
KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 10, NO. 1, Jan. 2016                                                117 
Copyright ⓒ2016 KSII 

 
A Multi-Class Task Scheduling Strategy for 

Heterogeneous Distributed Computing 
Systems 

 
S. F. El-Zoghdy1 and Ahmed Ghoneim2,1 

1 Department of Mathematics and Computer Science, Faculty of Science, Menoufia University, Egypt. 
[e-mail: elzoghdy@yahoo.com] 

2 King Saud University, Department of Software Engineering,  
College of Computer and Information Sciences 

Riyadh 11543, Saudi Arabia 
[e-mail: ghoneim@ksu.edu.sa] 

 
 

 Received November 13, 2014; accepted October 12, 2015; published January 31, 2016 
 

 

Abstract 
 

Performance improvement is a major issue in high performance distributed computing 
systems. In such computing systems, users can admit their jobs to a set of dynamic resources at 
anytime and wherever. Jobs arrival and processes execution times are stochastic. The 
performance of a distributed computing system could be enhanced by using a good load 
balancing strategy to redistribute the user tasks among computing resources for efficient 
utilization. This paper presents a multi-class load balancing strategy that balances different 
classes of user tasks on multiple heterogeneous computing nodes to minimize the per-class 
mean response time. For a wide range of system parameters, the performance suggested 
multi-class load balancing strategy is compared with that of the random distribution load 
balancing, and uniform distribution load balancing strategies using simulation. The results 
show that, the proposed strategy outperforms the other two studied strategies in terms of 
average task response time, and average computing nodes utilization. 
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1. Introduction 

Recently, many scientific problems come to be very difficult and complex. These problems 
require enormous processing power and packing space. Most of the previous used systems 
such as traditional parallel/ distributed computing ones are unable to solve such problems. On 
the other hand, the availability of cheep robust computers and fast networks are dramatically 
changing which leads nowadays to almost all computers are connected to the Internet. The 
connected computers can construct a workstations cluster or a distributed model.  This 
technology advances enhanced the opportunity of utilizing physically scattered and 
multi-owner computers in solving complicated problems in many fields such as science, 
engineering, and commerce.   

As a result, new computing paradigms such as Cluster, Grid, and Cloud computing have 
been emerged [1-3, 14]. These newly emerged computing environments are referred to as 
High Performance Distributed Computing Systems (HPDCS). These Computing 
environments provide reliable, harmonic, pervasive, and cheep access to powerful computing 
resources including packing store, data, computers, and softwares.  They enable users to share 
and organize their utilization of resources autonomously of their location and type in dynamic 
virtual organizations (VOs) comprising of organizations, individuals,  and resources to solve 
computationally expensive applications. Also, these computing systems employ public 
interface in connecting clusters or LANs with each other.  

 Many users or VOs can share these clusters and through a local resource management 
system, each cluster or LAN applies a local policy that defines their access rights. The  primary 
motivation of these newly emerged computing systems is to support clients and applications 
by widespread and smooth access to HPDCS resources by making an illusion image of a single 
system. Therefore, HPDCS are constructed so that clients do not have to worry about place 
where their  tasks will be processed [1-3,5-8,11,13-19]. 

The servers or processing nodes in the HPDCS offer various services including data, 
knowledge, computation, information, and  application services. They usually are 
heterogeneous as they have various processing speeds, memory sizes, and I/O bandwidths 
[1-3,7,14-19,21-29].  

In such computing systems, users admit their jobs anywhere and anytime to a group of 
dynamically changing resources. Arrival and execution times of processes are random. The 
available resources heterogeneity, the  irregular job arriving  and  stochastic distribution of 
jobs execution times could lead to a case where some nodes come to be overloaded while 
others might be under-loaded or idle. 

It is consequently necessary to move some jobs from over-loaded computers to idle or 
under-loaded ones hoping to effectively use computing resources. Redistributing system’s 
workload among available processing nodes is recognized as load balancing.  To satisfy the 
objectives of enormous distributed computing resources, efficient and effective load balancing 
and resource management algorithms should be utilized [1-10].   

