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Performance of the
Improved artificial bee colony algorithm on
standard engineering constrained problems

Ivona Brajevic, Milan Tuba, and Milos Subotic

Abstract—Aurtificial bee colony (ABC) algorithm is successfully
used for many hard, mostly continuous, optimization problems. There
is a way to extend standard ABC algorithm to constrained problems.
In this paper an improved version of the artificial bee colony
algorithm adjusted for constrained optimization problems is
presented. It uses Deb’s rule. This modified algorithm has been
implemented and tested on four standard engineering constrained
benchmark problems which contain discrete and continuous
variables. Our results were compared to the results obtained by
simple constrained particle swarm optimization algorithm (SiC-PSO)
which showed a very good performance when it was applied to the
same problems. Our results are of the comparable quality with faster
convergence.
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I. INTRODUCTION

ONSTRAINED optimization problems have numerous

applications. Engineering design is one of the scientific
fields in which constrained optimization problems frequently
arise [1]. These types of problems normally have mixed
(continuous and discrete) design variables, nonlinear objective
functions and nonlinear constrains. Constrains are very
important in engineering design problems. They are usually
imposed in the statement of the problems and sometimes are
very hard to satisfy, which makes the search difficult and
inefficient.

Different deterministic as well as stochastic algorithms have
been developed for solving constrained optimization problems.
Deterministic approaches such as sequential quadratic
programming methods and generalized reduced gradient
methods [2], [3], [4] are inflexible to adapt the solution
algorithm to a given problem. Generally a given problem is
modeled in such a way that a classical algorithm can handle it
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[5]. This often requires making several assumptions which
might not be easy to justify in many situations. Therefore their
applicability is limited. On the other hand, stochastic
optimization algorithms such as genetic algorithms, simulated
annealing algorithms, evolution strategies, evolutionary
programming and particle swarm optimization (PSO) do not
make such assumptions and they have been successfully
applied for solving constrained optimization problems during
the past few years [1], [6], [7], [8], [9], [10].

Karaboga has described an artificial bee colony (ABC)
algorithm based on the foraging behavior of honey bees for
numerical optimization problems [11]. Karaboga and Basturk
have compared the performance of the ABC algorithm with the
performance of other well-known modern heuristic algorithms
such as genetic algorithm (GA), differential evolution (DE),
particle swarm optimization on unconstrained and constrained
problems [12], [13]. It has been shown that the ABC algorithm
can be efficiently used for solving unconstrained and
constrained optimization problems. In this work, our approach
to the ABC algorithm for constrained optimization problems,
called SC-ABC (Simple Constrained ABC), was applied to
real engineering problems existing in the literature and its
performance was compared with the performance of Simple
Constrained Particle Swarm Optimizer (SiC-PSO) [1]. SiC-
PSO algorithm showed a very good performance when it was
applied to several engineering design optimization problems.
This paper is organized as follows. Section 2 describes the
ABC algorithm for unconstrained and constrained problems.
Section 3 presents our proposed approach. Section 4 describes
four benchmark problem formulations. Section 5 presents the
experimental setup adopted and provides an analysis of the
results obtained from our empirical study. Conclusions and
some plans for future research are provided in Section 6.

1. ARTIFICIAL BEE COLONY ALGORITHM

A. The ABC Algorithm Used for Unconstrained Optimization
Problems

In ABC algorithm [11], [12], [13], [14], [15] for the
unconstrained optimization, the colony of artificial bees
consists of three groups of bees: employed bees, onlookers and
scouts. One half of the colony consists of the employed
artificial bees and the other half includes the onlookers. All



INTERNATIONAL JOURNAL OF MATHEMATICS AND COMPUTERS IN SIMULATION

bees that are currently exploiting a food source are known as
employed and for every food source, there is only one
employed bee. The employed bees exploit the food source and
they carry the information about food source back to the hive
and share this information with onlooker bees. Onlooker bees
are waiting in the hive for the information to be shared by the
employed bees about their discovered food sources and scouts
bees will always be searching for new food sources near the
hive. Employed bees share the information about food sources
by dancing in the dance area inside the hive. The dance is
dependent on the nectar content of food source just exploited
by the dancing bee. Onlooker bees watch the dance and choose
a food source according to the probability proportional to the
quality of that food source. Therefore, good food sources
attract more onlooker bees compared to bad ones. The
employed bee whose food source has been abandoned by the
bees becomes a scout. Scout bees can be visualized as
performing the job of exploration, whereas employed and
onlooker bees can be visualized as performing the job of
exploitation.

