
International Journal of Grid Distribution Computing 

Vol. 8, No.6, (2015), pp.125-140 

http://dx.doi.org/10.14257/ijgdc.2015.8.6.13 

 

 

ISSN: 2005-4262 IJGDC 

Copyright ⓒ 2015 SERSC 

Job Scheduling Algorithms on Grid Computing: State-of- the Art 
 

 

Adil Yousif
1
, Sulaiman Mohd Nor

2
, Abdul Hanan Abdualla

2
, and Mohammed 

Bakri Bashir
3
 

1
University Science & Technology-Sudan 

2
Universiti Teknologi Malaysia, 

3
Shendi University-Sudan 

adiluofk@gmail.com, s_mohdnor@utm.my, hanan@utm.my, 

mhmdbakri@gmail.com  

Abstract 

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

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

and apply different management policies. This paper conducted an extensive and wide 

literature review to study the state of the art of grid scheduling algorithms. This review 

starts with an overview of the grid technologies and a description of the grid resource 

management systems. The evolution of the grid scheduling mechanisms is illustrated in 

this paper started from basic scheduling mechanisms such as Min-Min and Max-Min 

approaches ending with the swarm intelligence optimization methods. The swarm 

intelligence and evolutionary mechanisms are also presented and critically analyzed.  
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1. Introduction 

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 [24, 33]. 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. Grid technologies emerged in the middle of 1990s to satisfy the 

rising demand for bandwidth, storage, and computational resources [34]. 

 

2. Job Scheduling Process 

The process of the grid job scheduling is described in Figure 1, which illustrates the 

interaction between grid clients, broker components, resources and the grid information 

service. In this process, all resources joining the grid register their information in the Grid 

Information Service (GIS), an entity that provides grid resource registration, indexing and 

discovery services. This information includes the architecture of the resources, the 

operating system used, the number of processing elements, the allocation policy, the 

speed of the resource and other information related to the resource characteristics. The 

grid resource broker is responsible for receiving jobs from grid clients, discovering the 

available resources, managing scheduling mechanisms and controlling the physical 

allocation of resources to the grid client’s jobs. The process of resource scheduling starts 

when grid clients submit jobs to the broker through a portal. The broker starts the process 

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

the 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. 

mailto:s_mohdnor@utm.my


International Journal of Grid Distribution Computing 

Vol. 8, No.6, (2015) 

 

 

126  Copyright ⓒ 2015 SERSC 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Grid Job Brokering and Scheduling Process 

3. Scheduling Methods for Computational Grid: State-of- the Art 

Numerous job scheduling methods for computation grid have been studied to map the 

clients’ jobs to the grid resources as shown if Figure 2. The following is a detailed 

description of different job scheduling methods. 

 

3.1 Heuristics and Greedy Algorithms 

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

heterogeneous resources that belong to different organizations. Scheduling jobs in such 

environments represents a great challenge and identified as an NP-hard problem of O(mn) 

complexity, where n is the number of jobs and m is the number of resources [24, 35]. 

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

scheduling problem on computational grid as shown in Figure 2.  

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

the most efficient to achieve some objectives. Heuristics do not necessarily guarantee to 

recognize the most efficient solution. However, generally they find solutions sufficiently. 

In greedy heuristics, at each decision position "the best" choice is known and therefore 

can be picked without concern to other options. The greedy algorithms choose the best 

solution based on single criterion, without taking into account the decision has effects on 

the coming steps.  
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Figure 2. Grid Job Scheduling Approaches 
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In each stage, the greedy algorithm suggests the best alternative solutions, with the 

intention that the sequential selection of sub optimal may eventually lead to the global 

optimal solution to the problem. Greedy algorithm does not always reach the best 

solution.  Sometimes greedy algorithm may lead to the worst solution to the problem. 

Selection in each stage of the greedy algorithm may depend on the options that have been 

chosen, but it does not depend on the options in the future (next options). Greedy 

Algorithms continuously create a greedy solution after another to reduce certain problem 

to a simpler one. This means that, the greedy algorithm does not backtrack on its options, 

even if those options do not lead to the best solution. 

Generally, greedy heuristics are very efficient and can be applied in a simple manner 

and the time complexity is often O (n), since there is a single option at every decision 

point. Heuristics can be valuable when time is more essential than exact solutions as 

"good enough" solutions are sufficient. Several heuristics mechanisms have been applied 

to handle the job scheduling problem on computational grid. Below are some of the 

heuristics that have been used to schedule jobs on computational grid.  

