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ABSTRACT

The need of cloud consumers to optimize all op-
tions offered by cloud provider has been rapidly arisen
during the recent years. The consideration involves
the appropriate number of VMs must be purchased
along with the allocation of supporting resources.
Moreover, commercial clouds may have many differ-
ent purchasing options. Finding optimal provision-
ing solutions is thus an NP-hard problem. Currently,
there are many research works discussing the cloud
provisioning cost optimization. However, most of the
works mainly concerned with task scheduling. In this
paper, we proposed a new framework where number
of purchased instance, instance type, purchasing op-
tions, and task scheduling are considered within an
optimization process. The Particle Swarm Optimiza-
tion (PSO) technique is used to find the optimal so-
lution. The initial results show a promising perfor-
mance in both the perspectives of the total cost and
fitness convergence. The designed system provides
the solutions of purchasing options with optimum
budget for any specified workflow-based application
based on the required performance.

Keywords: Cloud Computing, Cloud Provisioning,
Cost Optimization, Workflow Application, Deadline
Constraint, Particle Swarm Optimization

1. INTRODUCTION

Cloud computing service has gained popularity in
various application domains during the recent years.
Cloud computing refers to the computing resources
delivered as services over the Internet. The hard-
ware and systems software in the datacenters pro-
vided those services is called Cloud. Cloud infrastruc-
ture can serve many purposes [5]. Firstly, it can be
used to serve internet-based services. Instead of own-
ing and maintaining web servers or database servers,
a company can purchase virtual servers on the cloud.
Secondly, cloud can be used as a High Performance
Computing (HPC) platform. Cloud consumers can
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purchase virtual machines that yield the required per-
formance to execute the large scale scientific workflow
application.

The price of cloud computing service is scalable
and adjustable according the service options. To get
the most advantage form cloud computing service;
there are many factors that the cloud customer has
to consider. These factors are number of purchased
instances, instance type, purchasing options, and task
scheduling. Cloud customer must balance all factors
with the required performance to execute the work-
flow application.

Usually, Cloud providers offer 2 options in purchas-
ing cloud computing instances, on-demand instance
and reserved instance. The usage cost for the on-
demand instance is charged based on a per-hour basis
while the usage cost for reserved instance is charged
in advance for a certain amount of service time be-
side the per-hour cost. However, the per-hour cost of
reserved instance is cheaper than the per-hour cost
of on-demand instance. When comparing to the on-
demand plan, the best advance reservation plan is
difficult to achieve due to the uncertainty of cloud
consumer’s demand in the future and providers’ re-
source prices. Decision on whether to purchase cloud
instance as reserved or on-demand instance is another
importance policy. A good decision leads to reduction
on total cost. In addition, cloud providers often offer
many type of instances with different computational
power. Consumer can then select the instance types
that match their requirement.

There are 2 types of problem for finding the op-
timal solution of cloud provisioning cost, scheduling
and cost modelling.

To find the optimal cost of cloud computing,
Chaisiri et. al. [7] proposed an optimal cloud re-
source provisioning (OCRP) algorithm. The stochas-
tic programming model is formulated to find the total
resource provisioning cost. Byun et al. [6] proposed a
partition time balance schedule (PBTS) to optimize
the cost of executing workflow application on a cloud
platform. Their research focuses on scheduling tasks
to minimize a number of cloud instances in each time
slot.

The cost-optimal of application with many tasks
is a complex problem especially for the application
with dependency relationship. For cloud provisioning
problem, Chen and Wang [8] proposed PSO for task
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scheduling in heterogeneous grid. Their objective
is to minimize application completion time. Many
PSO based algorithms have been proposed to mini-
mize cost of executing workflow application on cloud
computing [14, 16]. All the above approaches are fo-
cused on scheduling tasks in workflow application to
be executed on cloud instance. In their works, the
number and computation power of cloud instance are
assumed to be static.

In order to take the instance, purchasing options
and task scheduling all together into account, the
problem becomes NP-hard. In the real world, prior
to the execution a large scale scientific application
project, the number of instance to be purchased has
to be decided on. Also, in each purchased instance,
decision on instance type has to be made to serve
the required computational power. The decision on
whether to purchase cloud instance as reserved or
on-demand instance is another importance policy. A
good decision leads to reduction on total cost while
the purchased cloud instances can serve the required
performance. To address these problems, we propose
cost optimization in cloud provisioning using PSO.

