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Abstract—Bat algorithm (BA) is a relative new method
proposed by Yang in 2010. It has been successfully used
to solve different global optimization problems. However, it
may also lead to premature convergence. For overcoming this
disadvantage, this paper presents three improvement strategies,
which can be used to enhance the local and global search ability
of BA. After that, An adaptive bat algorithm with memory
(ABAM) is proposed. In this algorithm, to balance between
the local and global search capability, a new search equation
is proposed for each bat based on the history optimal position
that it memorized; to avoid falling into a local optimal solution,
an abandoned mechanism is adopted for each bat based on
the number of its position has not been improved; to enhance
the local search ability, a dynamic adaptive search equation
is presented. To verify the performance of our algorithm, 23
standard test functions are employed. The experimental results
show that the algorithm is much more robust and efficient than
some state-of-the-art algorithms.

Index Terms—Bat algorithm; Abandoned mechanism; Con-
tinuous optimization; Global optimization; Adaptive strategy.

I. INTRODUCTION

WE consider the following global optimization problem
in this paper:

min f(x)
s.t. x ∈ X,

(1)

where f(x) : X → R is a continuous real-valued function,
x ∈ X ⊂ Rn is defined by the bound constraint lj ≤ xj ≤
uj , j = 1, · · · , n.

A lot of problems in engineering can be converted into
optimization problem (1). Since many objective functions
of (1) are multimodal, highly nonlinear, with flat regions
and irregularities, it could be a very challenging task to find
a global optimal solution. For solving problem (1), many
algorithms have been developed, which are generally divided
into two algorithms:deterministic and stochastic algorithms.
Deterministic algorithms, such as conjugate method, Newton
method and steepest decent, do not contain any operators
that cause randomness, and produce the same results as long
as the initial conditions remain constant. However, with the
increasing complexity of problem (1), such as nonconvex,
nondifferential etc, deterministic algorithms generally fail to
handle them. Therefore, stochastic algorithms have been paid
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more attention recently, and many effective algorithms have
been presented, which are inspired from physical and natural
phenomena, include Firefly Algorithm (FA) [1], Glowworm
Swarm Optimization (GSO) [2], Invasive Weed Optimiza-
tion (IWO) [3], Genetic Algorithm(GA)[4,5], Differential
Evolution(DE) [6], Particle Swarm Optimization(PSO) [7],
Ant Colony Optimization(ACO) [8], Artificial Bee Colony
(ABC)[9], Harmony Search (HS) [10], Bat Algorithm(BA)
[11], League Championship Algorithm (LCA) [12], Water
Cycle Algorithm (WCA) [13], Mine Blast Algorithm (MBA)
[14], Whale Optimization Algorithm (WOA) [15], Cockoo
Search Algorithm (CSA) [16] and so on.

Among these algorithms, BA is a popular swarm-
intelligence-based algorithm inspired from echolocation phe-
nomenon of bat, which was introduced by Xin-She Yang
[11]. In BA, by echolocation, each bat can detect the orien-
tation, the type , and the speed of the prey. BA has been
demonstrated that it outperform some well-known nature
inspired optimization techniques and increasingly applied to
different areas.

Although BA has many advantages, it can be trapped in
local optima and has a weak convergence rate in a later
period. As pointed in [17], its performance diminishes as the
dimension of problem increases. Therefore, many variants of
BA have been proposed to improve its performance. For ex-
ample, to enhance the global search behavior of BA, several
different chaotic maps were embedded into bat algorithm
[18]. By combining BA and harmony search algorithm, a
hybrid BA was proposed [19]. To improve the exploration
ability of BA, a new bat algorithm was presented based on
using complex-value [20]. By using levy flights and chaotic
maps, a chaotic bat algorithm was proposed [21]. Recently,
to improve the local and global search ability of BA, an
Enhance Bat Algorithm (EBA) was developed based on three
different techniques [22]. For other research work on bat
algorithm, the reader can refer to the literatures [23-32].

