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Abstract — In this paper, a new hybrid optimization algorithm
which combines the standard Butterfly Optimization Algorithm
(BOA) with Artificial Bee Colony (ABC) algorithm is proposed.
The proposed algorithm used the advantages of both the algorithms
in order to balance the trade-off between exploration and
exploitation. Experiments have been conducted on the proposed
algorithm using ten benchmark problems having a broad range
of dimensions and diverse complexities. The simulation results
demonstrate that the convergence speed and accuracy of the
proposed algorithm in finding optimal solutions is significantly
better than BOA and ABC.
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1. INTRODUCTION

NATURE-INSPIRED metaheuristic algorithms have received much
attention by researchers in the past as they have the ability to
solve real world complex problems. These problems require optimal
solution in less computational time [1]. Their potential has recognized
themselves as numerical optimization techniques in various real
world complex problems [2]. These algorithms find their source of
inspiration in nature. Various algorithms have been proposed in the
past like Particle Swarm Optimization (PSO) [3], Firefly Algorithm
(FA) [4], Cuckoo Search (CS) [5], Ant Colony Optimization (ACO)
[6] and many more [7,8].

Another example is Butterfly Optimization Algorithm (BOA) which
is inspired by the food foraging behavior of the butterflies [9]. The
underlying mechanism of BOA is to mimic the food searching abilities
of biological butterflies. It has demonstrated better results over other
population based algorithm [9]. Recently, chaos is introduced in BOA
so as to increase the global search mobility for global optimization
problems [10]. BOA is a powerful algorithm in exploitation (i.e., local
search) but at times it may trap into some local optima so that it cannot
perform global search well.

On the other hand, Artificial Bee Colony (ABC) which was based
on the intelligent behavior of the honey bee swarm was proposed by
karaboga in 2007 [11]. In the past, it has been applied to various real
world problems which demonstrate its superiority over many other
algorithms [12].

The main strength of ABC lies in its strategy which allows the
solutions to move towards those solutions which have better fitness
probability. The aim of the paper is to propose a hybrid algorithm,
namely BOA/ABC which have strengths of both the algorithms
viz. BOA and ABC. The proposed BOA/ABC algorithm will have
advantages of both the algorithms which will enable the algorithm to
demonstrate fast convergence and avoid local optima trap problem.
The remainder of this paper is organized as follows. Previous work is
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described in Section II. The conventional BOA and ABC are reviewed
in Sections III and IV, respectively. Section V describes the proposed
hybrid algorithm BOA/ABC. Experimental results demonstrating the
performance of BOA/ABC in comparison with the conventional BOA
and ABC over a subset of ten numerical optimization problems are
presented in Section VI and conclusions are drawn in Section VIIL.

II. RELATED WORK

In the past, various researchers have successfully hybridized
optimization algorithms in order to increase performance of algorithms
in terms of solution quality. One of the finest example is Differential
Evolution (DE) hybridized with Biogeography Based Optimization
(BBO) algorithm [13]. DE/BBO utilizes the exploration capability
of DE along with the exploitation capability of BBO effectively and
efficiently in order to generate the promising solutions. In [14] a
hybrid algorithm Harmony Search (HS) and FA is proposed which uses
the exploration of HS and the exploitation of FA, efficiently, so that
HS/FA shows faster convergence speed than individual algorithms i.e.
HS and FA. In [15] PSO is hybridized with Genetic Algorithm (GA)
in order to utilize the unique advantages of both the algorithms. The
hybridized algorithm efficiently uses the operations of PSO and GA
such as single or multiple crossover, mutation, and the PSO formula.
Further the selection of these operators is based on fuzzy probability.
In [16] a hybrid optimization method named hybrid evolutionary
FA is proposed. The algorithm combines the classical FA with the
evolutionary operations of DE algorithm aiming to improve the
searching accurateness and information sharing among the solutions
in the search space.

In [17] a hybrid algorithm combining two swarm intelligence
algorithms i.e., ABC and PSO is presented. The proposed method is
component based technique in which PSO is augmented with ABC
in order to improve the overall efficiency of the algorithm. Another
hybridized algorithm is proposed integrating ABC and DE [18]. In
this hybridized algorithm the basic drawback of DE i.e. it requires
a relatively large population size to avoid premature convergence
is overcome by the use of ABC which have proven to demonstrate
excellent abilities of global searching. Furthermore, there are various
algorithms which have been proposed in the past in order to accelerate
the performance of algorithms [19-23].

