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Abstract 

Scheduling jobs on computational grids is identified as NP-hard problem due to the 

heterogeneity of resources; the resources belong to different administrative domains and 

apply different management policies. Genetic algorithm which is a metaheuristic search 

on the basis of the idea of the natural evolution of living organisms generate solutions in 

order to reach the best solution, using techniques inspired by nature, such as the 

selection, crossover and mutation. One of the most important processes in the genetic 

algorithm is the crossover process that combines two chromosomes (parents) to produce 

a new chromosome (offspring). The parents with the highest fitness functions are selected 

to participate in the process. The idea behind crossover is that the new chromosome will 

be better than both parents because it takes the best qualities of both of them. This paper 

proposed a new job scheduling mechanism based on increasing the crossover rate in 

genetic algorithm in order to reach the best solution faster to improve the functionality of 

the genetic algorithm. To evaluate the proposed mechanism this study conducted a 

simulation using GridSim simulator and different workloads. The results of the simulation 

process revealed that the increase in the exploitation process decrease the finish time. 

 

Keywords: Grid Computing, Job Scheduling, Genetic, Crossover, Exploitation 

 

1. Introduction 

Computational grid is a large scale distributed system consists of a huge number of 

heterogeneous resources belong to different virtual organizations. Scheduling jobs on 

such environments represents a great challenge and identified as  NP-hard problem [1, 2]. 

Therefore, heuristics and metaheuristics mechanisms have been applied to handle the job 

scheduling problem on computational grid[3]. However, these mechanisms are commonly 

able to find good but not necessarily efficient and optimal solutions for the job scheduling 

problem. Nature-inspired metaheuristics has demonstrated an excellent degree of 

effectiveness and efficiency for handling combinatorial optimization problems [4]. The 

remarkable rise in the size of the solution search space motivated researchers to employ 

nature-inspired metaheuristics mechanisms to solve computational grid scheduling 

problems.  

Grid scheduling involves three main phases: resource discovery, which generates a list 

of potential resources; information gathering about those resources and selection of a best 

set; and job execution, which includes file staging  and cleanup[5]. Scheduling schemes  

are centralized, hierarchical and decentralized scheduling schemes[6].Genetic Algorithm 

is an important mechanism used for job scheduling problem on grid computing. The 

genetic exploitation is essential process in genetic algorithm as it helps in merging 

existing solution to enhance the optimization process. Crossover employs exploitation of 

existing solutions and searching for good solutions in hand. This paper aims to increase 

exploitation process on genetic algorithm. Because, sometimes the early populations are 

so near from the best solution than the population created in the late iterations of the 

genetic process. 
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This paper contains five sections. Section two describe the related works, section three 

illustrates the proposed scheduling algorithm, section four simulation and results. We 

concluded in section five. 

 

2.   Related Works 

Natural metaheuristics such as hill climbing, genetic algorithm and particle 

swarm optimization are inspired by the natural phenomena to solve complex 

combinatorial real world problems. Hill Climbing (HC) is a local search 

optimization mechanism. It is an iterative technique that begins with a random 

solution in the search space, and then tries to discover optimized solutions by 

continuously   modifying a single element of the current solution. If  the 

modification generates  a better  candidate solution, the modification is considered, 

otherwise the modification is discarded [7].  Similar to the HC mechanism is Tabu 

Search (TS)  which can be defined as “a  strategy  for  solving combinatorial 

optimization  problems whose applications range from graph theory and matroid 

settings to general pure and mixed integer programming problems”[8]. Tabu Search 

has superiority over Hill Climbing as it has a memory facilitates in keeping on 

exploration even if the improving movement is absence. Moreover, the memory 

prevents the TS scheduling mechanism form trapping in local optimum that has 

been visited previously. However, TS uses single search path of solutions and not 

population search or tree search. In single search path techniques for each candidate 

solution in this path, the technique assesses a set of moves through the solution 

search space and chooses the best toward the next solution. 

The main challenge for optimization mechanisms is to increase the possibility of 

finding the global optimal solutions. Greedy optimization mechanism such as HC 

and TS strive to improve each single step; they can find the solution fast. However, 

greedy optimization mechanisms are often traps in local optimal solutions[9].  

Evolutionary optimization mechanisms, such as differential evolution and genetic 

algorithm have a limited range of movements; which reduces the likelihood of 

trapping in local or sub optimal solutions. However, they are slower in finding 

optimal solutions as a result of the complexity in managing the population 

movements[10].  TS, HC and GA are used to schedule jobs on computational grid; 

these metaheuristics scheduling mechanisms outperform the grid basic scheduling 

mechanisms in most cases[11, 12]. 

