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anced. In this paper, we present a static task scheduling method based on the particle swarm opti-

We have improved the performance of the basic PSO method using a load-balancing technique.
We have compared our proposed method with round robin (RR) task scheduling, improved PSO
task scheduling and a load-balancing technique. The simulation results show that our method
outperforms these algorithms by an increase of resource utilization of 22% and a decrease of
makespan by 33%, compared with the basic PSO algorithm. The results illustrate that our
proposed method converges to the near optimal solution faster than the basic PSO algorithm
and is more efficacious with more tasks.
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1 | INTRODUCTION

Cloud computing employs parallel and distributed computing concepts to provide users with shared resources through the internet.! A “pay as you
go0” model has made cloud services ubiquitous. Cloud providers, service providers, and users are three distinct entities incorporating in the software
as a service (SaaS) level provisioning. Cloud providers exploit virtualization technology and supply their clients with computing resources in the
form of virtual machines (VMs). Service providers, on the other hand, benefit from these VMs to provide users with application level services.
To assign users' tasks to VMs, reduce the response time, provide promising quality of service (QoS), and make the most of the resource, service
providers exploit task scheduling techniques. Therefore, the task scheduling algorithm is one of the core elements of each cloud infrastructure.t

Although there are several scheduling methods for a variety of computing environments, they should be adjusted for a cloud environment if
they have not been specifically designed for it. For example, there are some independent and homogeneous computers in a cluster, which together
act as a single system, and these systems use their local resources, while a cloud environment contains a set of distributed heterogeneous resources
and users can use all of them; thus, a scheduling algorithm that can be good for a cluster may not be appropriate for a cloud environment. The prob-
lem space should be mapped into the algorithm elements so that the algorithm can be applied to the structural features of the cloud environment.

The increase in heterogeneous VMs and the diversity of the size of tasks leads to a huge number of task arrangements. Finding the suitable
permutation with the minimum completion time among all permutations is a NP-hard problem. Many related studies have been conducted using
meta-heuristic algorithms in conjunction with scheduling in a cloud environment; however, in this paper, we have presented a scheduling method
based on the PSO algorithm? that has been improved using a load-balancing method, leading to the faster convergence of the optimal solution. In
fact, we can use an appropriate load-balancing technique and a meta-heuristic algorithm to consider two objectives meeting the interest of service

providers (resource utilization) and increasing the satisfaction of users (makespan reduction).
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In summary, our main objectives in this article are as follows:

1. To provide an improved load-balancing algorithm for the suitable distribution of requests regarding the compatibility of any request by the
machine. The difference between our proposed load-balancing algorithm and previous studies (e.g., Krishna® and Mittal and Katal?) is that
we chose the VM with the highest compatibility for hosting a request (see Section 3.2). Using this relationship increased the load balancing

between VMs over the previous studies leading to a greater reduction in makespan.

2. To consider the vector of resources (central processing unit [CPU], storage, random access memory [RAM], and bandwidth) rather than just

processor resources to check the compatibility of users' requests with VMs. This makes our model more realistic for the cloud environment.

3. To consider the interests of service providers and users simultaneously by defining a fitness function to decrease makespan and increase the

resource utilization.

4. To reduce the complexity of previous methods using a single-objective algorithm for task scheduling problems with simultaneous consider-

ation of the interests of service providers and users.

5. To provide the effective combination of the PSO algorithm and a load-balancing algorithm.

The results show that our method has advantages over the basic PSO task scheduling algorithm by increasing resource utilization by 22% and
reducing makespan by 33% at the same time. Our innovation includes presenting a thorough survey of the related literature along with a novel task
scheduling method using the PSO algorithm improved using a load-balancing technique.

The rest of this paper is organized as follows: Section 2 presents related work. Section 3 introduces the PSO algorithm briefly and provides the
problem formulation and method description in detail. Section 4 demonstrates simulation results and evaluation of the proposed method, and

Section 5 deals with conclusions and future work.

2 | RELATED WORK

In cloud computing terminology, optimal assignment of requests to data center recourses is called task scheduling. Requests are assigned to differ-
ent kinds of resources considering the service they might need. There are two groups of limitations: client-defined limitations and provider-defined
limitations. A large body of research has been carried out concerning the task scheduling area and can be categorized in two main groups: (1) those
that deploy a heuristic/meta-heuristic algorithm and (2) those that combine a heuristic/meta-heuristic algorithm with a non-heuristic one. We dis-
cuss some of the most important related work in each of these groups along with some of the load-balancing algorithms for the cloud computing
environment to state why we used a combination of the PSO algorithm with a load-balancing technique.