II1. BUTTERFLY OPTIMIZATION ALGORITHM

Butterfly Optimization Algorithm (BOA) is a recently developed
nature inspired optimization algorithm by Arora [9, 24]. It finds its
source of inspiration in the food foraging behavior of butterflies.
Biologically, the butterflies are very efficient in finding their food
and the same food searching mechanism is used in the algorithm. In
BOA, the butterflies are used as search agents in order to perform
optimization. Nature has equipped the butterflies with sense receptors
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which allow them to sense the fragrance of food and consequently
they move towards the particular direction. These sense receptors,
also called chemoreceptors, are scattered over the butterfly’s body
parts like legs, palps, antennae etc. [25]. In BOA, it is assumed that
cach butterfly is able to generate fragrance with some intensity. This
fragrance is further correlated with fitness of the butterfly. It means
that whenever a butterfly moves from one position to other particular
position in the search space, its fitness will vary accordingly. Further,
the fragrance which is being generated by the butterflies is propagated
over distance to all the other butterflies in that region. The propagated
fragrance is sensed by the other butterflies and a collective social
knowledge network is formed. Whenever a butterfly is able to sense
fragrance from the best butterfly in the region, it moves towards the
best butterfly and this phase is termed as global search phase of BOA.
In the second scenario, when a butterfly is not able to sense fragrance
of any other butterfly in the search space, it will move randomly in the
region and this phase is termed as local search phase in BOA.

The underlying strength of BOA lies in the mechanism of modulating
the fragrance in the whole searching process. In order to understand
the modulation of fragrance, first, it should be discussed that how
any sense like sound, smell, heat, light etc. is processed by a stimulus
of a living organism. The basic concept of sensing is dependent on
three vital parameters i.e., sensory modality (c), stimulus intensity
(/) and power exponent («). Sensory modality defines the method by
which the form of energy is measured and processed by the stimulus.
Different modalities/senses can be smell, sound, light, temperature or
pressure etc. and in BOA, it is fragrance. / represents the magnitude
of the physical/actual stimulus and in BOA, it is correlated with the
fitness of the butterfly/solution i.e. a butterfly with higher fragrance
or greater fitness value attracts other butterflies in the search space.
The parameter a allows response compression i.e. as the stimulus gets
stronger; insects become increasingly less sensitive to the stimulus
changes [26, 27].

: Objective function Aix), x(i=1,2,...,n)
: Generate initial population of butterflies
: Find the best solution in the initial population

: Define switch probability p

for each butterfly in population do
Draw rand from a uniform distribution in
Calculate fragrance of the butterfly using Eq. 1

1

2

3

4

5: while stopping criteria not met do
6

7

8

9 if rand < p then

1

0: Global search using Eq. 2
11:  else
12: Do Local search using Eq. 3
13:  endif

14:  Evaluate new solutions

15:  Update Better Solutions.

16:  end for

17:  Find the current best solution
18: end while

19: Output the best solution found.

Algorithm!1. Pseudocode of Butterfly Optimization Algorithm.

Considering the facts of biological butterflies, the searching
phenomenon is based on two important issues: (1) variation of 7, (2)
formulation of f. For simplicity, / of a butterfly is associated with
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encoded objective function in BOA. However, f is relative i.e. it
should be sensed by other butterflies in the search space. Therefore,
bearing in mind these concepts of biological butterflies, the fragrance
is formulated as a function of the physical intensity of stimulus in BOA
[26] as follows:

fi=cl® (1)

where 1is the perceived magnitude of fragrance, i.e., how stronger
the fragrance is perceived by i-th butterfly, c is the sensory modality,
1 is the stimulus intensity and a is the power exponent dependent
on modality, which accounts degree of absorption. There are two
important phases in the BOA, they are; global search phase and local
search phase. In global search phase, the butterfly takes a step towards
the fittest butterfly/solution which can be represented as:

x{ ™ = xi + (levy(D) xg" = x)%f; b)

where is the solution vector for i-th butterfly in iteration z. Here
represents the best solution found among all the solutions in current
generation. The fragrance of i-th butterfly is represented by while step
size is represented as . Local search phase can be represented as:

X = xf + (levy(D) xxf — x))Xf; 3)

where and are j-th and &-th butterflies chosen randomly from the
solution space. If and belongs to the same swarm and is the step size,
then Eq. 3 becomes a local random walk. The food searching process
can occur at local as well as global level, so considering this; a switch
probability p is used in BOA to control the common global search and
intensive local search. The above mentioned steps frame the complete
algorithm of Butterfly Optimization Algorithm and its pseudocode is
presented in Algorithm 1.

