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 Nowadays, many researchers have focused on the optimization topic and numerical 
optimization. Evolutionary optimization algorithms have been the most important and 

the most widely used optimization tools in the past few decades. So in this paper we 

introduce and study a new Memetic Algorithm (MA) based on the particle swarm 
optimization algorithm. In the proposed algorithm, the particle swarm optimization 

algorithm has combined with a nested local search, which runs at each step of the 

algorithm. The local search part is also included two sub-sectors: the part of local 
search on the chosen particles, and the part of local search on the chosen particles 

among the pre-selected particles. Therefore, at each stage the best particles are selected 

with the two steps of searching and somore accurate and better updates are achieved. 
Simulation result demonstrates the good performance of the proposed memetic 

optimization algorithm and also shows its superiority over the other algorithms in the 

numerical optimization problems. 
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INTRODUCTION 

 

Optimization is a process that is used to improve responses. Optimization is talking about finding the best 

answer to a problem. The term “best” implies that there are more than one answer to the considered question, 

which of course all the answers have not same values. Optimization consists of two maximum and minimum 

elements. At a time we say an element is minimum (or maximum) that the values obtained for it, are satisfied 

for a series of conditions. Optimization process is a repetitious process which continues until the termination 

conditions is established. The termination conditions can be the number of loop repetition or achieving to the 

desired response [1]. There are two separate searching methods for solving of optimization problems: local 

search and global search techniques. In the local search method, algorithm searches the optimal response among 

the obtained responses; however, in the global search method, the algorithm searches in the total space of the 

search for the optimal response. A set of all the possible answers is called search space. Both search methods 

have advantages and disadvantages that will be discussed later.   

The global search algorithms such as the evolutionary algorithms are algorithms based on random search 

which are inspired from the evolution of natural elements, such as: genetic algorithm [2], particle swarm 

optimization algorithm [3], bee algorithm [4], and firefly algorithm [5]. These algorithms spread their operators 

in all search space to find the global optimal response. The purpose from the most optimal response (in the 

optimization problems), is the smallest value that the objective function (cost function) is allocated to itself. The 

objective function is the optimization function. On the other hand, the local search algorithms are algorithms 

that are applied directional on just a portion of the search space or on the obtained response. When the search 

space has too extreme points, the global search algorithms will respond faster; but the responses that are 

obtained from the local search, are much more accurate and more optimal, since it is possible that the global 

search algorithms be involved in the local extremum points [6- 8]. 

The evolutionary optimization algorithms identify the regions of the state space of problem in which the 

global and local optimums are located at the first steps of the implementation of algorithm, but they act very 
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slowly in continuous of their path toward the global optimum. Among the various approaches that have been 

proposed to remove meta-heuristic problems, combined strategy is allocated a particular position to itself. The 

combined strategy is obtained from using of different techniques in the problem solving process. The memetic 

algorithms, which are obtained from the combination of evolutionary algorithm with a heuristic local search, are 

the most famous member of this family [9]. The memetic algorithms were introduced in the late eighties, by 

Dawkinz [9] and their focus is on use of population algorithms. These algorithms recently have become a 

powerful tool for optimization of complicated numerical problems [10]. In this article, a new memetic 

optimization algorithm with a part of nested local search based on particle swarm optimization algorithm will 

introduced. In the proposed algorithm, one- fifth of particles with the best responses are chosen as the selected 

particles using a selection strategy, and the update operation is applied among them. Then half of the chosen 

particles are re-selected and the update operation is performed among them. The performance of the two steps of 

update operation leads to increment of convergence and improvement of the algorithm response. The results of 

simulation and studies have shown well and favorable performance of the proposed algorithm.  

The rest of the article is considered as follows, the particle swarm optimization algorithm is studied first. 

Then the proposed memetic algorithm will be introduced, and its performance and efficiency will be reviewed in 

the next section. Finally, conclusions and recommendations will be presented. 

 

II.Particle Swarm Optimization (PSO) Algorithm: 

Particle swarm optimization algorithm for the first time was proposed by Eberhart and Kennedy [11], as a 

model for the local movement of a group of animals. This algorithm is applied well on a variety of problems 

such as function minimizations, non-liner mapping, neural network training, neural network inversion, and data 

mining. This algorithm consists of multitude particles that each of which can be a favorable response for an 

optimization problem. The algorithm continuously updates the position of each particle by calculation of the 

velocity of the particle and applying it to the position equation. If ( )ix t  is the position of i particle at the time t, 

the position of the particle at any time will be equal to: 

     1 1i i ix t x t v t                 (1)  

The velocity for each ith particle is comprised of three components:  

• Cognitive component, which is resulted from the best situation that particle has ever experienced.  