The aim of this paper is to present an adaptive bat
algorithm with memory (ABAM). In this algorithm, three
improvement strategies are presented. The first improvement
strategy is that each bat can memorize its history optimal
position, which can be used to guide the search process.
The second improvement strategy is that an adaptive search
equation is used in the best solution of the current iteration,
which can be used to enhance the local search ability. The
third improvement strategy is that each bat can determine
whether a position should be abandoned, which can be used
to avoid premature. Based on these improvement strategies, a
new bat algorithm is presented. To verify the performance of
our algorithm, 23 standard test functions are employed. The
experimental results show that the algorithm is much more
robust and efficient than some state-of-the-art algorithms.

The remainder of this paper is organized as follows.
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Section 2 describes the original BA. Then our proposed
modifications to BA are described in Section 3. Numerical
results and discussions are presented in Section 4. Finally,
some concluding remarks are provided in Section 5.

II. BASIC BAT ALGORITHM (BA)
Assume that the search space is n-dimensional, M denotes

the size of the swarm population. Let xt
i be the position of the

i-th bat, vti be its velocity, fi be frequency, At
i be loudness,

ri be the emission pulse rate.
In BA, each position denotes a feasible solution. The

initial population can be generated randomly by the following
equation:

xij = xl
j + rand(0, 1) ∗ (xu

j − xl
j),

where i = 1, · · · ,M, j = 1, · · · , n, xl
j and xu

j are lower and
upper boundaries of dimension j respectively.

After random initialization, for the i-th bat, if its position
and its velocity are xt−1

i and vt−1
i respectively at time step

t − 1, then its new position xt
i and new velocity vti can be

updated according to the following formulas:

fi = fmin + (fmax − fmin) ∗ β, (1)

vti = vt−1
i + (xt−1

i − x∗) ∗ fi, (2)

xt
i = xt−1

i + vti , (3)

where β is a random number in [0,1]; fmin and fmax are the
minimum and maximum frequencies, x∗ is the best position
that bats have experienced till iteration t.

At iteration t, if rand > γt
i , then a new solution for each

bat will be generated by using the following formula:

xnew = x∗ + ϵ ∗At, (4)

where ϵ ∈ [−1, 1] is a random vector number, x∗ is selected
among the best positions that bats have experienced till
iteration t, At =< Ai >t is the average loudness of all
bats at this time step, γt

i is the pulse emission rate value of
the i-th bat at iteration t.

In BA, to mimic the feature that when the i-th bat is
homing for its prey, the algorithm will decrease its loudness
Ai while increase its pulse emission rate γi:

At+1
i = α ∗At

i, γt+1
i = γ0

i ∗ (1− exp(−γ ∗ t)), (5)

where α and γ are constants. For any 0 < α < 1 and γ > 0,
we have

At+1
i → 0, γt

i → γ0
i , as t → ∞, (6)

The pseudo code of BA is given in Algorithm 1.

Algorithm 1: Pseudo code of BA
01: Initialize bat population xi and velocity vi, pulse rate γi and loudness Ai, i = 1,

· · · ,M .
02: Define pulse frequency fi at xi.
03: While t < Itermax do % Itermax is the maximum number of iteration.
04: Generate new positions by adjusting frequency, and updating velocities and location.
05: If rand > γi

06: Select a solution among the best solutions, and generate a local solution around the
selected best solution.

07: End if
08: If rand < Ai and f(xi) < f(x∗)
09: Accept new position, increase γi and reduce Ai.
10: End if
11:Find the current best x∗.
12:End while
13: Output the optimal results

III. THE NEW BAT ALGORITHM (ABAM)

By analyzing the main strategies used in the basic bat
algorithm, it is not difficult to find that BA has difficulty
in keeping balance between exploration and exploitation,
and it may suffer from premature convergence problem. To
tackle with these problems, three improvement strategies are
proposed.