IV. ArTtIFiciIAL BEE COLONY ALGORITHM

The artificial bee colony algorithm draws its inspiration from the
intelligent behavior of real honey bees [11]. In ABC, The honey bees
are divided into three categories: employed bees, onlooker bees, and
scout bees. The colony is divided into two halves; first half consists
of employed bees whereas the second half consists of onlookers bees.
Each solution in the search space consists of a set of optimization
parameters which represent a food source population [28]. The number
of food sources is equal to the number of employed bees, i.c., one
employed bee is there for every food source. Employed bees share
the information regarding food sources with onlooker bees, which
wait in the hive. Based on the shared information, a food source is
selected to be exploited. A few employed bees whose food source has
been exhausted are translated to scout bees. After the initialization of
population, the whole iterative process of ABC is divided into three
phases; (1) employed bee search phase, (2) onlooker bee selection
phase and (3) scout bee phase. In the first phase, a candidate food
position is produced using the old one. It is achieved by the following
equation:

vl =x! + o] (x] —x) @)
where and are the indexes, chosen randomly whereas & is
determined randomly, different from i. represents a random number
in the range [-1, 1]. A food source V, within the neighborhood of
every food source site represented by x,, is calculated by modifying
one parameter of x,. After the V, is calculated, it will be evaluated and
compared to x,. A greedy selection method is used to select the better
one between x; and V, depending on fitness values representing the
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nectar amount of the food sources at x, and V respectively. V will
replace x, if the fitness of V, is equal to or better than that of x, and
become a new member of the populations; otherwise x, is retained. In
the second phase, one food source is selected by each onlooker bee on
the basis of fitness value obtained from the employed bees. Now, any
fitness based probability election strategy can be used like rank based,
roulette wheel, tournament selection etc. In the basic version of ABC,
roulette wheel selection strategy is used, which can be mathematically
defined as:

p o JitGx)
bR Fit(am) 5)

InEq. 5 the fitness of the solution i is represented as fit(x,). Obviously,
higher fitness value means more probability of getting selected. After
the selection of food source, onlooker bees will move towards the
selected food source and a new candidate position is produced in the
neighborhood of the selected food source by using Eq. 4.

1: Generate the initial population x (i =1,2,...,n)

2: Evaluate the fitness of the population

3: while stopping criteria not met do

4: for each employed bee do

5 Produce new solution V, by using Eq. 4

6 Calculate its fitness value fit(V)

7: Apply greedy selection process

8 Calculate P, for the solution (x,) by Eq. 5

9:  end for

10: for each onlooker bee do

11: Select a solution x, depending on P,

12: Produce new solution Vv,

13: Calculate its fitness value ﬁt(V],)

14:  Apply greedy selection process

15: end for

16: If there is an abandoned solution for the scout,
then replace it with a new solution using Eq. 6

17:  Memorize better solutions

18: end while

19: Output the best solution found.

Algorithm 2. Pseudocode of Artificial Bee Colony Algorithm.

In the last phase, after the completion of searches by employed
and onlooker bees, the algorithm checks whether the source which is
exhausted, needs to be abandoned. This means that if a better position
cannot be attained in predetermined number of chances i.e. cycles, then
that particular food source is assumed as abandoned and a new food
source is calculated using:

Xi = Xmin + 7 Xmax — Xmin) (6)

In Eq. 6, r is a random number in the range [0, 1] whereasx ; and
x .. represents the respective lower and upper bounds of variable x,.

The last phase helps the algorithm to avoid suboptimal solutions.
Detailed pseudocode of the ABC algorithm is given in Algorithm 2.