 

3.1.1 First-Come-First-Serve FCFS: In this scheduling mechanism, the grid broker 

allocates the jobs in the order of their submission times or arrival times[4]. If there is no 

available resource 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, which can result in unnecessary loss of time for some 

resources [36, 37]. 

 

3.1.2 Backfilling Scheduling:This is an enhanced version of the FCFS mechanism that 

attempts to avoid the unnecessary loss of time for some resources [6]. 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 

[36, 37]. 

 

3.1.3 Random Scheduling: The random scheduling mechanism is a non-deterministic job 

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

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

higher probability of being executed[36]. 

 

3.1.2 Opportunistic Load Balancing (OLB): OLB schedules each job to the next 

resource that is expected to be free, in spite of the job execution time on that resource 

[22]. OLB aims to make all resources as busy as possible. However, since OLB does not 

take into account the execution time for the submitted jobs, the schedules it obtains may 

result in long makespan and flowtimes[32, 38]. 

 

3.1.2 Minimum Execution Time (MET): Minimum Execution Time (MET) schedules 

each job to the resource with the minimum execution time for that job without 

considering the current load on a of the resource[31]. The intuition behind MET is to 

allocate each job to its best resource. However, MET may lead to load imbalance between 

the grid resources [1, 32]. 

 

3.1.3 Minimum Completion Time (MCT): MCT scheduling algorithm assigns each job 

to the resource with the expected minimum completion time for that job[31]. 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 [1].MCT may result in mapping jobs to 
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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 [32]. 

 

3.1.4 Min-Min: The Min-Min scheduling method is a heuristics method which achieves 

the acceptable performance level. Min-Min starts with a group of all unassigned tasks. It 

has two steps. In the first step, the set of minimum estimated finishing time for all jobs is 

calculated. The job with the overall minimum estimated finishing time is selected and 

allocated to the matched resource. The allocated job is removed from the unsigned jobs 

list and the procedure is repeated for the rest unsigned jobs [32, 39].  Min-Min and MCT 

has the same motivation. However, since Min-Min schedule the job with the minimum 

completion time at each run,  this balance the load between the grid resources [1]. 

 

3.1.5 Max-Min: Max-Min scheduling method is extremely similar to Min-Min, except in 

the second step. Max-Min allocates the job with maximum estimated finishing time to the 

matched resource. Max-Min try to map the longer jobs early and hence they will not 

expand at the end of scheduling leading to resource imbalance [32, 39, 40].  

 

3.2.1 Hill Climbing (HC): 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 [16]. If the modification generates a better candidate solution, the modification is 

considered, otherwise the modification is discarded. HC is utilized to schedule jobs on 

computational grid[16, 41]. 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 [42]. 

 

3.2.2 Tabu Search: Similar to the HC mechanism is TS which is a heuristic local search 

mechanism that can be used for handling problems [43]. TS has superiority over HC as it 

has a memory helps in keeping on 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. Hill Climbing (HC) and Tabu Search (TS) can be considered as 

greedy algorithms as they choose the best solution based on the current step and position 

without taking the future steps into consideration [8]. 

Moreover, TS suffers in handling the solution search space diversity as some 

neighborhood candidate solution is not necessarily to be generated. To tackle this problem 

TS need to be extended with other heuristics techniques that can help avoid the 

unnecessary neighborhood.  However, the main drawback of this TS extended technique 

is the extra computational cost generated by the employed heuristic[44].  

 

3.3 Evolutionary Algorithms  

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

heuristics mechanisms appropriate to a wide set of different problems. Metaheuristic 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 heuristics [45]. The 

key issue for optimization mechanisms is to enhance the possibility of discovering the 

global optimum solutions. Evolutionary Algorithm (EA) such as Differential Evolution 

http://en.wikipedia.org/wiki/Local_search_%28optimization%29
http://en.wikipedia.org/wiki/Metaheuristic
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(DE) are a generic population-based metaheuristic inspired by biological evolution such 

as crossover, reproduction and mutation.  

 

3.3.1 Genetic Algorithm(GA): 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 [46].  
Abraham et al (2000) 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 [2] 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 [47]. 

In [36] a suboptimal optimization mechanism for  scheduling job on computational grid 

based on genetic algorithm was 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 [19]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  was developed in [27]. To reduce the repetitions 

of the generations in GA, Delavar et al (2010) 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 Abdulal et al. (2010).  Furthermore, they utilized MCT schedule to initialize the 

algorithm.  

