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a  b  s  t  r  a  c  t

The  artificial  bee colony  (ABC)  algorithm  is a swarm  intelligence  algorithm  inspired  by the  intelligent
foraging  behavior  of a honeybee  swarm.  In recent  years,  several  ABC  variants  that  modify  some  compo-
nents  of the original  ABC  algorithm  have  been  proposed.  Although  there  are  some  comparison  studies  in
the literature,  the  individual  contribution  of  each  proposed  modification  is often  unknown.  In  this  paper,
the  proposed  modifications  are  tested  with  a systematic  experimental  study  that  by a component-wise
analysis  tries  to  identify  their  impact  on  algorithm  performance.  This  study  is  done  on  two  benchmark
sets  in  continuous  optimization.  In  addition  to  this  analysis,  two new  variants  of ABC  algorithms  for  each
of  the two  benchmark  sets  are  proposed.  To  do so, the  best  components  are selected  for  each  step of  the
Composite  ABC  algorithms.  The  performance  of  the  proposed  algorithms  were  compared  against  that  of
ten  recent  ABC  algorithms,  as well  as against  several  recent  state-of-the-art  algorithms.  The  comparison
results  showed  that our proposed  algorithms  outperform  other  ABC  algorithms.  Moreover,  the  composite
ABC algorithms  are  superior  to  several  state-of-the-art  algorithms  proposed  in  the  literature.

©  2015  Elsevier  B.V.  All  rights  reserved.

1. Introduction

The artificial bee colony (ABC) algorithm is a recent swarm intel-
ligence algorithm inspired by the foraging behavior of honeybee
swarms. It was introduced by Karaboğa [1] who illustrated the
algorithm applying it to continuous optimization problems. Follow-
ing these early works, there has been a large number of follow-up
researches and a large number of papers have proposed variants of
the ABC algorithm. These variants often change only one single or
at most two components of the original ABC algorithm. Examples
of such modifications are changes in an equation that is defining
the modifications applied to solutions or different ways of how to
initialize the colony.

In a previous study [2], a comprehensive, experimental analysis
has been conducted to investigate the behavior of nine different
ABC variants on the same benchmark function set. In particular,
we have examined the impact the (automatic) tuning of ABC
algorithm parameters and the introduction of a local search phase
have on performance and the contribution specific ABC variants
make. Therefore, discussion about the general advantages and
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disadvantages of ABC variants can be found in our previous study
[2]. However, the impact individual proposals of modifications
for ABC algorithm components have were not analyzed in that
previous work. In particular, a systematic analysis of the indi-
vidual contribution of each new ABC algorithm component on
performance was  not done.

This article has two main contributions. The first is a systematic
study of the impact that specific modifications of the ABC algo-
rithm have on its performance. It is done by decomposing the ABC
algorithm in a number of algorithm components (for example the
initialization, the search equation used by onlooker / employed
bees, the usage or not of a local search etc.). Then, each of these
components is studied and it is tried to identify their impact on
algorithm performance. This study is done on two  well accepted
benchmark sets in continuous optimization. One of these sets is
the CEC 2005 benchmark set that comprises the benchmark func-
tions that have been used in the IEEE CEC’05 competition on
real-parameter optimization [3]; the other set is the SOCO bench-
mark set that was  used for a special issue of the Soft Computing
journal on large-scale continuous optimization problems [4]. These
sets are used as they are rather large sets of functions with different
characteristics and by using them, the results become comparable
to those of other algorithms from the literature.

Once the impact specific ABC algorithm components have on
performance have been analyzed, a next natural step is to show that

http://dx.doi.org/10.1016/j.asoc.2015.03.051
1568-4946/© 2015 Elsevier B.V. All rights reserved.

dx.doi.org/10.1016/j.asoc.2015.03.051
http://www.sciencedirect.com/science/journal/15684946
www.elsevier.com/locate/asoc
http://crossmark.crossref.org/dialog/?doi=10.1016/j.asoc.2015.03.051&domain=pdf
mailto:daydin@ulb.ac.be
dx.doi.org/10.1016/j.asoc.2015.03.051


D. Aydın / Applied Soft Computing 32 (2015) 266–285 267

the obtained knowledge is useful not only for a better understand-
ing of ABC algorithms, but also for the design of new algorithms. In
particular, as a next step we try to exploit the knowledge gained for
designing new, high performing algorithms. This step is the second,
main contribution of the article. In particular, we  aim at identi-
fying for each of the two benchmark sets that have been used in
the component-wise analysis to define new ABC algorithm vari-
ants. Two new variants of ABC algorithms are proposed. They are
called “composite artificial bee colony algorithms” (CompABCcec and
CompABCsoco in short for the composite ABC algorithms that are
proposed for the CEC and the SOCO benchmark set, respectively).
Obviously, putting together the algorithm components that had the
best individual effect does not guarantee to obtain the best overall
final algorithm. This is mainly due to interactions that may  exist
between these components. However, such an approach may  be
the one that is (and often has) been chosen by algorithm design-
ers. Still, setting of the numerical algorithm parameters is helped
by the use of automatic algorithm configuration techniques, which
somehow alleviates the human algorithm designer from choos-
ing specific algorithm parameters based on intuition and limited
experiments.