Each food source is a possible solution for the problem and
the nectar amount of a food source represents the quality of the
solution represented by the fitness value. At the first step, the
ABC generates a randomly distributed initial population of SN
solutions, where SN denotes the number of food source
positions which is equal to number of employed bees. Each
solution X; (i = 1, 2, ..., SN ) is a D-dimensional vector and D
is the number of optimization parameters. After initialization,
the population of the positions (solutions) is subjected to
repeated cycles of the search processes of the employed bees,
the onlooker bees and the scout bees. Maximum cycle number
MCN is one of the four control parameters in the ABC
algorithm.

In each iteration, every employed bee determines a food
source in the neighborhood of its current food source and
evaluates its nectar amount (fitness). The i-th food source
position is represented as Xj =(Xj1, Xj2,-- Xip) - F(Xj)

refers to the nectar amount of the food source located at X .

After watching the dancing of employed bees, an onlooker bee
goes to the region of food source at X; with the probability:

F(Xi) (1)

Pi =3N
> F(Xk)
k=1

In order to produce a candidate food position from the old
one in memory, the ABC uses the following expression:

Vij = Xij +@ij (Xij — Xij) 2)

where ke{l,2,...,SN} and
chosen indexes where k has to be different from i and ¢jj isa

jefl,2,...,D} are randomly

random number between [-1, 1].
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After each candidate source position vj; is produced and
then evaluated by the artificial bee, its performance is
compared with that of its old one and a greedy selection
mechanism is employed as the selection operation between the
old and the new candidate. Otherwise, if the new food source
has an equal or better nectar than the old source, it is replaced
with the old one in the memory.

In ABC algorithm, providing that a position cannot be
improved further through a predetermined number of cycles,
the related food source is assumed to be abandoned. The value
of predetermined number of cycles is an important control
parameter of the ABC algorithm, which is called “limit for
abandonment”. Assuming that the abandoned source is
Xi =(Xj1, Xj2,...Xjp) » the scout discovers a new food source

to replace X;. This operation can be defined as:
xij =li +(uj = 1;) 3)

where je{l,2,...,D}, |; and u; are the lower and upper
bound of the parameter xj; and & is a random number in the
range [0, 1). It can be concluded from the above explanation
that there are four control parameters used in the ABC: the
number of food sources which is equal to the number of

employed or onlooker bees (SN), the value of limit, the
maximum cycle number (MCN).

The pseudo code of the ABC algorithm is:

1. Initialize the population solutions x;, i=1,2,..
=1,2,....D by Eq. (3)

. Evaluate fitness value of the population
.cycle=1

. repeat

. Produce new solutions v;; for the employed bees by using
Eg. (2) and evaluate them

. Apply the greedy selection process

. Calculate the probability values P;j; for the solutions x;; by
Eq. (1)

8. Produce the new solutions v;; for the onlookers from the

solutions x;; selected depending on Pj; and evaluate their
fitness value

9. Apply the greedy selection process

10. Determine the abandoned solution for the scout, if
exists, and replace it with a new randomly produced
solution x;; by Eq. (3)

11. Memorize the best solution achieved so far

12. cycle=cycle +1

13. until cycle = MCN

SN,

[S2 -GS I \]

