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ABSTRACT 

Grid computing system includes a set of programs and resources that are distributed in grid 

machines. The heterogeneous and dynamic nature of the grid, as well as the differing demands of 

applications run on the grid, makes grid scheduling complicated, so the deterministic algorithms 

will not necessarily be efficient to solve these kinds of problems. Hence, various researches have 

focused on heuristic algorithms such as Genetic Algorithm (GA). The simplicity and parallel 

nature of genetic algorithm and also searching the problem environment in different ways leads 

to using it for resolving several optimization problems. But since genetic algorithm is an inherent 

algorithm which searches the problem space globally and does not have the efficiency required 

for local searching, combining it with local search algorithms can compensate for this 

shortcomings. In this research, it has proposed a hybrid scheduling algorithm for solving the 

independent task scheduling problem in grid which is composed of GA with Firefly algorithm 

considering factor of time. The results of simulation show that the proposed algorithm can 

decrease Makes pan of 10% as compared to the best processed method. 
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INTRODUCTION 

A computational grid is a large scale, 

heterogeneous collection of autonomous 

systems, geographically distributed and 

interconnected by heterogeneous networks 

(Singh and Sahu, 2014). Task scheduling 

problem in grid computing is a NP-complete 

problem (Izakian et al., 2009). Scheduler is 

used to manage the jobs and resources. 

Scheduler performs two main functions; First 

scheduler selects the appropriate 

computational resource for the job and then 

assigns the resource to the jobs (Sharma and 

Mittal, 2013). Generally, there are three 

methods for scheduling (Pooranian et al., 

2013): 

1. Manual scheduling. The user divides the 

tasks between different resources. 

2. Application-mode scheduling. Applications 

perform the scheduling, with each application 

defining the resources, such as MPI programs, 

required for its execution. A list of machines 

that have MPI programs is given to the user at 

runtime. 

3. Scheduling that is independent of 

applications, such as scheduling by a grid 

broker. This method is much more 

appropriate for grid scheduling. For task 

processing and task analysis, applications 

deliver their requirements to the broker, based 

on the quality of service required for 

Their tasks.The main objective of scheduling 

is to reduce the completion time of an 

application by properly allocating the jobs to 

the processors. The first phase of grid task 

scheduling is resource discovery, which 

generates a list of potential resources. The 

second phase includes gathering information 

about these resources and choosing the best 

set of resources matching the application’s 

requirements. In the third phase, the task is 

executed, which involves file staging and 

cleanup (Pooranian et al., 2013). Scheduling 

algorithms must be designed according to the 

current challenges in grid environment and 

they assign tasks to resource to decrease 

makespan which is generated. Because of the 

complex issues of scheduling tasks on the grid 

is deterministic algorithms work best for this 

offer. This research combines a genetic 

algorithm (GA) and the firefly algorithm 

(FA). GAs is weak for local searches and 

strong for global searches. Conversely, FA is 

a local search algorithm is therefore strong for 

local searches and weak for global searches. 

Combining the benefits of these two 

algorithms can solve the grid scheduling 

problem. This paper presents a static 

scheduling algorithm for scheduling 

independent tasks in a grid system. Static 

scheduling means that all necessary data 
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about tasks, resources, and the number of 

resources should be specified before 

execution. The advantage of static scheduling 

is that no overhead is exerted on the system. 

In addition to decreasing makespan, our 

proposed algorithm considers quality of 

service (QOS) to minimize the number of 

tasks that miss their deadlines. 

I. Related Researches 

In (Zhang and Zeng, 2013) the authors tried to 

optimize the convergence speed of a GA with 

two changing points in the standard GA. After 

executing the crossover action, if the fitness 

value of the produced population is less than 

the average fitness or the best individual of 

the population, secondary preferential 

hybridization or mutation is also used after 

the primary mutation action. 

Authors in (Cruz et al., 2010) proposed a 

hybrid genetic-annealing evolutionary 

algorithm for the independent task scheduling 

problem. The main purpose of this algorithm 

was to find the solution that minimizes the 

total runtime. GAs is weak for local searches, 

while simulated annealing (SA) is powerful 

for local searches. The authors combined 

these two methods to use both their abilities 

to search the problem space. The GA includes 

a stochastic population generator, an elitism 

selection operator, and mutations and 

crossovers with the help of SA. Based on the 

fitness function, the selection operator selects 

the best half of the chromosomes in the 

population, the crossover is performed, and 

new children are produced for the next 

generation. 

