It yields
a new solution by combining the globally best solution and the
best one in each iteration to strengthen the local search in (10).
In addition, it adopts a beta distribution to produce βi in (3),
and changes the frequency of each bat smartly. Differently
from the SGABA, our proposed SBAGO designs novel
crossover, mutation, and selection operations to yield a highquality exemplar for each bat in each iteration. The exemplars
further guide the search process of bats in the population.
The SAPSO is a hybrid algorithm combining the SA and the
PSO. In it, each particle changes its position with the Metropolis acceptance rule of the SA. It compares a fitness value of
each current particle and a newly produced one. It selects
better particles directly and conditionally chooses worse ones
with the objective of jumping from local optima and obtaining
global ones.
Specifically, the parameter setting of SBAGO is given as
follows. M = 20, tˆ = 1000 , Ai ∈ [1, 2], ηi ∈ [1, 2], fˇ = 0 ,
fˆ = 0.9, δ = 7, γ = 0.9 , α = 0.9, ω̂ = 1, ω̌ = 0.74, ζ = 0.02,
c1 = c2 = 0.5, c = 1.1, ξ = 0.2 and ϵ = 0.001. All these algorithms are implemented in a computer with an Intel(R)
Core(TM) i7 CPU 6600U at 2.60 GHz with 16 GB of RAM.
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TABLE II
Results of Unimodal Benchmark Functions (F1–F4)
Function

F1

F2

F3

F4

Algorithm

Avg.

Std.

SBAGO

1.9984×10−5

2.1583×10−6

GA

0.2035

0.3720

BA

1.6005×104

6.4519×103

SA

0.6124

0.0711

PSO

133.8625

66.2397

SAPSO

2422.6129

709.2823

SGABA

4289.4071

1070.9599

GBA

58.6629

108.4849

AGPSO

0.0688

0.0939

PSOGSA

2333.3333

5040.0693

SBAGO

0.0177

0.0013

GA

0.0207

0.0227

BA

1.2901×105

7.0466×105

SA

1.5831×1010

3.4813×1010

PSO

62.8788

19.8486

SAPSO

116.4269

435.8757

SGABA

8.3773×105

3.1997×106

GBA

0.0546

0.0876

AGPSO

0.9728

2.2909

PSOGSA

12.1235

32.6134

SBAGO

0.2441

0.0839

GA

12.6025

2.2108

BA

50.9036

9.8831

SA

41.951

7.6761

PSO

20.8913

5.3575

SAPSO

21.9959

4.265

SGABA

26.932

3.4386

GBA

1.247

1.5994

AGPSO

18.8876

4.6365

PSOGSA

57.9522

23.8747

SBAGO

1.8683×10−5

2.154×10−6

GA

4.1072

4.6328

BA

1.4490×104

4.6951×103

SA

0.5787

0.0971

PSO

117.3563

52.3092

SAPSO

2372.2028

805.8014

SGABA

4036.7909

1519.3737

GBA

70.5847

203.209

AGPSO

0.0953

0.1101

PSOGSA

1670.0417

4632.8437

B. First Test Suite (F1–F7)

According to [42], unimodal functions can well benchmark
the exploitation ability of meta-heuristic algorithms. Tables II
and III show results with all ten tested algorithms. SBAGO
provides very competitive results in comparison with its nine
peers. It outperforms them in terms of average and standard
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TABLE III
Results of Unimodal Benchmark Functions (F5–F7)
Function

F5

F6

F7

Algorithm

Avg.

Std.

SBAGO

0.0688

0.0201

GA

0.5351

0.2947

BA

9.4244

5.0859

SA

10.0796

2.5035

PSO

2.4556

2.1221

Differently from unimodal functions, multimodal ones own
multiple local optima whose count increases exponentially
with dimensions of optimization problems. They are suitable
to evaluate the exploration ability of meta-heuristic algorithms. Table IV in the Supplementary File shows the results of
ten algorithms. It is observed that SBAGO provides better
results than its peers, i.e., it owns higher exploration ability
than its peers. Fig. 1 in the Supplementary File shows 2D
shapes, search histories, trajectories, fitness histories and
convergence curves of F7–F12 with SBAGO.