A. The first improvement strategy

From (2), it can be seen that, only the information of the
global best solution x∗ of the bats swarm is used. As pointed
by [22], this velocity equation may cause the algorithm to
fall into the local optimal solution. So, to balance global and
local search intensity, a modified equation was proposed by
[22]:

vt+1
i = ω ∗ vti + (xt

i − x∗) ∗ fi,

where ω is a inertia weight factor. The modified equation
improved the performance of the basic BA, however, just like
human cognitive process, the history experience of individual
may play important role, therefore, if the information of
the history experience of individual is adopted, then the
search behavior may be greatly improved. Based on such
consideration, we propose a modified velocity equation as
follows:

vt+1
i = ω ∗ vti + (xt

i −
x∗ + x∗

pi

2
) ∗ fi, (7)

where ω is a inertia factor that balances global and local
search intensity of the i-th solution, which is linearly de-
creased along with the iteration of the algorithm, and can be
set as follows:

ω = a∗exp(b∗t2), a = wmax∗exp(−b), b =
1

(Itermax)2 − 1
;

x∗
pi is the history optimal position of the i-th bat.
From (7), we can see that, the information of the history

best solution of the i-th bat is considered, which represents
the memory of the bat. This equation will allow bat to explore
broadly the whole of the search space, enhance diversity of
the swarm and alleviating premature convergence.

B. The second improvement strategy

In BA, the role of the equation (4) is to provide local
search with guidance of the best solution. Generally speak-
ing, at the early stage of the algorithm, the current optimal
solution x∗ may be far away from the true optimal solution,
and the current optimal solution x∗ should be more and more
close to the true optimal solution, so the search range at x∗

should be smaller and smaller. However, the search equation
(4) can not be very good at achieving this goal. To achieve
such a purpose, a new search equation for local search is
proposed as follows:

xnew = x∗ + φ ∗ (x∗ − xi), (8)

where φ is a random number, and generated as follows:

φ = (2 ∗ rand− 1) ∗ (2− t ∗ 2

Itermax
), (9)

here, t denotes the current number of iterations, Itermax is
the maximum number of iterations.
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From (9), it can be seen that, φ is a random number in
the interval [−r, r], where r is linearly decreased from 2 to 0
over the course of iterations. This strategy can guarantee the
local search of the algorithm is carried out near the current
optimal solution x∗ in the late stage of the algorithm.

C. The third improvement strategy

Inspired by the bee colony algorithm, in our algorithm, an
abandoned mechanism is proposed to avoid premature. The
detail is given below.

Assume that ”L” is a predetermined number, which is used
to determine the position xi of the i-th bat whether should be
abandoned. If the position xi can not be improved anymore
when L is achieved, this means that xi may be a local optimal
solution, then the position should be abandoned, and a new
position xnew should be generated to replace it. To enable the
algorithm to explore broadly the whole of the search space,
and use the information of the current best solution at the
same time, a new position xnew can be generated by using
the following equation

xnew = (1− ω) ∗ x∗ + ϕ ∗ (x∗ − xi), (10)

where ϕ is a random number in the range of [-1,1]; ω is
defined as (7).

From (10), it can be seen that, when xnew is generated, to
avoid too much randomness, the information of the current
best solution x∗ is utilized. At the same time, according to
the change of ω, xnew is obtained by a large random in the
early stage, so it can explore the search space broadly; with
the current best optimal solution x∗ more and more close to
the true optimal solution, it is obtained in the near of the
global best position x∗.

Based on the above mentioned explanation, the pseudo
code of the ABAM algorithm is given in Algorithm 2.

Algorithm 2: Framework of ABAM
01:Initialize a population of M bats with random positions xi in the search space, and

random velocities vi; the maximum iteration maxcycle; ωmin, ωmax;fmin,
fmax;the limit L of a position abandoned.

02: Set x∗
pi = xi(i = 1, · · · ,M) and find the current best solution x∗.

03: While t ≤ Itermax do % Itermax is the maximum number of iteration.
04: For i = 1 to M do
05: For j = 1 to n do
06: By (1) and (7), update the velocity of each bat.
07: By (3), update the position of each bat.
08: End for
09: If rand > ri
10: Select a solution among the best solutions
11: By (8), generate a local solution around the selected best solution.
12: End if
13: If rand < Ai and f(xi) < f(x∗)
14: Set x∗ = xi;
15: Increase ri, reduce Ai.
16: End if
17: If f(xi) < f(x∗

pi)
18: x∗

pi = xi, set Li = 0;
19: Else
20: Set Li = Li + 1.
21: End if
22: End for
23: For i = 1 to M do
24: If Li = L
25: By (10), to generate a new position, and replace xi.
26: End if
27: End for
28: t = t + 1
29: End while

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Experiment 1-comparisons among BAs

In experiment 1, to evaluate the performance of proposed
ABAM algorithm, it is applied to minimize 23 benchmark
functions with different characteristics, including formula-
tions, bounds of search space, global minimum values as
seen in Table I. These benchmark functions are widely used
to test the performance of global optimization algorithms.
They cover different types, include unimodal , multimodal
and rotated. Generally speaking, unimodal functions are used
to test the convergence speed, while multimodal functions are
used to to detect whether the algorithm faces the problem of
premature convergence.