V. Tue Prorosep HysriD BOA/ABC ALGORITHM

In the past, various hybrid optimization algorithms have been
developed which demonstrate efficient results [13-23]. So, based

on the description of BOA and ABC in the previous sections, the
two approaches are combined and a hybrid BOA/ABC algorithm is
proposed. Using the strengths of both the approaches, BOA/ABC is
able to update the poor solutions which accelerate its convergence
speed. BOA and ABC are very efficient in exploring the search space
and exploiting the solutions. In the proposed hybrid algorithm, the
optimization process of ABC and BOA is used effectively. Therefore,
the lack of exploitation is overcome in BOA. In the current study, a
modified version of ABC is hybridized with BOA to solve numerical
optimization problems [12, 29]. Another modification is that in BOA,
levy flights are used but in BOA/ABC pseudorandom numbers are
used [9]. By incorporating ABC into BOA, the BOA/ABC algorithm
is developed as shown in Algorithm 3.

: Objective function f{x), x,(i=1,2,...,n)
: Generate initial population of individuals
: Find the best solution in the initial population

: Define switch probability p

for each butterfly in population do
Draw r/and r2 from a uniform distribution in
if 71<0.5then
Calculate fragrance of the butterfly using Eq. 1
10:  if »2<p then

1
2
3
4
5: while stopping criteria not met do
6
7
8
9

11: Global search using Eq. 2
12:else

13: Do Local search using Eq. 3
14:  endif

15:  Evaluate new solutions

16:  Update Better Solutions.

17:end if

18: else

19: for each employed bee do

20: Produce new solution V, by using Eq. 4
21: Calculate its fitness value fit(V)

22:  Apply greedy selection process

23: Calculate P, for the solution (x,) by Eq. 5
24:end for

25: for each onlooker bee do

26: Select a solution x, depending on P,

27: Produce new solution \

28: Calculate its fitness value ﬁt(Vj)

29:  Apply greedy selection process

30:end for

31: If'there is an abandoned solution for the scout,
then replace it with a new solution using Eq. 6
32: Memorize better solutions

33: end else

34: end while

35: Output the best solution found

Algorithm 3. Pseudocode of the proposed BOA/ABC Algorithm.

In comparison to the original BOA, the proposed approach
needs a very small amount of computational cost additionally. The
incorporation of ABC in BOA enables the proposed algorithm to avoid
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the local optima trap problem and increase its convergence speed. The
proposed BOA/ABC algorithm is aimed at hybridizing components
from both BOA and ABC in order to have an algorithm that easily
solve separable problems as BOA while having a rotationally invariant
behavior as ABC, at the same time. Detailed pseudocode of the BOA/
ABC algorithm is given in Algorithm 3.

VI. BENCHMARK PROBLEMS AND EXPERIMENT SETTINGS

Every novel optimization algorithm must be subject to a testbed
of benchmark functions in order to validate the algorithm. Ideally,
the selected test functions should have characteristics alike to those
of a real-world problem in order to better assess an algorithm [30].
However, no standard benchmark function testbed available. Still
there are many benchmark functions which are well known and
recommended by various researchers in the past [31]. So in this study,
ten benchmark functions are used to validate the proposed algorithm.
All the functions used in this study are minimization problems. The
benchmark functions which are selected in this study are chosen in
such a way that the proposed algorithm is tested on almost all types of
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problems. Considering this viewpoint a diverse subset of benchmark
functions is chosen in this study. This subset can be classified into
four major categories. In the first category, function can either have
single optima or multiple optima. In second category, the number of
dimensions can be low or high. High dimensional problems are very
difficult to solve that’s why most of the benchmark functions used in
this work are high dimensional.

Another category is that some functions are separable and some are
non-separable. In the last category, functions with noisy data are used.
These functions are alike real world problems which contains noisy data
which makes them difficult to solve. New algorithms must be tested
on all these kinds of test functions in order to properly validate and
demonstrate the efficiency of the algorithm. These benchmark functions
are described in Table 1 along with their dimensions and range.