Load balancing methodologies could be categorized into static or dynamic [4,8,9,40].  Static 
load balancing techniques decide probabilistically or deterministically their choices and keep 
them during runtime.  Therefore, such techniques could not be affected by the current system 
state information. On the other hand, dynamic load balancing techniques utilize current system 
state information in taking their decisions, see [4,8,9,10,11,40] for more details.   

Various load balancing methodologies for traditional parallel and distributed systems have 
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been suggested [4, 9,12,20,40]. Unfortunately, these load balancing algorithms cannot work 
directly in recent distributed computing environments such as Cluster, Grid, and Cloud 
computing systems. Consequently, it is necessary to put in mind the effect of several dynamic 
features for HPDCS in planning and implementing load balancing techniques [1-3,14,29] for 
such computing systems. 

Lately, scholars published various techniques to deal with the load balancing problem in 
HPDCS [14,15-18, 41]. Almost all of these papers considered jobs as one class. They ignored 
the fact that distributed system's jobs varies widely by their nature. These jobs range from 
batch processes and CPU-bounded jobs to real time and even traditional jobs. For each job it is 
required to satisfy the associated performance and quality of service constraints. Hence, it is 
therefore important to classify these jobs into different classes aiming to utilize the system 
resources effectively and at the same time satisfies the users demands.  Only a little number of 
researchers dealt with the multi-class of jobs load balancing problem in HPDCS such as [12, 
19, 20].  

In this paper, we propose a load balancing strategy for multiclass jobs that could be used in 
the HPDCS. The suggested strategy considers the heterogeneity of system's computing 
resources as well as the task heterogeneity. The performance of the proposed load balancing 
strategy is evaluated and compared with two other load balancing strategies by simulation. 
The obtained results demonstrate that the performance of the suggested load balancing 
strategy overtakes the other studied strategies in terms of average job response time, and 
average computing node utilization. 

The remainder of this paper is structured as follows: Section II introduces related work. 
Section III explains the studied model and its assumptions. Section IV presents the suggested 
multi-class load balancing strategy. Section V gives the obtained results and their discussion. 
Lastly, Section VI concludes the paper. 

2. Related Work 
HPDCS consist of a dynamic set of heterogeneous resources communicating via one or 

more communication networks.  Users of these systems submit their tasks at anytime and 
anywhere. One of the most important problems in the HPDCS is balancing the system 
workloads among computing nodes targeting to effectively use accessible resources and 
therefore enhance system performance [14,19,29].  A large number of researchers studied the 
load balancing problem in the traditional parallel and distributed systems. They developed a 
number of load balancing algorithms such as [4,9,10, 20,37,40].  Unfortunately, these 
algorithms cannot work directly in the recent HPDCS because they do not consider the 
dynamic characteristics and the heterogeneity of these systems in designing and analyzing the 
load balancing algorithms. Some of these load balancing algorithms have been modified to be 
able to deal with the HPDCS, and other completely new load balancing algorithms for such 
computing systems have been developed.   

In [17], the authors proposed a simple and efficient load balancing algorithm that balances 
the system workloads between computing clusters that are far apart from each other. In [29,39],  
the authors presented a general review of job distribution and resource controlling strategies in 
grid computing environment. Also  in [30, 31 ], the authors introduced a static policy  for  a 
heterogeneous system having servers and computing nodes. The servers distribute system’s 
workload over computing nodes using round robin policy.  Their algorithm requests every 
server to knew workload information status for all computing nodes and the workload 
assigned to them through other servers. The authors in [32] introduced a load balancing 
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strategy for a heterogeneous distributed computing system where the scheduler choices  the 
computing resources according to the task characteristics, task requirements, and resource's 
information. The aim of their strategy is to reduce the Total Time to Release (TTR) for every 
task. TTR is composed of  task processing time, task in queue waiting time, data input and 
output transfer time to and from resource node. The algorithms presented in [33] gives a job 
migration load balancing strategy that balances the system’s load when any of the computing 
nodes becomes over-loaded. This algorithm does not consider  the heterogeneity of system 
resources and/or  network.  