This research focuses on the optimization of cloud
instances purchasing for large scale scientific work-
flow executions. Types and numbers of instances to
be purchased are considered in our framework along
with the execution dateline. We extended the ex-
periments from our previous work [13]. We have in-
cluded the experiments on finding the convergence
speed and more details on the effect of deadline. The
results of our work can help the cloud consumer to
decide whether to purchase on-demand or reserved in-
stances. A good decision can also lead to cost saving,
while maintain the required performance.

In optimization, heuristic algorithms were de-
signed to deal with specific problems. If the scope
of problem is changed, the algorithm has to be re-
designed. Furthermore, heuristic algorithm may not
produce the optimal solution. Metaheuristic algo-
rithms were invented to deal with generic problem
[11]. This kind of algorithm provides both explo-
ration and exploitation in solution searching. With
the well balance in exploration and exploitation,
metaheuristic algorithm yields the excellent results.
The examples of popular metaheuristic algorithms
nowadays are Artificial Ant Colony, Particle Swarm
Optimization, and Artificial Bee Colony algorithms.
Banharnsakun, Sirinaovakul and Achalakul [2] pro-
posed an algorithm to solve job shop scheduling prob-
lem by using Best-so-far ABC [3]. The purpose of
their research is to find the best scheduling solution
in the production system.

Among metaheuristic algorithms, there are both
algorithms for combinatorial problems and for numer-
ical problems. For example, Artificial Ant Colony
algorithm was designed to deal with combinatorial
problems and Particle Swarm Optimization algo-

rithm was designed to deal with numerical problems.
Particle Swarm Optimization provides high perfor-
mance in optimization. Although it was designed to
deal with numerical problems at first, it can be mod-
ified to deal with combinatorial problems and yields
the better performance than Artificial Ant Colony [9].

The research contributes to cloud computing pro-
visioning cost optimization system which is consid-
ered to be combinatorial problem. The system uses
Particle Swarm Optimization to minimize the total
cost of using cloud. The framework takes workflow
detail, task dependency and task execution time, as
inputs. Appropriate instance number, instance type,
purchasing type, and task schedule which produce
minimum cost, is then achieved as a result.

The rest of this paper is organized as follows. Sec-
tion 2 describes the cost model. Section 3 describes
original Particle Swarm Optimization. Section 4 de-
scribes the decoding scheme to be applied to Particle
Swarm Optimization in our problem context. Section
5 describes our experiments. Section 6 shows results
from our experiments. Finally, Section 7 concludes
our work.

2. COST MODEL

In order to find the optimal solution, cost model
is required to be an objective function. It is used for
calculating the cost of purchasing cloud provisioning
cost. In this research, the cost model consists of 2 ma-
jor parts, on-demand and reserved cost. The model
is designed whether the instances are purchased with
on-demand pricing and/or reserved pricing. The de-
tail of cost model is shown in equation (1).

Cost=
∑M

m=1
cmd tmxm

d +
∑M

m=1
(fm

r + cmr tm)xm
r (1)

From equation (1), xm
d and xm

r are the indica-
tor variables that indicate the instance m was pur-
chased as on-demand (xm

d ) or reserved instance (xm
r ).

The variable cmd and cmr are the per-hour cost of on-
demand instance and reserved instance respectively.
If the consumer purchases only reserved instance then
the value of xm

d and cmd are zero. On the other hand,
if the consumer purchases only on-demand instance
then the value of xm

r and cmr are zero. However, the
instances can be purchased as on-demand, reserved
or combination of on-demand and reserved. The vari-
able fm

r is the cost that cloud consumer has to pay
the provider in advance for reserved instance. Lastly,
the variable tm is the time required for each machine
to run the tasks.

The decision of all alternatives in equation (1)
must be satisfied the constraint in equation (2). That
is time span must be shorter or equal to the deadline.
In other words, the executing time of the workflow
must be finished on time or before the deadline. This
time span is the time difference between the start and
finish of a sequence of tasks.
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time span ≤ Deadline (2)

To find the optimal solution, the cost function
must guide the search process in the problem space
to find the optimum solution. Therefore, the cost of
the alternative solution that cannot meet the dead-
line constraint in equation (2) must pay the penalty.
In the case that deadline constraint is satisfied, we
use the cost from equation (1) as the fitness value.
Otherwise, we apply the penalty cost to equation (1).
Therefore, the fitness value for the alternative solu-
tion that the execution time cannot meet the con-
straint is changed to equation (3) as shown below.

Fitness = Cost× 2× Time Span

Deadline
(3)

The variable Cost in equation (3) is the cost which
is calculated from equation (1). The Time Span is
the time required for executing the workflow.