TABLE I: Benchmark functions used in experiment 1.

Functions Range Optimal value
f1 = 0.26(x2

1 + x2
2) − 0.48x1x2 [-10,10] 0

f2 = 4x2
1 − 2.1x4

1 + (x6
1)/3 + x1x2 − 4x2

2 + 4x4
2 [-5,5] -1.0316

f3 =
n∑

i=1

x2
i [-100,100] 0

f4 =
n∑

i=1

| xi | +
n∏

i=1

| xi | [-10,10] 0

f5 =
n∑

i=1
(

i∑
j=1

xj)
2 [-100,100] 0

f6 = maxi{| xi |, 1 ≤ i ≤ n} [-100,100] 0

f7 =
n∑

i=1

ix2
i [-10,10] 0

f8 =
n∑

i=1

ix4
i [-1.28,1.28] 0

f9 =
n∑

i=1
| xi |i+1 [-1,1] 0

f10 =
n∑

i=1

(106)
i−1
n−1 x2

i [-100,100] 0

f11 =
n∑

i=1
(⌊xi + 0.5⌋)2 [-1.28,1.28] 0

f12 =
n∑

i=1
ix4

i + random[0, 1) [-1.28,1.28] 0

f13 =
n∑

i=1

(x2
i − 10 cos(2πxi) + 10) [-5.12,5.12] 0

f14 = −20 exp(−0.2 ∗
√

n∑
i=1

x2
i/n)

− exp(
n∑

i=1

cos(2πxi/n) + 20 + e [-32,32] 0

f15 = 1
4000

n∑
i=1

x2
i −

n∏
i=1

cos(
xi√
i
) + 1 [-600,600] 0

f16 = 0.5 +
sin2(

√
n∑

i=1
x2
i
)−0.5

(1+0.001(
n∑

i=1
x2
i
))2

[-100,100] 0

f17 = π
n

n∑
i=1

(x4
i − 16x2

i + 5xi) [-5,5] -78.3323

f18 =
n∑

i=1
| xisin(xi) + 0.1xi | [-10,10] 0

f19 =
n∑

i=1

(y2
i − 10 cos(2πyi) + 10),

if | xi |< 1
2 , yi = xi; else yi =

round(2xi)

2 [-5.12,5.12] 0
f20 = 1

n [10sin2(pi ∗ y1)

+
n−1∑
i=1

(yi − 1)2(1 + 10sin2(pi ∗ yi+1)) + (yn − 1)2]

+
n∑

i=1
u(xi, 10, 100, 4), where yi = 1 + 1

4 (xi + 1)

u(xi, a, k,m) =

 k(xi − a)m, xi > a,
0, −a ≤ xi ≤ a,
k(−xi − a)m, x < −a.

[-50,50] 0

f21 =
n∑

i=1

(20
i−1
n−1 z(i))2, Z = x ∗ M [-100,100] 0

f22 =
n∑

i=1

(1000 ∗ z(1))2 +
n∑

i=2

z2
i , Z = x ∗ M [-100,100] 0

f23 =
n∑

i=1

(z2
i − 10 cos(2πzi) + 10) Z = x ∗ M [-5.12,5.12] 0

Functions f1−f2 are two lower dimensional, and f3−f22
are scalable problems. Functions f3 − f10 are continuous
and unimodal. Function f11 is a discontinuous step function.
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Function f12 is a quartic function with noise. f13 − f20 are
multimodal functions and the number of their local minima
increases exponentially with the problem size. f21 − f23 are
three rotated functions.