SAPSO

0.3918

0.2479

SGABA

4.5404

18.7063

D. Third Test Suite (F14–F23)

GBA

0.2792

0.0885

AGPSO

0.1251

0.045

PSOGSA

0.075

0.0259

SBAGO

7.8349

15.749

GA

8483.1645

3.6463×104

BA

6.0762×108

3.7906×108

Tables V and VI in the Supplementary File show the results
of fixed-dimension multimodal benchmark functions F14–F23.
SBAGO outperforms its peers in terms of the search ability.
Figs. 3 and 4 in the Supplementary File show 2D shapes,
search histories, trajectories, fitness histories and convergence
curves of F13–F23 with SBAGO.

SA

8.7303×104

2.1326×104

E. Fourth Test Suite (F24–F29)

PSO

6.3858×106

6.6150×106

SAPSO

1.9875×108

1.5818×108

SGABA

1.3070×108

6.7300×107

GBA

1.8642×106

3.0604×106

AGPSO

4.1088×106

7.5661×106

PSOGSA

8.6163×107

1.4918×108

SBAGO

8.218

11.054

To show the behaviors of SBAGO in the avoidance of local
optima, we adopt the last test suit of benchmark functions
[42]. They are composite ones and very difficult for metaheuristic algorithms. Here, we adopt six composite functions
that have been widely used to evaluate performance of these
algorithms to find the global optima [51]. Table III in the Supplementary File shows their details. For example, F24 (x), combines ten simple functions, each of which is a sphere one [52].
These composite functions can well evaluate both exploitation and exploration of SBAGO. Importantly, they can
evaluate the avoidance ability of local optima of metaheuristic algorithms because they contain many local optima.
As shown in Table VII in the Supplementary File, SBAGO
outperforms its peers on them. Fig. 5 in the Supplementary
File shows 2D shapes, search histories, trajectories, fitness
histories and convergence curves of F24–F29 with SBAGO.
The result proves that SBAGO well balances exploitation and
exploration, and can well avoid the early trapping into local
optima. This is due to its integration of genetic operations of
GA into BA in an optimization process. Specially, GA
produces excellent exemplars with its genetic operations for
more diverse bats, and provides high search ability to BA for
quickly finding the optima. Thus, SBAGO owns the great
ability to escape from local optima to exploit and explore
solution space.

GA

2890.0042

7368.5163

BA

5.7950×108

3.5398×108

SA

9.4595×104

4.1496×104

PSO

8.8336×106

1.5375×107

SAPSO

2.1083×108

1.6664×108

SGABA

1.4812×108

9.8586×108

GBA

2.7951×106

8.2006×106

AGPSO

5.0714×106

7.2271×106

PSOGSA

1.2690×108

2.2627×108

deviations in all functions (F1–F7) in the first test suite. Thus,
SBAGO owns high exploitation ability. This is caused by the
integration of the proposed crossover, mutation and selection
operations into BA. Figs. 1 and 2 in the Supplementary File
illustrate the 2D shapes, search histories, trajectories, fitness
histories and convergence curves with SBAGO. For example,
for F1, its first subfigure shows its 2D shape. The second and
third ones show the search history of its first two dimensions,
and the trajectory in the first dimension in each iteration,
respectively. Its fourth and fifth subfigures show fitness
history and convergence curve as iterations proceed, respectively. Note that the fitness history curve means the fitness
value of the first bat, while the convergence curve gives the
globally best fitness value as iterations proceed.
C. Second Test Suite (F8–F13)

To verify the exploration ability of SBAGO, this work
adopts F8–F13, which consist of six multimodal functions.