3. PARTICLE SWARM OPTIMIZATION

To provide the good balance between exploration
and exploitation in solution searching, we use Parti-
cle Swarm Optimization as the base algorithm in our
work. Particle Swarm Optimization (PSO) [12, 15]
is a variation of swarm intelligence. PSO search for
the solution which is multi-dimensions real value by
simulating the particle moving around the solution
space. The position of particle in solution space rep-
resents a solution for the problem. Each particle has
its own velocity to update its position. Each particle
remembers the personal best which is the best solu-
tion that particle ever found. Among the personal
best from all particles, the best one is remembered
as the global best. In each iteration, the particles’
velocity is updated using equation (4).

vt+1
k = wvtk + c1r1(p

t
k − xt

k) + c2r2(p
t
g − xt

k) (4)

Where w, c1, and c2 are the constant factors, r1
and r2 are the random real number between 0-1. For
particle k after t iterations, vtk is its current veloc-
ity. xt

k is its current position. ptk is its personal best.
ptg is the global best after t iterations. After updat-
ing velocity, the particles’ position is updated using
equation (5).

xt+1
k = xt

k + vt+1
k (5)

The particles’ velocity and position updating iter-
ation continues until the termination criterion is met.
The global best from the last iteration is used as the
solution.

PSO can be directly dealt with problem which so-
lution can be represented as real value. For the prob-
lem with discrete solution, PSO has to be modified.
One method is changing the particle into the vec-
tor of discrete value instead of real value [10]. This

method changes the definition of operator in equation
(4) and (5) to be able to handle integer vector. The
other method is decoding from real value into integer
[8] which we used in this paper.

4. PARTICLE DECODING

PSO algorithm is originally designed for solving
the numerical problem. However, the solution of
cloud provisioning cost optimization problem is dis-
crete alternatives which are represented with integer.
Therefore, real values in PSO’s particle have to be
decoded into integers to represent a solution. The de-
coding scheme used in this paper is adapted from [8]
which the real values in PSO’s particle are rounded
up to be string of integers. Our particle string is
designed to represent the decision variable with real
values. After the PSO optimal value searching pro-
cess, these values are rounded up to be integers for
further decision. The representation decoding con-
sists of two processes. First, PSO’s particle is a set
of string of real value which represents the vector of
decision. This string of real value is divided into sec-
tions. Each section is used to represent decisions for
each part of the problem. Each section contains many
dimensions. Each dimension has many alternatives.
Second, the real value in each dimension is decoded
into integer by multiplying with the number of alter-
natives and then round up the multiplication result to
be integer. For example, a dimension of string vari-
able represents selection of two alternatives; these two
alternatives are represented as integer 1 and 2. If the
real value of the string variable is 0.3, multiplying
with 2 yields 0.6. We round up 0.6 and get 1 which
means that we select the first alternative. If the real
value of the string variable is 0.7, multiplying with 2
yields 1.4. We round up 1.4 and get 2. Therefore,
we select the second alternative. Using this decod-
ing scheme, we can use PSO without modification on
particle updating process.

To represent the solution, PSO’s particle which is
the decision vector (or string of variables) is divided
into 5 sections. The first section represents the to-
tal number of instances to be purchased. The second
section represents the selected type of each instance.
The third section represents the purchasing type of
each instance. The fourth section represents the task
assignment for scheduling. The fifth section repre-
sents the task priority for scheduling. In our problem,
we design the real value in all dimensions to range
from 0-1. These values are used to indicate the al-
ternative that will be selected in the dimension. The
example of PSO’s particle is shown in Fig. 1.

The structure of solution string is designed as fol-
low. The first variable represents number of pur-
chased instances. The number of the variables of in-
stance type and purchasing type is equal to the max
number of purchased instances. The max number of
purchased instances has to be specified in advance. If
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Fig.1: Example of PSO Particle.

the number of purchased instances is less than max
number, the variables beyond that number are ig-
nored. The number of variables for task assignment
and task priority is equal to the number of tasks that
we want to execute in the workflow. Suppose that
there are m max purchased instances and x tasks.
Therefore, the total number of variables of the solu-
tion string is:

1+m+m+x+x = 1+2m+2x
If m=2 and x=3 then the total number of variables

are:
1+2*2+2*3 = 11
To illustrate our decoding scheme for PSO’s par-

ticle in Fig. 1, we consider the problem with the
following parameters. Suppose that consumer sets
max number of purchased instance to 2. There are 3
alternatives for instance type; small, large and extra-
large instance and 2 alternatives for purchasing type;
reserved and on-demand. There are 3 tasks in the
workflow. Then, pseudo-code for decoding scheme
can be written as shown in Fig. 2.

