
Applied Mathematical Sciences, Vol. 6, 2012, no. 17, 815 - 825

A New Hybrid of Evolutionary and Conventional

Optimization Algorithms

A. Khosravi

Faculty of Electrical and Computer Engineering
Noushirvani University of Technology

Babol, 47135-484, Iran
akhosravi@nit.ac.ir

A. Lari

Faculty of Electrical and Computer Engineering
Noushirvani University of Technology

Babol, Iran
a.lari@stu.nit.ac.ir

J. Addeh

Faculty of Electrical and Computer Engineering
Noushirvani University of Technology

Babol, Iran
jalil-addeh@stu.nit.ac.ir

Abstract

Combination of the Evolutionary and Conventional algorithms has
opened a new horizon to Optimization algorithms. In the previous hy-
brid algorithm, firstly an evolutionary algorithm has been applied and
then the obtained result has been employed as an initial guess for a
conventional algorithm. In this method the advantages of each algo-
rithm cannot be realized while they are running at the same time. In
addition, it is not determined in which iteration the evolutionary al-
gorithm should stop and the conventional one should start. Certainly
an improper iteration selection leads to an inefficient hybrid algorithm.
To overcome above shortages, this paper proposes a novel hybrid algo-
rithm that uses the abilities of evolutionary and conventional algorithm
simultaneously. In each iteration of the proposed algorithm both evo-
lutionary and conventional algorithms have been applied. Simulation
results on some benchmark problems show that the proposed hybrid
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algorithm has faster convergence and a more reliable solution than the
conventional hybrid algorithm.

Keywords: Evolutionary Algorithm, Conventional Algorithm, Particle
ptimization, Steepest Descent

1 Introduction

There are two types of optimization algorithms, Evolutionary and Conven-
tional. Evolutionary optimization algorithms have drawn considerable atten-
tion in the last decade. Many types of evolutionary algorithms such as particle
swarm optimization (PSO), Bees and Ant colony have been introduced. They
have rapidly progressed in recent years and have presented many successful ap-
plications in solving real world optimization problems [7, 9]. On the other hand
conventional optimization algorithms such as steepest descent (SD), Newton
and successive quadratic programming (SQP) have been applied in variety of
optimization problems. However in some cases they have been confronted with
same problems such as an improper initial guess. In addition they cannot use
to a discreet system.

Even though evolutionary algorithms can be employed in problems with
a lot of local extremum but they cannot search the optimum point near the
global extremum properly. Conventional algorithms show different proper-
ties and they can rapidly move toward the global optimum when a proper
initial guess has been selected. However in problems which have some local
extremum, the conventional algorithms usually fall within the local extremum.
So it seems that these two types of algorithms are a good complement for each
other and a proper combination of them can lead to a better result. In many
situations where this combination has been used, firstly an evolutionary algo-
rithm has been applied and then the obtained swarm has been employed as
initial guess for a conventional algorithm [3]. In this manner the abilities of
evolutionary and classical algorithms are used separately. On the other hand
it is not determined in which iteration the evolutionary algorithm should stop
and the conventional one should start. Certainly an improper selection of this
iteration leads to an inefficient hybrid algorithm. In a randomly search in an
evolutionary algorithm if in each iteration a classical algorithm be used, the
abilities of precise search near an extremum and randomly search can be sat-
isfied at the same time. The proposed new hybrid algorithm is based on the
above idea. For the purpose of this algorithm, the particle swarm optimization
has been selected among evolutionary algorithms and steepest descent among
conventional algorithms. PSO has been used to solve many optimization prob-
lems. This algorithm is a powerful evolutionary algorithm and because of the
ease of implementation and fast convergence speed, it has been widely applied
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in many areas [5, 8]. SD algorithm is a highly efficient direct optimization
approach. This method is the simplest of the gradient methods that uses only
first order derivation.

These two algorithms have the same properties; they are simple algorithms
among evolutionary and conventional algorithms which have relatively high
convergence speed. The hybrid algorithm obtained by these two algorithms is
a simple, fast and easy implemented algorithm. The proposed algorithm has
been tested by four benchmark problem and simulation results show that the
proposed hybrid algorithm has faster convergence and more precise solution
than the conventional hybrid algorithm. It should also be mentioned that to
obtain better results, a conventional optimization algorithm can be used when
the proposed new hybrid algorithm is converged to a fixed value.

The rest of this paper is organized as follow: Section 2 discusses the PSO
evolutionary algorithm. In section 3, the steepest descend algorithm is illus-
trated and in section 4 the proposed new hybrid algorithm has been stated.
Simulation results are presented in section 5 and finally, section 6 is dedicated
to conclusion.

2 Particle Swarm Optimization

Particle swarm optimization (PSO) is originally attributed to Kennedy and
Eberhart [2], based on the social behavior of collection of animal such as birds
flocking and fish schooling. In PSO algorithm each individual of the swarm,
be called particle, remembers the best solution found by itself and by the
whole swarm along the search trajectory. The particles move along the search
space and exchange information with other particle according to the following
equation.