The proposed algorithms were compared to several ABC variants
and other state-of-the-art algorithms to assess their performance.
The encouraging results of the proposed algorithm indicates the
importance of component-based analysis for further new variants
of ABC algorithms. It also indicates that the approach of designing
algorithms based on combining promising algorithm components,
as it has been done here, is a feasible procedure.

This paper is structured as follows. Section 2 briefly reviews
the original ABC algorithm. The component-based view of ABC
algorithms is presented in Section 3. Section 4 elaborates the exper-
imental procedures and function suites, ABC variants and their
components used in the experiments. Section 5 analyzes the impact
the specific modifications have on ABC performance. In Sec-
tion 6, the composite ABC Algorithms for two  benchmark suites
(CompABCcec and CompABCsoco) are introduced. Comparisons of the
Composite ABC algorithms to other ABC variants and state-of-the-
art algorithms are presented in Section 7. Section 8 concludes the
article.

2. Artificial bee colony algorithm

Real bee colonies consist of three different types of bees:
employed bees, onlooker bees and scout bees [1]. Each bee has
a specialized task in the colony and their aim is to maximize the
amount of nectar stored in the hive using division of labor and self-
organization [5]. This organizational nature and the behavior of the
bees has inspired the artificial bee colony (ABC) algorithm. It was
proposed in 2005 [1] for bound-constrained continuous optimiza-
tion problems, which can be summarized as follows:

min  f (X)

st : xj ∈ [xmin
j
, xmax
j

], j = 1, 2, ..., D
(1)

where f(X) is the objective function, X = {x1, x2, . . . , xD} is the set
of decision variables, D is the number of decision variables, which
is also called dimension (of the search space), and xmin

j
and xmax

j

are the lower and upper bound values for each decision variable xj,
respectively.

In ABC, each food source is placed in the D-dimensional search
space and presents a potential solution to the problem. The amount
of nectar at the food source is assumed to be the fitness value of
a food source. Generally, the population size of the bee colony is
considered to be twice the number of food sources. Half of the pop-
ulation is considered to be the employed bees and the other half to
be onlooker bees.

Algorithm 1. The pseudo-code of the original artificial bee colony
algorithm

Step 1. Initialization
whiletermination condition is not met do
Step 2. Employed Bees Step
Step 3. Onlooker Bees Step
Step 4. Scout Bees Step
end while

The ABC algorithm consists of four steps: initialization,
employed bees step, onlooker bees step and scout bees step. In the
initialization step of the algorithm, the initial population is gener-
ated and other parameters are set. Then, the other three main steps
of the algorithms are executed repeatedly in a loop until the ter-
mination condition is met. The outline of the algorithm is given in
Algorithm 1 and the detailed description of the main steps is the
following.

Step 1. Initialization In this step, SN food sources (candidate
solutions), where SN denotes the size of population, are placed
randomly on the D-dimensional search space as follows:

xi,j = xmin
j + ϕi,j(x

max
j − xmin

j ), (2)

where ϕi,j is a random number distributed uniformly in [0, 1] for
dimension j and food source i. Besides, a visit limit of each food
value is initialized for each food source.

Step 2. Employed bees There is a one-to-one correspondence
between employed bees and food sources in this step. Each
employed bee visits the food source to which it is associated and
searches in the vicinity of the selected food source for better solu-
tions. To find a new candidate food source location, vi, the following
search equation is used by taking advantage of a randomly chosen
second food source, xr1:

vi,j = xi,j + �i,j(xi,j − xr1,j), (3)

where j is a randomly selected dimension (j ∈ {1, 2, . . .,  D}), �i,j is a
uniform random number in [−1, 1], xi,j and xr1,j are the position of
the reference food source xi and a randomly selected food source
xr1 in dimension j, respectively. If the candidate food source, vi,
is placed in a better location than the reference food source, xi, it
replaces xi and becomes the new food source. The important point
to note here is that the search equation changes only one dimension
of the reference food source. On one hand, this may  lead to improve
the diversification behavior; on the other hand, it may lead to slow
convergence.

Step 3. Onlooker bees Onlooker bees select randomly food sources
to visit and search for the new food source locations using Eq. 3
as the employed bees do. Unlike the employed bees, onlooker bees
take the amount of nectar on food sources into account when select-
ing a food source to visit. The better the fitness value, the higher the
probability of being selected by an onlooker. The selection proba-
bility, pi, of a food source xi is calculated as follows:

pi =
fitnessi∑SN
n=1fitnessn

. (4)

In Eq. 4, fitnessi is the fitness value of food source xi. It is defined
as

fitnessi =

⎧⎨
⎩

1
1 + fi

, fi � 0,

1 + abs(fi), fi < 0,
(5)

where fi is the objective function value of food source xi. Using
this probabilistic selection rule, onlooker bees usually visit better
food sources and try to find new candidate locations around good
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