The first group consists of work exploiting heuristic/meta-heuristic algorithms. Since task scheduling is an optimization problem belonging to
the class of NP-hard problems, it cannot be solved using traditional methods in a polynomial time.> Therefore, heuristic or meta-heuristic methods
should be used.”> However, solutions generated by heuristic methods are often trapped in local optima, which is not near global optima.®> Accord-
ingly, meta-heuristic algorithms, such as the genetic algorithm (GA), ant colony, and particle swarm optimization (PSO), are the best candidates for
task scheduling problems, specifically when we face a diversity of requests and VMs.%® It has been proven that meta-heuristic algorithms are the
most effective approach to escaping the local optima.?”1° In addition, heuristic algorithms are problem-dependent techniques while meta-heuristic
ones are problem-independent techniques.!*

Our motivation to use a PSO-based meta-heuristic algorithm is explained in the following section. Mandal and Acharyya presented a new
scheduling method using a firefly meta-heuristic algorithm to schedule requests in the cloud environment, considering the objective of reducing
makespan.!? They compared their results with the cuckoo search algorithm and simulated annealing (SA) and showed that their algorithm has bet-
ter performance. However, Jones and Boizant compared the performance and efficiency of PSO with the firefly algorithm; their results showed that
PSO is nearly twice as fast as firefly in terms of optimal response and has a lower rate of overheads compared with firefly.'® The selection of the
PSO algorithm for the scheduling problem is more suitable than the firefly algorithms. Moreover, PSO has better performance when compared with
ant colony and SA algorithms based on comparisons carried out in previous studies.*

Therefore, we used a PSO-based algorithm in our proposed method. Since our proposed method is a combination of the PSO algorithm and a
new load-balancing technique, we deal with PSO scheduling methods and load-balancing techniques used in recent years for task scheduling.
Aiming to reduce computation and communication costs, Pandey et al. proposed a PSO-based task scheduling algorithm for workflow
application.'® Their results show the proposed method leads to lower computational costs when compared with a simple “best resource selection”
algorithm. The main drawback of this method is that it sacrifices the completion time of tasks to decrease the computational cost. Zhang et al. pre-
sented a PSO-based solution for scheduling tasks in a grid environment and showed that their PSO-based method resulted in a better schedule

than the GA-based method in a grid environment.'®

Guo et al. proposed a PSO-based task scheduling method in cloud computing aimed at
reducing completion time by minimizing execution and transmission times.'”
The second group contains works benefit from combining a meta-heuristic algorithm with a meta-heuristic or non-heuristic one. Zhan and

Huo* proposed a mixed method using both PSO and simulated annealing (SA) algorithms. The proposed method tends to reduce tasks' average
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execution time and increase convergence speed to the optimal solution. This study shows that the improved PSO-based method has better
efficiency comparing to the genetic algorithm, simulated annealing, and ant colony, although combining PSO and SA algorithms results in more
computational complexity. Mixing PSO with SA algorithms, Kaur and Sharma'® proposed a new task scheduling method for cloud environment.
Their primary goal was to optimize resource utilization and maximize providers' profit. In our method, in addition to taking into account the inter-
ests of service providers, we considered requirements of quality service for users. Abdi et al.X? proposed an improved PSO-based task scheduling
method using “shortest job to fastest processor” algorithm for generating the initial population. The method's goal was to reduce makespan. Their
results show that the proposed method has lower makespan comparing to GA-based and simple PSO-based solutions.

Some meta-heuristic studies for task scheduling in the cloud computing environment considered only the benefits for provider's benefits or
client satisfaction, not both. These include the genetic algorithm (GA),® ant colony,”® and PSO.*>1¢ Others have used a meta-heuristic algorithm
to improve another meta-heuristic or a non-heuristic algorithm.'%1&1?

Some other meta-heuristic studies used multi-objective scheduling methods to consider both users' and providers' interests. Bilgaiyan et al.
presented a workflow scheduling algorithm using the cat swarm optimization algorithm for workflow scheduling in the cloud environment.?° They
aimed to simultaneously reduce makespan, cost, and idle time of the processor. By comparing their results with those of the multi-objective PSO
(MOPSO) algorithm, they showed that their method could work better. Udomkasemsub et al. presented an artificial bee colony (ABC) multi-objec-
tive scheduling method to consider the conflicting objectives of cost and makespan using the Pareto optimizer algorithm.?* Wu et al. proposed a
multi-objective scheduling method using the random-drift PSO (RDPSO) algorithm for scheduling workflow in the cloud aimed at reducing the cost
and makespan.?? Yassa et al. presented a PSO-based multi-objective workflow scheduling method to reduce costs, energy, and makespan.?® They
used a technique to reduce the cost and then compared the proposed method to the heterogeneous earliest finish time (HEFT) method, which is a
greedy-based heuristic method. Most previous studies have focused on the cost and makespan as two important objectives in scheduling.

In addition to considering the interests of users, Khalili and Babamir considered the requirements of QoS for service providers.?* They pre-
sented the gray wolf optimizer (GWO)-based algorithm as a multi-objective scheduling algorithm with a Pareto front with the aim of reducing
makespan and cost, and increasing throughput. They compared their results with those of the strength Pareto evolutionary algorithm (SPEA2).

Even though the use of multi-objective algorithms considers the interests of users and service providers simultaneously, it has higher complex-
ity, which makes obtaining a set of near optimal solutions more time consuming than a single objective method; therefore, we used a single objec-
tive algorithm. The difference between our work and previous studies is that by exploiting a load-balancing mechanism, we can provide a new
scheduling method based on the single-objective PSO algorithm including an appropriate objective function. The proposed method can provide
a faster response time for users with the satisfaction of improved resource utilization for service providers. Moreover, the load-balancing mecha-
nism we use enables us to distribute the workload evenly among VMs leading to an increase of resource utilization and makespan reduction simul-
taneously. Using a single-objective algorithm to concurrently reduce the makespan and increase resource utilization mitigates computational
complexity and thus increases the speed of the scheduling algorithm.