~N O

B. The ABC Algorithm for Constrained Optimization
Problems

General constrained optimization (CO) problem is to find x
So as to
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minimize f(x),  x=(x,....Xn) € RN

where xe F ¢ S . The objective function f is defined on the

search space scR" and the set F < S defines the feasible
region. The search space S is defined as an n-dimensional

rectangle in R™. The variable domains are limited by their
lower and upper bounds:

li <xj <uj, 1<i<n

whereas the feasible region Fcs is defined by a set of m
additional constraints (m>0 ):

gk () <0, for k=1...,q

hj(x) <o, for j=q+1,..m

At any point X e F, the constraints g, that satisfy g,(x)=0
are called the active constraints at x. By extension, equality
constraints h; are also called active at all points of S [16]. Two
methods are often used to handle constraints. One is a variable
restriction method which restricts the solution space to the
solutions which conform to the constraints. The second one is
a penalty function method which allows solutions which
violate the constraints at the expense of a suitably defined
penalty function. However, determining appropriate penalty
coefficients is not an easy task, it must be estimated based on
the relative scaling of the distance metrics of multiple
constraints, the difficulty of satisfying a constraint, and the
seriousness of a constraint violation, or be determined
experimentally. Although the adaptive penalty strategies
proved to be effective in some cases, they are still quite
problem-dependent. It was also noticed that if the values of the
objective function were very large, then small differences
between objective values were not easily identified, and this
was undesirable, a leading cause of premature convergence in
evolutionary computation [17].

In order to handle the constraints of this problem, the ABC
algorithm employs Deb’s rules [18], which are used instead of
the greedy selection employed between v; and x; in the version
of the ABC proposed for unconstrained optimization
problems. The method uses a tournament selection operator,
where two solutions are compared at a time by applying the
following criteria:

» Any feasible solution satisfying all constraints is
preferred to any infeasible solution violating any of the
constraints

+ Among two feasible solutions, the one having better
fitness value is preferred

+ Among two infeasible solutions, the one having the
smaller constraint violation is preferred

Because initialization with feasible solutions is very time
consuming process and in some cases it is impossible to
produce a feasible solution randomly, the ABC algorithm does
not consider the initial population to be feasible. Structure of
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the algorithm already directs the solutions to feasible region in
running process due to the Deb’s rules employed instead of
greedy selection. Scout phase of the algorithm provides a
diversity mechanism that allows new and probably infeasible
individuals to be in the population. Beside of Deb's rules, the
second change in ABC for CO problems is in order to produce
a candidate food position from the old one in memory. The
adapted ABC algorithm uses the following expression:

|

where ke{l2,...,.SN} and je{l2,...,D} are randomly
chosen indexes where k has to be different from i and @jj isa
random number between [-1, 1]. Rj, je{,2,...,D}, is a
randomly chosen real number in the range [0,1]. MR, the
modification rate, is a control parameter that controls whether
the parameter x; will be modified or not. In adapted ABC
algorithm, artificial scouts are produced at a predetermined
period of cycles for discovering new food sources randomly.
This period is another control parameter called scout
production period (SPP) of the algorithm. At every SPP cycle,
it is checked if there is an abandoned food source or not. If
there is, a scout production process is carried out.

X;i + @y (X — Xg) , if

X;

R, <MR
otherwise

- (4)

Vi =

In our proposed approach (called Simple Constrained
Artificial Bee Colony, or SC-ABC) as in the ABC for
constrained problems, algorithm uses Deb’s rules instead of
the greedy selection in order to decide what solution will be
kept. The expressions for evaluating probability Eq. (1), for
producing a candidate food position Eg. (2) and for
initialization new food sources Eq. (3) stayed the same as in
the version of the ABC proposed for unconstrained
optimization problems.

SC-ABC algorithm has changed the initialization phase and
the scout phase compared to the ABC. In the initialization
phase only the first initialization of food sources is completely
random. In other initialization phases the first new food source
is the food source from the previous run of the algorithm
which has the best fitness value. In other words, the runs of the
SC-ABC algorithm are not completely independent. Therefore,
exploitation of the good sources was increased. In order to
increase the exploration the scout bee’s phase was changed. In
the scout phase the algorithm checks every possible solution. If
the solution is not feasible, that food source is replaced with a
new randomly produced solution.