In order to comprehensively verify the effectiveness of
ABAM, its performance is compared with the basic BA
[11] and other two state-of-the-art algorithms, i.e. IS1 [22],
ABA [33]. The proposed algorithm (ABAM) and other three
algorithms are coded in Matlab 7.0, and the experiments
platform is a personal computer with Pentium 4, 3.06GHz
CPU, 512M memory and Windows XP.

For all the algorithms, the stop criterion is that maximum
number of iterations reaches maxcycle. For each benchmark
function, each algorithm independently run with each algo-
rithm 30 times.

The parameters of algorithms are given as below. For all
algorithms, the population size M = 50, the maximum
number of iterations maxcycle = 2500. The common
parameters of BA, ABA,IS1 and ABAM: fmin = 0, fmax =
1, α = 0.9, γ = 0.85. The parameter of ABAM: the limit
L of a position abandoned is set to M ∗ n [34].

ABAM is compared with BA, ABA and IS1, in terms
of the mean value(Mean), minimum value(Min), and the
standard deviation(SD) of the solutions obtained in 30 inde-
pendents runs by each algorithm. The comparison results are
presented in Table II. Note that, the mean and the standard
deviation of solutions indicate the solution quality of the
algorithms and the stability of the algorithms, respectively.
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Fig. 1 Convergence rates of f3 − f8 functions
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Fig. 2 Convergence rates of f9 − f14 functions
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Fig. 3 Convergence rates of f15 − f20 functions

For statistical comparison, a well known nonparametric
statistical hypothesis test-the two-tailed wilcoxon signed-
rank test is conducted to compare the significance between
the ABAM algorithm and other algorithms at α = 0.05
significance level in Table II. The sign ”+” indicates that
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ABAM is better than its competitor, ”=” means that the
two algorithms achieve the same accuracy results. And then,
to show the convergence speed of ABAM superiority over
contenders more clearly, the convergence graphs of BA,
ABA, IS1 and ABAM are shown in Figs.1-3.

From Table II, it can be seen that ABAM is significantly
better than BA, IS1 and ABA on almost all the test functions
except for the functions f2 and f11. For the function f2,
solution accuracy obtained by ABAM is worse than IS1,
but better than BA and ABA. For the function f11, solution
accuracy obtained by ABAM is the same as that found by
ABA, however, the convergence speed of ABAM is more
faster that of ABA as shown in Figs. 1-3. In addition,
the performance of BA, ABA and IS1 decreases as their
dimensions increase, but ABAM does not exist such defect.

Overall speaking, the ABAM exhibits the extremely con-
vergence performance on almost all the benchmark functions.
And the experimental results show that it outperforms con-
spicuously than BA, ABA and IS1.

B. Experiment 2-comparisons with MuABC, and DEs

To further test the efficiency of the ABAM algorithm,
ABAM algorithm is compared with other five well known
population based algorithms, i.e. MuABC [35], DE [36], jDE
[37], JADE [38], SaDE [39]. The stop criteria, population
size and the number of independent runs are kept same as
in [35]

The test functions f3, f4, f11, f13, f14, f15, f18 are
chosen from the Table I. The experimental results are given
in Table III. The results of the state-of-the-art algorithms
except ABAM, are taken from [35] directly.

From Table III, it can be seen that, except for function
f11, ABAM is significantly better than other five algorithms
on the other test functions. For function f11, although the
results of ABAM is worse than that of MuABC, better than
that of DE, jDE, JADE and SaDE.

All in all, ABAM performs better than MuABC, DE, jDE,
JADE and SaDE in terms of obtaining better solution on
almost all cases.

C. Experiment 3-comparisons with PSOs

In this experiment, ABAM was compared with some
PSOs, including FIPS-PSO [40], CLPSO [41], APSO [42],
SSG-PSO, SSG-PSO-BFGS and SSG-PSO-PS [43]. 21
benchmark functions are chosen from [43] to evaluate the
performance of proposed ABAM algorithm. The formula-
tions, bounds of search space, global minimum values are
provided in Table IV.

