
 

 

 

JOB SCHEDULING APPROACHES BASED ON FIREFLY ALGORITHM FOR 

COMPUTATIONAL GRID  

 

 

 

 

 

 

 

 

 

 

 

ADIL YOUSIF ABOALGASSIM ALFAKI  

 

 

 

 

 

 

 

 

 

 

 

UNIVERSITI TEKNOLOGI MALAYSIA 



 i 

 JOB SCHEDULING APPROACHES BASED ON FIREFLY ALGORITHM FOR 

COMPUTATIONAL GRID   

ADIL YOUSIF ABOALGASSIM ALFAKI 

A thesis submitted in fulfilment of the  

requirements for the award of the degree of  

Doctor of Philosophy (Computer Science) 

Faculty of Computing  

Universiti Teknologi Malaysia 

APRIL 2013 

 



iii 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

To my late father Yousif Aboalgassim. May Allah SWT be pleased with him and 

grant him Al Jannah (Ameen) 

 

 

 

 

 

 

 

 



iv 

 

ACKNOWLEDGMENTS 

First and foremost, I would like to express my deepest gratitude to ALLAH 

(SWT), who guided, helped and made my life meaningful even outside the confines 

of this PhD candidature.  

I would like to thank my supervisor Professor Dr. Abdul Hanan Abdullah for 

his support and guidance throughout my research study. He has been incredibly wise, 

helpful, understanding, and generous. Also my sincere thanks to my co-supervisor 

Associate Professor Dr. Sulaiman Mohd Nor, who was always there for me, 

returning chapters drafts with insightful comments and great helps. I would like to 

thank him for his patience and personal kindness. 

I am grateful to Universiti Teknologi Malaysia for the IDF financial support 

during my study. I am also thankful to all the staff at Universiti Teknologi Malaysia 

for their support and help. I would also like to thank University of Kassala, Sudan. 

I must express my sincerest and heartiest thanks to my mother for her 

continuous support and believing in whatever I do. Without her Duaa, love and 

supports, I would never be able to finish this thesis. Also, I would like to thank all 

the members of my family, friends and relatives for their constant love and help that 

moves me towards my goals. 

I deeply thank my wife. Her support and understanding have helped me to 

overcome the most difficult period, encouraging me to forget the bad things and 

giving me a new hope whenever I was down.  



v 

 

ABSTRACT 

Computational Grid emerged to satisfy the rising demand for bandwidth, 

storage, and computational resources. Job Scheduling on computational grids is 

identified as NP-hard problem due to the heterogeneity of grid resources. Numerous 

researches have applied metaheuristics to find polynomial times for the job 

scheduling problem. These metaheuristics generated good but not optimal schedules. 

The current metaheuristics suffer from several limitations that cause long makespan 

time and flowtime. The aim of this research is to design and implement grid job 

scheduling approaches to map clients’ jobs to the available resources in order to 

finish the submitted jobs within the optimal makespan time and flowtime. This 

research presents novel static, hybrid static and dynamic metaheuristics approaches 

based on Firefly Algorithm for grid job scheduling. Based on the review of the 

available literature, Firefly Algorithm has yet to be applied in the job scheduling on 

computational grid. Experiments using simulations and real workload traces were 

conducted to study the performance of the proposed scheduling approaches. 

Empirical results revealed that the proposed scheduling approaches outperform other 

scheduling approaches in the case of typical and heavy workloads in terms of both 

makespan time and flowtime. The average improvement ratios achieved by the static, 

hybrid static and dynamic scheduling approaches over Genetic Algorithm in the case 

of makespan time were 23%, 32% and 28% respectively for typical workloads, and 

51%, 59% and 42% for heavy workloads. In the case of flowtime, the average 

improvement ratios were 62%, 81 % and 21% respectively for typical workloads, 

and 40%, 58% and 57% for heavy workloads. 

 



vi 

 

ABSTRAK 

Pengkomputeran Grid muncul bagi memenuhi keperluan jalurlebar, storan 

dan juga sumber pengkomputeran. Penjadualan kerja bagi pengkomputeran grid 

dikenalpasti sebagai masalah rumit NP disebabkan kepelbagaian sumber grid. 

Penyelidikan banyak menumpu mencari anggaran metaheuristik masa polinomial 

bagi mekanisma penjadualan. Metaheuristik sebegini secara mampu menjana nilai 

baik, namun tidak menghasilkan jadual yang optima. Metaheuristik masakini 

mempunyai beberapa kelemahan yang menyebabkan masa makespan dan flowtime 

yang panjang. Tujuan penyelidikan ini adalah merekabentuk dan melaksana 

pendekatan penjadualan kerja grid yang mampu memeta kerja pelanggan kepada 

sumber yang ada agar kerja tersebut boleh disiap dalam tempoh optima mengikut 

masa makespan dan flowtime. Penyelidikan ini membentangkan pendekatan 

metaheuristik statik, statik hibrid dan dinamik berasaskan Algoritma Kelip-Kelip 

bagi penjadualan kerja grid. Berdasarkan kajian literatur yang ada, Algoritma Kelip-