PROPOSED ALGORITHM: SC-ABC

The pseudo code of the SC-ABC algorithm is:

1. Initialize the population solutions x;, i=12,...,SN,
j=12,..,D by Eq. (3) for the first run. For every other
run, if exists, xj, j=12,...,Dis the best solution from
previous run and xy;, i = 2,...,SN, j = 1,...,D are randomly
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produced solutions by Eqg. (3)

. Evaluate fitness value of the population

.cycle=1

. repeat

. Produce new solutions v;; for the employed bees by using
Eg. (2) and evaluate them

. Apply selection process based on Deb’s method

. Calculate the probability values Pj; for the solutions x;; by
Eq. (1)

. Produce the new solutions v;; for the onlookers from the
solutions x;; selected depending on Pj; and evaluate their
fitness value

9. Apply selection process based on Deb’s method

10. Determine the abandoned feasible solution for the

scout, if exists, and replace it with a new randomly
produced solution x;; by Eg. (3)
11. Every infeasible solution
produced solution x;; by Eg. (3)

12. Memorize the best solution achieved so far

13. cycle=cycle +1

14. until cycle = MCN

g b wnN

~N O

replace with randomly

The original ABC can be applied only to the continuous
problems. However, the method can also be expanded to the
discrete problems using discrete numbers. The state variables
were treated in the SC-ABC as follows: for continuous
variables, initial values were generated randomly between
upper and lower bounds of the specification values. The value
was also modified in the employed and onlooker bee’s phases
between the bounds. For discrete variables, they could be
handled in Equations (2) and (3) with a small modification,
i.e., as though they were continuous with nearest available
discrete values then being chosen. In that way, both continuous
and discrete numbers can be handled by the algorithm with no
inconsistency.

IV. BENCHMARK PROBLEMS

Proposed approach to Artificial Bee Colony Algorithm for
constrained optimization problems (SC-ABC) was applied to
four numerical examples: welded beam design optimization
problem, pressure vessel design optimization problem,
tension/compression spring design optimization problem and
speed reducer design optimization problem [1]. These non-
linear engineering design problems have discrete and
continuous variables. Discrete variables are used in many ways
such as the representation of the set of standard sized
components, the decision on the number of identical parts or
the choice between different design options. For example, the
number of teeth on pinion of a speed reducer are integer
variables, the spherical head thickness pitch and the shell
thickness of a pressure vessel are discrete variables. The
benchmark problems represent optimization situations
involving discrete and continuous variables that are similar to
those encountered in everyday mechanical engineering design
tasks.
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A. Welded beam design optimization problem

The problem consists in dimensioning a welded steel beam
and the welding length so as to minimize its cost subject to
constraints on shear stress, 7, bending stress in the beam, o,
buckling load on the bar, Pc, end deflection of the beam, &,
and side constraints [1], [19]. The beam has a length of 14 in.
and 6000 Ib. force is applied at the end of the beam. There are
four continuous variables: X;, Xa, Xs X4, Which in structural
engineering are commonly symbolized by the letters shown in
Fig. 1 (h,1,t,b). The design variables are thickness of the weld
h, length of the weld I, width of the beam t, and thickness of
the beam b.

Fig.1: The Welded Beam design structure

The mathematical model of the problem is:
Minimize
f(X) =11047 1% x,+0.0481X3x4 (14+X>) (5)
subject to:
C1(X)=t(X)-tmax <O
C2(X)=0(X)-omax <0

c3(X) = x1-x4 <0

C4 (X) = 010471 °+0.0481 g4 (14+X5)-5<0
c5(x)= 0.125x <0

Cg(X) =0(X)-Omax <0

c7(x)=P-Pc(x)<0

The important stress conditions which were used in
mathematical model is Weld Stress - t(x). The weld stress has
two components. They are t; - primary stress and t, -
secondary stress. M is the moment which is created by Force
(F). J is polar inertia moment. This parameters are defined as
follows:
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2ttox
t(x) = t12+¥+t22