Fig.2: Pseudo-code for Particle Decoding.

The first section, total number of instances, con-
sists of one dimension. This dimension represents the
number of instances to be purchased which is limited
to max number of purchased instances. Supposed
that the first dimension has 2 alternatives, therefore
the value in the first dimension, 0.9, is multiplied
by 2 (MAX INSTANCE) which yields 1.8 and then
rounded up to 2. This represents 2 instances.

The second, instance type, has the number of di-
mensions equal to max number of purchased instance
(MAX INSTANCE). Each dimension in these sec-
tions represents instance type of the corresponding
instance. There are 3 alternatives for each dimension.
Therefore, the real values in instance type section are
multiplied by 3 (TYPE NUM) which yield 0.6 and 2.1

and then rounded up to 1 and 3 respectively. These
represent that the first instance is small instance and
the second instance is extra-large instance. If the
number of instances to be purchased is less than max
number of purchased instances, the latter dimensions
will be ignored.

The third sections, purchasing type, also has the
number of dimensions equal to max number of pur-
chased instance (MAX INSTANCE). Each dimension
in these sections represents purchasing type of the
corresponding instance. Since there are 2 alterna-
tives for each dimension in this section, the real val-
ues are multiplied by 2 (PURCHASE NUM) which
yield 0.8 and 1.6 and then rounded up to 1 and 2 re-
spectively. This represents the purchasing type of the
first and the second instance which are reserved and
on-demand respectively. Like section 2, if the number
of instances to be purchased is less than max number
of purchased instances, the latter dimensions will be
ignored.

The fourth section, task assignment, has the num-
ber of dimensions equal to the number of tasks in
workflow (TASK NUM). Each dimension in this sec-
tion represents which instance that task is assigned
to. From this example, the real values in this section
are multiplied by 2 alternatives (instnum) which is
the number of purchased instances we get from first
section. Multiplication yields 0.6, 0.8, and 1.2 and
then rounded up to 1, 1, and 2 respectively. This
represents that the first and the second tasks are as-
signed to the first instance while the third task is
assigned to the second instance.

The last section, task priority, has the number of
dimensions equal to the number of tasks in workflow
(TASK NUM). The priorities in this section are used
to define the order of execution of the tasks which
were assigned to the same instance. The task with
highest priority will be executed first if it has no pre-
ceding task or all preceding tasks were done. Other-
wise, it has to wait until all the preceding tasks are
finished. In this example, the first and the second
tasks are assigned to the same instance. We give the
higher priority to the higher value, so, the second task
will be executed before the first task if this does not
violate their dependency.

Using this decoding scheme, we can represent se-
lections of number of instances to be purchased, in-
stance type, purchasing type, and task assignment
while PSO’s particle is still consisted of real values.
Another benefit is that the number of alternatives
for task assignment can be changed as the number of
purchased instances has changed.

To conclude the process of our system, pseudo-
code of our PSO is shown in Fig. 3. The pro-
cess starts with generating particle population. Each
particle position is initialized by creating a vector
of length 2*MAX INSTANCE+2*TASK NUM+1.
Each dimension in the particle position is randomly
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assigned the real value between 0 and 1. Velocity of
each particle is initialized by random. The velocity
vector has the same length as the particle position.
We limit the range of these real values to -0.2 and 0.2.
The particle position is then decoded into integer as
explained above. We used these integers to represent
number of instance, instance type, purchasing type,
task assignment. We calculate execution time on each
purchased instance and total time span from instance
type, task assignment and task priority. The num-
ber of purchased instances, instance type, purchasing
type, and execution time are used by equation (1)
to calculate the total cost. If total time span does
not exceed the given deadline, we take this total cost
as particle fitness. Otherwise, we calculate particle
fitness from equation (3). All particles take their ini-
tial position as their personal best. The particle with
the lowest fitness is used as global best. All particle
velocities and positions are updated by equation (4)
and (5) respectively. Their positions are decoded and
used for calculating their new fitness. If the new fit-
ness is lower than its personal best fitness, the new
position is used as new personal best. After all parti-
cle velocities and positions are updated, the personal
best with the lowest fitness is used as new global best.
Particle updating iteration continues until it reaches
the max number of iteration (MAX ITERATION).
The global best from the last iteration is then used
as the solution.

