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Abstract 
 
Grid computing can integrate computational 

resources from different networks or regional areas 
into a high performance computational platform and 
be used to solve complex computing-intensive 
problems efficiently. Scheduling problem is an 
important issue in a grid computing environment, 
because of the heterogeneity of computing resources. 
This paper proposes an evolution-based dynamic 
scheduling algorithm (EDSA) for scheduling in grid 
computing environments. The proposed algorithm uses 
the genetic algorithm as search technique to find an 
efficient schedule in grid computing and adapts to 
variable numbers of computing nodes which has 
different computational capabilities. Furthermore, the 
hybrid crossover and incremental mutation operations 
within the algorithm can move the solution away from 
the local-optimal solution towards a near-optimal 
solution. And, a simulation with randomly generated 
task sets was performed to compare the performance 
with five other scheduling algorithms. The results show 
that the proposed EDSA outperformed all other 
schedulers across a range of scenarios. 
 
Keywords: Genetic algorithm, grid computing, 
heterogeneous, scheduling algorithm. 
 
1. 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. 
Grid computing can integrate and utilize heterogeneous 
computing resources which are connected through 
networks without the limitation of geography. Thus 
grid computing is widely used to solve large-scale 
computational problems. Unlike traditional cluster 
computing, computational capabilities of resources in 
grid computing environments are usually different. 

What is more, there are also variances of network 
status between the computing resources. Because of 
the heterogeneity of grid computing, an efficient 
scheduling algorithm is required to schedule the 
number of tasks for the different computing nodes.  

In this paper, an evolution-based dynamic 
scheduling algorithm (EDSA) 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. In each generation of 
evolutions, the hybrid crossover and incremental 
mutation operators are used according to the varying 
status of fitness value. Even the probabilities of 
reproduction, crossover, and mutation are changed 
dynamically. Thus, the solution can evolve toward 
near-optimal efficiently. Furthermore, not only the 
above improvement in the evolutional phase is used, 
but also the optimal initialization. With known 
scheduling algorithms, the chromosomes are optimized 
in advance and the evolution is speeded up. So 
efficiency is greatly enhanced and the probability of 
finding a near-optimal schedule is high. 
 
2. Related Work 
 

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 [13]. 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. In this 
paper, scheduling of the batch mode is investigated. 

Eighth International Conference on Intelligent Systems Design and Applications

978-0-7695-3382-7/08 $25.00 © 2008 IEEE

DOI 10.1109/ISDA.2008.153

450



Min-Min, Max-Min and Sufferage algorithms are 
conventional scheduling algorithms and widely used in 
batch mode scheduling [15][16]. 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. 

 Max-Min: Max-Min is the same as Min-Min in 
that the task is assigned to the computing node 
which can finish executing it first. But the 
difference is the task needing more computation 
time has higher priority. 

 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 above algorithms, 
tasks are assigned to the computing nodes which 
can finish them first. 

Although the above three scheduling algorithm 
performed better than the traditional random or 
sequential scheduling approach, 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 time for tasks 
will be effected by not only the computational 
capabilities of computing nodes but also the network 
status between these computing resources. However, 
not only above three scheduling algorithms but also 
some studies only take the computational capabilities 
into consideration and ignore the importance of the 
network status [4][11]. 

The Genetic algorithm (GA) was developed by 
Holland [8]. 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, has a 
potential solution from the search space. With 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 [1][14]. Many 
researchers have investigated the use of GA in 
homogeneous [2] and heterogeneous environments 
[17]. However, grid computing is a heterogeneous 

environment, so the technique for a homogeneous 
environment is not suitable. Although [17] proposed a 
GA based scheduling algorithm for grid computing 
environments, the crossover and mutation operators are 
controlled only by the fixed number of generations. In 
the evolutional phase, it is hard to predict if the fitness 
value is local optimization. So, controlling 
probabilities by a fixed number of generations is not 
suitable. In the worst case, if the mutation probability 
is gained with the fitness value not being convergent, 
the chance that the fitness value increasing may be lost. 

 
3. Evolution Based Dynamic Scheduling 
Algorithm 

 
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 Figure 1. 

 
Figure 1. General genetic algorithm flow 

For scheduling in a grid computing environment, 
this paper proposes an evolution based scheduling 
algorithm (EDSA). EDSA uses the GA’s searching 
technique to find a near-optimal schedule in the 
heterogeneous grid computing environment. On the 
basis of the variances of the fitness values in each 
generation, crossover and mutation rates are changed 
dynamically. And using optimal initialization 
comprised of many kinds of scheduling algorithms 
speeds the evolution of EDSA. Furthermore, the 
Incremental Mutation controls the points of each 
mutation. With this operator, the situations that are 
local optimal or randomly searching can be avoided. 
About the proposed EDSA is described in detail in the 
following. 
 
