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Abstract—Job scheduling is an important issue in computational 
grid. In computational grid, computing resources are connected 
through networks and may locate at different network or regional 
areas. So, the computational capabilities or network status of 
computing resources may be different. If we want to take advantage 
of computational grid, an efficient scheduling algorithm is 
necessary to assign jobs to the appropriate computing nodes. In this 
paper, we propose a genetic algorithm based evolutional algorithm 
(G-EA) to solve the scheduling problems in computational grid. The 
proposed algorithm uses the optimal searching technique of genetic 
algorithm and takes different computing capabilities of computing 
nodes and dynamic network status into consideration. In order to 
verify the performance of G-EA, a simulation was performed, and it 
was then compared with four other scheduling algorithms. The 
results show that the proposed G-EA outperformed all other 
schedulers across a range of scenarios. 
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I.  INTRODUCTION 
With the growth in the amount of data to be computed, 

computational problems are getting more and more complex 
and costly in terms of time needed. Computational Grid can 
integrate and utilize heterogeneous computing resources which 
are connected through networks without the limitation of 
geography. Thus the large-scale computational problems are 
widely solved by using computational grid. Unlike traditional 
cluster computing, computational capabilities of resources in 
computational grid are usually different. Moreover, there are 
also variances of network status between the computing 
resources. Because of the heterogeneity of Computational grid, 
the traditional random or sequential approach is not suitable for 
scheduling jobs to the different computing nodes. 

In this paper, a genetic algorithm based evolutional 
algorithm (G-EA) which utilizes the genetic algorithm (GA) is 
presented. It can schedule heterogeneous tasks to the 
appropriate computing nodes with different computing 
capabilities. And, both the network status between the different 
computing resources and computational capabilities are taken 
into consideration. So the time needed for each task can be 
determined more precisely. Furthermore, when the number of 

computing nodes or tasks increased or even the capabilities of 
computing nodes and network status changed, G-EA still can 
expand dynamically and schedule tasks for the computing 
nodes according to the real-time information of resources. 

In order to verify the performance of G-EA, the simulation 
environment was constructed by using the GridSim [17] toolkit. 
And, the performance in different number of computing nodes 
and tasks was compared. The simulation results show that G-
EA outperformed Min-Min, Random, Round-Robin and 
Sufferage algorithms across a range of scenarios. 

II. RELATED WORKS 
The scheduling of a set of tasks for the heterogeneous 

computing resources has been investigated by many 
researchers and has been proven to be an NP problem [2]. 
Therefore, many scheduling algorithms in computational grid 
had been proposed [9, 10, 11, 12, 15, 16] and purposed to get a 
near-optimal schedule. In general, heuristic scheduling 
algorithms can be classified into two categories: on-line or 
batch mode. For the on-line mode, a task is scheduled while it 
arriving at the scheduler. For the batch mode, tasks are usually 
independent and there is no order of execution. And, the 
scheduling algorithms schedule a batch of tasks every time. In 
this paper, scheduling of the batch mode is investigated. 

Min-Min and Sufferage algorithms are conventional 
scheduling algorithms and widely used in batch mode 
scheduling [1, 3]. The details of these algorithms are as follows: 

• Min-Min: In the Min-Min scheduling algorithm, the 
task with lower computation time has higher priority. 
And, the task is assigned to the computing node which 
can finish executing it first. 

• Sufferage: The priorities of tasks in the Sufferage 
scheduling algorithm are given according to the 
sufferage value. This value is determined by the 
difference in computation time between the best and 
second best computing nodes. Then, the same as the 
Min-Min algorithm, tasks are assigned to the 
computing nodes which can finish them first. 
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Although the above two scheduling algorithms performed 
better than the traditional random or sequential scheduling 
approaches, they ignore the importance of a dynamic network 
status. Usually, each task in a batch has a different computation 
and transmission time. The transmission time includes both 
transmitting the task to the computing node and returning the 
execution result after the task is finished. Because of the above 
factors, the total completion time of tasks will be effected by 
not only the computational capabilities of computing nodes but 
also the network status between computing nodes and 
scheduler. However, above two scheduling algorithms as well 
as some studies only take the computational capabilities into 
consideration and ignore the importance of the network status 
[12, 16]. 