• Social component, which is resulted from the situation of the best particle that i particle is aware of it.  

• Inertia component, which is resulted from the Velocity of the pervious particle.  

Each particle maintains its best position by calculation of the cognitive component. The social component is 

calculated based on the position of the best particle which is in the neighboring of particles. Neighboring is 

called to a social structure in which particles are in contact with each other. The algorithm structure is such that 

all particles are connected with each other perfectly. In each of cycle that pertaining to time all the particles are 

updated by the social component which are resulted from the position of the best particle. This component is 

called  ŷ t . Speed can be calculated as follows: 
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Where  ,i jv t  is the speed of i at the distance of j and at the time t. The constants c1 and c2 are rate 

coefficient and are used for regulation of cognitive and social components. Vectors 

   1, 0,1jr t U and    2, 0,1jr t U , are random factors of the algorithm . Assuming a minimum making , the 

best position of i particle that is denoted by ŷi, is obtained as follows: 
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         (3)  

Where, f is the target function. The pseudo- code of particle swarm optimization algorithm is as follows:  

1.  Definition and initialization of the position and the velocity of particles. 

2.  Obtain the best cost function for each of the particles and definition of the best particle (with the smallest 

cost function value). 

3. As long as the stopping conditions have not been established:  

4.  Updating the speed and position of the particles given to the position of the best particle. 

5.  Obtaining the cost function and determining the best particle. 

6.  Global optimal updating.  

7.  End of the algorithm. 
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III.The Proposed Memetic Algorithm: 

In recent years a new algorithm has been developed for solving complex optimization problems, which is 

named memetic algorithm. Compared to the other evolutionary optimization algorithms, this algorithm has 

better and more accurate responding [12]. Complicateed problems are those problems that global search 

algorithms do not perform well for findings of optimal responses. The memetic algorithms are those kinds of 

evolutionary algorithms that have been combined with one part of local search, to improve responding. The 

memetic algorithms have very good performance to solve many optimization problems such as, combinatorial 

optimization [13], optimization of variable functions and multipurpose optimization [14]. In various studies, 

methods for combination of evolutionary algorithms with local search have been allocated different names to 

themselves, such as the hybrid genetic algorithm, baldwinian evolutionary algorithm and Lamarckian 

evolutionary algorithm. Moscato used the term memetic algorithm for covering all algorithms based on the 

evolutionary search that are combined with a local search algorithm. In this article, a new memetic optimization 

algorithm is proposed with a part of nested local search optimization based on the particle swarm optimization 

algorithm. In this algorithm, first, one-fifth of particles with the best responses are chosen as the selected 

particles, and then the updating function is performed on them. After that half of the selected particles are re-

selected and updating function is performed on them. Therefore, at each step of the implementation of the local 

search algorithm, the rate and position of the selected particles will be updated with the equations (1) and (2). 

Applying two steps of updating cause increases of convergence and improve of algorithm responses.  

In this article, 50 particles are used, that in the each step, 10 particles are selected as the first chosen 

particles (with a better cost function) for applying the local search. Then 5 particles (with better cost function) 

were selected among them as the second chosen particles and then the update operation is performed on them. 

Pseudo-code of the proposed memetic algorithm will be as follows:  

1. Identifying and initialization of position and velocity of particles. 

2. Obtaining the cost function for each particle and identifying   best particles (with the smallest value of the 

cost function). 

3. Selection of the first chosen particles and applying a local search among them (updating velocity and 

hence their position by using the equations (1) and (2)). 

4. Selection of the second chosen particles and applying a local search on them (updating velocity and 

hence their position by using the equations (1) and (2)). 

5. As long as the stopping conditions have not been established: 

6. Investigation of the cost functions of the particles and selection of the best particle (with the best cost 

function). 

7. Updating the velocity and the position of all particles and obtaining their cost function. 

8. Selection of the first chosen particles and applying a local search on them (updating velocity and hence 

their position by using the equations (1) and (2)). 

9. Selection of the second chosen particles and applying a local search on them (updating velocity and 

hence their position by using the equations (1) and (2)). 

10.  Investigation of cost function of the particles and selection of the best particles (with the best cost 

function). 