2R
P
t =
! JEX1X2
MR
ty=—
2773
X
M =P(L+22)
2
R- x22+(x1+X3j
4 2

Bar bending stress - o(X) is given as follows:

6PL

X4X32

o(x)=

Bar deflection - &(X) is given as follows:

4p3
ExgX3

5(x) =

3

Bar buckling load is given as follows:

4.013/EGxg%x4° 136 1%

L2 2L

Pc(x) =

/ E

4G)

The material properties and constraint values like shearing
modulus, young's modulus, etc. used above are given as

P=6000, L=14, &pax =025, E=30-105,
G =1210%, t,,=13600, 5% =30000.

follow:

The bounds are: 0.1<x7<2, 0.1<xp <10, 0.1<x3<10 and
0.1<x1<2.

Best solution:
x*=(0.205733.4704899.0366240.20573

where f(x*)=1.724852.

B. Pressure Vessel design optimization problem

This example is to design a compressed air storage tank
with a working pressure of 3000 psi and a minimum volume of
750 ft® [1], [17]. The schematic of a pressure vessel is shown
in Fig.2. A cylindrical vessel is capped at both ends by
hemispherical heads. Using rolled steel plate, the shell is made
in two halves that are joined by two longitudinal welds to form
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a cylinder. Each head is forged and then welded to the shell.
Let the design variables be denoted by the vector
X=[X1,X2,Xs,Xa]", Where x, is the spherical head thickness, X, is
the shell thickness, x; and x, are the radius and length of the
shell, respectively. The objective is to minimize the
manufacturing cost of the pressure vessel. The manufacturing
cost of pressure vessel is a combination of material cost,
welding cost and forming cost. The design variables x; and x,
have to be integer multiples of 0.0625 inch which are the
available thickness of rolled steel plates. The radius x; and the
length x4 are continuous variables.

X1 X4

)

/I

Fig.2: Pressure Vessel design
The mathematical model of the problem is:
Minimize

f(X)=0.6224x1X3X4 +19.84%1°X3

+1.7781xpx3° +3.1661x1 X4 ©
subject to:
C1(X)=—x1 +0.01933 <0
C2(X) =—x2 +0.0954x3 <0
C3(X) =—mx32X4 —gﬂxf' +1296000<0
C4(X)=x4 —240<0
where the bounds are: 1x0.0625<x1<99x0.0625,

1x0.0625< xp <99x0.0625and 10< X3, X4 <200

Best solution:
x*=(0.81250.437542.098446176.636596

where f(x*)=6059714335.

C. Tension/compression spring design optimization problem

This  problem  minimizes the weight of a
tension/compression spring, subject to constraints of minimum
deflection, shear stress, surge frequency, and limits on outside
diameter and on design variables [1], [10], [20]. There are
three continuous variables: the wire diameter x;, the mean coil
diameter x,, and the number of active coils x3. The schematic
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of a tension/compression spring is shown in Fig.3.

le
[

Fig.3: Tension/Compression Spring

The mathematical model of the problem is:

Minimize
f(X) =(x3 +2)x1°x2 (7)
subject to:
3
cl(x)=1—X2—X34s0
71785
4x52 — 1
c2(x)= X2 —XX2 -1<0
125664 3x5 — x4 5108x;
C3(X):1—140'ﬂ£0
X2“X3
X1+X2
ca(x)="t""2 _1<0
4(X) s

where the bounds are: 0.05<x7<2.0, 0.25<x» <1.3 and
2.0<x3<150

Best solution:

x*=(0.05169Q00.35675011.287129
where f(x*)=0.01266E

D. Speed Reducer design optimization problem

This problem represents the design of a simple gear box
such as might be used in a light airplane between the engine
and propeller to allow each to rotate at its most efficient speed.
The design of the speed reducer shown in Fig.4, is considered
with the face width x;, module of teeth x,, number of teeth on
pinion xs, length of the first shaft between bearings x,, length
of the second shaft between bearings xs, diameter of the first
shaft xg, and diameter of the first shaft x;.
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Fig.4: Speed Reducer

Image from: hitp\\www.nasa.gov

This is an example of a mixed integer programming
problem. All variables are continuous except x; that is integer.
The weight of the speed reducer is to be minimized subject to
constraints on bending stress of the gear teeth, surface stress,
transverse deflections of the shafts and stresses in the shaft.

