
ACADEMIC JOURNAL OF MANUFACTURING ENGINEERING, VOL.20, ISSUE 2 / 2022 

71 

ISLAND MODEL GENETIC ALGORITHM WITH MIGRATION 

MANAGEMENT FOR MAKESPAN MINIMIZATION 

Yamina HOUBAD
1
, Fatima Zohra BOUMEDIENE

2
, Lamia TRIQUI

3
, Hakim Nadhir 

BESSENOUCI
 4

, and Ahmed HASSAM
5
  

1
Departments of Electrical and Electronics Engineering, Faculty of Technology, Abou-bekr Belkaid 

University - Tlemcen - BP 230 - 13000 Chetouane Tlemcen, Algeria 

E-mail: houbadyamina@yahoo.fr 
2
Departments of Electrical and Electronics Engineering, Faculty of Technology, Abou-bekr Belkaid 

University - Tlemcen - BP 230 - 13000 Chetouane Tlemcen, Algeria 

E-mail:fatimazohra.boumediene@yahoo.fr  
3
Departments of Electrical and Electronics Engineering, Faculty of Technology, Abou-bekr Belkaid 

University - Tlemcen - BP 230 - 13000 Chetouane Tlemcen, Algeria 

E-mail: triquilamia@yahoo.fr  
4
Departments of Electrical and Electronics Engineering, Faculty of Technology, Abou-bekr Belkaid 

University - Tlemcen - BP 230 - 13000 Chetouane Tlemcen, Algeria 

E-mail: bessnadhir@yahoo.fr 
5
Departments of Electrical and Electronics Engineering, Faculty of Technology, Abou-bekr Belkaid 

University - Tlemcen - BP 230 - 13000 Chetouane Tlemcen, Algeria 

E-mail: hassam.ahmed@yahoo.fr 

 

ABSTRACT: In order to improve the genetic algorithm efficiency, an island model genetic 

algorithm with migration management is developed. Relatively isolated subpopulations named 

islands are considered. In order to avoid fast convergence, a so called migration mechanism is 

used by occasionally exchanging individuals. Moreover, to control their diversity, a migration 

management operator is used. Computational experiments are conducted on a set of instances 

generated on the basis of a production system characterized by different sized classes of 

problems. A sensitivity analysis is applied on the developed algorithm and is judged by the 

makespan obtained values. Computational results are compared to those of the classical Islands 

Model genetic algorithm which is used to solve the same problem instances. The obtained 

results prove the efficiency of the parallel genetic algorithm with migration management 

through near optimal and better quality solutions) 

KEYWORDS: Flow Shop, Scheduling, Island model, genetic algorithm, migration 

management, metaheuristics, makespan minimization, NP-Hard problem. 

 

1 INTRODUCTION  

Scheduling can be defined as the resources 

allocation to perform a collection of tasks over a 

period of time. Finding the best schedule can be 

very easy or very difficult, depending on the shop 

environment, the process constraints and the 

performance indicators (Pinedo M., 1995). 

Flow shop problem is among the most 

intensively investigated problems in industrial 

settings.  In a Flow Shop Scheduling Problem, a 

number of operations have to be done on every job 

in the same order, which implies that the jobs have 

to follow the same route. 

Flow Shop Scheduling Problem with makespan 

minimization has attracted much researchers 

attention because of the multitude of its applications 

in many global, mainly industrial, problems. In a 

classical Flow Shop Optimization Scheduling 

Problem with makespan minimization, the objective 

is to find a sequence for processing all jobs on all 

machines so that its maximum completion time 

(makespan) is minimized. 

For Flow Shop Scheduling Problems, the two 

machines version problems are polynomially 

solvable (Johnson SN., 1954). However, in their 

most general form, they are strongly NP-Hard, that 

means the time needed to find a feasible solution 

grows exponentially with the instance size. 

For such high complexity problems, several 

approximate algorithms are developed and applied 

to obtain near optimal solutions at relatively low 

computational time. Many of these techniques are 

presented in (Gendreau M. & Potvin J.-Y., 2010). 

A brief overview of the flow shop scheduling 

problems evolution and possible approaches to their 

resolution has been provided by Gupta and Stafford 

(Gupta J. &  Stafford J., 2006). Hejazi et al. (Hejazi 
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S.R. & Saghafian S., 2005) offered a complete 

survey of flow shop scheduling problems with 

makespan minimization as well as different 

techniques listed in this field including exact 

methods, evolutionary approaches, constructive and 

improved heuristics from 1954 to 2004. 