3.1 Chromosome Definition and Fitness 
Function 
 

In the EDSA, each chromosome in the population 
represents a potential schedule and its length is equal to 
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the number of tasks in the batch. Each task is assigned 
to a single computing node. Figure 2 is an example of 
scheduling six tasks to three computing nodes. T T 1 , T 2 , T 3 , T 4 , T 5 , T 6  is a batch of 
tasks. For each index T i , it has a value(Gene) of 
computing node ID, e.g. T(3) is mapped to the 
computing node with ID = 1. 

 
Figure 2. Encoding of a schedule 

The fitness function purposes to evaluate the fitness 
value to determine the goodness of a schedule. For 
each task in the batch, not only the processing time on 
the computing node but also the transmitting time must 
be taken into account. The time for finishing a task is 
given as: FT T f TB T P , where T i f  is 

the file size (in MB) of T i , T i  is the output 
size (in MB) of T i , and T i  is the length (in 
MFLOPs) of T i . B  is the bandwidth (in MB sec⁄ ) 
between the scheduler and computing node jand P  is 
the processing capability (in MFLOPs sec⁄ ) of 
computing node j.  

The time for finishing tasks on a computing node is 
given as: F ∑ FT , where n denotes the number of 
tasks which is mapped to the computing node j. 
A good schedule means that it has less time to finish 
total tasks in the batch, so in our EDSA the fitness 
value is given as: FienessValue Max F , j 1~m , where m 
is the number of total computing nodes. A larger 
fitness value indicates a better schedule. In other words, 
the chromosome with the largest fitness value can 
schedule tasks to the fittest computing nodes and 
completes tasks in the shortest time. 
 
3.2 Optimal Initialization 
 

The standard GA uses a random approach to 
generate the initial population. Although a random 
approach can generate global potential solutions, it 
costs more time in converge the solution or evolve it 
toward a better solution. In [17], the Sufferage 
algorithm was used in initializing a population and it 
performed reasonably. In order to optimize the 
population further, the heuristic algorithms Min-Min 
and Max-Min were also added except for the Sufferage. 
In [9], it indicates that Min-Min and Max-Min 
performed well in some instances. Moreover, in order 
to consider more possible cases, the round-robin 

approach was also added. Finally, the remaining 
chromosomes were generated with the random 
approach. 

Through the known heuristic algorithms and 
random approach, the evolutional efficiency and global 
solutions were taken into consideration. 
 
3.3 Selection and Reproduction 
 

Tournament selection was used to select 
chromosomes for the mating pool. And in order to 
preserve superior chromosomes, the best  
chromosomes were reproduced completely to the next 
generation. 
 
3.4 Hybrid Crossover 
 

Mask crossover has a higher probability for 
swapping information of genes. In this case, the change 
of the best chromosomes may be too much and 
resulting in difficulty in evolving better solutions. 
Compared to the mask crossover, the two point 
crossover changes less in every operation. So, the 
superior characteristics of the best chromosomes can 
be preserved. Due to the above factors, both the two 
point crossover and the mask crossover were used in 
the crossover phase. In the beginning, the two point 
crossover was used. While the fitness value was 
invariable for five generations, the mask crossover 
replaces the two point crossover. The higher variation 
of mask crossover was used. When the evolution was 
stagnant, mask crossover had a higher probability to 
evolve a better solution. The two point crossover was 
reverted until the fitness value varies. Figure 3 and 
Figure 4 give the examples of the two point crossover 
and the mask crossover in our EDSA. 

 
Figure 3. Example of two point crossover 

 
Figure 4. Example of mask crossover 
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3.5 Incremental Mutation 
 

Moderate number of mutation points let the 
chromosomes do not become local optimal solutions. 
In the EDSA, Incremental Mutation was used to 
control the speed of mutation. In the initialization, two 
point mutation was used. Then the mutation point was 
added one for each generation when the fitness value 
had been invariable for more than five generations. 
When the number of mutation points was larger than 
five, the increase will be stopped. In other words, the 
max size of number of mutation points was five. This 
was because an excessive number of mutation points 
would cause random searching. Moreover, when the 
fitness value varied, the number of mutation points 
went back to two. When the fitness value had been 
invariable for five generations once again, the 
Incremental Mutation started. Figure 5 is an example 
of the mutation with four mutation points. 

 
Figure 5. Example of mutation 

 
3.6 EDSA Workflow 
 

The workflow of the EDSA is shown in Figure 6. In 
the figure, the Invariable_Count is a variable used to 
count the generations which fitness value was 
invariable. According to the variance of the fitness 
value, the corresponding crossover and mutation 
operators were used to enhance the efficiency of the 
evolution. Moreover, the optimal initialization, 
dynamic crossover and mutation rate were also helpful 
to find a better solution. 

Because it was hard to determine when the fitness 
value is convergent, the stopping condition was set that 
the evolution performed 2000 generations. 