Rigorous nonparametric statistical framework is used to compare
the performance of the proposed algorithm with BOA and ABC
algorithm. All initial solutions of the population are randomly
generated for each run of the algorithm. The population size is fixed
to 30 for all the algorithms. In order to avoid discrepancy due to

TABLE 1.
BENCHMARK FUNCTIONS USED IN THE PRESENT COMPUTATIONAL ANALYSIS.
S. No. Benchfnark Formula Dimensions Range Optima
functions
_ Jit(xp)

fi Beale P, = T 2 (-4.5,4.5) 0

n
f2 Cigar f(x) = x% + 108 z X 30 (-10,10) 0

i=2
fs Easom f(x) = = cos(x;) cos(xp)exp(—(x; — )% — (x, — m)?) 2 (-100,100) -1

1 n
. X
£, Griewank ) =1+ o | X7 — H cos (\/_‘2) 30 (600, +600) 0
=1 i=1
Quartic n
fs function with flx) = Z ix;* + rand(0,1) 30 (-1.28 1.28) 0
noise i=1
n
£ Rastrigin f(x) = Z(xi2 — 10 cos(2mx;) + 10) 30 (-5.12,5.12) 0
i=1
5 5
f, Shubert Fx) = <Z icos((i + Dy + i)) (Z icos((i + D, + z)> 2 (1010) | -186.73
=1 =1
n
fa Step flx) = Z(lxij +0.5)? 30 (-100,100) 0
i=1
d-1
— oin2 —1)2 in2 .
f Levy f(x) = sin*(ww,) + Z(Wi 1) [1 + 10sin?(mw; + 1)] 30 (-10,10) 215023
i=1
+ (Wg — 1)?[1 + sin?(2rwy)]
d d 2
fio | Powersum F@ = (> x| s b=[81844144] 4 0.d) 0
i=1 \[j=1
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the stochastic properties of the algorithms, 30 independent runs for
each optimization algorithm having 30 different initial population.
The proposed algorithm is implemented in C++ and compiled using
Qt Creator 2.4.1 (MinGW) under Microsoft Windows 8 operating
system. All simulations are carried out on a computer with an Intel(R)
Core(TM) i5-3210@2.50Ghz CPU.

VII. RESULTS AND DISCUSSIONS

Our proposed BOA/ABC approach is compared with classical BOA
and ABC algorithm in order to demonstrate its superiority. The values
of mean and standard deviation of all the algorithms are presented
in Table 2. The best values are highlighted in bold. According to the
simulation results, it can be analyzed that BOA/ABC is significantly
better than BOA on all the ten benchmark functions used in the study.
It can be observed from the Table 2 that the BOA/ABC has ability to
converge faster and escape from local optima. The underlying reason
behind the better performance of BOA/ABC can be explained by the
fact that exploration of BOA is good but it lacks the exploitation.
Compared to the ABC algorithm, the proposed BOA/ABC can
converge faster, if proper terminating conditions are set.

For example, after a number of iterations the best fitness value is not
improved whereas the computation time can be reduced significantly.
BOA has a disadvantage that exploitation to found good solutions is
very bad whereas the exploration of solution of BOA algorithm is
good. On the other hand the BOA/ABC can overcome this shortcoming
by incorporating the strengths of ABC which allows the BOA/ABC to
avoid the local optima trap problem and on the same side it maintains
the overall good solution quality during the optimization process.
The proposed BOA/ABC requires less population size and needs less
computational time to reach global optima.

The proposed BOA/ABC demonstrates its better search ability than
the individual algorithms i.e. BOA and ABC algorithm. Integrating the
BOA and ABC'’s local and global search abilities, BOA/ABC hybrid
algorithm demonstrate better global and local search ability than the
original BOA. If we consider the same population size of BOA/ABC
and ABC, then BOA/ABC obtains optimized results at least as good
as the results obtain by ABC algorithm. When the population size
of BOA/ABC is less than ABC, then the BOA/ABC performs better
whereas when ABC has large population size than BOA/ABC, ABC
shows better performance.
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TABLE II.

STATISTICAL RESULTS OF DIFFERENT METHODS.