In (Gharooni fard et al., 2010) a GA is 

presented in which chaotic variables are used 

instead of random variables for chromosome 

production. This leads to a distribution of 

solutions over the entire search space and 

avoids local minima, so that the best solutions 

and productions are obtained in a shorter 

time. 

In (Pooranian et al., 2013) a combination of 

two genetic and gravitational emulation local 

searches (GELS) Algorithms has been 

proposed to solve the problem of independent 

task scheduling.  Since genetic algorithm 

works weakly in local searches, combining it 

with GELS Algorithm has improved this 

problem. In this algorithm, two factors 

including time and the number of missed 

tasks have been considered. On the other 

hand, GGA takes much time to analyze Tasks 

and if the tasks are increased enormously, it is 

unable to perform good results in task 

deadlines. 

Authors in (Yousif et al., 2011) proposed a 

novel metaheuristics method based on Firefly 

Algorithm (FA) for scheduling jobs on grid 

computing. The proposed method is to 
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dynamically create an optimal schedule to 

complete the jobs within minimum makespan. 

In (Zhang et al., 2008) a heuristic approach 

based on particle swarm optimization (PSO) 

algorithm is adapted to solving task 

scheduling problem in grid environment. 

Each particle is represented a possible 

solution, and the position vector is 

transformed from the continuous variable to 

the discrete variable. This approach aims to 

generate an optimal schedule so as to get the 

minimum completion time while completing 

the tasks. 

In (Pooranian et al., 2011) an optimized 

scheduling hybrid algorithm was presented 

named GPSO. GPSO is composed of both 

particle swarm optimization and GELS 

algorithms. Since PSO is weak on local 

search, GELS was used for improve it and 

avoid becoming trapped in a local optimum. 

GPSO is done independent Task scheduling 

to decrease Makespan and minimize the 

missed tasks.  

II.   Genetic Algorithm 

Genetic algorithms (GA) are search methods 

based on principles of natural selection and 

genetics (Holland, 1975). GAs encodes the 

decision variables of a search problem into 

finite-length strings of alphabets of certain 

cardinality. The strings which are candidate 

solutions to the search problem are referred to 

as chromosomes, the alphabets are referred to 

as genes and the values of genes are called 

alleles. A simple GA works as follows 

(Gharooni fard et al., 2010): 

1. Initialize the population. 

2. Calculate fitness for each individual in the 

population. 

3. Reproduce selected individuals to form a 

new population. 

4. Perform crossover and mutation on the 

population. 

5. Loop to step 2 until some condition is met. 

III.   Firefly Algorithm 

Firefly algorithm (FA) is a metaheuristic 

algorithm, inspired by the flashing behavior 

of fireflies (Yousif et al., 2011). Firefly 

optimization algorithm illustrated by (Yang, 

2010) can be described as follows: 

• The firefly x attracts all other fireflies and is 

attracted to all other fireflies. 

• The less bright firefly is attracted and moved 

to the brighter one. 

• The brightness decreases when the distance 

between fireflies is increased. 

• The brightest firefly moves randomly (no 

other fireflies can attract it). 

• The firefly particles are randomly 

distributed in the search space. 

IV. Scheduling Problem Description 

The scheduling problem for independent tasks 

is an NP-hard problem that consists of N tasks 
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and M machines. Each task should be 

considered to be processed by each of the M 

machines, so that the makespan is minimized. 

However, this only considers one of the QOS 

parameters, the time constraint and ignores 

the cost. Each task can be executed on only 

one resource and is not stopped before its 

execution is complete. Since our proposed 

scheduling algorithms are static, we assume 

that the expected execution time for each task 

i on each resource j have already been 

determined. According to equation (1), if a 

possible solution to the scheduling problem, 

task i is allocated to resource j, the string 

corresponding to element i, is equal j. 

jsolutioni  (1) 

Fitness function is calculated to equation (2). 