In [34], the authors introduced a grid computing managers that are based on ring topology. 
The Grid managers are in charge of the management of a dynamic set of computing nodes. 
They proposed a load balancing technique using real computing nodes workload information. 
Unfortunately,  such technique can not be applied due to its enormous overhead cost in 
collecting the computing nodes workload information specially for large scale systems.  The 
authors in [1,3,22,25,34-36]  introduced many hierarchical load balancing algorithms for 
heterogeneous distributed computing  systems. These algorithms are implemented at various 
levels to reduce the communication overhead and hence minimize the mean response time of 
the system's application. 

In [22],  load balancing strategies are proposed for a two-level grid computing architecture. 
The authors evaluated the performance of such strategies at both of global and local schedulers 
levels.  The strategies presented in [11,22] did not have any task assignment rule and also 
communication overhead between clusters is not taken in consideration. Their load balancing 
strategy collects the computing nodes workload information periodically by a central master 
node called Grid Manager. This is a centralized policy and it suffers from the central point of 
failure problem as the failure of the Grid Manager leads to the whole system failure. 

 In [3] a two-level load balancing strategy is presented. It considers the distributed system 
computing resources heterogeneity. This strategy balances workload according to the 
processing power of the computing nodes. It overcomes the bottleneck of the strategies 
presented in [11,22,25] by removing Grid Manager that manages the global system’s load 
information. In [35], the same authors of [34] presented Grid managers hierarchical structure 
which improves scalability of the grid computing environment. Their load balancing strategy 
has task allocation rule which automatically controls task’s flow rate sent to a certain grid 
manager. In [15], the authors presented a two levels task scheduling strategy which balances 
the workload in cloud computing. It takes into account the new features of cloud computing, 
such as virtualization and flexibility etc. In [16,17], comparative studies between some of the 
existing cloud computing load balancing algorithms are conducted. 

All the previously discussed strategies deal with the user tasks as one class which is against 
the reality as the tasks differ in many aspects by nature. Some tasks may be I/O-Bounded, 
CPU-Bounded, and others may be interactive. Hence, it is not fair to deal with all tasks as one 
class. Only countable number of researchers deals with users tasks as multi-classes.  In [12]   
the authors presented a new indicators to qualify system heterogeneity and accessibility for 
multi-class user jobs. In [20,40], the authors studied  the scheduling problem of different 
classes of users jobs in heterogeneous distributed computing environments. They proposed 
optimal static load balancing policies. Finally, the authors in [19] proposed two dynamic load 
balancing schemes for multi-user jobs in heterogeneous distributed systems and compared 
their performance using simulation. The objectives of the two polices are different. The first 
one minimizes the whole system average response time, while the other minimizes the average 
task response time individually. Their performance is compared with another two static load 
balancing strategies. As usual the dynamic strategies outperforms the static ones in terms of 
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response time for low and moderate  communication overhead, and they have the same 
performance as the static ones if the system  communication overhead is high. 

In this paper, we propose a multi-class load balancing strategy that balances different 
classes of non-cooperative user’s tasks on multiple heterogeneous distributed computing 
nodes. The main goal of this strategy is to minimize the per-class average response time. The 
scheduler consists of two modules. The first is the availability detecting model that is used to 
find all computing nodes in the system that satisfy all the requirements of every submitted job 
from all classes, and group these candidate computing nodes. The second is the load balancing 
model. It receives the set of candidate computing nodes from the availability detecting model 
and selects from them the one that gives the minimal response time to execute the user job. 
The proposed multi-class load balancing strategy considers the computing nodes 
heterogeneity. It allocates the system's load among all the available computing nodes by 
evenly distributing the service utilization aiming to minimize the response time.  

The system average job response time, and the average computing node utilization are 
considered as the main performance metrics that need to be minimized and maximized 
respectively.  The computing nodes utilize a local priority scheduling policy that gives higher 
priority to job classes with higher service rates at that computing node.   

The proposed strategy provides the following unique characteristics of practical distributed 
computing environment: 

• Heterogeneity: The heterogeneity of system's computing nodes is considered in the 
proposed strategy.   