Load-balancing algorithms can be classified into static and dynamic classes. The static algorithms are suitable for homogenous and stable envi-
ronments. In this group of algorithms, only initial attributes and capacities of resources are considered. The dynamic algorithms, on the contrary, are
suitable for heterogeneous and dynamic environments. Dynamic algorithms tend to find better solutions regarding resource attributes both in their
initial state and during the run-time.?*

Now, we address the load-balancing algorithms. A lot of related work has been done on load balancing with different objectives such as reduc-

32627 2628 and reducing migration time of requests.22? Since our objective in load balancing is to reduce the response

ing response time, scalability,
time, we state some new studies in this field. Nakai et al. have presented a load-balancing mechanism based on the reserve policy to disperse
requests among replicated servers.2® This allowed overloaded servers to reserve a part of the capacity of remote servers before receiving a new
request, and, if requests were higher than the amount of average capacity of remote servers, some of the requests were discarded. Simulation
results showed that their proposed method reduces the response time and increases overload. Even though it reduced the response time, some
requests were discarded; therefore, this method was not appropriate for our work.

Daraghmi and Yuan tried to improve the performance of the load-balancing algorithm.2” They considered the network structure in addition to
the technical factors of load balancing. Thus, they provided a method which was efficiently applicable in the network and reduced the level of over-
head in the network in addition to reducing response time. This proposed algorithm is also not suitable for the cloud environment due to its low
productivity and lack of scalability.

Mittal and Katal proposed a method for scheduling requests with the objective of reducing makespan using a load-balancing algorithm for the
cloud platform.* They compared their results to those of some most well-known algorithms of load balancing such as Min-Min,*® Max-Min®! and

3233 and robust alternative splicing analysis (RASA).2* Simulation results showed that their algorithm had better

improved algorithms of Max-Min,
performance than other related algorithms. We compare our proposed algorithm with this algorithm.

Our load-balancing algorithm is inspired by the honeybee behavior proposed in previous study® by Krishna for the reduction of the makespan.
Assigning requests to VMs based on the RR algorithm and moving requests from overloaded VMs to those with alight caseload are the main ideas
in his work. In our approach, an improvement of the honeybee-based load-balancing algorithm is used.

In this paper, we propose a PSO-based task scheduling algorithm by benefiting from a load-balancing algorithm to generate a more suitable
initial population and choosing a more appropriate goal function. Despite all the above mentioned works which consider either clients' benefits

or providers' benefits, our method decreases makespan duration and increases resource utilization at the same time.
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3 | PSO-BASED TASK SCHEDULING

First, we explain the static PSO-based task scheduling method; then, we present the problem formulation and our proposed method based on PSO
in detail.

3.1 | Classic PSO

PSO is a meta-heuristic algorithm introduced by Eberhart and Kennedy? at 1995. It simulates the social behavior of animals like flock of birds or
shoal of fishes. Each particle in problem (search) space is similar to a bird or fish in the nature and has a position vector and a velocity vector. Every
particle can be considered as a possible solution for the problem, and it searches the problem space for the optimized solution. Position of each
particle is affected by its own best position so far in the problem space (pbest) and the position of the best particle in the problem space (gbest).
Using a fitness function, performance of each particle is evaluated at the end of every iteration. Therefore, definition of fitness function is problem

specific. Figure 1 shows the PSO algorithm where particles' positions and velocity vectors are calculated in every iteration using Equations 1 and 2.

Vi = wvi¥ + ¢q rand x (pbesti-x;¥) + ¢, rand,x (gbest-x;¥), (1)
X:(+1 _ X%( + V:Grl’ (2)
where
Vi velocity of particle i at iteration k
vt velocity of particle i at iteration k+1
w inertia weight
G acceleration coefficient,j = 1, 2
rand; random number between O and 1,i = 1, 2
X< current position of particle i at iteration k

pbest;  best position vector of particle i
ghest;  position vector of the best particle in the population

X; position vector of particle i at iteration k+1

3.2 | The proposed load-balancing algorithm

Load balancing is one of the most important aspects of task scheduling problems in the cloud environment. Load balancing is a technique which
disperses workload among multiple servers in a way that maximum resources are efficiently used and we can have the best response time and
throughput. An appropriate load-balancing algorithm can (1) prevent overload; (2) reduce the waiting time of requests; and (3) increase the effi-
ciency of VMs.

Our proposed load-balancing algorithm is based on the honeybee behavioral model of James and Brian Johnson.®® In essence, the tasks of hon-
eybees and VMs are related to food sources. Allocating a task to a VM is similar to the exploring of food sources by bees. Overloading of VMs is
similar to obtaining honey from an empty food source, and therefore, there is the need to move a task from an overloaded VM to one with a light
caseload, comparable to the exploration of a bee to find a new food source, removing tasks from the heavy one. To move tasks from an overloaded
VM, an appropriate VM with a light caseload should be found. A lack of load balancing can be discovered in the cloud environment through calcu-

lating the standard deviation of the system's load (Equation 3).