             (2) 

In equation (2), RunningTime[i,j] is equal to 

the time that task i is ended on resource j and 

is calculated to equation (3). The purpose of 

scheduling is that each task should be sent to 

each resource so that finally makespan is 

minimized. 

                  (3) 

In equation (3), JobCyclei parameter indicates 

the length (number of instructions) of task i 

and Processor Speedj, processor speed 

determines the resource j. The speed of each 

resource is expressed in the form of MIPS 

(Million Instructions per Second), and the 

length of each job in the number of 

instructions.In each iteration of the population 

update, the generated solutions are evaluated. 

Based on this assessment, fitness function 

given in equation (2) is calculated. 

V.    The Parameters of the Proposed 

Algorithms 

As the genetic algorithm is largely dependent 

on how the chromosomes, the proposed 

scheduling algorithms, a simple method has 

been used to represent chromosomes. That 

natural numbers is used to encode the 

chromosomes.In this algorithm, a solution to 

the problem is represented by a chromosome. 

Length of chromosomes is considered equal 

to size of the number of input independent 

tasks. The values inside the genes are random 

numbers between 1 to M. M is the resource 

numbers. Algorithm finished when the 

iteration time of the algorithm reaches its 

maximum. Figure.1 shows an example of the 

chromosome representation. For example, in 

the figure, task T3 executes on resource R1. 

A. Initial Population 

The first step in the proposed algorithms, 

initial solutions is generated. In these 

algorithms, the initial population is created 

randomly. That is produce a random number 

Cost = Min{Makespan = Max(RunningTime[i, j])}     1 i N  ,  1 j M   

i

j

JobCycle
RunningTime[i, j] =      1 i N  ,  1 j M

Processor Speed
   
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between 1 and M, to the task being considered 

executed on it. In other words, each task is 

randomly allocated to one of the resources.   

B. Selection Operator 

Before using mutation and crossover 

operators, it is the selection step. Here elitist 

operator has been used of chromosome 

selection. 

C. Crossover Operator 

The proposed algorithms are used to uniform 

crossover operator. In uniform crossover, a 

value of the first parent’s gene is assigned to 

the first offspring and the value of the second 

parent’s gene is to the second offspring. 

D. Mutation Operator 

The mutation operator preserves 

diversification the search. Two points on each 

chromosome is randomly selected and then 

changed to a random number between 1 and 

M. 

VI.     How to Use a Firefly Algorithm 

(FA) in Scheduling Problem 

One of the key issues in applying FA 

successfully to job scheduling is how to 

encode a schedule to a search solution, i.e. 

finding a suitable mapping between problem 

solution and firefly.In the proposed methods 

each firefly represents a candidate solution of 

the grid scheduling problem in a vector form, 

with n elements; where n is the number of 

jobs to be scheduled and each element is an 

integer value between 1 to M, that are 

produced randomly.Where M is the total 

number of resources. Firefly i specifies the 

resource to which the job number i is 

allocated. Figure 2 illustrates how 4 tasks are 

allocated to 4 resources. 

Thus, we should have M machine and N job, 

to convert continuous optimization problem to 

the discrete optimization problem. Round off 

the real optimum values to its nearest integer 

number. With this operation, a continuous 

optimization problem becomes a discrete 

optimization problem. After determining the 

fitness using the fitness function 

corresponding to each firefly, firefly i 

brightness rate of equation (4) is achieved. 

i

i
t

Brighness
cos

1
  (4) 

In the above equation, Costi denotes the 

fitness function for each firefly is calculated 

using equation (2) and Brighnessi, expresses 

brightness firefly i. To improve the 

convergence speed of the proposed algorithm, 

the algorithm compares the attractiveness of 

the new firefly position with old one. If the 

new position produces higher attractiveness 

value, the firefly is moved to the new 

position; otherwise the firefly will remain in 

the current position.Calculate the distance r 

between each two fireflies Xi and Xj based on 

the equation (5) (Yang, 2010). 
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In equation (5), Xi,k is the kth component of 

the spatial coordinate Xi of ith firefly. d 

parameter is total number of independent task 

input. The movement of a firefly i is attracted 

to another more attractive (brighter) firefly j is 

determined by equation (6) (Yang, 2010). 