• Tasks are non-preemptable:  The execution of the tasks on any computing node 
could not be suspended till its completion.      

• Tasks are totally autonomous: No inter-process communication among tasks. 
• Tasks are computationally expensive: Tasks takes more time performing 

computations in the CPU than I/O operations. 

3. Proposed Framework 
In this paper, we consider a heterogeneous distributed computing system model in 

which a set of n Computing Nodes (CNs) are connected via a high speed network as illustrated 
in Fig. 1. In this network, nodes are numbered 1, 2,...,n, and the system is utilized to execute m 
autonomous classes of non-cooperative processes admitted by users.  Each computing node in 
the system is composed of a one exponential server having a service rate μi (i = 1, 2, ...,n), and 
its service policy is FCFS, or processor sharing where every job service rate equals  µi / n  if the 
ith server queue has  n jobs. 
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Fig. 1. System architecture 

 

 Computing nodes in the system differ in their speeds, memory, and disk space. A master node 
or a load manager is responsible for balancing system's workload and monitoring available 
system resources. Fig. 2 shows the system queueing model. It consists of a task scheduling 
queue, task scheduler, and n local task queues. The scheduler queue is a temporarily buffer that 
is large enough to hold all incoming tasks.  The FCFS strategy is utilized for scheduling 
waiting tasks in schedule queue, and local queues. It guarantees fairness, does not need task’s 
execution time information in advance, does not need huge computing power, and its 
implementation is simple. The scheduler is composed of two modules namely: Availability 
Detecting Model (ADM), and Load Balancing Model (LBM). For every task in jth class, the 
ADM finds all CNs in the systems which satisfy the task requirements, and group these CNs in 
the set Aj. The ADM then passes the set Aj to the LBM to select the computing node from Aj 
that offers the minimal anticipated response time for executing the task as a candidate 
computing node. Users can submit tasks form any of the m classes to the system.  

 
Fig. 2. System queuing model 
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We assume that system’s admitted tasks are completely autonomous having no inter-process 
communication among them, and those tasks are computationally expensive ones. Also, we 
assume that jobs of the jth  (1 ≤ j ≤ m) class reach to the system according to ergodic process, 
like  Poisson process, having identically, independent distributed inter-arrive times with rate λk. 
Synchronized arrivals are not allowed.   
For upcoming reference, the used notations through this research are summarized in the 
following table: 
 

Table 1. Notation Definitions 
Notation Definition 

n System’s computing nodes number )1( ∞≤≤ n  
m Task’s classes number admitted to the system )1( ∞≤≤ m  

jλ  jth class task arrival rate to the system 
λ  Total system arrival rate from all classes  (See Eq. 1). 

ijP  
The probability in which tasks from the jth class are forwarded to the ith 
computing node. 

ijβ  Processing rate (load) at ith node from jth class tasks. (See Eq. 2) 

iβ  Total processing rate (load) of computing node i. (See Eq. 3) 
β  System's total task processing rate (load) for all classes. (See Eq. 4) 

ijµ  Allocated service rate at ith node for jth class task's. 

iµ  Total service rate of computing node i (See Eq. 5). 
µ  Total system service rate (See Eq. 6). 

ijρ  jth class service utilization at the ith node (See Eq. 7) 

iρ  ith computing node service utilization (See Eq. 8) 
ρ  System service utilization (See Eq. 9). 

jρc  
 

The system jth class service utilization (See Eq. 10) 

TNi The ith computing node’s mean response time over all classes (See Eq. 11). 
TCj System expected mean task response time of jth class tasks (See Eq. 12). 
T The system’s mean response time (See Eq. 13). 

 
The system total task arrival rate from all classes is denoted by λ and jλ  is the jth class task 
arrival rate to the system. Hence    

∑
=

=
m

j j1
λλ  (1) 

Denote ijβ  as the ith computing node processing rate of the jth class tasks, which is also 
referred to as ith computing node load from the jth class.  
Let ijP  be the probability that ith computing node  receives tasks from the jth class, where 
i=1,2,…,n, and j=1,2,…,m. 
 