Kelip masih belum lagi diaplikasi dalam penjadualan kerja grid. Ujikaji secara 

simulasi mengguna sampel sebenar beban kerja dibuat bagi mengkaji prestasi 

pendekatan penjadualan yang dicadangkan. Keputusan empirikal menunjukkan 

pendekatan penjadualan yang dicadangkan mempunyai makespan dan flowtime yang 

lebih baik berbanding pendekatan penjadualan yang lain bagi bebankerja lazim dan 

berat. Nisbah pembaikan purata bagi masa makespan diperolehi melalui pendekatan 

penjadualan statik, statik hybrid dan dinamik dibanding dengan kaedah Algoritma 

Genetik adalah 23%, 32% dan 28% bagi beban kerja lazim dan 51%, 59% dan 42% 

bagi beban kerja berat. Bagi flowtime, nisbah pembaikan purata adalah 62%, 81 % 

dan 21% bagi beban kerja lazim dan 40%, 58% dan 57% bagi beban kerja berat. 
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CHAPTER 1 

INTRODUCTION 

1.1  Introduction 

This chapter introduces the context of the work explored in this thesis. It puts 

forward the fundamental motivations behind studying job scheduling on 

computational grid and the utilization of swarm intelligence techniques to tackle the 

scheduling problem. This is followed by a brief background of the problem, the 

problem statement and its research questions. Then, this chapter presents the 

objectives, the significance, the contributions and the scope of the research. The final 

section shows the outlines of the structure of this thesis.  

1.2  Research Motivation 

The demand for high computational power has grown faster than the increase 

in hardware capability of processing. Moreover the existing computer power cannot 

fulfill the rising number of intensive database systems that need special and 

expensive devices in order to be handled (Foster and Kesselman, 2004; Liu et al., 

2010). The result is an ever-increasing shortage of computational resources, as the 

individual computers separately are less and less able to satisfy these needs.  To turn 

the tide we must look for techniques that result in significant computational gains. 
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Grid technologies emerged in the middle of 1990s to satisfy the rising demand for 

bandwidth, storage, and computational resources (Foster et al., 2001). 

Grid technologies contributed in solving several computational problems 

such as exploiting underutilized resources by executing local jobs on remote 

machines (De Roure et al., 2003). Moreover, grid technologies allow the 

implementation of parallel CPU capacity by dividing the applications into small parts 

and sending these parts to a number of parallel CPUs and hence the tasks could 

complete in a shorter time. Furthermore, grid computing allows access to additional 

resources and software rather than just the resources and software available in the 

user organization. This additional software and hardware access has a great impact 

since it supports the user with expensive hardware and licensed software  (Ferreira et 

al., 2003). 

Computational grid is a large scale distributed system consisting of a huge 

number of heterogeneous resources that belong to different administrative domains. 

Scheduling jobs in such environments represents a great challenge (Izakian et al., 

2009; Liu et al., 2010). Therefore, heuristics and metaheuristics mechanisms have 

been applied to handle the job scheduling problem on computational grid. However, 

metaheuristics are commonly able to find good but not necessarily efficient and 

optimal solutions for the job scheduling problem. Nonetheless, nature-inspired 

metaheuristics has demonstrated an excellent degree of effectiveness and efficiency 

for handling combinatorial optimization problems (Zang et al., 2010). The 

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

employ swarm intelligence (SI) mechanisms to solve computational grid scheduling 

problem. The aim of this research is to design and implement grid job scheduling 

mechanisms based on a newly introduced SI optimization mechanism to map the 

clients’ jobs to the available resources in order to finish the submitted jobs within 

minimum makespan and flowtime. This research presents novel static and dynamic 

optimization scheduling mechanisms based on Firefly Algorithm (FA) for scheduling 

jobs on grid computing. 
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1.3  Problem Background 

Resource management in grid systems represents a great challenge due to the 

heterogeneity of resources in grid environments. In addition, grid resources belong to 

diverse administrative domains and apply different management policies. Resource 

Management systems do not focus on the basic functionalities of the resources 

provided to clients,  rather they focus on the way these functionalities are achieved 

and controlled (De Roure et al., 2003; Foster and Kesselman, 2004). For instance, if 

there is a computational resource, the resource management system is not concerned 

with the primary functions of the computation process, rather it focuses on the 

management of these computation functions, such as when they start computing, how 

long is the duration of the computing processes and when they terminate. One of the 

main issues in resource management is the process of scheduling jobs to the 

appropriate resources so that the jobs finish in an acceptable time and the resources 

are utilized effectively.  

To handle the job scheduling problem on computational grid, heuristics and 

metaheuristics are employed as scheduling mechanisms. Heuristics and 

metaheuristics are commonly able to find good but not necessarily efficient and 

optimal solutions for the job scheduling problem.  The remarkable rise in the size of 

the solution search space motivated researchers to employ nature-inspired 

metaheuristics to solve computational grid scheduling problems. Nature-inspired 

metaheuristics have demonstrated an excellent degree of effectiveness and efficiency 

for handling combinatorial optimization problems (Zang et al., 2010).  