 

3.3.2 Differential Evolution (DE): DE has been introduced by Price and Storn [48, 49] to 

be a reliable, adaptable and simple optimization method for solving NP-complete 

problems. Similar to other evolutionary optimization methods, DE 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 as 

follows; For each chromosome i, randomly select three other chromosomes j, k and l 

where i ≠ j ≠ k ≠ l. Determine the difference of j and k and multiply the difference with 

the parameter f to scale it. Add the scaled result to the chromosome l to generate the 

chromosome y. After that, generate the chromosome m by crossover of y and i. The final 

step is to compare the fitness of the trial chromosome m with the fitness of the 

chromosome i. The chromosome with the better fitness is chosen for the next population. 

These steps are repeated for a number of iterations until a termination condition is met. In 

DE optimization, the size of the population in DE does not change during the optimization 

process [48].  

GA and DE are used to schedule jobs on the computational grid [2, 20, 23]. 

Evolutionary metaheuristics scheduling mechanisms outperform the grid basic scheduling 

mechanisms in most cases [50, 51].  De Falco et al in [23] developed a multi objective  

Differential Evolution  mechanism to schedule jobs on computational grid.  The objective 

of the scheduling mechanism is to minimize the resources usage as well as to maximize 

the grid quality of service requirements.  Another multi-objective differential evolution 

http://en.wikipedia.org/wiki/Metaheuristic
http://en.wikipedia.org/wiki/Biological_evolution
http://en.wikipedia.org/wiki/Reproduction
http://en.wikipedia.org/wiki/Heuristic
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(MODE) for scheduling jobs on computational grid was introduced in the work by 

Talukder et al. (2009). The aim of MODE is to minimize the job completion time and 

minimize the cost for executing the jobs. Selvi et al. introduced a new job scheduling 

mechanism based on DE to minimize the job completion time. The representation of the 

scheduling algorithm is based on array representation as they represents each valid 

solution as an array with length equal to number of jobs. 

 

3.3.3 Evolutionary Algorithms for Grid job Scheduling: Evolutionary algorithms such 

GA and DE in some cases get traped in local optimal and cannot evolve any more. This is 

because the population diversity is becoming low after some number of iterations so 

diversity of individuals is lost and the crossover and mutation operations no longer 

generates a better individual. To tackle this problem, GA applies a limited range of 

movements; this reduces the likelihood of trapping in local optimum solution. 

Nevertheless, this makes GA to be slower in finding optimal solutions. In addition, EAs 

can contain a memory to keep earlier visited solutions. This memory facilitate in 

decreasing the number of chromosomes near to locations that have been selected 

previously. Nevertheless, this may decrease the search space rate of convergence as 

successive generations may disappear. 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 [3, 15, 18, 24, 52]. 

  

3.4 Swarm Intelligence  

Swarm Intelligence (SI) is a metaheuristics approach originated from and inspired by 

natural behavior to handle complex real world problems. In the last two decades there is a 

remarkable growing in the area of nature-inspired optimization mechanisms. In recent 

times, these mechanisms are utilized for various types of real world problems. Swarm 

Intelligence (SI) is a new class of nature-inspired metaheuristics based on population 

optimizations. The population elements are particles that aim to discover the global 

optimum candidate solution by communicating with other particles and with the 

environment. In SI such PSO, ACO and FA particles do not die; rather, they move 

throughout the search space themselves.  

 

3.4.1 Particle Swarm Optimization (PSO): Particle Swarm Optimization (PSO) is one 

of the swarm intelligence (SI) optimization methods. PSO is an adaptive optimization 

method introduced in 1995 by Kennedy and Eberhart (1995). PSO is inspired by social 

behavior of swarms such as bird flocking or fish schooling. In PSO, particles never die, 

and particles are represented as elements that move and cooperate throughout the solution 

space and evaluate each position that they visit in the searching for the global optimal. 

Each particle represents a candidate solution in the solution search space and each particle 

has a position vector and velocity. The behavior of particles is subjected to their capability 

to train from their past personal experience and from the success of their neighbor to 

adapt the flying speed and direction to the target. Particles manage the current position, 

velocity and personal best position. Beside the personal best solution, the swarm is 

targeting the global best solution. 