Created by Holland (Holland J.H., 1975), 

Genetic Algorithm has been shown to be 

competitive in finding good quality solutions to 

many different combinatorial optimization 

problems. It is one of the metaheuristics that have 

been widely used to solve NP-Hard scheduling 

problems (Sridhar J. & Rajendran C., 1996), (Demir 

Y. & Is leyen S. K., 2014), (Candan G. &Yazgan H. 

R., 2015), (Nailwala K. et al.2016) since it relies on 

a population of candidate solutions thus offering 

great power in global research. In addition, it is 

easily to design and implement.   

Genetic Algorithms use techniques inspired by 

evolutionary biology, such as selection, crossover 

and mutation to construct a population of solutions 

and evolve it over generations to find a near optimal 

solution to the problem. 

Various mechanisms have been successfully 

proposed in order to make Genetic Algorithms more 

efficient, robust and powerful. Some of the 

proposed techniques are hybrids; they combine the 

Genetic Algorithm with another heuristic or 

metaheuristics in order to improve the overall 

performance. In such a context, the Memetic 

Algorihm was introduced by P.Moscato (Moscato 

P., 1999). Some of the other developed techniques 

introduce new parameters in the basic Genetic 

Algorithm in order to control the diversity in the 

search space,such as the Genetic Algorithm with 

Population Management presented and described by 

Sörensen (Sörensen K., 2003). It is structured much 

like a basic Genetic algorithm but differs in the use 

of population management and local search. 

Another mechanism that seems interesting to 

improve the obtained solutions quality is the 

parallelism. The main idea behind most parallel 

Genetic Algorithms is to divide a population into a 

number of subpopulations and to explore the 

subpopulations simultaneously. This mechanism is 

adopted by (Whitley D. et al.1998) through the 

Multi-Island Parallelization Scheme.  

Other works focused on the mechanisms for 

maintaining the diversity during generation in a 

genetic algorithm. This could be done either directly 

(Mauldin M. L., 1984), or by reinitializing the 

population (Li Z. & Wang X., 2011) or by 

introducing new individuals in a random way 

(Wongseree W. et al. 2007). 

One of the most successful methods to improve 

the performances of the genetic algorithm is the 

Island Model ((Martin W. N. et al. 1997), (Leitao 

A. et al. 2015)). The Island Model Genetic 

Algorithm has attracted attention of many 

researchers ((Limmer S. & Fey D., 2016), (Izzo D. 

et al.2012), (Ammi M. & Chikhi S., 2015), (León 

C. et al. 2009)). 

The main idea behind the Island Model Genetic 

Algorithm is to consider relatively isolated 

subpopulations which evolve separately, and can 

occasionally exchange individuals in order to avoid 

rapid convergence. This mechanism is called 

“migration”. 

This article focuses on Flow Shop Scheduling 

with the goal of makespan minimization. We 

propose to use a Parallel Island Algorithm with 

Migration Management.  

The main idea of the developed algorithm is the 

use of a new parameter called “the diversity 

migration parameter”. It controls the migration 

mechanism between the different Islands of the 

algorithm using a distance measure between the 

individual to be migrated and all the individuals in 

the target Island.  

The remainder of this paper is organized as 

follows: section 2 describes the considered 

scheduling problem, introduces some basic concepts 

related to genetic algorithms as well as components 

of metaheuristic algorithms, and presents the 

developed Island Model Genetic Algorithm with 

Migration Management (IMGAMM) to solve our 

problem. Section 3 gives computational results with 

a sensitivity analysis of the Island Model Genetic 

Algorithm with migration management to determine 

a good choice of parameters. It also provides an 

evaluation of our algorithm effectiveness by 

comparing its performance against the classical 

Island Model Genetic Algorithm. Section 4 

discusses obtained results. While in the final 

section, conclusions and recommendations for 

future works are presented. 