For this experiment, the population size M is set to 50 as
used in [43], the other parameters of ABAM are defined as
same as experiment 1. The comparison results are presented
in Table V, which includes the mean value(Mean) and the
standard deviation(SD). We performed 30 trails of running
ABAM algorithm for each test problem. Except the results
obtained ABAM algorithm, the rest of the data are taken
from [43] directly.

From Table V, it is observed that ABAM is far better than
FIPS-PSO, CLPSO, APSO, SSG-PSO, SSG-PSO-BFGS and
SSG-PSO-PS for functions f2 − f5, f8, f10 and f13 − f21.
For functions f6, f7 and f11, ABAM has the same accuracy

results as CLPSO, SSG-PSO, SSG-PSO-BFGS and SSG-
PSO-PS, but has better results than FIPS-PSO and APSO.
For function f9, ABAM has the same accuracy results as
CLPSO, APSO, SSG-PSO, SSG-PSO-BFGS and SSG-PSO-
PS, but has better results than FIPS-PSO. For function f1, all
the algorithms have the same accuracy results. In summary,
ABAM ranks on the top according to the overall performance
shown in Table V.

V. CONCLUSION

In this paper, by using three improvement strategies, we
presented a new bat algorithm. The performance of ABAM
was compared with the standard BA, and other algorithms.
The results showed that ABAM presents promising results
for considered problems.

In the future, the adaption of the parameters in ABAM
can be studied to improve its performance.
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TABLE IV: Benchmark functions used in experiment 3.

Functions Range Optimal value

f1 =
n∑

i=1

x2
i [-100,100] 0

f2 =
n−1∑
i=1

(100 ∗ (x2
i − xi+1)

2 + (xi − 1)2) [-2.048,2.048] 0

f3 =
n∑

i=1

(
i∑

j=1

xj)
2 [-100,100] 0

f4 = maxi{| xi |, 1 ≤ i ≤ n} [-100,100] 0

f5 =
n∑

i=1
| xi | +

n∏
i=1

| xi | [-10,10] 0

f6 =
n∑

i=1
(x2

i − 10 cos(2πxi) + 10) [-5.12,5.12] 0

f7 =
n∑

i=1

(y2
i − 10 cos(2πyi) + 10),

if | xi |< 1
2 , yi = xi; else yi =

round(2xi)

2 [-5.12,5.12] 0

f8 = −20 exp(−0.2 ∗
√

n∑
i=1

x2
i /n)

− exp(
n∑

i=1
cos(2πxi/n) + 20 + e [-32,32] 0

f9 = 1
4000

n∑
i=1

x2
i −

n∏
i=1

cos(
xi√
i
) + 1 [-600,600] 0

f10 =
n∑

i=1

(100((aixi)
2 − (ai+1xi+1))

2 + (aixi − 1)2),

ai = 100
i−1
n−1 [-4.196,4.196] 0

f11 =
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i=1

((aixi)
2 − 10 cos(2π(aixi)) + 10),

ai = 10
i−1
n−1 [-5.12,5.12] 0

f12 =
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i=1

((aixi)
2 − 10 cos(2π(aixi)) + 10),

ai = 1000
i−1
n−1 [-5.12,5.12] 0

f13 =
n∑

i=1
z2
i , z = M ∗ x [-100,100] 0

f14 =
n−1∑
i=1

(100 ∗ (z2
i − zi+1)

2 + (zi − 1)2) z = M ∗ x [-2.048,2.048] 0

f15 = maxi{| zi |, 1 ≤ i ≤ n}, z = M ∗ x [-10,10] 0

f16 =
n∑

i=1

(z2
i − 10 cos(2πzi) + 10), z = M ∗ x [-5.12,5.12] 0

f17 = −20 exp(−0.2 ∗
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z2
i /n)

− exp(
n∑

i=1

cos(2πzi/n) + 20 + e, z = M ∗ x [-32,32] 0

f18 = 1
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cos(
zi√
i
) + 1, z = M ∗ x [-600,600] 0
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(20
i−1
n−1 zi)

2, z = M ∗ x [-100,100] 0

f20 = (1000 ∗ z(1))2 +
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z2
i , z = M ∗ x [-100,100] 0

f21 =
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i=1

z
2+ai
i , ai = 10

i−1
n−1 , z = M ∗ x [-100,100] 0
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