The scheduling mechanism or approach consists of three main elements, the 

scheduling policies, the fitness functions and the scheduling algorithm (Yahyapour, 

2002). Generally, the scheduling policy is a set of rules that manage the process of 

resource allocation for the received jobs. The fitness function is used to evaluate, 

rank and find out the quality of schedule. The scheduling algorithm is responsible for 

generating valid schedules for the submitted jobs on the available resources. This 

thesis will use the words mechanism and approach interchangeably. 
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1.3.1 Job Scheduling On Computational Grid 

Grid resources belong to different administrative domains and apply different 

management policies. Each grid resource needs to register at the grid information 

service (GIS).  Figure 1.1 illustrates the process of resource management and 

scheduling in grid computing. The main roles of the grid resource broker are 

discovering available grid resources and scheduling jobs submitted from grid clients 

to the available resources. The process of resource allocation starts when the grid 

clients submit their jobs to the broker. The broker starts the process of discovering 

the available resources by communicating with GIS. After the discovery of available 

resources that fulfill the lowest permitted level of the requirements, the broker starts 

the scheduling process using scheduling mechanisms to map the submitted jobs to 

the available resources. When scheduling process is completed the broker allocates 

the submitted jobs to the selected resources.  

 

 

 

 

 

 

 

 

 

Figure 1.1:  Grid Resource Management 

Many applications are switching to computational grid to satisfy their needs 

for high computational power and large data storage. Using grid resources can 
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provide applications with many advantages.  Nevertheless, this is feasible only if 

jobs are scheduled effectively. However, scheduling jobs on such environments 

represents a great challenge and identified as NP-hard problem of O(m�) complexity 

(Izakian et al., 2009; Liu et al., 2010). This implies that running time complexity is 

exponential to the input size. Therefore, researches are focused on finding 

polynomial time estimation heuristics for this problem that is fast methods which can 

build schedules with fitness values near to the optimum values. 

There are some features of grid systems that make the job scheduling 

problem a great challenge. Computational grid has a dynamic structure that is always 

changing. Resources can leave and join the grid in a dynamic manner. This is 

because of some resources or connections failure, some users may turn off their 

computers and some new resources may join the grid. The management of resources 

belong to different domains with different policies represents one of the greatest 

difficulties in grid systems. In addition to the dynamic structure of grid systems, the 

grid resources are heterogeneous and they may vary in the computational speeds, the 

resource architectures and the operating systems. Furthermore, grid systems consist 

of resources belonging to different organizations connected via heterogeneous 

network connections. Dealing with resources with very disparate interconnections 

network represent additional difficulty to the resource management process. As the 

computation grid is a coordinated resources sharing from different organization, the 

existence of local management polices and local schedulers require additional efforts 

from the global resource managers. Moreover, the jobs submitted to the grid systems 

are heterogeneous in the length of job and the processing requirements including the 

operating system and software needed for job execution (Xhafa and Abraham, 2010).  

Added to that, computational grid is a large scale distributed systems 

containing huge number of resources. Therefore, management and scheduling 

mechanisms for grid resources need to handle the scalability and security issues of 

the grid resources. 
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Generally, job scheduling process on computational is classified into two 

mapping types, static and dynamic scheduling. The online mode and the batch mode 

are the two modes of the dynamic scheduling. 

1.3.1.1 Static Job Scheduling 

In static mapping, information regarding all resources as well as the submitted 

jobs is supposed to be available prior to the start of scheduling process and  hence, 

the scheduling process is done at the compile time (Dong and Akl, 2006).  On the 

other hand, for dynamic mapping, the grid broker performs the job scheduling 

process during the application execution.  Therefore, the scheduling process is done 

at the real time (Magoules, 2009).  

In static scheduling all users submit their jobs to the broker. The broker 

receives the jobs submitted by users in one list to be scheduled.  Larger size of list of 

jobs to be scheduled results in better schedule.  However, so large size of list of jobs 

to be scheduled makes some resources to become idle before the broker completes 

the scheduling process. Hence, static scheduling mechanisms need to balance 

between obtaining efficient schedule by using long list of jobs and not wasting the 

resources by finishing the scheduling process before resources become idle. After the 

scheduling process is completed, the broker assigns the jobs to resources statically 

based on the obtained schedule. The core feature of static scheduling is that, the 

mapping between jobs and resources is done statically. That is, once the schedule is 

determined, it remains permanent without change. Static scheduling avoids the 

overhead caused by the rescheduling process in dynamic scheduling as in the 

rescheduling process the job is rescheduled and moved from one resource to another 

more than one time (Dong and Akl, 2006; Xhafa and Abraham, 2010). 
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1.3.1.2 Dynamic Job Scheduling 

Grid environments are considered as dynamic environments since at any time 

new resources may join and leave the grid system. Furthermore, some existing 

resources may become unavailable due to network failure or any other reasons 

(Khan, 2012; Lorpunmanee et al., 2008).  The performance of the grid resource 

changes overtime due to the competition among a lot of elements which share the 

grid resource. A good scheduler should handle the dynamic issues of grid 

environments. For instance, if a grid resource becomes unavailable or extremely 

busy, the scheduler should perform rescheduling process to provide the reliability of 

the system. Static scheduling is not able to offer acceptable system performance in 

the case of continuously changing systems, as it assumes that the initial jobs 

schedules are still optimum after system changes (Dong and Akl, 2006; Xhafa and 

Abraham, 2010). 