2 CONTRIBUTION 

In our study, we are interested in the principles 

and mechanisms of two variants of the Genetic 

Algorithm. The first is the Memetic Algorithm 

proposed by Moscato (Moscato P., 1999), in which, 

the diversity parameter is the approach key. The  

second variant is the island model genetic 

algorithm, and is acting by decomposing a set of 

solutions into populations named islands and 

between which the solutions are interchanged 

(migration mechanism). The objective of our work 

is to take advantages of the two structures. The 

main idea is, therefore, to introduce diversity 

parameter inspired from the Memetic Algorithm 

into the Island Model of the Genetic Algorithm. In 
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the developed approach, named “Island Model 

Genetic Algorithm with Migration Management” 

and noted (IMGAMM), the diversity parameter is 

not used to control the diversity in the population 

but rather to control the migration mechanism 

between the different islands. To this fact, it is 

called “the migration management parameter”. 

Actually, an individual could migrate from an island 

to another only if it verifies the migration condition. 

The objective of this research is to improve the 

quality of the island model genetic algorithm by 

increasing the diversification degree in the different 

islands. This allows avoiding the premature 

convergence in the different islands and therefore in 

the whole population up of made the different 

islands, and offers more chance of obtaining good 

quality solutions. 

3 PROBLEM DESCRIPTION 

The classical Flow Shop Scheduling Problem 

(FSSP) consists of m machines in series, and a 

number of jobs (n), each job must be processed 

through the machines in a particular sequence. Jobs 

are denoted by ji where i=1,…, n and machines are 

denoted mj where j=1,…,m. A job j requires a 

processing time Pij previously defined and known. 

The following assumptions are considered: 

- Travelling time between consecutive 

machines is negligible; 

- Each machine can process only one job  at a 

time; 

- Processing times are known and their values 

are fixed; 

- For any two jobs, the second job cannot 

begin processing until the completion of the 

first job; 

- The makespan is defined as the completion 

time of the last job to leave the system. Its 

minimization permits to reduce the 

production time. 

For the problem under consideration, the 

objective is to find a sequence for processing all 

jobs on all machines so that its maximum 

completion time (makespan) is minimized. 

The following notations are needed to define the 

mathematical formulation of the problem: 

n: number of jobs 

m: number of machines 

Sij: starting time of job i in machine j 

Pij: processing time of job i in machine j 

Cij: completion time of job i in machine j 

Cmax: completion time of the last job in the last 

machine. 

The problem can now be formulated as: 

F=min{Cmax} 

Cmax=max{Cij} for all i=1, …, n ; j=1, …, m 

Cij=Sij+Pij for all i=1, …, n ; j=1, …, m 

 

Fig. 1 A Flow Shop system configuration 

 

In our study, we consider four sized classes of 

problems (20 jobs/20 machines, 20 jobs/30 

machines, 50 jobs/20 machines, 50 jobs/20 

machines). In each class of problems, we have five 

examples with different processing time generated 

in the range [0, 30]. 

4 THE GENETIC ALGORITHM 

ADAPTATION TO SOLVE THE 

FLOW SHOP SCHEDULING 

PROBLEM 

This section provides basic backgrounds on 

Genetic Algorithms. It briefly describes the 

principle of this kind of algorithm as well as the 

terminology associated with it. A detailed study is 

offered by Goldberg (Goldberg D. E., 1989).  

In the usual form of the genetic algorithm, it 

starts with an initial set of random solutions called 

“population”. Each individual in the population is 

named “chromosome” and it represents a potential 

problem solution at hand. The chromosome is a 

string of binary, real or other representation. The set 

of chromosomes evolves through successive 

iterations called generations. In each generation, the 

chromosomes are evaluated to create next 

generations using selection, crossover and mutation 

operators. 

The classical form of the genetic algorithm 

involves three operators: selection, crossover and 

mutation. 

Selection: Selects chromosomes (solutions) in 

the population for reproduction. 

Crossover: A crossover point is chosen to cut the 

chromosome into two subsequences that are 

exchanged between two chromosomes named 

“parents”. 

Mutation: The mutation operator flips randomly 

some genes in the considered chromosome. 

The solution encoding, crossover and mutations 

operators have to be explained before giving the 

developed IMGAMM 
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4.1 Solution Encoding 

In a FSSP, a feasible solution of the problem is a 

jobs sequence. For example, if there are 10 jobs to 

be processed (j1,j2, …, j10), an example of a feasible 

solution can be given by Fig 2. 

 

Fig. 2An example of solution encoding 

 

4.2 Crossover operator 

The crossover operator acts by choosing the 

crossover point in the selected chromosomes, 

keeping the left part of the first parent chromosome 

and looking in the second parent for the remaining 

genes to complete the new constructed solution, and 

doing the same strategy with the right part.  