The mathematical model of the problem is:
Minimize

f (X) =0.7854x x52 (3.3333x3°
+14.9334x3 — 43.0934) ®)

—1.508%1 (Xg2 + X72) + T.4777(xg° + x7°)
+ 0.78054(X4x62 + x5x72)

subject to:
c1(x) = —-1<0
X1X27 X3
cz(x)z%—lso
X1X27X3
3
1.93
c3(x) =¢4—1s0
X2X3Xe
3
1.
C4(X)=&54—1S0
X2X3X7

2
10 J(750'0X4j +16.9x10% —1<0

c5(X) =
110xg3 |\ X2X3
1.0 [(7500x5 )

ce () =—— ( ' 5} +157.5x10% —1<0
85x7 X2X3

cﬂx):%—lgo

140



INTERNATIONAL JOURNAL OF MATHEMATICS AND COMPUTERS IN SIMULATION

5o

cg(x) —-1<0

X1
cg(x)=——-1<0
9(x) 12,

1.5xg +1.9

C1o(X) = s 1<0
1.1x7 +1.9
c11(X) = 1—5_'_ —-1<0

where the bounds are:
17<x3<28, 7.3<x4<83,
and 50<x7 <55

2.6<x1<3.6, 07<xp<08 ,
7.8<x5 <83, 29<xg<39,

Best solution:

x*=(3.5,0.7,17,7.3,7.8,3.3502145.286683
where f(x*)=2996348165.

V. PARAMETER SETTINGS, RESULTS AND DISCUSSION

A. Figures and Tables

Control parameters of the ABC algorithm are: swarm size,
limit, number of employed bees, number of onlookers, number
of scouts and maximum number of cycles [11]. In these
experiments, the colony size was taken 40 and the maximum
number of cycles was taken 4000. So, the total objective
function evaluation number is 240000. Each experiment was
repeated 60 runs. The percentages of onlooker bees and
employed bees were 50% of the colony and the number of
scout bees was changeable, as it was described in previous
section. The value of "limit" is equal SN(2D+1) where SN is
the number of possible solutions and D is the dimension of the
problem. The performance of the algorithm was considered in
terms of the best and average optimum values, and the best
solutions were recorded. Our approach to ABC algorithm has
been implemented in Java programming language and run on a
Pentium Core2Duo, 1.40-GHz personal computer with 2 GB
RAM memory.

Parameters adopted for SC-ABC algorithm are given in
Table 1.

TABLE |
CONTROL PARAMETERS ADOPTED FOR SC-ABC ALGORITHM

Control parameters for SC-ABC algorithm
swarm size 40
limit SN*(2D+1)
number of onlookers 50% of the swarm
number of onlookers 50% of the swarm
number of scouts changeable

Tables 2, 3, 4 and 5 show the solution vectors of the best
solution reached by our approach to ABC algorithm and the
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values of the constrains for each of the problems tested. From
these tables can be concluded that the SC-ABC reached for the
first three tested problems almost the best known values, and
for the fourth tested problem the best known value. It is
important to mention that for the first two tested problems the
program in the most of executions found solution at value
between 1.73 and 1.74 and between 6060 and 6061,
respectively. For the problem Tension/compression spring the
program in the most of executions find the solution at value
0.01269 and for the problem Speed reducer, SC-ABC reached
the best known value in every run of the program execution.