A
Calculate
: Particles’
Fltne.ss -— Mutation
Function
Initializing
3 o Update Gbest: Global
il Part_lcle Updste Ebest Particle Value Minima
Generation
Update
Update Gbest pmmpp  Velocity
Vector

FIGURE1 The PSO algorithm



EBADIFARD AND BABAMIR 5 of 16
WILEY

0=/ 2, (PTIPTY?, (3)

where m is the number of VMs, PT; is the processing time of ith VM, and PT is the processing time of the whole system. The system is unbalanced if

its standard deviation is greater than the desired threshold and we need to move requests from overloaded machines to those with a light caseload.
VMs are divided into three categories of load: underloaded, balanced, and overloaded, where requests are moved from overloaded VMs to

underloaded ones using the following method.
If CPU, RAM, storage, and bandwidth are resource types of a system, we show (1) resource usage pattern of task T; as vector ﬁ whose four
members contain the usage amounts of CPU, RAM, storage, and bandwidth; and (2) usage resources pattern of n tasks as R4 (Equation 4). The

available resources pattern is shown as R, (Equation 5) where R denotes the vector of total resources.

NN @
Rused % T,
i=1
i (5)

Ravial R Rused

Based on Equation 6, we use cosine similarity® to calculate the similarity between resource usage pattern vector of task Ty (indicated by TT:)

and total resource vector R. In Relation 6, the smaller value the angle has, the greater similarity (better compatibility) exists between T—k> and R.

avail(i) ( 6)
%
R

angle = cos™*

avail(i) ’

We use the angle for compatibility of a user's request (task) and the VM on which the request could be scheduled. In other words, the resource
usage pattern of a task has the most affinity with available resources pattern on the VM. In the proposed method, we considered utilization of the
resources in addition to compatibility between the requested resources and the available resources of VMs. Thus, we select an underloaded VM
with the best compatibility for task T, using Equation 7 where value a is set to 0.5 in this paper. We obtain the value of the angle in each execution

period of our algorithm.
Compatibility = axangle + (1-a) xresource utilization. (7)

We used our proposed load-balancing method to prevent the overload of VMs and to select the most appropriate VM to make the transition
requests to underloaded VMs based on resource usage pattern of requests and available resources pattern of VMs, as well as the utilization of VMs.

3.3 | Task-resource scheduling formulation

Although there are attempts to trade off makespan reduction and increase of resource utilization as conflicting objectives,3”® there is a reverse
linear relationship between these two objectives (Equation 9) so there is no need to trade-off and use a multi-objective algorithm; accordingly,
we use a single-objective one. According to Equation 9,* resource utilization of a VM is defined as a proportion of the overall completion time
of tasks (makespan) during which the VM is busy. Considering the use of a load-balancing algorithm to reduce makespan, we accordingly increased
the resource utilization. Therefore, we face the optimization of one objective.

To formulate the problem, we denoted tasks: the set of {T4, T,, Ta, ..., T,}, which are non-preemptive and independent, and VMs as the set
of {(VMy, VM,, VM3, ..., VM, If we denote the processing time of task T; on VM; as PT;; and the completion time of VM; as CT,—,3 Equations 8 and
9 define the overall makespan and the VM utilization. The objective is to minimize the overall makespan to maximize the resource utilization

according to Relation 9. The average utilization is defined by Equation 10.1

Makespan = max{CT;|j = 1,2,...,m}, (8)

24 PTj
makespan ’

©)

Utilizationyy, =

(zj"; 1UtilizationVM])
———

Average utilization = (10)

Next, we define the fitness function of the PSO algorithm as Equation 11 according to which a particle has a better position, if it has a lower

fitness value.
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k
Fitness function — —oxeopan (11)
Average utilization

Using the following example, we show how the makespan reduction can lead to increased resource utilization in the presence of load
balancing. Assume that we want to schedule a workflow with five tasks on three VMs. Table 1 shows the time that each VM takes to complete
the tasks. If tasks are allocated to machines according to the second column of Table 2, the last column of the table shows the utilization of each
machine based on Relations 9 and 10.

Table 2 shows that the makespan is 11 seconds where the average utilization is (0.45 + 1 + 0.18)/3 = 0.54. Consider another task scheduling
(Table 3) where we have both a reduction of makespan by 9 seconds and an increase of average utilization by 0.8 (0.6 + 1 + 0.8)/3 = 0.8. It can be
concluded that a load-balancing algorithm can enable us to assign tasks to VMs so that both the makespan is reduced and utilization is increased.
We reduced makespan in the proposed algorithm using a load-balancing algorithm, and, based on the definition of utilization (Relation 9), the reduc-
tion of makespan increases utilization. Indeed, through selection of an appropriate objective function, we could select solutions with lower
makespan and higher resource utilization. The details of the proposed method are explained in the next subsection.

Note that in our method, we considered acceleration coefficients as ¢, = ¢, = 1.49445 and random numbers as rand, and rand, between O and

1 (see Section 3.1 for the explanation of these parameters).