Swarm intelligence (SI) is a new class of nature inspired metaheuristics based on 

population optimizations. The population elements are particles that aim to f ind the 

global optimal candidate solution by communicating with other particles and with 

the environment. In SI such as particle swarm optimization (PSO), ant colony 

optimization (ACO) and firefly algorithm (FA) particles do not die, and rather they 

move throughout the search space themselves. PSO and ACO have been used as 

scheduling mechanisms to map the jobs to resources on computational grid in 

several researches [1, 13-15]. 

 

3.   Genetic Algorithm (GA) 

Genetic algorithm is a metaheuristics search method [16]. GA is used to find 

optimal solutions from among many solutions exists based on the genetic process of 

organisms[17]. Genetic algorithm is used to explore the search space and the 

exploitation of existing solutions in order to reach the best solution [18]. Search 

space contains all possible solutions for the problem under the study. GA generates 

optimal solutions using techniques inspired by nature, such as crossover and 

mutation. The genetic algorithm idea came from Darwin's theory of evolution and 

survival of the fittest [17]. The basic steps involved in Genetic Algorithm are: 

http://en.wikipedia.org/wiki/Local_search_%28optimization%29
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 Create initial population. 

 Evaluate the fitness of each individual of the initial population. 

 Selection: the process  of  choosing  two  chromosomes from  the  population 

 Crossover: mates two chromosomes to produce a new offspring. 

 Mutation: Take a single chromosome and a change in the genes. 

 Termination: Is a process to stop the work of the genetic algorithm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

               

 

 

                                                                    

 

 

 

 

 

 

Figure 1. Flowchart of Genetic Algorithm 

As shown in Figure 1 genetic algorithm begins by creating the initial population, 

which is a set of possible solutions to the problem and the creation of the initial 

population is done randomly. Each individual in the initial population is evaluated 

using a fitness function [19]. A difficult issue in using GA is often the attempt to 

find a suitable fitness function which calculates the fitness value, and expresses the 

problem as well as possible. Each point in the search space must be represented by a 

valid fitness value[20]. The selection is the choice of a subset of the chromosomes 

of the initial population according to their fitness and then two of them is chosen to 

produce the new generation and the selection process is first applied to the initial 

population. The selected Chromosomes are called parent. Crossover process applied 

to the parent and through which the exchange of genes parents to produce new 

individuals [10]. Individuals that are produced from the crossover process will be 

then sent to the mutation process take a single chromosome and change the genes 
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[9]. Then all the new individuals that have been produced by the processes of 

crossover and mutation are evaluated by fitness and individuals who have high 

fitness function of the population is transferred to the new population. This process 

continues until we reach the best solution. Individuals with high fitness have the 

greatest opportunity to be transferred to the new population. Near the best solution 

solutions are with fitness high unlike the solutions that are far from the best 

solution.  

Genetic algorithm (GA) is an optimization metaheuristic that imitates the process 

of natural evolution. GA generates a random initial population of feasible candidate 

solutions, that is a set of integer random numbers, and each solution represents a 

chromosome.  Each chromosome is a vector indexed with a number from 1 to NP, 

where NP is the population size.  After the initial population is generated, the 

population chromosomes are refined using crossover and mutation operations.  GA 

has a limited range of movements; and this reduces the likelihood of trapping in 

local optimum solutions. Nevertheless, they are slower in discovering optimum 

solutions as a result of the complexity in managing the population movements[10].  

Abraham et al in [21] presented a hybrid of   three   of   the   nature's mechanisms  

GA,  SA and TS for job scheduling on  computational grids.  The hybrid mechanism 

showed   a   better   convergence   and enhanced the search process of GA. A simple 

version of GA is utilized in [22] to find an optimal or suboptimal schedules for the 

grid job scheduling problem. A Hierarchical mechanism for scheduling jobs using 

Genetic Algorithms is proposed for computational grid to increase the scalability of 

the scheduling process[23]. In [24] a suboptimal optimization mechanism for  

scheduling job on computational grid based on genetic algorithm is developed. The 

Suboptimal mechanism is capable to converge in simple problems. However, in 

complex scheduling problems the mechanism cannot converges the search space. 

Two models, single service and multiple services, are presented by [25]to estimate 

the completion time for jobs on computational grid using GA.  To enhance GA 

further, an integration between job clustering using fuzzy  C-Mean and a scheduling 

mechanism using GA  is developed in [26]. To reduce the repetitions of the 

generations in GA, Delavar et al in [27] introduced a new scheduling mechanism to 

achieve a higher speed and to decrease the communication costs. To speeds  up  

convergence  and  to minimize  the search time, a rank based genetic scheduler is 

proposed by [28].  Furthermore, they utilized MCT schedule to initialize the 

algorithm.  
 