In dynamic mapping, the grid broker performs the job scheduling process 

during the application execution.  Therefore, the scheduling process is done at the 

run time. The dynamic scheduling mechanisms use either online mode or batch 

mode. In the online mode, jobs are scheduled to resources as soon as they arrive at 

grid broker (Dong and Akl, 2006; Xhafa and Abraham, 2010). However, in batch 

mode the jobs are not assigned to resources as they arrive at the grid broker, rather 

they are gathered into a group that is examined for job allocation at prescheduled 

times called allocation events (Magoules, 2009).  

1.3.2 Heuristics and Metaheuristics for Grid Job Scheduling Problem 

Heuristics are mechanisms for deciding which set of actions promises to be 

the most efficient to achieve certain objectives. Heuristics do not necessarily 

guarantee to recognize the most efficient solution. However, generally the solutions 

they find are considered to be sufficient.  
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Several heuristics mechanisms have been applied to handle the job 

scheduling problem on computational grid. In First-Come-First-Serve (FCFS) 

heuristic, the grid broker allocates the jobs in the order of their submission times or 

arrival times. If there are no available resources or the available resources cannot 

handle the current job, the grid scheduler waits until the job can be started and the 

other jobs in the queue are delayed by the scheduler. This scheduling mechanism 

provides some sort of fairness. However, it may lead to poor scheduling in the case 

of a job with high resource requirement being submitted to the grid scheduler. This 

can result in unnecessary loss of time for some resources (A.Iosup et al., 2006; Di 

Martino and Mililotti, 2004). Another scheduling heuristic is Backfilling an 

enhanced version of the FCFS mechanism that attempts to avoid the unnecessary loss 

of time for some resources. In this scheduling mechanism, if a job with high resource 

requirements is waiting for execution, other jobs can be scheduled and executed 

under the condition that the waiting long job is not delayed (Di Martino and Mililotti, 

2004). Random grid job scheduling heuristic is a non-deterministic job scheduling 

mechanism in which the next job to be executed is chosen randomly among all the 

jobs in the waiting queue. No job has preferences; however, the earlier arrived jobs 

have a higher probability of being executed (Braun et al., 2001). 

Metaheuristics are set of algorithmic notions that can be employed to describe 

heuristics mechanisms appropriate to a broad set of different problems. 

Metaheuristics can be defined as a general-purpose heuristic mechanism intended to 

direct an underlying problem-specific heuristic toward promising area of good 

solutions in the solution search space. In other words, metaheuristics can be defined 

as a heuristic for the heuristics (Dorigo and Stützle, 2004). The main challenge for 

optimization mechanisms is to increase the possibility of finding global optimal 

solutions. Greedy optimization mechanism such as Hill Climbing (HC) and Tabu 

Search (TS) strive to improve each single step. Greedy methods can find the solution 

fast. However, greedy optimization mechanisms are often trapped in local optimal 

solutions (Abraham et al., 2000). HC is a local search optimization mechanism. HC 

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 
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solution, the modification is considered, otherwise the modification is discarded. HC 

is a local search mechanism which is suitable for finding local optimal solutions and 

so it is not appropriate in searching for global optimization. Besides, HC 

optimization mechanism suffers from the plateau problem when the solution search 

space is flat. In that situation, HC is not capable of finding out which way it should 

go, or it may choose directions that never lead to the optimal solution. Similar to HC 

mechanism is TS which is a metaheuristic local search mechanism that can be used 

for handling optimization problems (Brucker, 2007). TS has been applied to handle 

job scheduling on computational grid (Abraham et al., 2000). TS has superiority over 

HC as it has a memory. This memory helps in keeping on with the exploration even 

if the improving movement is absent. Moreover, the memory prevents the TS 

scheduling mechanism from getting trapped in a local optimum that has been visited 

previously. However, TS uses a single search path of solutions and not population 

search or tree search. In the single search path technique, a set of moves throughout 

the solution search space are assessed to choose the best candidate solution.  

Evolutionary Algorithm (EA) mechanisms, such as Differential Evolution 

(DE) generate a random initial population of chromosomes. Each chromosome 

represents a valid solution. After the initial population is generated, the population 

chromosomes are refined using crossover and mutation operations.  