3.4 | The proposed PSO-based load balancing

Detailed explanation of the proposed method and pseudocode of its algorithm are presented in this section. The steps of the algorithms are as

following:
Step 1. Defining of particles, position vectors, and velocity vectors
For a problem with n tasks, we define each particle as an N-dimensional vector X = (X1, Xo, ..., X,), where X; (ie{1, 2, ..., n}) represents
index of the VM on which task i would be processed. Position and velocity of particles are initialized randomly. For example, Figure 2 shows the
initialization of a particle's position vector for 6 tasks and 3 VMs.

Step 2. Improving position vector of particles and balancing load of VMs

Load of every VM at time t is calculated using Equation 12 where NT(t) is defined as the number of tasks in the VM's queue at time t and

SRvwm (t) is defined as service rate of VM; at time t.

TABLE1 Completion time of tasks on by VMs

TASK1 TASK2 TASK3 TASK4 TASK5
VM1 5 6 2 1 9
VM2 8 2 3 0.5 7
VM3 7 6 8 2 13

TABLE 2 The first task scheduling

Machine Assigned Tasks Completion Time Resource Utilization
VM1 T3,T5 2+9=11s 11
—=1
11
VM2 T1, T2 3+2=5s 310.45
11
VM3 T4 2s 2
—=0.18
11

TABLE 3 The second task scheduling

Machine Assigned Tasks Task Completion Time Resource Utilization
VM1 T1, T4 5+1=6s éfO.é
9
VM2 T2, T5 2+7=9s 9
-1
9
VM3 T3 8s g _08
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Task 1 Task 2 Task 3 Task 4 Task 5 Task 6
VM 2 VM 1 VM 1 VM 3 VM 2 VM 2

FIGURE 2 Values of a randomly initialized particle

NT(t)
Limt = ==———2-. 12
Wt = SR D (12)
Comparing the load of each VM to average load of the whole system, the VM's state is recognized as underloaded (VM load < average system
load), overloaded (VM load > average system load), or balanced (VM load = average system load); then, the tasks of overloaded VMs will be replaced
to underloaded VMs. We use proposed load-balancing algorithm in Section 3.2 for transmit requests from overloaded VM to underloaded VM. The
task replacement procedure will be continued until either all the VMs are balanced or no underloaded VM exists to replace tasks of overloaded

VMs to them.
Step 3. Calculating fitness function and specifying pbest

Fitness value of each particle will be calculated using Equation11. Comparing the current fitness value of each particle with its own pbest value,

the particle's best position (pbest) will be distinguished.
Step 4. Specifying gbest
Comparing the current fitness value of the whole population together, the lowest fitness value will be specified as global best position (gbest).
Step 5. Updating particles' position and velocity vectors

Since the PSO algorithm has been considered for continuous space, the values of particle positions cannot be used for the task scheduling
problem in a cloud environment. Therefore, we used the method in Mohamad et al.>? to convert continuous values of position vector to discrete
values. In the proposed method, the position of each particle is determined as a vector with a length of the number of VMs and each member of the
vector contains a binary bit string with a length of the number of requests. A bit with the value of 1 in the ith place of a bit string of a VM denotes
the assignment of the ith request to the VM. The velocity vector of each particle is calculated according to Relation 1. Finally, the position vector of

each particle is calculated using the sigmoid function stated as Equation 13.

. 1
sig (V,-k“) = W, (13)

If V1> ran.nextint(2), x*1 = 1. Otherwise, x*1=0.

Step 6. Terminating condition

Steps 3 to 6 will be repeated until the maximum number of iterations is reached. Pseudocode of our proposed algorithm is shown in Figure 3.
Position initialization of our method has an advantage over the base PSO task scheduling method because base PSO task scheduling method ini-
tializes particles' position vectors randomly, but our proposed method executes a load-balancing step after random initialization to improve the
particles' positions. Therefore, each initial particle can present a proper solution which will be improved by moving in the problem space. The sim-
ulation results, presented in Section 4, show that compared to the PSO-based task scheduling method, our method leads to more efficient com-

pletion time and resource utilization.

4 | PERFORMANCE EVALUATION

In this section, we present the simulation setup and evaluation of the proposed algorithm based on the results of conducted tests. It is worth men-

tioning that the experiments are conducted in SaaS level.
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Input: VM ={VM,, VM,, VM. ..., VM, }, Task = {T,, T,, T, ..., T,}
Output: best position of Tasks on the VM(Gbest)
Start:
1: set particle dimension equal to the size of ready tasks, Initialize particles position and velocity
randomly,
2 : for each particle, run load balancing algorithm for balancing particle position,
3: for all particles, calculate its fitness value by in Equation 11,
If (fitness value < pbest )
set the current fitness value as the new pbest,
4 : select the best particle's position as gbest,
5: for all particles, calculate velocity using Relation 1 and update their positions using Equation
13,
6: repeat steps 3 to 6 if termination condition or maximum iteration is not satisfied.

FIGURE 3 The PSO-based load-balancing and task scheduling pseudocode

4.1 | Statistical analysis

All experiments were carried out 10 times, and the mean and standard deviation were obtained. Variance analysis of independent data with three
replications was performed using the ANOVA method and a completely randomized factorial design. All statistical analyses were performed with
the SAS 9.1 software (SAS, Cary, NC, USA) where the least significant difference (LSD) was considered with (P < .05). We carried out the Fisher test
for all experiments.