PSO swarm consists of N particles flying in a search space that has D-dimension. Each 

particle i re-position itself from the position  xi  in the direction of the global optimum 

based on two factors.  The first factor is the best position achieved by the particle itself, 

which called  pBest, expressed by  pi = (pi1, pi2, … . piD). The second factor is the best 

position achieved by the whole swarm gBest, for a given subset of the swarm which is 

expressed by pg = (pg1, pg2, … . pgD). The difference between the current position of the 

particle in the position  xi   and the best position of its neighborhood is expressed by 
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(pg − xi).  The equations that describe the velocity and the movement of particles are 

described by equation (2.1) and (2.2) respectively [50]. 

v[i] = w ∗ v[i] + c1 ∗ rand( ) ∗ (pbest[i] − present[i]) + c2 ∗ rand( ) ∗
(gbest[i] −
present[i])                                                                                                                                   (2.1)  

position[i + 1] =
 position[i] +  v[i]                                                                                                                      (2.2)      

 where w is inertia weight, c1 and c2 are learning factors (weights). 

The parameter inertia weight w value controls the trade-off between the global and 

local exploration capabilities of the swarm population. The large value of w results in 

global exploration as the swarm particles search new areas in the solution search space. 

On the other hand, small values of w will cause local exploration as the swarm will 

perform fine-tuning search for the current area [24].  

Nonetheless, nature-inspired metaheuristics has demonstrated an excellent degree of 

effectiveness and efficiency for handling combinatorial optimization problems [53]. The 

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

swarm intelligence metaheuristics mechanisms to solve computational grid scheduling 

problem. Numerous researches have utilized PSO to optimize the job scheduling process 

on computational grid. 

A representation of grid job scheduling problem as a task resource assigning graph (T-

RAG) is presented by Chen et al (2006). This representation handles the job scheduling 

problem as graph optimization problem.  In their work [15]  PSO was employed as 

optimization mechanism to find the optimal schedule for the job scheduling problem. The 

proposed mechanism represented each particle as an integer vector with values between 1 

and m where m is the number of resources. The algorithm converts each real value to an 

integer value by upwarding the decimals places. Zhang et al, proposed an optimized job 

scheduling mechanism in [3, 54]. In their method, Zhang et al used smallest position 

value technique to adapt the continuous PSO mechanism to be used for discrete 

permutation problems such as the process of scheduling jobs on computational grid. Their 

results showed discrete PSO based on the smallest position value outperformed the 

genetic algorithm for scheduling jobs in term of average execution time. The PSO 

algorithm described previously are single objective optimization. In [9] a parallelized 

multi-objective particle swarms was introduced. This optimization method divided the 

swarm population into smaller sub swarm populations.  

A discrete particle swarm optimization method (DPSO) mechanism for job scheduling 

on computational grid was introduced in [18]. In DPSO, particles are represented as a 

vector of natural numbers. The experimental evaluation for DPSO demonstrated that 

DPSO has a better performance than genetic algorithm for the job scheduling problem. A 

matrix representation called the position matrix of the job scheduling problem on 

computational grid was presented in [55] and enhanced in [35] by using different method 

for velocity updating. A fuzzy PSO method for scheduling jobs on computational grid 

was introduced in [24, 52]. The aim of the proposed fuzzy PSO is to minimize the 

scheduling time and to utilize the grid resources effectively. The empirical results 

demonstrated that the fuzzy PSO has performed better than the genetic algorithm and tabu 

search optimization methods.  Meihong et al. in [56] introduced a new PSO without 

velocity mechanism for  grid job scheduling problem.  In their mechanism Meihong et al 

used sub swarms to update the particles positions.  In [50] a PSO with two representations  

was introduced.  In the first representation which called direct representation the particles 

are encoded as vectors of size 1 X n where n is the number of jobs submitted to the 

broker. In the indirect representation the swarm is encoded as a matrix of size m X n 
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where m is the number of resources and n is the number of jobs.  The matrix is 

represented as binary numbers to show to which resource the job is allocated.  

The PSO scheduling mechanism presented in [57, 58] is a discrete PSO with vector 

representation for particles with a new update method for velocity and positions. To 

optimize the mechanism presented in [24]  further, an enhanced fuzzy scheduling using 

meta-scheduler with swarm intelligence-based knowledge acquisition for grid computing 

is incorporated in [21].  To enhance the PSO optimization further, a typical PSO 

integrated  with GELS was presented in [59]. The GELS is used to help PSO to avoid 

trapping in local optimal. 