ABC BOA BOA/ABC
. Mean 3.636E-15 9.322E-08 1.537E-15
: Std. Dev 1.001E-14 1.626E-07 2.687E-15
. Mean 3.679E-16 1.830E-07 1.162E-16
: Std. Dev 7.568E-17 3.010E-08 1.525E-17
Mean -1.000E+00 -1.850E-04 -1.00E+00

E Std. Dev 1.826E-07 1.013E-03 0.000E+00
. Mean 3.896E-16 1.539E-05 1.153E-16
! Std. Dev 6.874E-17 2.131E-06 6.220E-18
Mean 1.983E-01 1.333E-01 2.622E-03

£ Std. Dev 5.231E-02 1.142E-02 8.868E-04
. Mean 2.632E-08 2.689E+02 2.309E-15
¢ Std. Dev 1.440E-07 2.111E+01 1.054E-15
Mean -8.481E+01 -4.741E+01 -8.481E+01

b Std. Dev 1.445E-14 2.145E+01 2.340E-03
. Mean 0.000E+00 5.573E+01 0.000E+00
¢ Std. Dev 0.000E-+00 9.036E+00 0.000E+00
] Mean 4.860E-16 8.838E-01 4.116E-16
’ Std. Dev 1.151E-16 1.964E-01 1.134E-16
. Mean 2.513E-02 2.542E-01 6.028E-03
10 Std. Dev 2.081E-02 2.405E-10 5.369E-03

The strategy of BOA/ABC is designed in such a way that it balances
the local and global search processes of BOA and further it should
enhance the performance of BOA in order to use limited computation
resources. The faster convergence of BOA/ABC is shown in the Fig.1
and Fig.2. In addition, the BOA/ABC allows the BOA to enhance
the exploration and exploitation capabilities. It is worth mentioning
that using ABC in BOA enables the algorithm to improve the poor
solutions and meanwhile, it is able to avert the good solution from
being destroyed during the optimization process. Hence, the better
performance of BOA/ABC.

Due to limitations of space, few representative convergence graphs
on benchmark functions are shown in Fig. 1-2. By carefully analyzing
the Fig. 1-2, it can be observed that the solution quality of BOA/ABC
improves continuously during the optimization process. Moreover,
in the whole iteration process, BOA/ABC keeps an edge over the
BOA and ABC algorithm. The reason might be that BOA/ABC better
manages the global search and local search process in the optimization
process. This indicates that BOA/ABC has the ability to escape from
poor local optima and locate a good near-global optimum. Overall, the
performance of BOA/ABC is highly competitive with ABC and BOA,
particularly for the high-dimensional and noisy problems. Besides,
BOA/ABC is much better than BOA for all the problems.

In order to better demonstrate the performance of the proposed
algorithm, pair-wise comparison of the simulation results is done using
the Wilcoxon signed rank test. In this method, the algorithm having a
lower rank is considered better on the particular benchmark function. If
Algo-1 and Algo-2 perform better than Algo-3, then it can be concluded
that Algo-1 and

Algo-2 outperform Algo-3 on the specified benchmark function.
However, if Algo-loutperforms Algo-2 but both Algo-1 and Algo-2
perform similarly with Algo-3, all of Algo-1, Algo-2, and Algo-3 are
positioned in the same rank. The order of algorithms within same rank
is alphabetical and has no implication on performance. In Table 3,

Algo-1 < Algo-2 stands for “Algo-1 shows better performance than
Algo-2”, and Algo-1 = Algo-2 stands for “Algo-1 and Algo-2 performs
similarly” on the particular benchmark function. On the basis of the
pair-wise findings, partial orderings of the algorithms is constructed as
shown in Table 3 [33].
TABLE III.
PAIR-WISE WILCOXON SIGNED RANK TEST RESULTS

Function Wilcoxon Signed Rank Test Order
f] BOA/ABC<ABC <BOA
f, BOA/ABC<ABC < BOA
f, ABC~BOA/ABC< BOA
f, BOA/ABC<ABC < BOA
f BOA/ABC<BOA <ABC
f, BOA/ABC<ABC <BOA
f, ABC~BOA/ABC< BOA
fy ABC~BOA/ABC< BOA
f, BOA/ABC<ABC <BOA
f BOA/ABC<ABC <BOA

>

According to the results shown in the Table 3, BOA/ABC indicates
its outstanding capability in fast converging to the global optimum
while avoiding premature convergence. It can be analyzed that BOA/
ABC demonstrates better statistical results as well as higher robustness.
This statement is supported by the results in Table 2 and Table 3 which
shows the better performance of BOA/ABC over other algorithms.