Hence, the ith computing node workload from the jth class is computed by: 
 

.,21  and,21 , ?m,j= ?n, ,  i=P jijij λβ =  (2) 
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Hence, the total workload of the ith computing node i from all classes can be expressed as 
 

∑ ∑
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1 1
.,21  ,λββ  (3) 

  
As a result, the system’s total workload from all classes, β , can be computed as follows: 
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Denote ijµ  as the allocated service rate at ith node for jth class task. Hence the corresponding 

expected service time is computed by
ijµ

1
. As mentioned earlier, the service times of every 

computing node has exponential distribution which is independent from the arrival process.   
Hence the ith computing node service rate can be computed by:  
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Consequently, the total system service rate is computed by: 
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Denote ijρ as the jth class service utilization (traffic intensity) at the ith computing node. It is 
computed by: 
 

.21and 21, ,...,m, j,...,n,, i
P

ij

jij

ij

ij
ij ====

µ
λ

µ
β

ρ  (7) 

 
Hence, the service utilization of all jobs assigned to ith computing node is computed by: 
 

.21,
11

,...,n, i
i

i
m

j ij

ij
m

j
iji ==== ∑∑

== µ
β

µ
β

ρρ  (8) 

 
Consequently, the total system service utilization can be computed by:  
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Finally, the total system service utilization of the jth class jρc  can be computed as follows: 
 

∑
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i
ijj mjρc
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β

ρ  
(10) 

 
The stability condition for the studied system model is λ < µ, see [38] for more details. 
In this research, each node is demonstrated as a single M/M/1 model. Thus the mean response 
time of the ith computing node could be calculated as follows: 
 

.21  ,
)1(
)/1( ,...,n,iTN
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ρ
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 (11) 

 
Hence, the system expected mean response time for the jth class tasks can be obtained as 
follows: 
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Form Eq. 12, the average overall system mean response time overall classes can be computed 
by: 
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From Eq. 13, one can notice that the overall system mean task response time could be 
minimized by minimizing average response time of jth class. Hence, the scheduling problem 
can be expressed as follows: 

.21 and21              ,0                 

,21    ,                  

subject to

.21  ,   Minimize
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4. Proposed Multi-Class Load Balancing Strategy 
 

In this section, the strategy of scheduling different classes of tasks on multiple 
distributed heterogeneous CNs (servers) is presented.  The proposed strategy considers the 
system's computational resources heterogeneity. It balances the system's load among CNs by 
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evenly distributing the service utilization aiming to minimize the average response time. In 
other words, the system's workload is perfectly balanced between CNs by making all the CNs 
service utilization equal. This strategy minimizes the per-class mean response times. It has two 
distinct decisions: 
 

• The tasks allocation to the CNs; and 
• The tasks execution order at each computing node.  

 
The first decision is considered as an overall load-balancing problem where tasks are balanced 
among multiple heterogeneous CNs to minimize the mean response-time of each class. The 
second is a local decision at each computing node and consists of solving an optimal 
sequencing problem: given a mix of tasks at a computing node, find the best service order of 
queued tasks to minimize the mean class response time.  The proposed scheduling strategy 
puts the following restrictions on these two decisions: 
 

• Allocation: tasks are allocated to CNs immediately upon arrival in a probabilistic 
manner; i.e., a task is assigned to a CN based on routing probabilities 

.}{ mj1 ,1 ≤≤≤≤ niijP  the values of the routing probabilities are determined using the 
scheduling strategy algorithm which minimizes the mean class task response time. 
This algorithm will be explained later. 

• Sequencing: The sequencing strategy is the same at each CN and it is a simple static 
priority policy. It does not require knowledge of the future, and the execution of a task 
cannot be interrupted and subsequently resumed (i.e., non-preemptive).  

 
The proposed scheduling strategy utilizes an existing optimal sequencing strategy [20] which 
minimizes the mean response time of all classes. It is designed according to proposition 2.1 in 
[20].  
 