EAs 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 (Li et al., 2007). GA and DE are used to schedule the jobs on the 

computational grid (De Falco et al., 2007; Di Martino and Mililotti, 2002; S. Selvi et 

al., 2011). Evolutionary metaheuristics scheduling mechanisms outperform the grid 

basic scheduling mechanisms in most cases (Entezari-Maleki and Movaghar, 2011; 

Izakian et al., 2010). Evolutionary algorithms such GA and DE in some cases are 

trapped in local optimal and cannot evolve any more. This is because the population 

diversity is becoming low after some number of iterations so there is no diversity 

between the population chromosomes which make the crossover and mutation 

operations are not able to generate improved chromosomes(Kang et al., 2008). To 
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tackle this problem, GA applies a limited range of movements, which decreases the 

possibility of trapping in sub optimal. However, this makes GA to be slower in 

finding optimal solutions. Furthermore, evolutionary algorithms may have a memory 

to store previous status. This memory may help in minimizing the number of 

individuals close to positions in candidate solutions that have been visited before. 

However, this may also decrease the search space from convergence since successive 

generations may die out. The limitations of GA and DE affected the performance of 

the job scheduling problem on computational grid as GA and DE produced long 

makespan and flowtime compared to other mechanisms (Abraham et al., 2006; Chen 

et al., 2006; Kang et al., 2008; Liu et al., 2010; Zhang et al., 2006).  

Swarm Intelligence (SI) is a new class of nature-inspired metaheuristics 

based on population optimizations. The population elements are particles that aim to 

find the global optimal candidate solution by communicating with other particles and 

with the environment. In SI such as PSO and ACO, particles do not die; 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 

research (Abraham et al., 2006; Dorigo and Stützle, 2004; Liu et al., 2010). 

ACO has been applied as an optimization mechanism for scheduling jobs on 

computational grid (Basu and Mahanti, 2011; Xu et al., 2003; Yan et al., 2005). ACO 

is an optimization method inspired by the real ants in discovering the shortest path 

from source to destination. Real ants move randomly searching for food and return 

back to the nest while dropping pheromone on the path to identify their chosen path 

to encourage other ants to use (Zang et al., 2010). If other ants use the same path, 

they will deposit more pheromone and if the path is no longer been used, the 

pheromone will start to evaporate. The ants always choose the path that has higher 

pheromone concentration, and then they give feedback by depositing their own 

pheromone to make other ants use the path.  

In view of the fact that the pheromone evaporates over time, the longer the 

path from source to destination, the faster the pheromone decreases its concentration. 
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The movement probability from the position i to the position j p��
	 is determined by 

equation (1.2). 
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where η�� is heuristic information for ant k to choose position j from position i, τ��the 

pheromone rate in the path ij. Equation (1.2) considers the exploitation of previous 

and gathered data through the pheromone value and the exploration of new paths 

through the heuristics information. The value of α and β are between 1 and 0. If α = 

0, then the path selection decision is then based only on the heuristics information 

(exploration only). However, if β=0, then the selection decision will depend only on 

the pheromone trail (exploitation only). In ACO, although solution search space 

convergence is guaranteed, however, the time to convergence is uncertain (V. Selvi 

and Umarani, 2010). Generally due to the limitations of the ACO, scheduling jobs on 

computational grid using ACO produces good but not optimal schedules in term of 

makespan time and flowtimes (Hu and Gong, 2009; MadadyarAdeh and 

Bagherzadeh, 2011; Meihong et al., 2010). 

Particle Swarm Optimization (PSO) is one of the swarm intelligence(SI) 

optimization methods, inspired by social behavior of swarms such as bird flocking or 

fish schooling (Zhang et al., 2008). Several works have been done to optimize job 

scheduling on computational grid using PSO (Chen et al., 2006; Izakian et al., 2009; 

Kang et al., 2008; Liu et al., 2010). In PSO, particles never die. Particles are 

considered as simple agents that move and interact throughout the search space and 

record the best solution that they have visited. PSO technique is an adaptive 

optimization method (Liu et al., 2010; Zhang et al., 2008).  In particle swarm 

optimization, each particle represents a feasible solution in the search space which is 

a valid schedule of the client’s submitted jobs to the available resources. Each 

particle in PSO has a position vector and velocity. After comparing the fitness of 

each schedule, the particles move based on their local knowledge which is 
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represented by the particle knowledge and global knowledge which is the knowledge 

that the particles gain from the swarm. 

PSO has a number of disadvantages, for example, PSO slow its convergence 

speed when it is near the optimal solution. This is because PSO applies the linearly 

decreasing of inertia weights. Applying the linearly decreasing inertia weights affects 

the search capabilities at the end of run even if the global search capacity is needed 

to escape from local optimum in some cases (Shi and Eberhart, 1999). Furthermore, 

PSO suffer suffers from the partial optimism. This problem affects the PSO speeds  

and  directions (Dian et al., 2011). The disadvantages characteristics of PSO affected 

the  performance of PSO in the process of scheduling jobs on computational grid as 

the standard PSO produces acceptable but not optimal schedules in terms of 

makespan and makespan times (Izakian et al., 2009; Kang et al., 2008; S. Selvi et al., 

2011). 

1.3.3 Minimum Completion Time for Job Scheduling 

Minimum Completion Time (MCT) scheduling algorithm assigns each job to 

the resource with the expected minimum completion time for that job (R. F. Freund 

et al. 1998). The completion time of a job is calculated by adding the expected time 

to execute the job to the current resource schedule length. MCT is considered as a 

successful heuristic as it considers execution times and resource loads (Ritchie and 

Levine 2004).MCT may result in mapping jobs to resources that do not have the 

shortest execution time for jobs. The advantages of   MCT is to combine the benefits 

of OLB and MET scheduling mechanisms, at the same time it avoids the situations in 

which OLB and MET execute poorly (Braun et al. 2001). 