 

Figure 6. EDSA Workflow 
 
4. Simulations 
 

Simulations were done to prove EDSA can 
efficiently assign a batch of tasks to the fittest 
computing nodes and reduce the completion time. The 
simulations were implemented for different number of 
computing nodes and tasks. And, the EDSA was 
compared with Random, Round-Robin, Min-Min, 
Sufferage algorithms. Moreover, a GA based 
scheduling algorithm (In this paper, it was called Z-GA) 
which proposed in [17] was also compared. 
 
4.1 Simulation Environment 
 

In the past, different simulation software of grid 
environment was proposed, e.g. Bricks [10], 
MicroGrid [6], and SimGrid [7]. In this paper, a known 
GridSim toolkit [18] was used to construct the 
simulatopm environment. It has been used by many 
studies to construct a computational grid or data grid 
environment [5][9][12]. Table I specifies the 
simulation environment. 
Table 1. Hardware and Software specification 

of the simulation environment 
Hardware Software 

Intel Core 2 Duo 2.0G 
3GB DDR2 Ram 

Max OSX 10.5 
JAVA SE 6 

GridSim toolkit 
In order to test that whether EDSA 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, 40 and 60 computing nodes were used 
to process 300 to 2100 tasks.  

Scenario 2 (changing the number of computing 
nodes): In scenario 2, 10 to 60 different number of 
computing nodes were used to process 500, 1000, 1500 
and 2000 tasks  

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

In scenario 1, the number of tasks was changed to 
compare the makespan of six scheduling algorithms. In 
Figure 7~9, the simulation results show that when the 
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number of tasks increased, the time for finishing tasks 
increased, too. And, in all situations, the GA performed 
much better than other conventional scheduling 
algorithms. Compared with the Z-GA, Figure 7 shows 
that when the number of tasks was 300, EDSA 
shortened makenspan (3065 sec) by 9%. When the 
number of tasks increased to 2100, EDSA shortened 
makespan by 8% ( 20500 sec ). In Figure 9, when the 
number of computing nodes increased to 60, EDSA 
shortened makespan by 31% (5500 sec) in case of 300 
tasks and 22% in the case of 2100 tasks (23979 sec). 
So, the simulations showed that EDSA performed 
better than Z-GA throughout. This is due to EDSA 
using different crossover and mutation operators and 
changing probabilities dynamically rather than only 
changing probabilities in for a fixed number of 
generations. Because it is hard to predict whether a 
fitness value going to be invariable or convergent, 
changing crossover and mutation probabilities 
according to a fixed number of generations is not 
suitable. 

In scenario 2, the number of computing nodes was 
changed to compare the makespan of six scheduling 
algorithms. As shown in Figure 10~13, because of the 
use of GA, Z-GA and EDSA performed much better 
than other conventional scheduling algorithms. 
Compared with Z-GA, Figure 10 shows that EDSA 
shortened makespan by 7% (9506 sec) in the case of 10 
nodes and 26 % (6885 sec) in the case of 60 nodes. In 
Figure 13, where the number of scheduled tasks is 
2000, EDSA shortened makespan by 7% (39024 sec) 
in the case of 10 nodes and 18 % (17990 sec) in the 
case of 60 nodes. So, it was observed that due to the 
use of different operators and dynamic probabilities, 
EDSA performed better than Z-GA. 

The above simulation results show that the GA 
really performed better than other conventional 
algorithms. When using the GA, the use of crossover 
and mutation operators and the control of probabilities 
affected the searching efficiency. Compared with Z-
GA, EDSA had a better searching efficiency than Z-
GA. 

 
Figure 7. Makespan in different number of 

tasks (nodes = 20) 

 
Figure 8. Makespan in different number of 

tasks (nodes = 40) 

 
Figure 9. Makespan in different number of 

tasks (nodes = 60) 

 
Figure 10. Makespan in different number of 

computing nodes (tasks = 500) 

 
Figure 11. Makespan in different number of 

computing nodes (tasks = 1000) 
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Figure 12. Makespan in different number of 
computing nodes (tasks = 1500) 

 
Figure 13. Makespan in different number of 

computing nodes (tasks = 2000) 
 
5. Conclusion 
 

This paper proposes an EDSA scheduling algorithm 
using the genetic algorithm to search a near-optimal 
schedule in a grid computing environment. The use of 
hybrid crossover and incremental mutation in EDSA 
enhanced the efficiency of evolution. Furthermore, the 
probabilities controlled by the variance of the fitness 
value stopped the solution from becoming local-
optimal or losing the chance to evolve toward a better 
solution. In order to prove the performance of the 
proposed EDSA, the simulation was performed. The 
results show that EDSA performed better throughout 
the simulations. Compared with the traditional random 
approach, EDSA shortened makespan by 60% (in the 
case of 60 nodes, 2100 tasks). In other words, the 
proposed EDSA can schedule a batch of tasks 
according to the fittest computing nodes, and 
efficiently shorten the time to complete tasks. 
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