5. EXPERIMENT

The system is tested on various kinds of work-
flow structure which provided by Bharati et al. [4].
These workflows are Cybershake, Inspiral, Montage,
and Sipht workflow. For each run, there are 100
tasks in each workflow in our experiment. The exper-
iments are tested on the combination of 2 deadlines
and 2 numbers of executions per year. We limited the
number of purchased cloud instances to 10 instances.
The number of PSO’s particles on each workflow is
assigned to 20 particles and run for 20 times. The
means of the total cost are then calculated. We take
pricing model as provided on Amazon EC2 [1] for the
cost of instance types. Only the standard instance
type is used in our experiments. Standard instance
type provides 3 alternatives of instance types. They
are small instance, large instance, and extra-large in-
stance. The costs of these instance types are shown
in Table 1.

Table 1: Cloud Computing Instance Costs.

Reserved On-demand
Instance type Per-term Per-hour

Per-hour($)
($) ($)

Small 97.5 0.07 0.12
Large 390 0.28 0.48

Extra-large 780 0.56 0.96

For task execution time on each type of instance,
we estimate by using time factor as shown in Ta-
ble 2. These factors are set to estimate execution
time instead of using real execution time. We assume
that extra-large instance which is the most power-
ful instance in our experiments can finish each task
within the time provided in workflow. Therefore, we
set the factor for this type to 1. For large instance
and small instance which are less powerful than extra-
large instance, we assume that they can finish each
task within the time as 30% and 60% higher than
extra-large instance. Therefore, we set the factor for
this type to 1.3 and 1.6 respectively. These factors
will be multiplied to the execution times from the
input workflow to estimate execution time of the re-
spective instance type. These estimated execution
times are used to find the time span of the work flow.

Table 2: Cloud Computing Instance Costs.

Instance Time factor
Small 1.6
large 1.3

Extra large 1

For simplification, we did our experiments on the
following assumptions. Tasks in the workflow do not
need any overhead time to be executed. The per-hour
cost is calculated from the summation of execution
time of that instance over a year. We assume that
there is no data transfer among tasks in workflow.
We also ignore the cost from transferring data in and
out of the cloud since this cost does not depend on
the instance type or purchasing type.

Since our work deals with the problem with a spe-
cific scope, there is no competitive work which covers
exactly the same problem scope. The problem scope
in our work includes instance type selection, purchas-
ing type selection, and task scheduling. For evalu-
ation, we benchmark our results against the lower
bound values which is described in [6] as well as our
method for estimating the lower bound values and the
method described in [6] is also similar. Lower bound
values are calculated from equation (1) with some re-
laxation on parameters. We ignore task dependencies
within workflows. We select only one type of instance
for each run time. The total execution time for that
type of instance is then divided by deadline to find
the number of instances. We calculate the total cost
and take the lowest one from the following purchas-
ing case; all instances are on-demand, all instances
are reserved, and all but last instance are reserved
and last instance which takes the least execution time
is on-demand. Finally, we compared total cost from
every instance type and select the lowest cost to be
lower bound value. This calculation yields the lower
bound value because it minimizes the idle time of pur-
chased instance by ignoring task dependency. Thus,
it yields the minimum number of instances to finish
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Fig.3: PSO for Cloud Provisioning.

the given workflow within the given deadline. We
take this lower bound value as the ideal total opti-
mum cost.

6. RESULTS

Table 3 shows the results of the experiment as de-
scribed above. As we will see from the table, the
total costs get lower as we increase deadline. Relax-
ation on deadline for scheduling gives more flexibility
in scheduling which leads to the lower cost. As we
double the number of execution times per year, the
total costs proportion are less than double for ev-
ery workflow. This reflects that the algorithm yields
different alternatives in purchasing when usage be-
haviour has changed. When we compare total cost to
lower bound value, we found that the results from Cy-
berShake and Montage experiments are close to the
respective lower bound value. The percent differences
between total costs and lower bounds are lower than
10%. For Inspiral and Sipht experiments, the differ-
ences between total costs and lower bounds are higher
than 10% since their workflow dependency are more
complex. These differences are caused by the com-
plexity of the workflow structure. The tasks in Cy-
bershake and Montage can be distributed more than
those in Inspiral and Sipht. This makes Cybershake
and Montage more flexible in scheduling than Inspiral
and Sipht. When we increase deadline of Inspiral and
Sipht, the percent differences are reduced because we
give more flexibility to the scheduling.