The Genetic algorithm (GA) was developed by Holland. It 
simulates the evolution of natural biology which is based on 
Darwinian principles of natural selection. The GA operates on 
a population of chromosomes which is encoded according to 
the problem. Each chromosome in the population represents a 
potential solution from the search space. In each generation, the 
chromosomes are operated by the reproduction, crossover, and 
mutation operators. Through these operators, not only the 
superior solutions can be preserved, but also an improved 
solution may be generated. Because of the above advantages, 
GA is widely used to solve heuristic problems by many 
researchers. Many researchers have investigated the use of GA 
in homogeneous environment [4, 8]. However, because the 
computational capabilities of computing nodes and network 
status in grid computing environment are usually different and 
change dynamically, the technique for a homogeneous 
environment is not suitable. In order to solve the scheduling 
problem in grid computing environment, this paper proposed a 
genetic algorithm based evolutional algorithm (G-EA). With 
the use of this algorithm, a near-optimal schedule can be found. 

III. GA BASED EVOLUTIONAL ALGORITHM (G-EA) 
The Genetic algorithm (GA) is an optimal searching 

technique which can search a near-optimal solution in large 
solution spaces. It simulates the evolution of natural biology to 
let the searching solution improve better. A general GA 
operational flow is shown as following Fig. 1 and steps. 

 
Figure 1.  General genetic algorithm flow 

1. Initializing the population of chromosomes 

2. Evaluating the fitness value of each chromosome in the 
population 

3. When (the stopping condition is not being met ) 

1. Selection 

2. Reproduction 

3. Crossover 

4. Mutation 

4. Finishing the evolution to find the solution 

For scheduling in a grid computing environment, this paper 
proposes a Genetic algorithm based evolutional algorithm (G-
EA). G-EA uses the GA’s searching technique to find a near-
optimal schedule in the grid computing environment. How to 
encode the problem into a chromosome and design the fitness 
function are important issues in the GA. Moreover, crossover 
and mutation approaches affect the searching efficiency, too. 
The proposed algorithm is described in detail in the following. 

A. Chromosome Definition and Initialization 
Each chromosome of a population represents a potential 

solution in the GA. In G-EA, the chromosome is encoded 
according to the scheduling problem, as shown in Fig. 2. 

 
Figure 2.  Encoding of a schedule 

In Fig. 2, Node ID represents the index of computing nodes 
which joining the computation. In other words, the length of 
the chromosome is equal to the number of computing nodes 
which joining the computation. In the previous research, Job ID 
was used in some studies [9]. However, the number of tasks is 
usually larger than the number of computing nodes. If using 
Job ID as the unit to design the chromosome, the chromosome 
may be too long and need more time to search the solution. 
Because of the above factors, the computing node was used as 
the unit to define the chromosome. And each index indicated a 
gene information which representing the number of processing 
tasks. Use Fig. 2 as an example, the number of tasks which will 
be processed by the computing node C  is four. 

In order to obtain the global solutions, the initial population 
was generated using a random approach. That means, the 
number of tasks which processed by each computing node is 
generated randomly. 

B. Decode and Fitness Function 
After initialization, each chromosome in a population must 

be decoded and evaluated the fitness value through the fitness 
function. Before introducing the fitness function, some 
parameters which were used in the functions are defined in the 
following: 
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N: Number of computing nodes which joining the 
computation C : The computing node with ID = k TC : Number of tasks which processed by computing node 
with ID = k t : File size of task with ID = i (MB) t : Output size of task with ID = i (MB) t : Length of task with ID = i (MFLOPs) C : Computing capability of computing node with ID = k 
(MFLOPs/s) C : Bandwidth between the scheduler and computing node 
with ID = k (MB/s) C : Time of fining the tasks which are assigned to the 
computing node with ID = k (s) 

In the G-EA, each gene on the chromosomes represents the 
number of tasks processed by a certain computing node. And, 
the times of finishing the tasks on every computing node can be 
evaluated by equation (1). The time needed of finishing a batch 
of tasks is from the starting time of assigning the first task to 
the computing node until the result of the last received by the 
scheduler. So the fitness function is designed on the basis of 
this time period, as equation (2). 