 



13 
 

1.3.4 Firefly Algorithm (FA) 

Firefly algorithm (FA) is a metaheuristic algorithm, inspired by the flashing 

behavior of fireflies (Yang, 2008). The Firefly Algorithm (FA) is a population-based 

technique to find the global optimal solution based on swarm intelligence, 

investigating the foraging behavior of fireflies (Senthilnath et al., 2011). The main 

function of the firefly's flash is to operate as a signal method to attract other fireflies. 

The flashing signal by fireflies is to attract mating partners and preys and share food 

with others (Senthilnath et al., 2011; Yang, 2009, 2010). Firefly Algorithm generates 

random initial population of feasible candidate solutions. All fireflies of the 

population are handled in the solution search space with the aim that knowledge is 

collectively shared among fireflies to guide the search to the best location in the 

search space. Each particle in the population is a firefly that moves in the multi-

dimensional search space with an attractiveness that is dynamically updated based on 

the knowledge of the firefly and its neighbors. 

Firefly Algorithm has introduced by Yang (2008), and it has been utilized in several 

fields as an optimization methods and the firefly utilization shows promosing results. 

In the work by Yang (2009), Firefly Algorithm for mulitmodal optimization was 

formulated. To handle the continuous constraint optimization a new method based on 

firefly algorithm was introduced by Łukasik and Żak (2009). Flow shop scheduling 

problem is considered as NP hard problem. A discrete Firefly Algorithm was 

developed to minimize the makespan time for flow shop scheduling problem (Sayadi 

et al., 2010). The introduced firefly algorithm for shop scheduling outperformed 

ACO optimization mechanism.  

The previous work in FA indicates that FA has proven to be a good 

metaheuristics search technique on optimization problems (Apostolopoulos and 

Vlachos, 2010; Aungkulanon et al., 2011; Chai-ead et al., 2011; dos Santos Coelho et 

al., 2011; Farahani et al.; Gandomi et al., 2011; Hönig, 2010; Horng and Liou, 2011; 

JEKLENE, 2011; Łukasik and Żak, 2009; Sayadi et al., 2010; Senthilnath et al., 

2011; Tilahun and Ong, 2013). The results in these works showed that FA is 
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promising method that can be used to optimize scheduling jobs problem on 

computational grid. 

1.4  Problem Statement 

Due to the characteristics of grid systems, scheduling jobs on computational 

grid is a challenging problem with exponential running time to the input size.  The 

discussion in the problem background has shown that several heuristics and 

metaheuristics mechanisms have been introduced to handle the scheduling problem. 

However, these mechanisms have some limitations that need to be tackled.  

The basic scheduling heuristics such as Minimum Execution Time (MET, and 

First Come First Serve (FCFS) choose the best solution based on single criterion, 

without taking into account the decision effects on the coming steps. For example, 

the motivation behind MET is to give each job its best resource. This can cause a 

severe load imbalance across resources. Likewise, FCFS heuristic may lead to poor 

scheduling in the case of a job with high resource requirement being submitted to the 

grid scheduler, which can result in unnecessary loss of time for some resources.   

The greedy algorithms such as Tabu Search (TS) and Hill Climbing (HC) use 

a single search path of solutions and not population search or tree search. This 

limitation makes TS and HC suitable for scheduling problem with lightweight 

workload trace in which the search space is not so huge and TS may find the optimal 

solution easily and hence get good makespan and flowtimes. However, in heavy 

workload it is difficult for the single path mechanism such as TS to find the optimum 

solution. Moreover, single path search suffer from plateau and solution search space 

diversity problems. Due to these limitations TS and HC produce long makespan and 

flowtimes in the case of heavy load systems. 
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Evolutionary algorithms such GA and DE in some cases become trapped in 

local optimal and cannot evolve any more. This is because the population diversity is 

becoming low after some number of iterations so there is no diversity between the 

population chromosomes which make the crossover and mutation operations are not 

able to generate improved chromosomes (Kang et al., 2008). Furthermore, EAs are 

slower in finding optimal solutions as a result of the complexity in managing the 

population movements. The limitations of GA and DE affected the performance of 

the job scheduling problem on computational grid as GA and DE produced long 

makespan and flowtime compared to other mechanisms (Abraham et al., 2006; Chen 

et al., 2006; Kang et al., 2008; Liu et al., 2010; Zhang et al., 2006). 