11.  End of the algorithm. 

 

IV.Simulation And Numerical of Results: 

To investigate the performance of evolutionary genetic algorithm, the particle swarm optimization, the 

genetic based memetic algorithm, the particle swarm optimization based memetic algorithm and the proposed 

memetic algorithm have been applied on several complex standard mathematical functions. Standard functions 

are Rosenberg, Rastrigin, Himmelblau, Michalewicz and Ackley, respectively. Table (1) shows their 

mathematical representations, distance of functions and scope of the search space. For a better and more 

accurate comparison of algorithms, standard functions were investigated with a minimum and maximum 

distances. Each algorithm was applied 100 times and was repeated 200 times in each run. Table (1) contains the 

following parts:  

• Best values, worst values and average of cost functions that are obtained by the algorithms. 

• The amount of standard deviation that is calculated by using the following equation; and n is the 

number of parameters.  
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Table I: Mathematical  representation of standard function. 
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The simulation and optimization results are proposed in table II. 

  
Table II: simulation results comparison by using evolutionary algorithms. 

Test functions GA PSO GA-MA PSO-MA Proposed MA 

 

 

1
F  

Best 6.7930E+05 5.2280E+05 2.0795E+03 6.3143E+03 38.3031 

Mean 3.4666E+06 1.0116E+07 2.3005E+04 5.1350E+04 84.6321 

Worst 1.8741E+07 1.9264E+07 2.6985E+05 9.7094E+05 239.0562 

S.D. 5.8661E+07 2.7142E+07 4.7195E+06 3.1779E+06 2.2940E+06 

N.F.E. 12562 15360 11267 14885 9434 

 

 

2
F  

Best 18.3152 17.2925 14.88561 16.9143 8.8945 

Mean 41.7875 43.5097 47.35161 57.4131 32.3356 

Worst 75.4657 120.1117 72.0025 119.3948 98.8540 

S.D. 60.5615 6.3572 13.3357 15.9807 21.2892 

N.F.E. 3527 4105 3251 3749 2744 

 

3
F  

Best -2.6705+03 -2.8341E+03 -3.5288E+03 -3.4985E+03 -3.7373E+03 

Mean -2.4097E+03 -2.5134E+03 -3.1128E+03 -3.2416E+03 -3.2576E+03 

Worst -2.1894E+03 -2.2361E+03 -2.9586E+03 -3.0415E+03 -3.0526E+03 

S.D. 172.6362 51.0950 201.2546 221.8417 203.5937 

N.F.E. 10038 13769 9842 10360 8522 

 

 

4
F  

Best -43.1911 -59.0538 -71.3810 -69.9763 -93.7466 

Mean -49.6345 -27.2571 -62.1148 -60.9471 -62.2331 

Worst -41.6520 -23.3157 -43.8891 -48.6166 -48.4863 

S.D. 5.5727 2.8493E-14 6.0036 5.9520 7.1308 

N.F.E. 9781 12884 9650 11520 8907 

 

 

5
F  

Best 7.1428 3.6777 1.1566 1.8997 0.0079 

Mean 4.8483 9.4604 3.5597 4.8468 1.8666 

Worst 7.1103 10.6038 8.9631 9.6250 4.7000 

S.D. 2.9688 1.0646 0.6945 0.5144 1.5817 

N.F.E. 4250 10050 7244 8511 6975 

 

As it can be seen in all five costs functions, the proposed memetic algorithm finds the best minimum 

response. Also, by comparing the values of standard deviations, it can be concluded that the amount of the 

standard deviations of the proposed algorithm is lower than the other algorithms; hence the algorithm has a 

better performance than the other algorithms. To complete the comparison and investigation of algorithms, 

optimization process of objective functions are given in figures (1) to (5). 
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Fig. I: Performance comparison of algorithms in Rosenbrock function optimization 
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Fig. II: Performance comparison of algorithms in Rastrigin function optimization 
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Fig. III: Performance comparison of algorithms in Himmelblau function optimization 

0 50 100 150 200

-10
1.2

-10
1.4

-10
1.6

-10
1.8

Iteration

O
b

je
ct

iv
e

 F
u

n
ct

io
n

D=100

 

 

GA

GA-MA

PSO

PSO-MA

Proposed MA

 
 

Fig. IV: Performance comparison of algorithms in Michalewicz function optimization 
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Fig. V: Performance comparison of algorithms in Ackley function optimization 

 

V.Conclusions And Recommendation: 

In this article, a new optimization algorithm based on the particle swart optimization algorithm with the 

nested local search was introduced. As was observed in the simulations section, the proposed algorithm due to 

having nested local search strategy, acts very well to find the optimal responses. In other words, due to the 
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nested local search, algorithm searches the search space more accurate and dynamic. So, we can apply this 

strategy to other algorithms such as the firefly algorithm and differential evolution, because these two 

algorithms have very strong global search, and by applying the proposed local search technique to them, better 

and more optimal responses can be achieved. 
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