F. Convergence Behavior Analysis

Following [53], significant changes are needed in the
changes of individuals over beginning steps of optimization. It
is helpful to guide a meta-heuristic algorithm to extensively
explore solution spaces of optimization problems. However,
these changes have to be small enough to strengthen and stress
exploitation at final stages of optimization. To illustrate the
convergence behavior of SBAGO, Figs. 1–5 in the Supplementary File present the trajectory and search history of the first
bat in the first dimension ( x1) of x. For example, the second subfigure of Fig. 1 in the Supplementary File presents the history
of each bat’s search. It is shown that bats of SBAGO
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extensively find high-quality areas of solution spaces and
investigate the most promising ones. Besides, the third
subfigure of Fig. 1 in the Supplementary File presents the
trajectory of the first bat whose changes in the first dimension
( x1) are given. Clearly, several significant changes exist in the
beginning stage of iterations, which are reduced gradually as
iterations proceed. According to [53], this convergence
behavior guarantees that SBAGO finally converges to a highquality solution in solution spaces.
G. Sensitivity Analysis of Main SBAGO Parameters

We now present a sensitivity analysis of the main parameters of SBAGO. Here, we take a unimodal function (F3) and
a multimodal one (F8) as examples, and investigate the
sensitivity of SBAGO to two coefficients, i.e., α and γ, and
mutation probability (ζ). Fig. 1 shows fitness values of F3 and
F8 with respect to α, γ, and ζ, where the horizontal axis shows
parameter values and the vertical axis shows their corresponding fitness values. Specifically, in Fig. 1(a), SBAGO is
compared with α = 0.1, 0.2, . . . , 0.9, respectively while keeping the other parameters unchanged as those presented in
Section IV-A. As shown in Fig. 1(a), fitness values of F3 and
F8 vary with different settings of α, and it is the least when
α = 0.9. Similarly, as shown in Fig. 1(b), fitness values of F3
and F8 vary with different settings of γ, and it is the least when
γ = 0.9. At last, as shown in Fig. 1(c), fitness values of F3 and
F8 vary with different settings of ζ, and it is the least when ζ =
0.02.
The results show that the results of SBAGO are dependent
on different settings of these three main parameters. For
example, a larger ζ perturbs a stable search of bats and leads
to undesired convergence, whereas a smaller ζ fails to avoid
premature convergence. When ζ = 0.02, SBAGO achieves
satisfying search results for both unimodal and multimodal
problems. To summarize, α = 0.9, γ = 0.9, and ζ = 0.02 are recommended in this work. Self-adaptation of these parameters to
different problems should be an important research direction.
H. Convergence Comparison of SBAGO, GBA and SGABA

This work analyzes the convergence curves of the proposed
SBAGO, GBA and SGABA on some representative
benchmark functions (e.g., F2 , F8, F14 and F24), and a reallife optimization problem in mobile edge computing systems
[38]. Figs. 2−5 show the convergence curves of SBAGO,
GBA and SGABA on F2, F8, F14, and F24, respectively. GBA
and SGABA are two representative algorithms that also
combine GA and BA. It is worth noting that F2 , F8, F14 and
F24 are selected from four types of test suites, and they can

