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Section V discussed the resource wastage aware PSO based
VM placement algorithm. The computational results are
presented in Section VI with the work concluding in Section
VII.

Abstract— Cloud computing, a new paradigm for utility
computing, has brought a revolutionary change in the IT
industry by enabling the elastic on demand resource provisioning
of computing resources. As cloud infrastructure heavily relies on
virtualization technology, there is a need for an efficient and
effective virtual machine scheduling strategy. Virtual machine
scheduling problem can be defined as an allocation of a set of
virtual machines (VMs) to a set of physical machines (PMs). The
proposed work focuses on PSO based VM scheduling strategy for
VM placement in cloud infrastructure. The strategy focuses on
efficient VM allocation to physical servers in order to minimize
the total resource wastage and the number of servers used.
Simulation experiments were conducted to observe the allocation
of VMs to the servers and to evaluate the proposed algorithm
with respect to performance and scalability. The results are
compared with Best-Fit, First-Fit and Worst-Fit placement
strategies. Simulation study conducted to evaluate the
performance reveals the effectiveness of the model.

II.

VM placement is the process of mapping of virtual
machines to physical machines. As the cloud infrastructure is
wholly virtual, VM placement becomes a core issue in cloud
system. A lot of research work has been devoted to solve the
VM placement problem using various strategies. VM
placement problem is often formulated as a variant of binpacking problem which is an NP-Hard problem [4].
Accordingly, a number of models with varying assumptions
and constraints have been proposed in the Literature. In [5],
VM placement problem is modeled as a multidimensional bin
packing problem where servers are bins with each
resource(CPU, memory, network, storage etc.) being one
dimension of bin and VM are objects that are to be inserted
into bins. The algorithm proposed in [6] is based on first fit
approximation approach for the bin packing problem. The
heuristic approach proposed in [7] is derived from First fit
decreasing algorithm. The framework presented in [8] solves
the VM placement problem using the constraint programming
paradigm. Linear programming is another traditional
analytical approach to solve VM placement problem. The
approach proposed in [9] allocates the virtual machines on
physical machines to minimize the number of nodes used
which uses the linear and quadratic programming strategy.
Another approach proposed to solve this problem is presented
in [10] where an online self-reconfiguration approach is
presented for allocation of VMs using genetic algorithm. The
heuristic approach presented in [11] gets derived from the
Best-Fit decreasing algorithm.

Keywords—Cloud Computing, Virtual Machine Placement,
Particle Swarm Optimization, Virtualized Data Center, Multidimensional Bin Packing

I.

INTRODUCTION

Cloud Computing refers to the parallel and distributed
computing paradigm that involves delivering hosted services
through internet on a pay per use model. In its various forms
and scenario, the main goal of Cloud Computing is to
deliver storage, network, servers, computing or their
combination “as a service” [1,2]. As Cloud infrastructure
depends on virtualization technology, wider adoption of
cloud will increase more VM requests and hence an
increase in the virtualized infrastructure and therefore need
an efficient VM scheduling strategy. Many benefits and
desirable characteristics of cloud computing such as
scalability, load balancing, elasticity etc. are possible due to
virtualization technology. VM scheduling problem is proven
to be an NP Hard Problem, implying an exact solution can’t be
found. Rather suboptimal or near optimal solutions can be
found with the help of some soft computing approaches [3].
The strategy presented in this paper focuses on efficient VM
allocation to physical servers in order to minimize the total
resource wastage and number of servers used.

III.

RESOURCE WASTAGE MODEL

In a cloud environment, there are large data centers having
a pool of server nodes. As the infrastructure is fully
virtualized, all the applications run on Virtual machines (VMs)
and these VMs are deployed on physical servers. In current
scenario, only two dimensions of a VM are considered i.e.
CPU capacity and memory size. The CPU utilization of a
server is estimated as the sum of CPU utilization of all the
VMs that are running on that server. The memory utilization
can also be calculated in the same manner. For example if
there are two VMs running on a server with (35%, 20%) and
(25%, 50%) utilizations where (35%, 20%) represents the pair
of CPU and memory requests of first VM and (25%, 50%)

The remainder of the paper is organized as follows. In
Section II, related work on VM placement optimization is
discussed. Section III discusses the resource wastage model
and problem statement and its formulation. In Section IV,
resource wastage aware VM placement approach is discussed
while presenting the data structures and notations used.
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represents the pair of CPU and memory requests of the second
VM then the total CPU and memory utilization of that server
would be (60%, 70%) being a sum of the vectors [12].