Proposition 1. Given an n-node heterogeneous system, and an m-class M/M/1 queue, class j 
having arrival rate jλ  and service rate ijµ  at node i. The sequencing strategy on node i which 

sets priority to class j over class k when ikij µµ ≥   minimizes the system overall mean 
response time. 
This proposition can be proved directly from proposition 2.1 in [20]. 
According to proposition 1, the scheduling process gives high priority to classes having higher 
service utilization rates.  Using this sequencing strategy, the task classes are reordered and 
categorized such that  mρcρcρc ≥≥≥ ...21  

Where, 

∑
=

n

i
ij

j

1
µ

λ
, ( j=1,2,…,m) is the system jth class service utilization (See Eq. 10). 

This categorization process allocates a number of priority stages to classes of tasks. As a result 
of this sequencing strategy the jth class tasks are assigned priorities higher than the kth class 
tasks if  j<k. 
For the allocation strategy, the master node (load manager) allocates arriving tasks to CNs 
immediately upon arrival in a probabilistic manner; i.e., a task is assigned to a CN based on 
routing probability .}{ mj1 ,1 ≤≤≤≤ niijP  The proposed allocation algorithm determines the 
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probability that minimizes the response time of all classes. This algorithm selects the CN that 
minimizes the mean class task response time, and at the same time, it should not be overloaded 
for computing the task.  
To satisfy this, the proposed algorithm uses the following service utilization measure Li to 
detect the relative workload of each computing node i: 
 

.21  , ,...,n,i

n

L i
i =









=
ρ
ρ

 
(14) 

 
Where iρ is the ith computing node service utilization given by Eq. (8), and (ρ/n) is the 
system's average computing node utilization given by Eq. (9). The proposed scheduling 
strategy aims to keep Li very close to 1 which means that the system's CNs service utilization 
is evenly distributed. In the following lines, we list the details of the proposed allocation 
algorithm: 
It is assumed that admitted tasks to the system are absolutely autonomous. This means that the 
amount of inter-process communication among tasks is zero. It is also assumed that tasks are 
computationally expensive ones. The FCFS strategy is utilized for in queues tasks. It 
guarantees definite fairness, does not  require any task execution time  information in advance, 
does not need huge computing power, and its implementation  is easy [2,3]. 

4.1 Multi-Class Load Balancing Strategy 
1. Reorder and label the task classes such that m21 ρc...ρcρc ≥≥≥ , where, 

∑
=

= n

i
ij

j
jρc

1
µ

λ
, ( j=1,2,…,m) is the system jth class service utilization. 

2. For each class j do 
a. Set ∞=TC ; /* as initial value for the class response time */. 
b. Set Nmin=1, and Lmin=∞ ;/* Assume that the lightest CN is node 1 and its 

relative workload is ∞ */ 
c. Create a set of CNs Aj that satisfy the jth class tasks software and hardware 

requirements )( nAj ⊆ . 
d. For each computing node i in Aj do 

i. Set Pij=1;/* assume that the task will be allocated to that computing 
node, and calculate the expected response time for jth class TCj using  
Eq. 12 */ 

ii. Calculate the relative workload Li for that node using Eq. 14. 
iii. if  ((TCj<TC) && (Li<Lmin)) then 

1. TC=TCj; 
2. Lmin=Li; 
3. Nmin=i; 

iv. End if  
e. End for 
f. 1

min
=jNP ; /* that is jth class task will be allocated to Nmin computing node */ 

g. Allocate jth class tasks to computing node Nmin; 
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3. End for 
The previously outlined task allocation algorithm aims to minimize the mean response time 
for multiclass tasks running in a heterogeneous distributed computing systems. In step 1, the 
algorithm starts by reordering and labeling all the classes in a way that gives higher priorities 
to classes with higher traffic intensity. This is done by reordering the classes in a way that the 

following condition; 

∑∑∑
===

≥≥≥ n

i
im

m
n

i
i

n

i
i

11
2

2

1
1

1 ....
µ

λ

µ

λ

µ

λ
 is satisfied. 