VC t tCTC tC  (1)

FitenessValue  Max VC N  (2)

The time of finishing a task includes transmitting the task to 
the computing, processing, and returning the result to the 
scheduler. For precisely calculating the time needed of 
finishing a task, these three time periods must be taken into 
consideration. Because the number of computing nodes which 
joining the computation, computing capabilities, and network 
status vary dynamically in a computational grid, the real-time 
computing capabilities and network status are determined every 
schedule. Through the fitness function, the fitness value of each 
chromosome can be evaluated. After evaluation, the 
chromosome with the largest fitness value indicates the best 
schedule in current generation. In other words, the 
chromosome with the largest fitness value can schedule tasks to 
the fittest computing nodes and complete tasks in the shortest 
time. 

C. Selection and Reproduction 
In the GA, the selection operation purposes to preserve the 

superior chromosomes and select them for the mating pool. In 
the G-EA, tournament selection was used. In the past study 
[15], tournament selection had been used and had respectable 
performance. The approach of tournament selection is selecting 
two or more chromosomes from the previous generation and 
comparing them. The chromosome which has the largest fitness 
value will be chosen to the mating pool. Because it has the 
advantage of less computation, it can shorten the time to search 
the solution. In the G-EA, tournament selection was used to 

select chromosomes to the mating pool. Moreover, in order to 
preserve superior chromosomes, the best α  chromosomes were 
reproduced completely to the next generation. 

D. Crossover 
The purpose of crossover operator is to swap the 

information of superior chromosomes in the mating pool to 
evolve a better solution. Some conventional approaches are 
single-point crossover, two-point crossover, uniform crossover, 
cycle crossover and so on. In order to match the design of our 
chromosome, the modified version of single-point crossover 
was used in our algorithm. The approach is similar to original 
single-point crossover that randomly choosing one point from 
two chromosomes and swapping their information of genes 
first. Since the total number of processing tasks of each 
chromosome is different from original after swapping, another 
point is chosen and complemented until the number of 
processed tasks is equal to the original. For example, in Fig. 3, 
the computing node C  is chosen to crossover. After crossover, 
a random computing node C  is then chosen to add and subtract 
differential value one. 

 
Figure 3.  Example of improved single-point crossover 

E. Mutation 
After selection, reproduction and crossover operations, the 

solution evolved toward to an optimal one. But, if there is not 
mutation, the solution may become local-optimal and hard to 
allow for global solutions. In the G-EA, single-point mutation 
is used which moves tasks from one computing node to another. 
Take Fig. 4 as an example, computing node C  was randomly 
chosen to mutate and it processed seven tasks originally. Then, 
a random number within the seven was chosen. Let the number 
be three, then, another random computing node C  was chosen 
and three tasks were moved to it. So the number of processed 
tasks was transformed seven into four on C  and three into six 
on C . 

Moderate mutation lets the chromosomes do not become 
local-optimal solutions. When the fitness value had been 
invariable for several generations, the probability of evolving a 
better solution is increased through mutation. 
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Figure 4.  Example of mutation 

F. Termination 
In the GA, termination condition is used to determine when 

to stop the evolution. Because it was hard to determine when 
the fitness value is convergent, the stopping condition was set 
that the evolution performed 1000 generations. 

After the evolution stopped, a near-optimal schedule could 
be got from the chromosome which had the largest fitness 
value. By using this scheduling approach, computing nodes 
were utilized efficiently and the performance of computational 
grid was enhanced. 

IV. EXPERIMENTS 
Experiments were done to prove G-EA can efficiently 

assign a batch of tasks to the fittest computing nodes and 
reduce the completion time. The experiments were 
implemented for different number of computing nodes and 
tasks. In the experiments, the G-EA was compared with 
Random, Round-Robin, Min-Min, Sufferage scheduling 
algorithms. 