single server. Let R p j and Rm j be the CPU and memory
demand of ith VM, where T p j and T m j are the CPU and
memory thresholds of jth server. A binary variable

xij

indicates that ith VM is running on the jth server. The variable
y j indicates whether the server is turned on or off. Since, the
objective is to minimize the total resource wastage; the
placement problem can be formulated as:
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IV. RESOURCE WASTAGE AWARE PSO BASED VM
PLACEMENT APPROACH

Particle swarm optimization is a stochastic, population
based meta heuristic computational method and inspired by
the social behavior in human beings and animals especially
fish schooling or bird flocking [13]. The credit for PSO goes
to Kennedy, Eberhart and Shi [14] and was first intended to
simulate the social behavior in animals [15]. Initially, all
particles of swarm are randomly initialized in multi
dimensional search space. The dimensionality of the search
space depends upon the problem that needs to be solved. The
particles perform flights in the multi dimensional search space
with their adjusted velocities and change their positions
subsequently. Each particle is represented by two things, its
current position and velocity. The position of a particle
represents a candidate solution to the problem. Each particle
changes its position by moving towards better position by
changing its velocity which is governed by some rules. These
rules are originally inspired by behavioral models of bird
flocking or school flocking [16]. In PSO, each particle stores
two values: (1) its own best position (localBest) and (2) the
best position obtained by the whole swarm (globalBest). These
two values are used for updating the velocity of a particle and
is presented as equation (7) [17].

| R p j  R m j | 

Here, W j represent the resource wastage of j
p

p

n

A. Resource Wastage Modelling
The remaining resources available on each server depend
upon the VM placement strategy used while deploying the
VMs on physical servers. Therefore, it is always desired that
the VMs should be deployed in such a way so as to minimize
the total resource wastage. To fully utilize multidimensional
resources, following equation is used to calculate the potential
cost of the wasted resources [12]:

(1)
th
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Subject to:

The size of the VM can be represented as a d-dimensional
vector in which each dimension corresponds to one type of the
requested resource (example CPU, memory, storage). For
example, the diagram shown in Figure 1 illustrates the
allocation of three VMs to a single server where each VM has
only two dimensions. As can be seen, after deploying the
VMs, some amount of resources remain unutilized or go
wasted in the allocation process. Our main objective of the
VM placement algorithm is to minimize the resource wastage.
Unutilized resource on each server may vary largely with
different VM placement solutions. Remaining resource should
be balanced along different dimensions because unbalanced
unutilized resource may prevent any further VM placement
thus wasting computing resources.
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Figure 1: An Example of Resources Allocated to Three VMs Running on a
Single Server.
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U j and U j represent normalized CPU and memory
utilization i.e. ratio of the used resource to the total resource.
R p j and Rm j represent the normalized remaining CPU and
memory resource i.e. ratio of remaining resource to the total
resource.  is a small positive number and its value is set to
0.000001. The key idea behind the above equation is to
balance the remaining resources along different dimensions
and to make the effective use of the resources in all
dimensions.

Vid (t  1)  Vid (t)  C1 r1d (Pid  Xid )  C2 r2d (Pgd  Xid )

(7)

Where C1 and C2 are two positive numbers called
acceleration coefficients and r1d and r2d are two uniformly
distributed numbers in interval [0, 1]. Pid and Pgd denotes the
localBest and globalBest positions of a particle. After

B. Problem Formulation
Suppose that there are n VMs (applications) i I that are to
be placed on m servers j J. Let us assume that none of the
VMs requires more resources that can be provided by any
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c) Subtraction operator: The subtraction operator is
used to calculate the difference between the two feasible VM
can be used to represent
placement solutions. The symbol
the subtraction operator. For given two solutions Xti and Xtj, if
the corresponding bits of both solutions are same, then the bit
value in the result will be 1, otherwise 0. For example
(1,1,0,0) = (1,0,0,1).
(1,0,1,0)

changing their velocity, the position of a particle is calculated
by the following equation [17].