For every class j, the algorithm sets initial values for the class response time TC, lightest 
computing node Nmin, and lowest workload Lmin in steps 2.a, and 2.b. Then in step 2.c, the 
algorithm creates a set Aj of CNs that satisfy the class task hardware and software 
requirements.  Step 2.d is the core of the proposed allocation algorithm.  It selects the 
computing node Nmin in Aj that minimizes the jth class mean response time and has the lightest 
work load Lmin by computing the relative workload using Eq. 14. This is done by estimating 
the jth class expected mean response times and the relative workloads for all CNs in the set Aj 
using equations 11 and 13 respectively. Step 2.d in the algorithm has three sub-steps. The 
sub-step 2.d.i assumes that the jth class tasks will be allocated to the ith computing node ( i in 
Aj) by setting Pij=1 and then it computes the jth class expected mean response times on that CN 
using Eq. 12. After that, in the sub-step 2.d.ii, the algorithm computes the relative workload Li 
for the candidate computing node i in Aj using Eq. 14. Finally, in the sub-step 2.d.iii, the 
algorithm determines the computing node Nmin in Aj that minimizes jth class tasks mean 
response time and having the lightest relative workload.  Steps 2.f, and 2.g allocate jth class 
tasks to Nmin node by setting 1

min
=jNP  which minimizes the class mean response time.  

 

4.2 Performance Metrics  
 
The performance metrics used to evaluate the proposed strategy in this research are: 
 

1. Average Task Response Time: The interval of time between the task arrival instant 
and the task  leave instant, after finishing all needed communications and processing 
is known as the task response time.  The average response time of multiple task classes 
is computed as in Eq. 13. 

2. Average Computing Node Utilization: It is the average of the percentage of total node 
busy time out of total node available time for all computing nodes.  

5. Simulation Results and Discussion 

5.1 Experimental Environment 
In this section, the performance of the proposed multi-class load balancing algorithm 

is evaluated using simulation.  Even though the availability of various implementation tools 
for assessing scheduling policies such as network simulator NS2, OmNet++, Arena, Alea, 
OptorSim, and GridSim, in this study, all the simulation experiments are performed using 
GridSim v4.0  [25]. It has services for modeling and animating objects in distributed systems 
for instance users, applications, resources, and load distributers that are utilized in designing 
and assessing load balancing techniques.  To effectively assess the performance of the 
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suggested multi-class load balancing algorithm, an environment for the studied model is 
constructed having various resource features to be heterogeneous. In this environment, 
resources vary in OS, storage, CPU speed, and RAM.  Using GridSim, Gridlet objects are used 
to model user tasks. It has all information required related to the task's and the details for 
managing execution.  Also, from the Grid Information Service (GIS) entity, all the required 
information concerning the existing system resources could be acquired as it keeps track of all 
resources available in the simulation environment. A Computer (Core I3 Processor, 3.1 GHz, 
4GB RAM) with Windows 7 OS is used to carry out all the simulations experiments. 
 

5.2 Simulation Results and Analysis 
Tasks form different classes arrive to the scheduler sequentially according to 

exponentially distributed inter-arrival times that are independent and identical. Instantaneous 
arrivals are not allowed. Service times also generated using exponential distribution. Task 
parameters (such as size, requirements and needed service) are randomly generated.  For 
reliability, every presented result is the mean value attained from 10 simulation rounds using 
various seeds in generating random numbers. In the simulator, collecting statistics starts after 
ten minutes warm up interval. All time units are in seconds. The performance of the proposed 
algorithm is evaluated using a wide range of system parameters by varying the system arrival 
rate λ , system service rate µ and number of computing nodes n.  

   The performance of a heterogeneous distributed computing model under the 
suggested multi-class load balancing strategy is evaluated and compared with that of two other 
strategies namely; Random Distribution Load Balancing Strategy (RDLBS) and Uniform 
Distribution Load Balancing Strategy (UDLBS). In the RDLBS a computing node for a task 
execution is randomly determined without putting any performance indicators to that 
computing node or to the system in mind. This strategy is explained in [22].   

 
In the UDLBS the tasks flow rate from the scheduler to a computing node is set to the 

value
n
1

, where n is the computing nodes number in the system. Even though, in the suggested 

Multi-Class Load Balancing Strategy (PMCLBS) all the arriving user tasks from different 
classes to the scheduler are distributed on the computing nodes that minimize their class 
response time. Also, the computing nodes utilize a scheduling policy which gives higher 
priority to classes with higher service rates and this policy minimizes the response time as it is 
proved in [20].  