We did more experiments on Sipht workflow by
varying deadline. The results in Fig. 4 show the ef-
fect of increasing deadline in more detail. When the
deadline is low, the difference between total cost and
lower bound value is high. When we increase the
deadline, the difference becomes lower. With dead-
line at 5.5 hours, the percentage of difference is almost
zero. However, the deadline beyond 5.5 hours might
yields the higher percentage. This due to increasing
deadline also makes the lower bound value become

lower. Decreasing of deadline might not been consis-
tence to the optimal solution. The lower bound value
might get away from the optimal solution after this
point.

To illustrate performance of PSO on cloud comput-
ing provisioning cost optimization, we plot the graphs
of means of global best’s fitness value versus iteration.
We have plotted the graph of the first case of each ex-
periment.

Fig. 5-Fig. 8 show the convergence of fitness value
in each experiment. Fitness values decrease rapidly
within first 50 iterations. Fitness values decrease
slowly or stable after 100th iteration.

For Cybershake (Fig. 5) and Montage (Fig. 7)
experiments, the fitness values will be converged at
100th and 50th iteration respectively. This is consis-
tent with the results in Table 3 that total costs are
very close to the respective lower bound values. The
solutions found are optimal or close to optimal so-
lution and cannot be improved further. For Inspiral
(Fig. 6) and Sipht (Fig. 8) experiments, fitness values
are still getting lower after 200th iteration. Thus, the
gaps between total costs and respective lower bound
values can be reduced further if we let our system
work for more iteration. This might be the effect from
the structure of Inspiral and Sipht workflow. The task
assignment of these 2 workflows is harder to be op-
timized than of Cybershake and Montage workflow.
This makes PSO converge slower in Inspiral and Sipht
experiment.

7. CONCLUSIONS

This work can be useful to cloud consumers in pur-
chasing cloud computing service for scientific work-
flow execution. Since the cloud provider offer many
purchasing options to consumers, cloud consumers
have to decide the number of instances, type of each
instance, and purchasing type of each instance. The
solutions from our work make cloud consumers able to
decide those options at minimum cost. The solution
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Table 3: Cloud Computing Instance Costs.

Workflow
Execution per year Deadline Total cost Lower bound

%
(times) (hrs.) ($) ($)

CyberShake

4,000
0.6 683.38 641.03 6.61
0.8 633.10 595.18 6.37
1 591.86 586.53 1.43

8,000
0.6 1184.33 1087.05 8.95
0.8 1086.36 995.36 9.14
1 1002.56 995.36 0.72

Inspiral

1,000
2.5 1266.74 1038.78 21.94
3 1088.16 963.78 12.91
3.5 1060.90 946.58 12.08

2,000
2.5 2169.17 1698.16 27.74
3 2018.19 1635.06 23.43
3.5 1782.34 1600.66 11.35

Montage

6,000
0.2 352.03 345.39 1.92
0.3 348.94 345.39 1.03
0.4 345.39 322.89 6.97

12,000
0.2 685.02 645.78 6.08
0.3 599.95 597.95 0.33
0.4 590.85 548.28 7.76

Sipht

1,000
2.5 970.34 844.42 14.91
4 804.70 735.70 9.38
5 760.53 735.70 3.38

2,000
2.5 1689.81 1396.34 21.02
4 1358.96 1276.41 6.47
5 1286.29 1276.41 0.77

Fig.4: Percentage of Total Cost Compared to Lowerbound value.

also provides task scheduling to execute the given sci-
entific workflow within the cloud consumers’ specified
deadline. Therefore, cloud customers acquire the vir-
tual machines which yield the required performance
and produce minimum cost.

In this paper, we propose the Particle Swarm Op-
timization (PSO) method for cloud provisioning cost
optimization. The mechanism of PSO is to allow gen-
erated particles (candidate solutions) to move around
within the solution spaces. The positions of each par-

ticle will be updated at each iterating until the near-
optimal position is found. In PSO, the value associ-
ated with the position is a real value. In our work,
we then designed a decoding scheme to convert the
particle position from real values into a discrete solu-
tion (integers). Multiple objectives were also used in
our optimization framework in order to incorporate
multiple independent variables related to cloud pur-
chasing options. The experiment was then conducted
with existing workflows mentioned in previous sec-
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tion. The results show that our proposed PSO has
a promising performance. The proposed system can
be used to decide purchasing options for cloud con-
sumers. The budget can also be estimated for the
execution of a large scale scientific workflow.
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