Xid (t 1)  Xid (t)  Vid (t 1)

(8)

A. PSO for VM Scheduling
In this work, a PSO based VM Scheduler is used for
placement of virtual machines on the physical servers. As
explained earlier, PSO has many advantages over other Meta
heuristics techniques and has some interesting properties
which are very useful for solving some NP Hard and NP
Complete problems being easy to implement and having lesser
parameters to adjust. Before applying PSO to VM scheduling
problem, it needs certain modifications and improvements
because VM scheduling problem is a discrete optimization
problem but a basic PSO is suitable for solving only
continuous problems. To solve the virtual machine placement
problem, the encoding scheme, position update strategy and
velocity update strategy of PSO must be adjusted. Therefore,
operations and parameters of the standard PSO have to be
redefined so that it is capable of solving VM scheduling
problem.

d) Addition Operator: The addition operator is used to
represent the particle’s velocity update. The velocity update of
a particle will be caused by three factors viz. current velocity
inertia, local best position and global best position. Here, the
is used to represent the addition operator. If there
symbol
are n physical servers present in the cluster, then
t
t
t ) denotes that a particle updates its
( PV
PV
... PV
n
n
1 1
2
2
velocity by using Vt1 with a probability P1, Vt2 with P2, using
Vtn with a probability Pn and so on. For example, 0.4(1,1,0,0)
0.6( 1,0,1,0) = (1,#,#,0). The probability that the value of
second bit is equal to 1 is 0.4, and the probability that value is
equal to 0 is 0.6. Thus the update of the particle velocity
depends upon these uncertain values. These uncertain values
are calculated by finding the three inertia weight coefficient
values, P1i, P2i, and P3i. Values of these coefficients can be
obtained by the following equations [18].
1/ f (X t i )
P1i 
t
t
1/ f (X i )  1/ f (X localBesti (t))  1/ f (X t globalBest (t))
(9)
1/ f (Xt localBesti (t))
P2i 
1/ f (X t i )  1/ f (X t localBesti (t))  1/ f (X t globalBest (t))
(10)
1/ f (Xt globalBest (t))
P3i 
1/ f (Xt i )  1/ f (Xt localBesti (t))  1/ f (Xt globalBest (t))
(11)
In the above equation f (X t i ) denotes the fitness of

1) Encoding Scheme: A two-dimensional encoding
scheme is quite useful for solving the VM placement problem.
The first dimension of a particle is an n-bit vector where n is
the number of physical servers and the second dimension
contains the set of subsets comprising the VMs to be placed on
those servers [18]. In the first dimension, every bit is
associated with a server. If the bit is ‘1’ it means that the
server is active and at least one VM is running on that server.
If the bit is ‘0’ then it means that corresponding server is idle
and not in use.

solution represented by the ith particle with its current position
X t i and is discussed in the next section. The fitness of a VM
placement solution is the total resource wastage of all servers
in a cluster. Higher the resource wastage of the feasible
solution, the greater will be its fitness. Hence, the solution
having greater fitness will have the smaller value of inertia
weight coefficient. Accordingly, selection probability of the
solution that has greater fitness (i.e. more resource wastage)
will be lower as compared to the other with lesser fitness.
After finding the inertia weight coefficients, the uncertain bit
values can be obtained by the following rules:
The uncertain bit value = q1, if rand <= P1i
The uncertain bit value = q2, if P1i < rand <= P2i
The uncertain bit value = q3, if P2i < rand <= P3i
Here rand is a random number generated in the range 0.0 to
1.0, q1 is the corresponding bit value before updating the
particle velocity, q2 is the corresponding bit value of a particle
localBest velocity vector and q3 is the corresponding bit value
of the particle’s global best velocity vector.
e) Multiplication Operator: The multiplication operator
is the
is used to update the particle position. Suppose
multiplication operator. Xti Vt+1i represents the current
particle position update based on the velocity vector V t+1i. If

Figure 2: Two – Dimensional Encoding Scheme [18]

2) Parameters and Operators of PSO Used: Modifications
of standard PSO can be done by redefining its parameters and
operators. The parameter and operators of the PSO used in the
work are presented below [18]:
a) Particle Position: The particle position Xti is as an n bit vector where Xti = (Xti1, Xti2, … , Xtin) where n is the
number of physical servers in cluster. If jth bit is 1, it means
that jth server is in use and at least one VM is running on it. If
the bit is 0, then corresponding server is idle and not in use.
b) Particle Velocity: The particle velocity Vti is an n-bit
vector where Vti= (Vti1, Vti2, … , Vtin ). Here, the velocity of a
particle represents the adjustment decision of the virtual
machine placement solution. Every bit in velocity vector is 0
or 1. If the bit is 0, then the corresponding server and virtual
machines running on that server must be reevaluated. If the bit
value is 1, then there will be no change and the corresponding
server is not evaluated.
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the bit value of the velocity vector is ‘1’, then the
corresponding bit of the position vector is not changed. If the
corresponding bit of the velocity vector is ‘0’ then it shall be
adjusted. For example (0,0,1,1) (1,0,0,1) are the position
and velocity vector then according to the position update
strategy, the second and third bit of position vector shall be
changed. It means that the VMs running on second and third
server should be re evaluated and checked whether it is an
optimal way of placing the VMs or not. The velocity and
position update equations are given below:

Vt+1i = P1Vt i P2 (XlocalBesti (t) Xt i ) P3 (XglobalBest (t) Xt i )

X t+1i  X t i

P3 =

(12)
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T p current j

and T

B. Data Structures Used in the Model: The following data
structures are used to meet the requirements:
 Pop [number of Particles] [number of servers]: This matrix
represents the whole population. The number of rows is
equal to the number of particles and number of columns is
equal to number of physical servers.
 PMList: This List stores the information of all physical
servers, for example each node in list represents a single
physical server with its ID, its CPU threshold and memory
threshold.
 VMReqList: This list contains the information about each
VM for example, its ID, its CPU requirements and its
memory requirements.
 Particle: ArrayList is used as a data structure to store a
particle. The length of the ArrayList is equal to number of
servers. Each node in ArrayList contains another ArrayList
which is used to represent the set of VMs that are running
on corresponding server.
 LocalBest [number of particles] [number of servers]: Each
particle stores its local Best position that has been found so
far by itself. This matrix is used to store the localBest
position of all particles.
 GlobalBest [number of servers]: ArrayList is used to
represent the globalBest position. The length of the
ArrayList is equal to number of servers.
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denotes the CPU and

m
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memory threshold of jth local server. R p i and R mi denotes the
CPU and memory requirements of ith VM. The binary variable
xij tells whether the ith VM is running on jth server or not. The
value of

xij is 1 if the ith VM is allocated to jth server,

otherwise 0.
Similarly, the local fitness of j th server i.e. jth local position of
localBest and globalBest positions can be calculated as:
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After finding the local fitness values, the three probability
values can be written as:
P1 =

P2 =

flocal _ current j
flocal _ current j  f local _ localBest j  f local _ globalBest j
flocal _ localBest j
flocal _ current j  f local _ localBest j  f local _ globalBest j

(19)

 Generate a random number rand between 0 and 1.
 If rand < P1 then, there will be no change.
P2 then, replace the corresponding VMs in
 If P1 < rand
current solution with the VM set of j th server of localBest
solution. For example suppose 3th, 4th and 7th VMs are
running on jth server in the currently obtained solution and
4th, 5th and 6th VMs are in the VM set of localBest solution,
then in that case, the 3th, 4th and 7th VMs are replaced by 4th,
5th and 6th VMs.
 If rand > P2, replace the corresponding VMs in the current
solution with the VM set of j th position of globalBest
solution. For example suppose 9 th, 4th and 6th VMs are
running on jth server and 2th, 11th and 8th VMs are in the VM
set of globalBest solution, then in this case, the 9th, 4th and
6th VMs are replaced by 2th, 11th and 8th VM.

(13)
3) Particle Position Update Strategy: After updating the
velocity of a particle, its position is updated. As explained
earlier, if the corresponding bit value in velocity vector is ‘0’,
its position is adjusted otherwise it remains the same. The
position update should be in such a way that the particles can
search the whole search space effectively and efficiently. To
obtain the global optimal VM placement solution, we adopt a
resource wastage aware local fitness first strategy. Here, every
bit in the first dimension is called as local position. For this
local position, local fitness is defined as the sum of CPU and
memory utilization of all the VMs that are running on that
local server. The local fitness of jth server can be calculated by
equation given below:

x

flocal _ current j  f local _ localBest j  f local _ globalBest j

As described above, if the jth bit of particle current velocity
is ‘0’ then the jth server is re evaluated. For updating the
configuration of jth server the following strategy is used.