well demonstrate the convergence performance of SBAGO. It
is shown that the fitness value of each of them with SBAGO is
the least among SBAGO, GBA and SGABA. For example, for
F24, the final fitness value of SBAGO is 8.88 × 10−6, which is
much lower than that (3.35 × 102) of GBA, and that (2.39 ×
102) of SGABA, respectively.
In addition, the real-life optimization problem [38] aims to
minimize the total energy consumption of all mobile devices
and edge servers. The decision variables include the task
offloading ratio, CPU speeds of mobile devices, the bandwidth allocation of network channels, and the data transmission power of mobile devices. The problem considers limits
of response time of tasks, the maximum CPU running speeds,
the maximum transmission power, the maximum energy of
each mobile device, and the maximum resources of CPU and
memories in edge servers. We integrate the constraints into a
constrained mixed-integer nonlinear program, and its complexity of solutions is NP-hard. This problem has an issue of
exponential explosion, and there are no polynomial-time
algorithms. We adopt a penalty function method to handle the
constraints, each of which is transformed into a positive
penalty.
Then, Fig. 6 shows the total energy consumption of
SBAGO, the GBA and the SGABA when they are adopted to
solve the real-life optimization problem, respectively. It is
shown that the total energy consumption of SBAGO is the
least among three algorithms. Specifically, the final total
energy consumption of SBAGO is 4.55 J, which is lower than
that 6.90 J of the GBA, and that 5.52 J of the SGABA,
respectively. In addition, SBAGO only needs 952 iterations to
converge to its final fitness value while the GBA and the
SGABA need 971 and 973 iterations to converge to their final
ones, respectively. Furthermore, Fig. 7 shows the comparison
of the total penalty values of SBAGO, the GBA and the
SGABA, respectively. It is shown that the total penalty value
of SBAGO is zero at the end of its search process, and this
demonstrates that SBAGO yields a high-quality and close-tooptimal solution meeting all constraints of the real-life optimization problem. This is because GA yields promising and
diversified exemplars for bats in BA, and BA updates its bats
by learning the exemplars. In addition, bats transmit promising search information back to GA to yield improved exemplars. In this way, SBAGO improves the search efficiency of
BA and avoids its premature convergence.
V.

Conclusions

This work has proposed a self-adaptive bat algorithm with
genetic operations (SBAGO). It well integrates the crossover,
mutation, and selection operations of the genetic algorithm

IEEE/CAA JOURNAL OF AUTOMATICA SINICA, VOL. 9, NO. 7, JULY 2022

SBAGO

Fitness value

500

GBA

Total energy consumption (J)

1292

SGABA

400
300
200
100

Fig. 2.

1

Convergence curves of SBAGO, GBA and SGABA on F2 .

Fitness value

SBAGO

400

SGABA

200
100
1

Fitness value

SBAGO

GBA

SGABA

150
100
50
0

1

100 200 300 400 500 600 700 800 900 1000
Iteration number

Convergence curves of SBAGO, GBA and SGABA on F14 .

Fitness value

1000

SBAGO

800

GBA

SGABA

600
400

Fig. 7.

GBA

SGABA

7
6
5
1

100 200 300 400 500 600 700 800 900 1000
Iteration number

Total energy consumption of SBAGO, GBA and SGABA.

SBAGO

GBA

SGABA

4
2
0

100 200 300 400 500 600 700 800 900 1000
Iteration number

Convergence curves of SBAGO, GBA and SGABA on F8.
200

1

100 200 300 400 500 600 700 800 900 1000
Iteration number

Total penalty values of SBAGO, GBA and SGABA.

tion algorithms including variants of GA, the simulated
annealing, particle swarm optimization and BA. The experimental results show that SBAGO outperforms its peers in terms
of global exploration, the local exploitation, and the local
optima avoidance.
Our proposed SBAGO cannot well handle high-dimensional
optimization problems, and its convergence speeds for solving
them tend to be slow. Our future work aims to further extend
it in the following directions. First, it is of interest to extend it
to its multi-objective versions for high-dimensional constrained optimization problems [54], [55]. Second, we can adopt
deep learning methods, e.g., stacked sparse auto-encoders, to
capture distribution features of solutions obtained from the
first several generations for guiding the search process of
SBAGO in a more efficient manner. Third, we can apply it to
more real-life optimization problems in other fields, e.g.,
Internet of Things and image segmentation [38], [56]–[59].
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(GA) into the bat algorithm (BA) to produce exemplars to
guide latter’s bats. SBAGO performs the genetic operations
on historical search information of bats of BA to reproduce
high-quality and diverse exemplars. SBAGO’s selection
chooses high-quality bats to breed offspring ones, and uses
crossover and mutation operations for the global exploration.
Guided by the bred exemplars, the entire population evolves
towards the global optima generation by generation. We
conduct the experiments to evaluate the performance of
SBAGO by using 29 benchmark functions in four test suites,
and a real-life optimization problem from mobile edge computing. We compare SBAGO with nine meta-heuristic optimiza-
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