4.   The Proposed High Exploitation Genetic Algorithm 

Exploitation and exploration are the two main techniques that work to improve 

the evolutionary algorithms. As shown in Figure 2 exploitation process means the 

use of the already found solutions to discover new solutions. Exploitation is based 

on crossover in which the parents are merged to find a better offspring. 

Individuals with high fitness are selected for reproduction process while 

individuals have low fitness are ignored and not selected for reproduction process. 

The crossover process is often seen as a process of exploitative. Exploitation means 

the local search is intensifying searched in the vicinity of the best solution and 

focuses on individuals with high fitness within each region and thus leads to better 

solution. The main goal of the exploitation and exploration is to control the 

selection pressure. The main idea of the proposed mechanism is based on better use 

of existing solutions originally rather than creating new solutions to reach the best 

solution. This takes advantage of the time spent in the search for the best solution, 

rather than wasting time in the creation of new solutions so as to obtain the best 

solution in the shortest possible time. The increase  in the exploitation by increasing 

http://en.wikipedia.org/wiki/Heuristic


International Journal of Grid and Distributed Computing 

Vol. 9, No. 3 (2016) 

 

 

Copyright ⓒ 2016 SERSC  225 

crossover in a genetic algorithm in order to reach the best solution to this problem 

as soon as possible so as to improve the functioning of the genetic algorithm.  
 

 

Figure 2.  Exploitation in Genetic Algorithm 

 

5. Experimental Results  

To evaluate the proposed mechanism, this research has considered different 

size of workload traces ranging from lightweight loads containing only 1000 

jobs to heavy load contains 5000 jobs. Each experiment was repeated several 

times with different random seeds, and the averages finish times were 

calculated until the results were saturated. In our experience we have high 

exploitation by increasing crossover rates in genetic algorithm in each 

scenario.  

Table 1. Increasing Crossover when Number of Jobs = 1000 

250 200 150 100 50 Crossover 

4222 4236 4480 4800 4805 Time 

550 500 450 400 350 Crossover 

3848 3848 3848 3848 4095 Time 

 

 

Figure 3. Increasing Crossover when Number of Job = 1000 

As shown in Table 1 and Figure 3 that, increasing the exploitation process 

through increasing crossover rate enhanced the scheduler and decreased the 

finish time. 
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When crossover was 100 genes the finish time was 4800 and when the 

crossover increased to 250 the finish time decreased to 4222. Whenever 

crossover increased we obtain less finish time.  Except for an increase in 300 

the exploitation lead to an increase in finish time, this may happens because 

of random selection of the initial population. 

Table 2. Increasing Crossover when Number of Jobs = 5000 

300 250 200 150 100 50 Crossover 
667090 666954 666543 72695 687194 742800 Time 

 550 500 450 400 350 Crossover 
 597840 683590 683590 683590 683590 Time 

 

 

Figure 4. Increasing Crossover when Number of Job = 5000 

As shown in Table 2 and Figure 4 that increasing the exploitation process 

through increasing the crossover rate enhance the scheduler and decrease the 

finish time. When crossover was 150 genes the finish time was 726950 and 

when the crossover increased to 300 the finish time decrease to 667090. 

Whenever crossover increased we obtain a less time. The best increase of 

crossover is 550 which get the minimum possible time to reach the best 

solution. Less than 550 from 350 to 500 when we increase the crossover rate , 

the finish time is constant. However, from 50 to 200 when we increase the 

crossover rate the finish time is decreased. Except 250 and 300, when we 

increase the crossover time increased. 
 

6. Conclusion 

One of the most important issues in grid computing is scheduling which is an 

allocation of jobs on the available network resources in order to accomplish the 

tasks in the shortest possible time. It is one of the most difficult tasks in the grid 

computing. This paper proposed a new job scheduling mechanism for grid 

computing based on increasing exploitation (crossover) in the genetic algorithm in 

order to reach the best solution in the shortest possible time. This research 

developed a genetic algorithm with high exploitation for job scheduling on grid 

computing. The increase exploitation leads to reduce the finish time and thus lead to 

improved genetic algorithm work. In some cases increasing exploitation leads to an 

increase in time rather than a decrease. This is because the initial population is 

randomly generated. Sometimes the random generation of the initial population 
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creates a population that is so for from the best solution. These are the cases where 

increasing the exploitation rate fails to enhance the efficiency of the grid. Through 

the exploitation we can explore new areas in the search space that have not explored 

before. If genetic algorithm runs with minor exploitation process, some areas wil 

never be visited.  
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