V t+1i

n

flocal _ globalBest j

V.
(17)

THE ALGORITHM

The PSO based VM Placement algorithm schedules the
virtual machines on different servers so that the total resource
wastage can be minimized. The algorithm starts with random
initialization of the particles i.e. random feasible solutions are
generated by randomly allocating VMs to the servers. After

(18)
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requirements are generated randomly. In each case, the
numbers of servers are equal to the number of VMs for
supporting the worst case scenario which corresponds to only
one VM is running on a single server.

initialization, all particles traverse in the solution space and
move towards global optimal solution in successive iterations.
The various steps of the algorithm are presented below.
1. Input set of VM Requests with their associated resource
demands and set of Hosts with their thresholds of
resource utilizations as Input to the algorithm.
2. Set P as the swarm size i.e. number of particles. The
program is run for a fix number of iterations maxIter.
3. Generate the initial population. A random strategy is
adopted to generate initial feasible random solutions.
The number of initial feasible solutions is P i.e. Number
of particles. Each particle represents a complete feasible
VM placement solution. Accordingly, each particle is
randomly initialized by generating a random feasible
solution. After that, the particle velocities are initialized.
4. Find the localBest position values of all the particles by
evaluating the fitness function. After finding the
localBest, obtain the globalBest.
5. Repeat steps 6-10 for a number of iterations maxIter.
6. Repeat steps 7-9 for each particle.
7. Update the velocity of particle as per Equation (12).
8. Update the particle position as per Equation (13). After
updating its position, the solution may or may not be
feasible i.e. all the VMs may not be present in the
solution. The missing or lost VMs are backfilled in the
next step. In another case, a single VM could be running
on two different servers. Therefore, these duplicate VMs
are removed for achieving the feasible solution. These
duplicated VMs are removed by simply turning off the
servers on which these duplicated VMs are running.
While performing the removing operation, the nonrepetitive VMs are also deleted. So, these accidently
deleted VMs are backfilled in next step. The backfilling
operation adopts the best fit strategy. While re-inserting
the VMs, first active servers are considered. If there is a
possibility of placing the current VM on active servers, it
is placed on an active server according to the best fit
strategy, otherwise a new server is turned on and the
current VM is placed on that new server.
9. Update the localBest position of particle by calculating
its fitness value.
10. Update globalBest position by selecting the best position
among the entire swarm.
11. Return the globalBest position which represents the
global optimal VM placement solution.

TABLE I. PARAMETERS USED
S.No.

Parameter

Notation Used

Range

1

Number of VM Requests

N

100-500

2

Number of Servers

M

100-500

3

Number of iterations

MaxIter

100

4

Population size

Pop

5

Number of independent run

Count

500-2500
10

The experiment is performed for 100 generations. The particle
size has been taken 1000 for 200 VMs and 200 servers. 20
types of servers are used in the experiment with CPU and
memory threshold varying from 0.70 to 0.90. All the VM
Requests are generated randomly. The algorithm for input
generation is as follows [12]:
 For i = 1 to N do
 Rpi = rand(2*MIPS_Ref);
 Rmi = rand(mem_Ref);
 r = rand(1.0);
 If (r < probability ^ Rpi ≥ MIPS_Ref ) ∨ (r ≥
probability ^ Rpi < MIPS_Ref ) then
 Rmi = Rmi + mem_Ref;
 End If
 End For
Where MIPS_Ref and mem_Ref represent the reference
CPU utilization and reference memory utilization and the
probability is a reference value. The correlation of CPU and
memory utilizations can be controlled to some extent by
varying probability value. In our experiment, probability value
is 1 where as MIPS_Ref and mem_Ref are set to 0.35.
The experiment study is divided into three case studies
corresponding to evaluation of the resource wastage when
number of VMs is varied as Case I, number of active servers
used by varying the number of VMs as Case II and finally the
behavior of PSO in terms of the optimization towards
minimizing the resource wastage over generations or time as
Case III. Many sets of experiments were conducted and the
results conform to the ones reported in the following
discussion being on the similar line. In the Best-Fit (BF)
strategy, first a set of servers on which a particular VM can be
deployed is obtained. After that, the server with the minimum
resource wastage is selected for that VM. The same strategy is
followed for all the VMs. In the case of First-Fit (FF) strategy,
the search starts from the first server and the VM is allocated
to the first server it encounters which is large enough to satisfy
the request. In Worst-Fit (WF) strategy, the scenario is
opposite to the Best-Fit strategy i.e. the server with the
maximum resource wastage is selected for a VM.