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 [60]. Furthermore, PSO suffer suffers from the partial 

optimism. This problem affects the PSO speeds  and  directions [61]. 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 [18, 20, 35]. 

 

3.4.2 Ant Colony Optimization (ACO): ACO has been applied as an optimization 

mechanism for scheduling jobs on computational grid [5, 62, 63]. The 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 [53]. If other ants use the same path, they will deposit more pheromone and if 

the path is no longer 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. The pheromone on each 

path is updated according to Equation 2.3. 

τij = (1 − ρ)τij
+ ∑ Δτij

kn
k=1                                                                                      (2.3) 

where n is the number of ants, ρ is the evaporation rate, τij
k   is the pheromone amount in 

the path i,j and  ∆τij
k is the pheromone deposited by ant k. 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. The movement probability from the position i 

to the position j pij
k is determined using equation (2.4): 

pij
k =

[τij]α[ηij]β 

∑ [τil]α[ηil]β
l∈Ni

k
      if j ∈

Ni
k                                                                                                                                                   (2.4)         

Where ηij is heuristic information for ant k to choose position j from position i, τijthe 

pheromone rate in the path ij. The above equation 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). 

Many researchers have employed ACO to optimize the scheduling process on 

computational grid [1, 5, 62].  A simple ant colony optimization mechanism for grid job 

scheduling was introduced in the work by Xu et al.(2003). The aim of this mechanism is 

to enhance the scheduling process and to make the grid systems become more scalable. 

To make the scheduling process faster a hybrid static mechanism between ACO and TS 

was presented by Ritchie and Levine (2004). To handle the dependencies between grid 
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jobs, a mechanism to schedule grid workflows using ACO was developed by Yi and Bin 

(2009). The proposed ACO scheduling mechanism allows clients to determine their QoS 

for each application. The aim of this mechanism is to locate the best schedule that meets 

all QoS constraints. To balance between resources, Ruay-Shiung Chang et al (2009) 

introduced a Balanced Ant Colony Optimization (BACO) algorithm for computational 

grid scheduling. The aim of BACO is to balance the system load and to reduce the 

makespan for the submitted jobs. A combination between ACO and Max-Min scheduling 

mechanisms is integrated in the the study by Ku-Mahamud and Nasir (2010). To update 

the resource table this mechanisms introduced agent concept. The integrated mechanism 

performed better than PSO and space shared, time shared scheduling mechanism.  The 

ACO optimization method developed by the research by MadadyarAdeh and 

Bagherzadeh (2001) is an updated ACO mechanism with biased    initial    ants. The aim 

of this scheduling mechanism is to increase the scalability and adaptability of the grid 

system.  In [64] ACO mechanism for job scheduling on grid is proposed. The proposed 

ACO mechanism is built carefully as a graph problem. The proposed ACO mechanism 

guarantees acceptable load balancing of the grid resources. An enhanced ACO for grid job 

scheduling is presented by Zhu et al. (2009). In their proposed scheduling mechanism 

they provide several improvements to the standard ACO in ordered to optimize the 

scheduling process further. The main advantage of their enhanced ACO is to help the grid 

to handle the heavy workload efficiently. A multi-objective ACO mechanism to improve 

jobs scheduling on computational grid was introduced by Hu and Gong(2009). The 

proposed multi objective ACO used stochastic methods called the cross entropy (CE).   

The   CE   method   is   utilized   to   handle   the initialization  process of ACO to  

accelerate  the convergence  speed  and to enhance  the  capability  of  searching  optimal 

solution. The empirical results demonstrated that the proposed multi objective ACO 

enhanced the scheduling process. 

 One of the main benefits of ACO is the positive feedback that helps for discovery of 

optimal solutions. Furthermore, ACO is suitable for scheduling the dynamic problems. In 

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

convergence is uncertain [65]. 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 [14, 66, 67]. 

 

3.4.3 Bee Colony Optimization (BCO): The BCO is an optimization mechanism 

inspired by the behavior of the honey bees to find food [68]. BCO has a set of parameters 

such as the number of scout bees, the number of sites chosen out of n visited sites and so 

on. The main idea is that, scout bees are sent to search for food randomly and when they 

return back the fitness for each bee is calculated to obtain the best sites to be searched. 

BCO has been utilized to schedule jobs on computational grid. A multi-objective 

Artificial Bee is used to schedule jobs in computational grid [10]. The objective of this 

mechanism is to help the grid user in selecting the best resource to execute the tasks. 