With the intention to better demonstrate the performance of
proposed BOA/ABC, the results in the Wilcoxon signed rank test are
used to further rank the algorithms according to their performance
[32]. For every benchmark function, the best/first algorithm is assigned
value 1; the second best is assigned value 2 and so on. In case of ties,
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an average rank is assigned to the algorithms involved in the tie. For
example, in case of function f,, ABC and BOA/ABC shares same
rank, and they are first and second rank algorithm for the particular
function. As a result, an average rank value of 1.5 is assigned to these
two algorithms. Further, the rank values of each algorithm is summed
together in order to have overall assessment of the algorithm in solving
general optimization problems. Similar evaluation methods have been
adopted in the past by various researchers for testing of different
metaheuristic algorithms [34].The test results are presented in Table
4.The results obtained by the statistical assessment analysis supports
our previous observations. In all the benchmark functions used in this
study, BOA/ABC possesses a superior position on all the functions. It
can be observed from Table 3 and Table 4 that BOA/ABC has the most
stable position on the benchmark functions. The performance of BOA
and ABC is reasonable but neither of these two catches up with BOA/
ABC. So it can be concluded that in general BOA/ABC has better
optimization performance in terms of efficient results and stability.

TABLE IV.
RANK SUMMARY OF STATISTICAL ASSESSMENT RESULTS
Function ABC BOA BOA/ABC
f 2 3 1
f, 2 3 1
f, 1.5 3 1.5
f, 2 3 1
f, 3 2 1
f, 2 3 1
f, 1.5 3 1.5
f, 1.5 3 1.5
f, 2 3 1
£, 2 3 1
Sum 195 29 11.5

Furthermore, in order to demonstrate the efficiency of the
proposed BOA/ABC algorithm in terms of finding the optimum
value, an experiment in conducted on the particular algorithms. In
this experiment, all the algorithms were initialized in regions that
include the global optimum for a fair evaluation. The algorithms were
run for 50 times to catch their stochastic properties. The goal of this
experiment is not to find the global optimum values but to find out the
potential of the algorithms. The success rate of algorithm is defined in
Eq. (7) which has been used for comparison in this study.

S =100 NTsuccessful

NTau Qlevel

(7

Where is the number of trials, which found the solution on thein
the allowable maximum iteration which is set to 500 in this case study.
is the number of alltrials. The results of this experiment are shown
in the Table 5. It can be analyzed from these simulation results that
BOA/ABC has the ability to reach the global optima in almost every
time it is executed. The simulation results of ABC and BOA are also
satisfactory but not as good as of BOA/ABC. The underlying reason
behind the better performance of BOA/ABC is that incorporating the
ABC in BOA has improved the reliability of the global optimality and
it has also enhanced the quality of the results.

TABLE V.
SUCCESS RATES OF DIFFERENT METHODS

Function ABC BOA BOA/ABC
f, 82 78 100
f, 80 75 100
f, 95 88 95
f, 80 75 93
f, 80 87 98
f 78 70 90
f, 92 90 94
f, 90 86 92
f, 89 86 94
f 90 87 95

>

These simulation results do not indicate that BOA/ABC is
“better” than BOA and ABC. As this common statement would be an
unjustified remark, particularly in view of the no free lunch theorem
[35]. However, these results illustrate that BOA/ABC demonstrates
superior performance than BOA and ABC on the particular benchmark
functions used in this study. The simulation results point towards the
fact that BOA/ABC is competitive with the other algorithms and it has
the ability to provide efficient results on real world complex problems.

VIII. CONCLUSION

In the present work, a hybrid BOA/ABC is proposed for numerical
optimization problems. Although BOA is an effective algorithm,
however, it faces the problem of entrapment into local optima. In order
to solve this problem, ABC is introduced in BOA. ABC enables the
proposed BOA/ABC to improve the poor solutions and along with it
is able to save the good solutions in order to maintain the diversity of
the population. Ten benchmark functions are used to investigate the
performance of BOA/ABC. The results demonstrated that BOA/ABC
makes better use of exploration and exploitation of the butterflies’
information, than original BOA. The convergence of BOA/ABC
is faster than original BOA and it shows superior results on higher
dimensional problems.
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