,. ( ) .( 0.5)i j

i i j i
rX X X X rande


 


                                       

(6) 

Where the second term is due to the 

attraction.The third term is randomization 

with α being the randomization parameter; 

rand is a random number generator uniformly 

distributed in [0,1]. β is attractiveness rate of 

a firefly. The parameter η now characterizes 

the variation of the attractiveness, and its 

value is crucially important in determining the 

speed of the convergence and how FA 

algorithm behaves. 

VII. The Proposed Method (FA-GA) 

In the proposed algorithm, the genetic 

algorithm parameters (crossover and 

mutations) to improve the firefly algorithm 

are applied. In the proposed method, the 

original algorithm is an algorithm firefly. 

Firefly in a local search algorithm has good 

performance, but in global search does a poor 

job. However, the genetic algorithm has good 

performance of global searching. The use of 

genetic algorithm parameters in firefly 

algorithm, lead to poor performance firefly 

algorithm to solve the global search and quick 

convergence and finding the optimal solution 

is improved. Apply the crossover operator 

makes the solution space will be searched as 

well. Mutation operator is improved solutions. 

Also cause the optimal solution in iterative by 

using a local search algorithm to find a firefly. 

This process is repeated for each generation 

of the population. The flowchart of the 

proposed method, in Figure.3 is shown. 

VIII. The Proposed Method (GA-FA) 

In the proposed algorithm, the genetic 

algorithm as the basic algorithm is 

implemented in this way. After finishing the 

genetic algorithm, the best chromosome of the 

GA as the current solution is firefly 

algorithm. Finally, find the optimal solution 

by using an iterative local search by firefly 

algorithm. The flowchart of the proposed 

method, in Figure 4 is shown. 

IX. Experimental Results 

The FA-GA and GA-FA algorithms was 

implemented using matlab software running 

under the Win 7 operating system on a 

2.66GHZ CPU with 4GB RAM. In our 

proposed algorithm, we assumed that the 

crossover rate CR = 0.50 and the mutation 

rate MR = 0.01. Also we assumes that the 
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attractiveness rate β = 3 and absorption 

coefficient η = 0.001. The results of 

simulations comparing FA-GA and GA-FA 

with the FA and GA algorithms are shown in 

Figures 5 and 6. Here, we have tested our 

works on various tasks; Generations and 

different fitness function orderly. The 

diagram in Figure 5 shows a number of 

scheduled tasks between 1000 and 5000 

allocated to 20 resources using the 

comparison algorithms. As the figure shows, 

when the number of tasks increases, the 

makespan increases as well. The diagram 

shows that our proposed algorithm (FA-GA) 

produces a smaller makespan than the other 

algorithms. 

In Figure 6, the effect of heterogeneous task 

lengths on the algorithms is investigated. As 

the figure shows, when the heterogeneous of 

task lengths increases, the makespan increases 

as well. The diagram shows that our proposed 

algorithm (FA-GA) produces a smaller 

makespan than the other algorithms. 

 

 

 
Figure 1; Chromosome representation 

 

 

 
Figure 2: Fireflies representation. 
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Figure 3: FA-GA flowchart 
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Figure 4: GA-FA flowchart 
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Figure 5: Compares of makespans 

 

 
Figure 6: Makespan comparison of heterogeneity task lengths 

 

X. CONCLUSION 

This paper presented two algorithms for 

solving the grid task scheduling problem 

through a combination of a genetic algorithm 

(GA), which is a global search algorithm, and 

the firefly algorithm (FA), which searches 

locally. The algorithm aims at minimizing 

makespan. Firefly algorithm because it has 

features such as high convergence speed, 

being insensitive to the initial value, 

flexibility and fault tolerance, is one of the 

most heuristic ways. By combining the 

advantages of the firefly and genetic 

algorithms, both the convergence velocity and 

the GA identification of an optimal response 

are improved. The proposed algorithms were 
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compared to the other algorithms and the 

simulation conclusions showed that the FA-

GA produced less makespan comparing the 

other algorithms. 
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