An illustrative example is given in Fig 3. P1 and 

P2 are two selected chromosomes (named parents). 

A crossover of the two parents P1 and P2 can yield 

to new chromosomes (offsprings or children) C1 

and C2. 

The new resulting chromosome retains genes 

from the first parent and others from the second. 

.  

Fig. 3 Example of the crossover operator applied on 

two selected parents 

 

4.3 Mutation Operator 

Each chromosome will be mutated by carrying 

out a swap mutation, which is performed by 

randomly selecting a pair of jobs (genes) in the 

same chromosome in order to directly swap them. 

Fig 4 shows an example of the mutation operator 

used in our study. The selected genes J9 and J2 

exchange their places to obtain a new chromosome. 

 

Fig. 4 An example of the mutation operator 

 

5 THE ISLAND MODEL GENETIC 

ALGORITHM 

One of the most promising proposed 

mechanisms to improve the Genetic Algorithm 

performances is the use of parallel implementation 

of the algorithm. The parallelism of a genetic 

algorithm has to work not only on one population 

but on many populations at the same time. In our 

study, this is done by generating an initial 

population of size p, and then subdividing it into k 

subpopulations of the same sizes. During each 

iteration, parallel searches are carried out at the 

same time on all the subpopulations. In the last 

iteration, each subpopulation yields to a near-

optimal solution. Then, the minimum among all 

near-optimal given solutions is the best solution 

reached by the algorithm. This mechanism can 

improve both the solution quality and the simulation 

time in the sense that a large number of solutions is 

examined and consequently the search space is 

more covered.  

The efficiency of an Island Model Genetic 

Algorithm could strongly depend on the migration 

frequency, the destination of migrants, the number 

of islands and the capability of the algorithm to 

prevent premature convergence. 

 

Fig. 5An illustrative example of the Island Model 

Genetic Algorithm 
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6 THE ISLAND MODEL GENETIC 

ALGORITHM WITH MIGRATION 

MANAGEMENT 

The main strategy of any metaheuristic is to 

balance between exploration and exploitation when 

searching new solutions. The exploration tries to 

search solutions in new regions of the search space 

while the exploitation tries to examine the 

neighbours of solutions. 

In other terms, exploration works in the global 

area to cover more regions of the search space while 

exploitation works in the local areas trying to find 

best solutions. 

A good balance between exploration and 

exploitation help metaheuristics to avoid premature 

convergence.  

In the classical Genetic Algorithm, new 

solutions in the population are created by the 

crossover operator while the mutation operator 

allows a certain diversity of solutions. In the Island 

model, new solutions in each sub-population could 

be created by inserting solutions from others islands 

using the migration operator. This mechanism can 

maintain diversity in the population from generation 

to generation. In the basic Island Model, the 

migration takes into account the population size, the 

number of Islands and the migration ratio which 

determines the number of individuals to be 

migrated. 

The question here is which individuals could be 

migrated?   

The main idea behind the Island Model Genetic 

Algorithm is to control the insertion of individuals 

into islands, which leads us to condition the 

migration operation.  

Controlling diversity within Islands of our 

algorithm requires measuring the similarity between 

the individual to be injected into a given Island and 

all other individuals on that island. In other terms, 

an individual xk chosen randomly from an Island Ii 

may be added to another Island Ij only if it verifies 

the migration management condition: the distance 

of the individual at hand (xk) to all individuals of 

the Island Ij must be greater than or equal to the 

value of the migration management parameter δ. 

Otherwise, the individual xk is discarded and 

another individual is chosen randomly and will be 

examined by the same way. 

In Fig 6 and Fig 7, we consider two possible 

cases that might appear in the migration procedure. 

In the general case, if the migration management 

parameter δ is fixed at n, that means we must verify 

that the n first genes of the individual to be migrated 

must be different from the n first genes of all the 

individuals of the island in which the individual xk 

may be inserted. 

If the migration management parameter δ is 

supposed to be three then the first case is presented 

by  Fig 6, in which, the used Island is supposed to 

contain six individuals and the individual xk is 

supposed to be migrated from another island. 