4.2 | Simulation results

For our experiment, we have used CloudSim“® to simulate cloud computing Saa$ level. This simulator gives capability of simulating a virtualized
environment, and it supports on-demand resource provisioning. We have extended the CloudSim simulator for modeling our method. The purpose
of our method, as mentioned before, is to present an efficient PSO-based task scheduling algorithm for cloud computing environment which can
reduce completion time of the longest task (makespan) and increase the average resource utilization of the cloud data center. We have defined 10
particles for the PSO population. The termination condition is set to 100 iterations. To analyze our method, several experiments are conducted in
two different test setups. Test setups and experiments are described in the rest of this section.

e Test setup 1

In the first test setup, we defined a cloud data center consisting of three hosts, each capable of supporting virtualization technology and shar-
ing its resources among several VMs. Hardware details of hosts are presented in Table 4. Sixteen VMs are hosted and run on three hosts consisting
of distinct details. Each VM executes applications with a different number of instructions varying from 500 to 4500. We used a simulated workload
for these series of tests. Parameters for the simulation of the PSO algorithms are given in Table 5.

Since our proposed method is a combination of the PSO algorithm and a new load-balancing technique, we compared our method with load-
balancing techniques and recent PSO task scheduling methods: (1) simple round robin (RR) scheduling; (2) improved PSO scheduling‘”; (3) the PSO-

TABLE 4 Hosts' technical specifications

Hostld Processing Cores Processing Speed, Mips RAM, MB Hard, MB Bandwidth, Mbps
1 4 5000 204 800 1048 576 102 400
2 2 2500 102 400 1048 576 102 400
3 1 1000 51 200 1048 576 102 400

TABLE 5 The algorithm parameters

Parameter Value
Population size (no. of solution) 10
Maximum iterations 100

C1, G 1.49445

ri,r2 Random numbers between 0 and 1
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based method consisting of improvement of the convergence of PSO-based method through taking advantageous of the SA algorithm*; (4) hon-
eybee load-balancing algorithm?; and (5) RASA improved load-balancing algorithm.*

Figure 4 shows the makespans obtained using the 5 methods stated above and ours for different number of tasks.

Since the honeybee load balancing® uses the RR task scheduling at first, its performance depends on the RR initial task assignment. As the
figure shows, the honeybee load-balancing method is more efficient than the improved PSO*! because the honeybee load balancing is capable
of distinguishing the overloaded and light caseload VMs while the improved PSO does not have such capability. According to the figure, our
method is qualified to balance the load of each particle in the beginning of every iteration; therefore, it provides a better makespan than the other
methods especially with more tasks. This is because the less number of tasks is, the less number of machines becomes overloaded; therefore, the
existence of load-balancing and task scheduling methods is not of great importance but in situations with large number of tasks. The proposed
method affects the makespan more effectively than others.

Table 6 presents the makespan value for each algorithm with the different number of tasks. The values in this table denote the mean value
obtained from 10 executions. The superscript characters indicate the significant class that the value belongs to. Each class shows a range of
numbers where “a” and “p” denote the highest and the lowest ranges, respectively. For the makespan, a lower class is more desirable. The double
superscript characters such as “ml” denote that the value belongs to both classes “m” and “I". Notation “+” denotes that the deviation has exists
between the values obtained from the three executions based on the LSD (i.e., a = 0.05).

Consider that the lower class a method belongs to, the lower makespan it has. According to Table 6, there is not a significant difference
between our method and Zhan and Huo* when the number of requests is less than 20 because both belong to class “p”. However, our method
performs better than others when the number of tasks is more than 20 because, in this case, results of our method belong to lower classes than
others. The more requests (tasks) we have, the more significant the difference between our method and others; the most significant difference
is observed when the number of tasks is 80.

Figure 5 represents response times for the different numbers of tasks for the RR, improved PSO,**4! honeybee load balancing,® and the pro-
posed algorithms. Our method provides a lower response time in comparison with the three other methods. Table 7 presents the response time
value for each algorithm with a different number of tasks. The explanation for this table is the same as the one for Table 6. According to

20 T T T T -
—#—RR

18 | [ —&— Improved PSO[14]
—+— Load balancing(3)

181 | —=— Improved PSO[42]
—— Improved RASA [4]
Proposed method

10

Makespan(s)

[=2]

20 30 40 50 60 70 80
Number of Tasks

FIGURE 4 Makespan comparison

TABLE 6 Makespan values for different methods

Number of Tasks

20 40 60 70 80
Simple Makespan 56+ 0™ 8.1 + Q" 121+ 0° 17.15+0°" 18.66 + 0°
Improved PSO*? 242 +0.14° 5.31+04™ 7.1 +0.344 11.11 +0.29° 12.4 + 0.35%
Load balancing®* 2.71 +0°% 51+0M™ 7.6 =0l 10.6 = 0f 12.6 0%
Improved PSO** 3.6 +0.3° 6.48 + 0.68% 8.6+0.7" 12.58 + 1.03° 15.11 + 1.19¢
Improved RASA*? 421+0" 61+0 8.1+ 0" 11.1 + of 13.27 + 0¢
Proposed method 2.13 + 0.04° 4.1 +0.032" 5.6 +0.06™ 8.01 + 0.04" 9.8 + 0.077¢8

Values correspond to mean * standard error of three (n = 10) measurements. Within each column, the superscript letters indicate significant difference
according to least significant difference (a = 0.05).