Current swarm intelligence mechanisms such as PSO and ACO have a 

number of issues to be tackled. For example, PSO slow its convergence speed when 

it is near the optimal solution. Furthermore, PSO suffers from partial optimism. In 

ACO, although solution search space convergence is guaranteed, however, time to 

convergence is uncertain.  This problem affects the PSO speeds  and  directions 

(Dian et al., 2011). Generally due to the limitations of the ACO, scheduling jobs on 

computational grid using ACO produces good but not optimal schedules in term of 

makespan time and flowtimes (Hu and Gong, 2009; MadadyarAdeh and 

Bagherzadeh, 2011; Meihong et al., 2010).The disadvantages characteristics of PSO 

affected the  performance of PSO in the process of scheduling jobs on computational 

grid as the standard PSO produces acceptable but not optimal schedules in terms of 

makespan and makespan times (Izakian et al., 2009; Kang et al., 2008; S. Selvi et al., 

2011). 

To manage resources in computational grid, efficient job scheduling 

mechanism is required to take the advantages of high computational power provided 

by the grid. The current scheduling mechanisms suffer from several limitations. 

These limitations affect the scheduling performance in terms of makespan and flow 

times. The current metaheuristics produce acceptable but non-optimal schedules. 

There is an essential need for a new scheduling mechanism that minimizes job 

makespan and flowtimes and tackles the existing scheduling mechanisms limitation 

as well.   
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1.5  Research Questions 
 

This research aims to address the following questions:  

How to develop an efficient job scheduling mechanism on computational grid 

that minimizes the makespan and flowtimes as well as to handle the limitation of the 

existing scheduling mechanisms? 

This main question is supported by the following sub-questions: 

1. Can Firefly Algorithm optimization be applied to the grid scheduling problem 

to produce efficient schedules and address the limitation of the existing 

scheduling mechanisms as well? 

2. What level of optimization is achieved when Firefly Algorithm is used as an 

optimization method for scheduling jobs on computational grid? 

3. How to represent the job scheduling problem on computational grid using 

Firefly Algorithm optimization? 

4. How to develop static job scheduling mechanisms on computational grid that 

avoids the limitations of the current scheduling mechanisms and minimizes 

the makespan and flowtimes?  

5. Can the integration between firefly optimization mechanism and basic 

heuristic techniques play any role in the enhancement of job scheduling 

process? 

6. How to develop an adaptive dynamic job scheduling mechanisms on 

computational grid based on Firefly Algorithm, which handles the dynamic 

nature of computational grid? 
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1.6  Research Objectives 
 

In the order to achieve the aim of the study, the objectives of this research are 

stated as follows: 

1. To represent the job scheduling problem on computational grid using Firefly 

Algorithm optimization and to use this representation to develop, implement 

and evaluate a static job scheduling approach on computational grid based on 

Firefly Algorithm optimization to minimize job makespan and flowtime and to 

handle the current scheduling mechanisms limitations. 

2. To enhance the proposed static job scheduling approach to optimize the 

scheduling process further by integrating MCT and firefly algorithm.  

3. To develop, implement and evaluate the proposed adaptive dynamic job 

scheduling mechanism on computational grid based on firefly algorithm 

optimization that can handle the dynamic nature of computational grid and 

minimize the makespan and flowtimes.  

The above objectives that an optimized job scheduling mechanisms on 

computational grid need to be developed in order to minimize the job makespan and 

flowtimes and to avoid the limitation of the existing scheduling mechanisms.  

1.7  Significance of Research and Contributions 
 

This research focuses mainly on developing job scheduling mechanisms 

using optimization methods to find optimal schedules. In all optimization 

mechanisms, one of the key issues in designing a successful optimization solution is 

the representation method which tries to find a suitable mapping between the 

problem domain and the optimization technique.  Inappropriate or wrong 

representation of the scheduling mechanism may lead to inconsistent and incorrect 

scheduling results.  One of our contributions is the representation and mapping of 
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Firefly Algorithm to the grid job scheduling problem. This mapping can represent the 

basis for FA for job scheduling mechanism and hence the researchers can build an 

enhanced FA job scheduling by exploiting this mapping. 

Many applications are switching to computational grid to satisfy their needs 

for high computational power and large data storage. Using grid resources can 

provide applications with many advantages.  Nevertheless, this is feasible only if 

resources are scheduled effectively. However, scheduling jobs in such environments 

represents a great challenge.  This research introduces static and enhanced static 

scheduling mechanisms to improve and optimize the job scheduling process. 

Utilizing the proposed mechanism by the grid system developers and grid companies 

will enhance the job management process which will help in motivating more users 

and applications to convert and accept the grid technologies. 

Grid environments are considered as dynamic environments since at any time 

new resources may join and leave the grid system. Furthermore, some existing 

resources may become unavailable due to network failure or any other reasons.  The 

performance of the grid resource changes over time due to the competition among a 

lot of elements that share the grid resource. A good scheduler should handle the 

dynamic issues of grid environments. If a grid resource becomes unavailable or 

extremely busy, the scheduler should perform rescheduling process to produce a 

more reliable system. This research proposed an adaptive dynamic job scheduling 

mechanism based on firefly algorithm to handle the dynamic nature of the grid .  

The current grid project with dynamic features such as Oracle Dynamic Grid 

Computing and UNCW Grid Computing Project can employ the proposed 

mechanism to optimize the dynamic job scheduling process and enhance the 

performance of their systems. 