 

 

 
 

Fig. 6An illustrative example of the migration 

management with non-satisfaction of the migration 

management condition 

 

 

 

A comparison between the three first genes in 

the individual xk and the three first genes of all the 

individuals in the Island given in Fig 6 shows that 

there is a similarity between the individual xk and 

the third individual in the island (this similarity 

appears in the second gene of the two individuals). 

This means that xk cannot be inserted in the new 

island Ij and that the individual xk will be discarded 

and another individual must be chosen to be 

migrated.  

The second case is illustrated by Fig 7 in which 

another individual xk is supposed to be chosen 

randomly and is compared to the six individuals 

from Island Ij. Remember that the migration 



ACADEMIC JOURNAL OF MANUFACTURING ENGINEERING, VOL.20, ISSUE 2 / 2022 

76 

management parameter δ is supposed to be equal to 

three. 

 
 

Fig. 7An illustrative example of the migration 

management operator with satisfaction of the 

migration management condition 

 

 

The illustrative example given in Fig 7 shows a 

case where the migration management condition is 

verified. In other words, by comparing the 3 first 

genes of the individual xk to migrate with the 3 first 

genes of all the individuals of the island Ij, no gene 

appears twice in the same position of two 

individuals. This means that the individual xk could 

be inserted in the considered Island.      

 

The different steps of the IMGAMM are 

described by Fig 8. 

 
 

Fig. 8 The different steps of the Island model Genetic 

algorithm with population management 

 

7 RESULTS 

In order to assess performances of the developed 

algorithm, a set of instances has been generated on 

the basis of a production system with several sizes 
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of the problem instance.  We considered the 

following cases: [20 job/20 machines], [30 job/20 

machines], [50 job/20 machines], [50 job/30 

machines]. Each instance contained 5 examples. 

Processing times were generated randomly in the 

range [0, 30].  

A number of experiments are carried out to show 

the performance of the IMGAMM compared to the 

classical Island Model Genetic Algorithm. Firstly, a 

sensitivity analysis was performed on the migration 

management parameter δ in order to measure the 

quality of this choice. Then, we simulated both the 

classical Island Model Genetic Algorithm and the 

new developed one using the same problem (the 

same population size, the same migration rate and 

the same number of Islands). 

 

7.1 Sensitivity analysis according to the 

migration management parameter 

 

The efficiency of a metaheuristic could strongly 

depend on the choice of its parameters. In our study, 

we focus specially on the migration management 

parameter δ.    

In this section, we conducted a number of 

simulations by varying the migration management 

parameter δ for a production system composed from 

20 machines and processing 20 jobs. Computational 

results are given in Table 1 

 

Table 1. Sensitivity analysis according to the 

migration management parameter (a production 

system with 20 machines and 20 jobs). 
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10 729 776 759 779 746 

12 760 780 770 780 772 

14 764 781 780 788 775 

16 770 782 786 788 776 

18 775 793 793 790 808 

 

Computational results given in Table 1 show the 

obtained values of the makespan for the different 

considered examples. Simulations are done for a 

population size equals to 160 individuals subdivided 

into 8 islands (Subpopulations), each island then 

comprises 20 individuals.  

The migration rate is fixed at 0.5; this means that 

the half of the population in the islands is supposed 

to be migrated. Results show that the best makespan 

values obtained by the IMGAMM are given for a 

migration management parameter equals to 10. This 

can be explained by the fact that more the solutions 

are not similar more the diversity in the search 

space is guaranteed. 

 

7.2 Comparison results between the 

IMGAMM and the Classical Island 

Model 

 

The computational results are given for different 

instances classes of the Flow Shop Scheduling 

Problem. For both algorithms, the number of islands 

is fixed to 8, the number of individuals in each 

island is 20 and the migration rate is equals to 0.5.  

For the IMGAMM, the migration management 

parameter δ is fixed at 10 when the number of jobs 

is equal to 20 and is fixed at 25 when the number of 

jobs is equal to 50. This means, the individual to be 

inserted in a given Island must have a maximum 

similarity which is half with respect to any given 

individual in this Island. The maximal distance, in 

this case, is equal to 50%. Computational results are 

given in Table 2. 