10 of 16 Wl LEY

EBADIFARD AND BABAMIR

Response time(s)

—+—RR
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—+— Load balancing(3]
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Proposed Algorithm

B 1 1 L 1 1
20 30 40 50 60 70 80
MNumber of Tasks
FIGURE 5 Response times obtained using the 4 methods and ours
TABLE 7 Response time values for different methods
Number of Tasks
20 40 60 70 80
RR Response time 214 +0' 3.36£0.14/ 481 +0" 6.16 + 0° 7.2 +0°
Improved PSO** 2.07 + 0.32™ 350 4.69 +0.2" 6.08 + 0.26° 7.39 + 0.28%
Load balancing®* 173+ 0™ 3.13+ 0" 4.30 £ 0 5.6 + 08F 6.70 + 0°
Improved PSO*? 1.7 £ 0.88™ 3.35+0.16 4.54 +0.19" 5.83 + 0.22f 6.6 +0.37¢
Proposed method 1.48 +0.22" 3.08 + 0.1 4.13 + 0.06' 5.54 +0.158 6.47 +0.13«

Values correspond to mean + standard error of three (n = 10) measurements. Within each column, the superscript letters indicate significant difference
according to least significant difference (a = 0.05).

Table 7, our method performs better than others when the number of tasks is 20, and the same as Krishna® and better than others when they are

more than 20.

Comparison between resource utilization among the proposed method, the improved PSO algorithm,** and RR algorithm is shown in Figure 6.

It is evident that both improved PSO-based task scheduling methods result in higher resource utilization when compared with the RR algorithm.

Because of its ability to balance the load of VMs, our proposed method has better performance in comparison with the improved PSO algorithm.

Table 8 presents the resource utilization value for each algorithm with a different number of tasks. The explanation for this table is the same as the

one for Table 6, with the difference that the higher classes are more desirable. According to this table, results of our proposed method belong to

higher classes than others.

Resource Utilization

T T

—#+—RR
—&— Improved PSO[42]
—+— Proposed Algorithm

03
10

1
40 50

Number of Tasks

FIGURE 6 Resource utilization values obtained using the 2 methods and ours

70 80
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TABLE 8 Resource utilization values for different methods

Number of Tasks

10 20 30 50 60 70 80

RR Resource utilization 0.47 + O 0.55 + 0/ 0.61 % 0' 0.62 + 0 0.66 + O" 0.71 + 08 0.75 + 0°f
Improved PSO** 0.52 +0.04 0.61 +0.03" 066 +0.02" 067 +005 071+029% 077+003° 0.83+0.03¢
Proposed method 0.65+0.02" 0.73+0.03%® 085+0.02¢ 0.84+002¢ 087+0.01° 093+0017° 0.98+0?

Values correspond to mean + standard error of three (n = 10) measurements. Within each column, the superscript letters indicate significant difference
according to least significant difference (a = 0.05).

Figure 7 illustrates the convergence rate comparison of the improved PSO*! and our proposed algorithm. It is clearly observable that our
proposed method reaches to its global minima in the 30th iteration and the makespan does not change afterwards. The improved PSO algorithm,
however, finds its global minima after 60 iterations. Therefore, our proposed task scheduling method is more efficient from a computational

complexity point of view.
e Test setup 2

To analyze performance of the proposed method under real workloads, we have conducted another experiment with a new configuration. We
considered 4 hosts on which 40 VMs are running and working in a cloud data center. Table 9 shows the technical details of the hosts, and Table 10
does hardware details of VMs.

We have used a workload that was logged by NASA Ames Research Center from October to December in 1993.43 It contains 42 240 jobs.
Each job is converted to a Cloudlet regarding to its completion time and processing rate of existing processors. Each Cloudlet is a task that can
be used in CloudSim simulator.

15, T T T 1 I
. —#— Classic PSO
N £— Proposed Algorithm

14+ N 4

Makespan(s)

| 1
10 20 30 40 50 60 70 80 90 100
Number of Iteration

FIGURE 7 The convergence rate of the classic PSO and our proposed method

TABLE 9 Hosts' technical details

CPU Number of Cores Processing Speed, Mips RAM, MB Hard, MB Bandwidth, Mbps
Core_2_Extreme_X6800 2 27 079 20 480 1048 576 102 400
Core_i7_Extreme_Edition_3960X 6 177 730 1024 1048 576 102 400
Core_i7_Extreme_Edition_980X 6 147 600 20 480 1048 576 102 400
Core_i7_875K 4 92 100 20 480 1048 576 102 400

TABLE 10 VMs' technical details
CPU Number of Cores Processing Speed, Mips RAM, MB Hard, MB Bandwidth, Mbps

Core_i4_Extreme_Edition 1 9726 512 10 240 1024
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Figure 8 shows the makespan comparison for the four algorithms. With a fixed number of VMs (40), the number of jobs is increased from 300
to 2500. Our proposed method works efficiently under real workloads and outperforms the other three algorithms in terms of makespan duration.
Table 11 presents the makespan value for each algorithm with different numbers of tasks using the NASA log.