Vid = wVid + c1r1 (Pid − Xid) + c2r2 (Pgd − Xid) (1)

Xid = Xid + Vid, ford = 1, 2, . . . , Ni = 1, 2, . . . , S (2)

Where Xid represent the current position of the particle, Pid is the best re-
membered individual particle position, Pgd denote the best remembered swarm
position. c1 and c2 are cognitive and social parameters. r1 and r2 are random
numbers between 0 and 1 and w is inertia weight which is used to balance
the global and local search abilities. A large inertia weight facilitates global
search while a small inertia weight facilitates local search. In an empirical
study on PSO [4], Shi and Eberhart claimed that a linearly decreasing inertia
weight could improve local search towards the end of a run, rather than using
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a constant value throughout. A decreasing function for the dynamic inertia
weight can be devised in the following

w = (itermax − itercur) .
(

winitial − wfinal

itermax

)
+ wfinal (3)

Where winitial and wfinal represent the initial and final inertia weights respec-
tively at the start of a given run, itermax the maximum number of iterations
in a offered run, and itermax the current iteration number at the present time
step. However, global search ability at the end of the run may be inadequate
due to the utilization of a linearly decreasing inertia weight . The PSO may fail
to find the required optimal in cases when the problem is too complicated. But
to some extent, this can be overcome by employing a self-adapting strategy for
adjusting the acceleration coefficients. Suganthan [6] applied the optimizing
method that make the two factors decrease linearly with the increase of itera-
tion numbers, but the results were not as good as the fixed value 2 of c1 and c2

Ratnaweera [1] improve the convergence of particles to the global optima based
on the way that make c1 decrease and c2 increase linearly with the increase of
iteration numbers. The c1 and c2 is given by the following equations:

c1 = c1s + itercur(c1e − c1s)/itermax

c2 = c2s + itercur(c2e − c2s)/itermax
(4)

3 Steepest Descent Algorithm

The method of steepest descent (SD) is the simplest of the gradient methods.
Imagine that there’s a function F(x) , which can be defined and differentiable
within a given boundary, so the direction it decreases the fastest would be the
negative gradient of F(x) .To find the local minimum of F(x) , the method
of SD is employed, where it uses a zig-zag like path from an arbitrary point
and gradually slide down the gradient, until it converges to the actual point
of minimum. Although this optimizing method is less time consuming than
the population based search algorithms, it is highly dependent on the initial
estimate of solution . This method can be describe by the following formula,

uk =
g(xk)

‖g(xk)‖ (5)

xk+1 = xk + αkuk (6)

Where xk+1 represent the position of new solution than xk , g(xk) is gradient
of F (x) in xk . αk is a scalar that should decrease in each iteration. Near the
optimum point, lower range of αk make more little movement in xk and so, a
more precise search.
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4 The New Hybrid Evolutionary-Conventional

Algorithm

In this section the proposed method has been described. This method is based
on a new combination of conventional and evolutionary algorithms for sweep-
ing the search space. In the former works the evolutionary algorithm has been
used to scanning the search space in first, then a conventional algorithm has
been employed such that the obtained swarm has used as initial guess by it.
This method cause the abilities of the two algorithms be used separately. So we
cannot guarantee a better result because the proper iteration that we should
changed the algorithms cannot be determined. On the other hand when we
separately use these two algorithms we cannot gain their abilities in the same
time. In the proposed method in each iteration after using the evolutionary
algorithm, the swarm be employed in the conventional algorithm for a deter-
ministic time. So in each iteration the main abilities such as randomly search
and a more precisely search near the optimum point can be satisfied. When
the number of iterations increased and the proposed algorithm approach to
a global extremum, SD algorithm can be used (New hybrid-SD) to a more
precise search near the global extremum. Because near the global extremum
there is no need to a randomly search. The procedure for this algorithm can
be summarized as follow:

Step1. Specify the number of times which steepest descent algorithm should
be applied in each iteration of PSO algorithm. This number can be a non-
integer number. This means that PSO algorithm applies for a specified number
in each iteration of steepest algorithm.
Step2. Determine the PSO parameters, like number of particle, number of
iteration, cognitive and social parameter and so on.
Step3. Initialize the positions and velocities of particles randomly in search
space.
Step4. Evaluate each particle fitness value. Calculate Pid and Pgd based on
their definitions.
Step5. Based on the number which is specified in step1,move the particles
through the search space by PSO and SD algorithms in each iteration. The
positions and velocities of all particles are updated according to equations 1,
2, 5 and 6, and then a group of new particles are generated.
Step6. If the maximal iterative of generation are arrived go to step 8else go
to step 7.
Step7. Calculate the new amount of w , c1 and c2 according to equations 3
and 4 and go to step 4.
Step8. Use the obtained swarm as initial guess of SD algorithm and move the
particles by SD algorithm for specified times.
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5 Simulation Result