Mathiyalagan et al. in [28] developed a combination between adapted updating  rule  of  

ACO  and adapted   fitness  functions  BCO to schedule jobs on computational grid. BCO 

has some disadvantages as in some case the accuracy of the optimal solution cannot 

satisfy the specified requirements [69]. 

 

3.4.5 Firefly Algorithm (FA): The firefly algorithm has proven to be a good 

metaheuristics search technique on continuous optimization problems. It is clear that 

standard firefly algorithm cannot be applied to handle discrete problems directly as its 

positions are real numbers. Many researchers solved discrete optimization problems by 

applying adapted nature inspired metaheuristics optimization methods[70]. The research 

in [12, 25] applies the smallest position value rule (SPV) [71] for updating the positions 

of the fireflies in which all the benefits of standard firefly algorithm are reserved.  Many 
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researchers have applied SPV in optimization problems to convert the continuous position 

values to discrete permutations [71-74]In this section the proposed firefly algorithm for 

grid scheduling problem is illustrated; the attractiveness of the firefly is described, and the 

movement towards the brighter fireflies is discussed. 

The representation of firefly algorithm for grid scheduling problem is a critical factor 

for obtaining a reasonable result. In all optimization approaches, one of the key issues in 

designing a successful firefly algorithm is the representation method which tries to find a 

suitable mapping between problem solution and the firefly algorithm[75].  

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. Firefly[i] specifies 

the resource to which the job number i is allocated. Therefore, the vector values are 

natural numbers. Also we note that the vector values are the resource IDs and hence the 

resource ID may appear more than one time in the firefly vector. This comes about 

because more the one jobs may allocated to the same resource[76].  

In the proposed model, we assume all jobs are independent and preemption is not 

allowed. Also we assume that the jobs and resources are ranked in ascending order based 

on the jobs’ length and the processing speeds respectively. 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 the proposed model R = {r1, r2, … , rm} are m grid resources and J = {j1, j2, … , jn} 

are n independent client jobs. The processing time tij to process job j on resource i is 

known; and T is m×n matrix such that tij  represents the processing time of job j on 

resource i.  

Let N refer to the population size and k refer to the number of the iteration; the firefly 

population is defined as Xk = (X1 
k  , X2

k, … , XN
k )  where Xi

k  denotes the firefly i in the 

iteration number k. Assume the solution search space is n-dimensional, and the i-th firefly 

is denoted by an n-dimensional vector Xi 
k = (Xi,1 

k  , Xi,2 
k  , … , Xi,n 

k ) which represents the 

position of firefly Xi 
k  in the searching space. The location of each firefly is a feasible 

solution.   

The continuous position Xi 
k is converted to a discrete permutation Si 

k based on SPV, 

Si 
k = (Si,1 

k  , Si,2 
k  , … , Si,n 

k ) which is a sequence of jobs implied   by   the   firefly  Xi 
k .  

Define the operation vector  Ri 
k = (Ri,1 

k  , Ri,2 
k  , … , Ri,n 

k ) as follows: 

Ri 
k = (Si 

k mod m) + 1      (10) 

The proposed method is compared with other heuristic methods using simple and 

different simulation scenarios. The results show that, the firefly scheduling mechanism is 

more efficient than Min-Min and Max-Min heuristics in many scheduling scenarios.  

 

3.4.6 Chemical Reaction Optimization Algorithm: Artificial chemical reaction 

optimization is one of the metaheuristics optimization methods that is widely used to 

solve combinatorial problems. This mechanism tries to simulate the chemical reaction 

method wherein reactants interact with one another to achieve the minimum enthalpy 

(potential energy) status. The research in [30] presented a novel mechanism based on 

artificial chemical reaction optimization for optimizing the job scheduling process on 

computational grid. The evaluation process is based on simulation to examine the 

performance of the proposed approach.  The results revealed that the proposed scheduling 

approach reduced the  makespan time of the jobs in a significant manner. 

 

4. Conclusion 

This paper presented a state of the art for job scheduling on Grid computing. The 

extensive review focuses on job scheduling methods and workflow scheduling for 
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computational grid. The evolution of the grid scheduling mechanisms is illustrated in 

this paper started from basic scheduling mechanisms such as Min-Min and Max-Min 

approaches ending with the swarm intelligence optimization methods. This paper 

thus helps to understand key job scheduling approaches and identify possible future 

enhancements. 
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