Table 2.  Comparison between obtained results of the 

IMGAMM and the Classical Island Model Genetic  

Algorithm 

 

E
x

a
m

p
le

 1
 

E
x

a
m

p
le

 2
 

E
x

a
m

p
le

 3
 

E
x

a
m

p
le

 4
 

E
x

a
m

p
le

 5
 

IM
G

A
 

2
0

 j
o

b
s 

2
0

 

m
ac

h
in

es
 

744 790 783 782 759 

2
0

 j
o

b
s 

3
0

 

m
ac

h
in

es
 

1016 1030 979 999 1030 



ACADEMIC JOURNAL OF MANUFACTURING ENGINEERING, VOL.20, ISSUE 2 / 2022 

78 

5
0

 j
o

b
s 

2
0

 

m
ac

h
in

es
 

1397 1435 1427 1398 1363 

5
0

 j
o

b
s 

3
0

 

m
ac

h
in

es
 

1700 1671 1674 1647 1698 

IM
G

A
M

M
 

2
0

 j
o

b
s 

2
0

 

m
ac

h
in

es
 

729 776 759 779 746 

2
0

 j
o

b
s 

3
0

 

m
ac

h
in

es
 

1001 1004 958 980 1017 

5
0

 j
o

b
s 

2
0

 

m
ac

h
in

es
 

1379 1421 1413 1383 1349 

5
0

 j
o

b
s 

3
0

 

m
ac

h
in

es
 

1673 1660 1654 1640 1680 

 

 

Table 2 shows a comparison between best results 

obtained by the Classical Island Model Genetic 

Algorithm and those obtained by the IMGAMM for 

the same problem instances and the same 

algorithms parameters. 

It is clearly seen that the minimum makespan is 

obtained by the proposed IMGAMM in the different 

examples. Therefore, we can say that, for the 

considered Flow Shop Scheduling Problem, the 

developed algorithm is more efficient and provides 

better results. 

 

8 DISCUSSION 

As already mentioned, the metaheuristic always 

tries to find the compromise between exploration 

and exploitation. In doing so, it maintains diversity 

and avoids premature convergence. In addition, 

with the aim of improving the performance of the 

research procedure, some metaheuristrics attempt to 

implement mechanisms that offer a better balance 

between intensification and diversification.  

The developed IMGAMM proposes to impose a 

given parameter δ to control the migration 

procedure in the algorithm. In other terms, migrated 

individuals must verify certain condition related to 

the migration procedure.  

A number of experiments and simulations are 

carried out on a set of examples generated on a 

production system with several size of the problem 

instance. 

Processing times were randomly generated in the 

range [0, 30].  

We have firstly performed a sensitivity analysis 

on the migration management parameter δ in order 

to evaluate this choice. Then we used both the 

classical Island Model Genetic Algorithm and the 

new developed one to solve our problem using the 

same population size, the same migration rate and 

the same number of Islands. 

Computational results given in the sensitivity 

analysis section show that the best obtained 

makespan values in the different considered 

examples are given for a migration management 

parameter equals to 10. This can be explained by 

the fact that more the solutions are not similar more 

the diversity in the search space (i.e; the considered 

Islands) is guaranteed. But, if the migration 

management parameter is very high, the solutions 

quality decreases.  

When computational results of the IMGAMM 

are compared to those of the classical Island Model, 

for the same instances, it is clearly seen that the 

developed algorithm performs better in terms of 

solutions quality. This can be explained by the 

introduced migration condition. In fact, if the 

individuals to be migrated are randomly chosen, the 

diversity within the new Island cannot be 

guaranteed. Contrariwise, if the individual is 

carefully chosen (using the similarity distance), the 

search space will benefit from more diversity. 

 

9 CONCLUDING REMARKS 

The complexity of NP-Hard optimization 

problems makes it impossible to search every 

possible solutions or combinations. The main idea 

of metaheuristics is to find good feasible solutions 

in an acceptable time scale. 

In this paper, a Flow Shop Scheduling Problem 

has been addressed with regards to the makespan 

minimization objective using a new Island Model 

Genetic Algorithm which uses the Migration 

Management procedure to control the diversity in 

the search space, chiefly in each Island of the 

algorithm. A set of instances has been generated for 
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a system considering different sized classes of 

problems on the basis of the number of jobs and the 

number of machines with five instances in each 

class.  

Obtained results show how the new developed 

IMGAMM leads to more effective outcomes, 

systematically in terms of quality of solutions, by 

controlling the search space. 

This work may be extended in many directions. 

In future research, we will attempt to improve the 

developed algorithm by using a local search within 

the different islands 
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