In order to show abilities of the new hybrid algorithm, four benchmark prob-
lems are considered. The performance of improved PSO, conventional hybrid
algorithm, the new hybrid algorithm and the new hybrid-SD algorithm is com-
pared in each benchmark problem. All of results are obtained with 50 particles
, 1200 iteration. , and are linearly functions of iteration which were described
in section 2. It should be mentioned that in New hybrid-SD and conventional
hybrid algorithms the last 200 iterations has dedicated to steepest descent al-
gorithm. The result for four benchmark problems have been obtained by a
number of improved PSO particle’s movement and SD particle’s movement
in each iteration of proposed hybrid algorithm. These numbers are showd in
table 1. Limitation on search space for each benchmark problem is given in
this table, too.

Benchmark
Problem

Number of improved
PSO particle′s movement

Number of SD
particle′s movement

Sphere 1 1
De Jung 1 1

Rosenbrock 1 4
Rastrigin 2 1

Table 1: Number of improved PSO and SD particle’s movements in each iter-
ation of proposed hybrid algorithm

Table 2 describes the four optimization problems in more detail. The PSO
parameters in all of the benchmark problems are considered as table 3.

Benchmark
Problem

dimension
Constraint on
variables

Sphere 10 [-100 100]
De Jung 10 [-100 100]

Rosenbrock 3 [-100 100]
Rastrigin 5 [-5.1 5.1]

Table 2: Search space of benchmark problems

5.1 Sphere Function

Sphere function is given as
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Benchmark
Problem

Sphere and
DeJung

Rosenbrock and
Rastrigin

winitial 1.2 1.2
wfinal 0.4 0.4
c1e 2 0.5
c1s 2 1.5
c2e 2 1.5
c2s 2 0.5

Table 3: Values of parameters of PSO algorithm

Figure 1: Comparison between the Algorithms for Sphere function.

f1(x) =
n∑

i=1

x2
i (7)

The global minimum is located at the origin and its function value is zero.
Figure 1 is a comparision between thealgorithms for sphere function. As we
can seen the New hybrid-SD algorithm have much more precisely solution
than the others.Meanwhile the New hybrid algorithm shows relatively good
results.Theconvergecy of improved PSO and conventional hybrid algorithms
are not saticfactory.
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5.2 De Jung’s Function

f2(x) =
n∑

i=1

ix4
i (8)

The global minimum is located at the origin and its function value is zero.
Based on simulation result on Figure 2,the New hybrid-SD algorithm have the
lowest cost functions among algorithms.In addition, from figure 2 It is clear
that the New hybrid algorithm shows more exact result than conventional
hybrid and improved PSO algorithms.

Figure 2: Comparison between the Algorithms for De Jong function.

5.3 Rosenbrock’s Function

Rosenbrock’s function is given as

f3(x) =
n−1∑
i=1

((
100

(
xi+1 − x2

i

)2
)

+ (xi − 1)2
)

(9)

The global minimum is located at the origin and its function value is zero.
Figure 3 is a comparision between the algorithms for Rosenbrock’s function.
The New hybrid-SD and New hybrid algorithm in this figure have the same re-
sults. It means that the steepest descent algorithm in the last 200 iteration was
not able to improve the cost function. In this figure the new hybrid algorithm
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have much more precisely results than conventional hybrid and improved PSO
algorithms.

Figure 3: Comparison between the Algorithms for Rosenbrock function.

5.4 Rastrigin’s Function

Restrain’s function is given as

f4(x) =
n∑

i=1

(x2
i − 10 cos(2πxi) + 10) (10)

The global minimum is located at the origin and its function value is zero.
Figure 4 is a comparisionbetween the algorithms for Rastrigin’s function. As we
canseen the New hybrid-SD algorithmnearly have a same costwith convetional
hybrid algorithm. Meanwhile the New hybrid algorithm showsbetter results
than improved PSO algorithm.

a glance this can be stated that new hybrid algorithm together with a
conventional algorithm like SD,have the best results for all of the functions.The
reason can be stated as follow:
better local search in the new hybrid algorithm has ocurred, that’s why a better
initial guess is provided for SD algorithm and it means that SD algorithm can
converge to lower cost.
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Figure 4: Comparison between the Algorithms for Rastrigin function.

6 Conclusion

This paper proposed a new hybrid of evolutionary and conventional algorithms.
This method, unlike the similar past works uses the abilities of evolutionary
algorithms and conventional algorithms at the same time. In former hybrid
technique the iteration that evolutionary algorithm should stop and the con-
ventional algorithm (with initial guess obtained by evolutionary algorithm)
starts to work, was not determined. In the proposed hybrid method this
problem has been solved. An improved PSO algorithm and steepest descent
algorithm have been selected as evolutionary and conventional algorithms re-
spectively. The simulation results of the new hybrid algorithm on four bench-
mark problems show that this method not only has a more convergence speed
than the conventional method but also it obtains a more reliable solution.
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