VI. SIMULATION STUDY
Simulation experiments were conducted to observe the
allocation of VMs to the servers and results are compared with
Best-Fit, First-Fit and Worst-Fit strategy. The experiments
were conducted on Intel(R) Core(TM) i5 processor @ 2.27GB
using eclipse platform version Kepler service Release 2.
Problem instances were randomly generated with the above
configuration where the instances are the resource
requirements of VMs. We consider only two dimensions of a
VM i.e. CPU and memory and the demand set of all VMs
containing their corresponding CPU and memory utilization
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Figure 7, the number of VMs and servers is 300. The number
of particles is 1000 and 1500 respectively. Similar to the case
reported in Figure 5, here as well, the same pattern is observed
with the PSO converging to a good solution. The convergence
time varies from 25-65 iterations depending on size of the
swarm and can be rated as fast.

Case I: Resource Wastage v/s Number of VMs:
Figure 3 shows the resource wastage v/s number of VM
requests. The results are compared with the Best-Fit, First-Fit
and Worst-Fit strategy. As the number of VM requests
increases, total resource wastage will also increases. The
graph clearly shows that PSO based VM Scheduler perform
the best among all approaches used. Highest resource wastage
is obtained in the case of Worst-Fit, while Best-Fit performs
better than First-Fit and Worst-Fit. Worst performance is
observed in the case of Worst-Fit with the performance
deteriorating with the increase in the VMs and servers. In
sharp contrast, the PSO based approach ensures minimum and
significantly lower resource wastage for all cases.
The results show that the performance of PSO based
approach is the best among others resulting in the minimum
resource wastage. The fundamental reason lies in that FF, BF,
and WF are simple greedy approaches and they lack global
information. Therefore, local optimal solutions are obtained
with these approaches. In the PSO based approach, a vast
solution space is traversed and an optimal allocation for each
VM is attained using the resource wastage aware local fitness
strategy.

Figure 4: Number of Active Servers v/s Number of VMs

Figure 5: PSO Convergence over iterations

.

Figure 3: Total Resource Wastage v/s Number of VMs

Case II: Number of Active Servers v/s Number of VMs
Figure 4 shows the number of Servers Used v/s Number
of VMs requests. The number of Servers Used is the total
number of active servers to run all the VMs that host the cloud
services. The results suggest that the PSO based approach
always uses the least number of servers as compared to other
approaches giving it an edge above others. As expected, the
Worst-Fit algorithm always activates the maximum number of
servers. The number of servers used in First-Fit and Best-Fit
approach is nearly equal.

Figure 6: PSO Convergence over iterations

From the results obtained, it can be concluded that the
proposed PSO based approach always performs better than
BF, FF and WF strategy in all cases. The performance is
measured both in terms of resource wastage and number of
servers used. Further, from the experiments it has been
observed that using PSO the resource wastage value decreases
over generations and an optimum value is obtained owing to
the reason that appropriate server is selected for placement of
a particular VM resulting in lower resource wastage. The
ability of the PSO to explore the vast solution space in a small
time ensures these best results.

Case III: PSO over Generations
Figure 5 shows the convergence of the PSO algorithm. The
program is run for 100 iterations. The number of VMs and
servers is 100 where as the number of particles is 500. As can
be seen PSO tries to minimize the resource wastage over
iterations. Initially the convergence is very fast followed by a
gradual move afterwards. Figure 6 and 7 shows the
convergence of the swarm for two more such experiments. In
Figure 6, the number of VMs and servers is 200, where in
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[9]

[10]

[11]

[12]
Figure 7: PSO Convergence over iterations

[13]

VII. CONCLUSION
[14]

Cloud computing is a new computing paradigm that
offers a huge amount of storage and compute resources to the
masses with relatively lower cost. With the increasing
prevalence of large scale cloud computing environments, how
to efficiently place VMs into available computing servers has
become an essential research problem. This is important both
from the point of view of minimizing the resource wastage as
well as energy consumption as with the optimum number of
servers used, substantial energy can be saved. The proposed
work focuses on PSO based VM scheduling strategy in order
to minimize the total resource wastage and servers used.
Simulation experiments were conducted to observe the
allocation of VMs to the servers and to evaluate the proposed
algorithm with respect to scalability and performance. The
results are compared with the Best-Fit, First-Fit and Worst-Fit
placement strategies. The work can be further extended by
inclusion of some other parameters for VM placement e.g.
energy or availability with the possibility of using other swarm
intelligence techniques explored. In addition a detailed
comparative analysis can be undertaken with some current
popular VM scheduling models.
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