   In the first experiment, we study the effect of varying the system's traffic intensity 
from 0.1 to 0.9 on the performance of a heterogeneous distributed computing system having 
16 computing nodes. Fig. 3, shows the system average response time of the three evaluated 
scheduling strategies. From that figure, one can easily notice that the PMCLBS outperforms 
the RDLBS and the UDLBS in terms of average response time. The improvement in response 
time increases as the system traffic intensity increases. This performance was anticipated 
because the PMCLBS allocates tasks to a computing node which minimizes the class response 
time, and the computing node in turn utilizes a scheduling policy which gives higher priority to 
classes with higher service rates.  In contrast, the RDLBS randomly selects a computing node 
for executing task and the computing node in turn services tasks using pure FCFS scheduling 
policy. Also, the UDLBS evenly distributes the system workload on the computing nodes 
without putting any (computing node, or system) performance metrics in mind, and the 
computing node in turn services tasks using pure FCFS scheduling policy.   



130                                                                                         El-Zoghdy and Ghoneim: A Multi-Class Task Scheduling Strategy 
 

 
Fig. 4, shows the average computing node utilization using the three evaluated 

scheduling strategies. From that figure, it is clear that as the system traffic intensity increases, 
the computing nodes utilization increases using the three evaluated scheduling strategies. The 
utilization of computing nodes is almost the same for low system workloads. The PMCLBS 
utilizes the computing nodes more efficiently that the RDLBS, and the UDLBS for higher 
system workloads.    
 

 

 
 

Fig. 3.  Task average response time 
 

 

 
 

Fig. 4. Average computing nodes utilization 
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In the second experiment, the effect of varying number of computing nodes n form 2 

to 128 on the system performance using the same performance metrics is studied. Fig. 5 shows 
the effect of changing number of computing nodes on the average task response time using the 
three evaluated scheduling strategies. It is clear from that figure that PMCLBS outperforms 
the RDLBS and the UDLBS. The improvement is of a certain magnitude for moderate number 
of computing nodes. The performance of the three studied load balancing strategies converges 
when the number of computing nodes is low or high. This is logical because when the number 
of computing nodes is low, the computing nodes become highly loaded and almost all tasks 
suffer from waiting in the queues. Also, when the number of computing nodes increases, their 
utilization decreases because many of them will be available. This removes the effect of 
balancing the workload using the three evaluated load balancing strategies, and this explains 
why the response time obtained by the three strategies is almost the same for low and high 
number of computing nodes. This result is ensured in Fig. 6 which presents the effect of 
varying the number of computing nodes on their average utilization using the three evaluated 
scheduling strategies. It is noticed from that figure that the computing nodes utilization 
decreases as their number increases. Again, one can notice that the PMCLBS outperforms the 
other two strategies in terms of average computing node utilization when the number of 
computing nodes is moderate. Also, when the number of computing nodes is low or high, the 
performance of three studied scheduling strategies is almost the same for the same reason 
explained earlier.  

 
 

 
 

Fig. 5. Average response time versus number of computing nodes 
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Fig. 6. Computing nodes utilization versus number of computing 

5. Conclusion 
In this research paper, the problem of scheduling various classes of user jobs on heterogeneous 
distributed computing systems is studied. A multi-class load balancing strategy aiming to 
minimize the average per-class response time is proposed.  The performance of the suggested 
multi-class load balancing strategy is compared with that of the random distribution, and 
uniform distribution load balancing strategies. The simulation results show that, the propose 
scheduling strategy overtakes the random and uniform distribution load balancing strategies in 
terms of average system response time, and average computing nodes utilizations. This 
improvement is clear for moderate system workload. When the system workload is heavy or 
light the performance of the three studied scheduling strategies converges. In the future, an 
extension to the proposed multi-class load balancing strategy to be able to deal with more 
complicated hierarchical models that reflect the real models will be studied  
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