 The main contributions of this research can be summarized as follows: 

i. A firefly algorithm representation of job scheduling problem on 

computational grid. This mapping can become the basis for FA as a 
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job scheduling algorithm and therefore the researchers can build 

enhanced FA job scheduling by utilizing this mapping. 

ii. Discrete firefly algorithm for Static job Scheduling (DFAS) and 

Hybrid Discrete Firefly Algorithm for Static Scheduling (HDFAS) 

that integrate FA with MCT. The introduced mechanisms enhance 

the job management process which will help in motivating more 

users and applications to convert and accept the grid technologies. 

iii. Firefly Algorithm for Adaptive Dynamic (FAAD) Jobs Scheduling 

on computational grid. FAAD can help the dynamic grid projects to 

optimize the job scheduling process and enhance the performance of 

their systems. FAAD can help the current grid project with dynamic 

features such as Oracle grid computing and UNCW Grid Computing 

Project to optimize the dynamic job scheduling process and to 

enhance the performance of their systems. 

1.8  Research Scope 

The scope of the research is limited to the following: 

1. This research only focuses on job scheduling on computational grid. 

2. This research is based on simulation and real workload data to evaluate the 

proposed mechanisms. Furthermore, this research employs GridSim as a 

simulation tool (Buyya and Murshed, 2002) which is a discrete-event grid 

simulation tool  based on java. The objectives of the simulations are, firstly to 

evaluate the performance for the proposed mechanism under different level of 

workloads and secondly, to compare the performance of the proposed 

mechanism with state of the arts job scheduling mechanisms.  

3. In  this  research,  the  local  schedulers  of  the  different  grid  resources  are 

responsible  for  scheduling,  managing  and  controlling  over  the resources 

at lower-level scheduling instance that  are  only  considered  in  space  
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sharing  fashion. This work focus on global scheduling done by the grid 

broker. 

4. This research considers independent jobs and job preemptions are not 

allowed. 

5. This research is concerned with scheduling process on grid computing at the 

resource level. 

6. Furthermore, the security issues of grid resources and client’s job and the 

resource failure are not within the scope of this research. 

7. Finally, this study does not consider the network details, and internal threads 

for provider resource.   

1.9    Organization of the thesis 
 

This thesis contains seven chapters. The structure of the thesis is grouped into 

four sections: positioning the research, the framework and methods of the research, 

the body of the research and the outcomes. The chapters composing each part are 

depicted in Figure 1.2.  This chapter introduces the research works and states the 

problems and the objectives of the research. 

Chapter 2 describes the previous and related works. It starts by highlighting 

the computational grid importance and the heterogeneity of grid resources. 

Classification of job scheduling mechanisms is provided in chapter 2 including a 

critical analysis for the grid job scheduling mechanisms. Furthermore, chapter 2 

explores the swarm intelligence mechanisms and their use in the context of job 

scheduling on computational grid. A detailed description of the standard Firefly 

Algorithm is illustrated in this chapter including the attractiveness of fireflies and the 

firefly movements. Moreover, chapter two explains the reasons behind selecting the 

implementation, verification and validation methods incorporated in this research.  
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Figure 1.2: Structure of the thesis 

Finally the Grid Workload Achieve (GWA) is discussed as a real workload trace and 

the GridSim simulator as well is described. 

Chapter 3 presents the research methodology employed in this study. It starts 

by formulating the job scheduling problem on computation grid.  Then it illustrates 

the implementation, validation and verification methods used to test the proposed 

mechanism. The simulation model, the workload data and the evaluation metrics are 

described as well. 
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Research body:   
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Outcomes:   

Chapter 7: 
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Chapter 4 presents the proposed Discrete Firefly Algorithm for Static job 

scheduling (DFAS) on computational grid. Furthermore, the detailed architecture, the 

flowcharts as well as the pseudo codes of the algorithms used are described. The 

proposed DFAS scheduling mechanism is evaluated using simulation and real 

workload data.  

Chapter 5 illustrates the proposed Hybrid Discrete Firefly Algorithm for 

Static (HDFAS) scheduling jobs on computational grid by enhancing the DFAS 

described in chapter 4. The proposed mechanism combines DFAS with Minimum 

Completion time (MCT) greedy algorithm.  Chapter 5 describes the general 

metaheuristics mechanism for scheduling problems, this followed by an overview of 

the greedy algorithm and a description of MCT scheduling algorithm. The details of 

the proposed mechanism are described in chapter 5 as well as the process of 

performance evaluation. Finally, the experiments and results for HDFAS are 

illustrated. 

Chapter 6 introduces the proposed Firefly Algorithm (FAAD) for Adaptive 

Dynamic job scheduling on computational grid. The details of the mechanism, the 

flowcharts as well as the pseudo codes of the algorithms used are described. The 

proposed FAAD scheduling mechanism is evaluated using simulation and real 

workload data. Furthermore, the details of the simulation model including its 

parameter, experimentations design and simulation results are demonstrated in 

chapter 6.  

Chapter 7 summarizes the thesis, presents our conclusions, and indicates 

several future research directions stemming from this thesis.    
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