A. Experimental Environment 
In the past, different simulation software of grid 

environment was proposed, e.g. Bricks [5], MicroGrid [6], and 
SimGrid [7]. In this paper, a known GridSim toolkit [17] was 
used to construct the simulation environment. It has been used 
by many studies to construct a computational grid or data grid 
environment [13, 14]. Table I specifies the simulation 
environment. 

In order to test that whether G-EA can search a near-
optimal schedule for a large number of tasks or computing 
nodes, the simulation was performed in two scenarios: 

• Scenario 1 (changing the number of tasks): In scenario 
1, 20 and 30 computing nodes were used to process 
1000 to 4000 tasks.  

• Scenario 2 (changing the number of computing nodes): 
In scenario 2, 5 to 40 different numbers of computing 
nodes were used to process 3000 and 4000 tasks. 

In two scenarios, tasks were independent and the size of file, 
length and result are different. The computing nodes also had 
different computing capabilities and bandwidth. With the 
above two scenarios, performance of scheduling algorithms 
when the number of tasks or computing nodes increased could 
be observed. 

TABLE I.  HARDWARE AND SOFTWARE SPECIFICATION OF THE 
SIMULATION ENVIRONMENT 

Hardware Software

Intel Core 2 Duo 2.0 GHz 

3GB DDR2 Ram 

Mac OSX 10.5

JAVA SE 6 

GridSim toolkit

B. Experimental Results 
In scenario 1, the number of tasks was changed to compare 

the makespan of five scheduling algorithms. In Fig. 5 and 6, the 
experimental results show that when the number of tasks 
increased, the time for finishing tasks increased, too. And, in all 
situations, the G-EA performed much better than other 
scheduling algorithms. Compared with the Sufferage, Fig. 5 
shows that when the number of tasks was 1000, G-EA 
shortened makenspan by 40%. When the number of tasks 
increased to 4000, G-EA shortened makespan by 42%. In Fig. 
6, when the number of computing nodes increased to 30, G-EA 
shortened makespan by 32% in case of 1000 tasks and 30% in 
the case of 4000 tasks. So, the experiments show that G-EA 
performed better than other four algorithms throughout this 
scenario in spite of the number of tasks.  

In scenario 2, the number of computing nodes was changed 
to compare the makespan of five scheduling algorithms. As 
shown in Fig. 7 and 8, because of the use of GA, G-EA 
performed much better than other scheduling algorithms. In Fig. 
8, G-EA shortened makespan by 50% than Random and 49% 
than Sufferage in the case of 15 nodes. Furthermore, in the case 
of 40 nodes, Fig. 8 shows that G-EA shortened makespan by 
43% than Random and 27% than Sufferage. So, even if the 
number of computing nodes is increased, G-EA still can find a 
good scheduling approach to schedule tasks to the appropriate 
computing nodes. 

The above experimental results show that the G-EA 
algorithm really performed better than other scheduling 
algorithms. Even if the number of computing nodes or tasks is 
increased, G-EA can shorten makespan greatly than others. 

 
Figure 5.  Makespan in different number of tasks (nodes = 20) 

188



 
Figure 6.  Makespan in different number of tasks (nodes = 30) 

 
Figure 7.  Makespan in different number of computing nodes (tasks = 3000) 

 
Figure 8.  Makespan in different number of computing nodes (tasks = 4000) 

V. CONCLUSTION 
This paper proposes G-EA scheduling algorithm using the 

genetic algorithm to search a near-optimal schedule in 
computational grid. G-EA speeds the evolution by designing 
the chromosome with shorter length and taken computing 
capabilities of different computing nodes and dynamic network 
status into consideration. Furthermore, when the number of 
computing nodes which joining the computation or the network 
status changed, G-EA still can find an efficient solution by 
determining the real-time resource information. In order to 
verify the performance of G-EA, the simulation was performed. 
The results show that G-EA performed better throughout the 
experiments. Especially compared with the traditional 

approaches, G-EA shortened makespan by 44% than Round-
Robin and 42% than Random (in the case of 20 nodes, 4000 
tasks). Therefore, the proposed G-EA really can schedule a 
batch of tasks to the fittest computing nodes, and shorten the 
tasks’ completion time greatly. 
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