Figure 9 shows the values of makespan, resource utilization, and response time for up to 80 tasks and the makespan for NASA log up to 2500
tasks, which are obtained from application of the proposed method and others. As the figure shows, the proposed task scheduling method results in
a higher resource utilization and lower makespan compared with the other algorithms. Letters A to E indicate the significant differences based on
the LSD (i.e., a = 0.05).

4.3 | Results analysis

Our proposed method is based on an improvement of the PSO meta-heuristic algorithm with the use of a load-balancing algorithm inspired by the
honeybee algorithm. We compared and analyzed the current proposed method with (1) our previous work,** which used an improvement of the
PSO algorithm through the linear descending method to calculate inertia weight; (2) the improved PSO in Zhan and Huo#; (3) the honeybee load-
balancing algorithms in Krishna®; and the load-balancing method in Mittal and Katal,* for response time, makespan, and resource utilization.

Our proposed load-balancing technique was inspired by the load-balancing algorithm in Krishna® based on which requests move from
overloaded VMs to underloaded ones, in the case of unbalanced loads. However, the difference between our work and the previous work is that
the selection of an underloaded VM to moving requests to is based on (1) the request resource usage patterns; (2) the VM's available resource pat-
tern; and (3) the VM's resource utilization pattern. Therefore, in our proposed method, the selected VM has the most compatibility with the user's
request; while the load-balancing method in Krishna® only considers the resources of VMs. Improvement of the load-balancing algorithm in our
proposed method led to proper distribution of workload on VMs. This causes the reduction of makespan and the increase of resource utilization,
simultaneously. Moreover, the suitable use of a meta-heuristic algorithm and the proposed method tried to reduce the amount of makespan. Thus,
as Figure 4 shows, the proposed method has a lower makespan compared with the honeybee load-balancing algorithm3 and classical PSO
algorithm.

Another contrast is to Zhan and Huo#; in this study,** the PSO algorithm has been combined with a one-directional SA meta-heuristic algo-

rithm. Even though the use of the SA algorithm in creation of the initial population can act better than previous studies,®**

only the makespan has
been considered in the objective function, and it is less efficient when compared with our proposed method. Our proposed method could increase
resource utilization and reduce the amount of makespan by selecting resources utilization pattern in the objective function with the use of the load-
balancing technique to achieve this goal.

To show the effectiveness of the current proposed method, we compared it with the best method that was selected to calculate inertia weight
for the PSO algorithm in our previous method*!; moreover, through the load-balancing method, we improved the creation of the initial population
instead of a random population.

In Mittal and Katal,* a combination of RASA and Min-Min algorithms for scheduling were used, but the makespan reduction was less than the
current proposed algorithm; furthermore, in this study,* the computational overhead increases by increasing the number of requests due to the
voracious nature of the algorithm and the lack of consideration of compatibility of requests with VMs on which the requests are to be run.

In the case of response time, since the proposed method uses the load-balancing technique for suitable distribution of work on the VMs, the
response time to some of requests may initially be higher than the time when there were less requests due to workload density, but it has a better
overall response time than other algorithms due to reduction of makespan. The makespan reduction leads to increase of resource utilization. This

was partly due to the objective function used in our proposed method. This causes better resource efficiency compared with the load-balancing

B00 — T T T T T T T T T T
—+—RR

550 | —a— Improved PSO[42)
—+— Improved PSO[14)
Proposed method

450

400

350

Makespan(s)

300

250

200

15C|M7--* R

400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
Number of Tasks

FIGURE 8 The makespan values obtained from real workload using the 3 methods and ours
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FIGURE 9 The parameters' values obtained from the proposed method and other algorithms

algorithm in Krishna.? According to our simulation results, in the current proposed method, the resource utilization is better compared with the
improved PSO algorithm** due to balancing the load on VMs and the effect of resource utilization in selection of the population of each generation
according to the objective function in Equation 11.

5 | CONCLUSION AND FUTURE WORK

Task scheduling plays a key role for cloud computing service providers as it must bring mutual benefits for both cloud providers and their clients. In
this paper, we have presented a new PSO-inspired task scheduling method capable of balancing the load among VMs. Task-resource assignments
are analogous to particle's position vectors. Initially, position vectors are generated randomly, and then at each iteration, position vectors are
improved using a load-balancing technique. Benefiting from load-balancing technique, it is capable of decreasing makespan. In addition, it is qual-
ified of increasing resource utilization and performance taking advantageous from proper fitness function. Our method evidently reduces makespan
by 33% and increases the system utilization by 22% while it converges to the global minima in half-time comparing with PSO task scheduling
method.** It also outperforms base round robin and load-balancing techniques. Our method is generic and scalable, as it can be deployed in data
centers with any number of tasks and resources by increasing task-resource array dimension. Furthermore, our method is applicable for any cloud
environments with independent and non-preemptive tasks. In the future, we plan to expand our method for workflow applications and taking other
QoS criteria like fault tolerance capability and cost reduction into account.
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