TABLE II
ABC SOLUTION VECTOR FOR WELDED BEAM DESIGN OPTIMIZATION
PROBLEM
Best solution
X1 0.205563
Xp 3.471719
X3 9.042758
X4 0.205836
c1(X) -0.042486
C2(X) -56.120983
ca(x) -2.721E-4
Ca(X) -3.431014
cs(X) -0.080563
Cs(X) -0.235577
c7(X) -11.964330
f(x) 1.726625
TABLE Il
ABC SOLUTION VECTOR FOR PRESSURE VESSEL DESIGN OPTIMIZATION
PROBLEM
Best solution
X1 0.812500
Xp 0.437500
X3 42.098187
X4 176.640750
c1(x) -4.988451
Ca(X) -0.035883
ca(x) -5.297613
Ca(X) -63.359250
f(x) 6059.768058
TABLE IV

ABC SOLUTION VECTOR FOR TENSION / COMPRESSION SPRING DESIGN
OPTIMIZATION PROBLEM

Best solution
X1 0.051871
Xz 0.361108
X3 11.036860
ci(X) -1.634E-7
Co(X) -4.383E-5




C3(x) -4,062131
c4(X) -0.724680
f(x) 0.012667
TABLE V
ABC SOLUTION VECTOR FOR SPEED REDUCER DESIGN OPTIMIZATION
PROBLEM

Best solution
X1 3.500000
Xz 0.700000
X3 17
X4 7.300000
Xs 7.800000
Xs 3.350215
X7 5.286683
c1(x) -0.073915
c,(X) -0.197996
cs(x) -0.499172
c4(X) -0.90147
cs(X) -2.220E-16
cs(X) -3.331E-16
c7(X) -0.702500
cg(X) 0.000000
Co(X) -0.583333
C10(X) -0.051326
C11(X) -0.010852
f(x) 2996.348165

Our results were compared to the results reached by Simple
Constrained Particle Swarm optimization algorithm (SiC-
PSO). Tables 6 and 7 show best, average fitness values and
standard deviation for each of the problems tested.

TABLE VI
BEST RESULTS OBTAINED BY SC-ABC AND SIC-PSO

Prob. Optimal SC-ABC SiC-PSO
Ex. 1 1.724852 1.726625 1.724852
Ex. 2 6059.714335 6059.768058 6059.714335
Ex. 3 0.012665 0.012667 0.012665
Ex. 4 NA 2996.348165 2996.348165

TABLE VII
AVERAGE AND STANDARD DEVIATIONS FOR THE RESULTS OBTAINED
Average St. Dev.

Prob. SC-ABC SiC-PSO | SC-ABC | SiC-PSO
Ex. 1 1.7413 2.0574 2.29E-4 0.2154
Ex. 2 6060.2097 6092.0498 0.0069 12.1725
Ex. 3 0.0127 0.0131 2.4 E-07 4.1E-04
Ex. 4 2996.3482 2996.3482 0.0000 0.0000
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The results from Table 6 and Table 7 show that the average
values reached by SC-ABC, for each problem tested, are better
than the average values reached by SiC-PSO. But the SiC-PSO
reached the best known values for each problem tested. It can
be seen that the SC-ABC can converge very quickly towards
the global optimum, except for the problem Welded beam. To
have better results the SC-ABC algorithm needs to be
modified in some way to avoid the algorithm to trap at some
local attractors.

VI.

In this paper, we present an improved ABC algorithm for
constrained problems (SC-ABC). The SC-ABC was tested on
three constrained optimization problems which contain
discrete and continuous variables. The algorithm showed a
good performance. We compared our results to the results
reached by Simple Constrained Particle Swarm optimization
algorithm (SiC-PSO) which showed a very good performance
when it was applied to the same problems. Although our
algorithm did not obtain the optimal values for each tested
problem, the average values reached by SC-ABC are better.
We can conclude that the SC-ABC can quickly search toward
the global optimum and can be a promising alternative for
solving this sort of problems due to its simplicity and
reliability. As part of our future work, we are interested to
perform a more detailed statistical analysis of the performance
of our proposed approach and to improve the new algorithm's
ability to escape the local attractors.

CONCLUSION
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