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ABSTRACT
The cloud data centres evolved with an issue of energy management due to the constant increase in size, complexity and
enormous consumption of energy. Energy management is a challenging issue that is critical in cloud data centres and an
important concern of research for many researchers. In this paper, we proposed a cuckoo search (CS)‐based optimisation
technique for the virtual machine (VM) selection and a novel placement algorithm considering the different constraints. The
energy consumption model and the simulation model have been implemented for the efficient selection of VM. The proposed
model CSOA‐VM not only lessens the violations at the service level agreement (SLA) level but also minimises the VM mi-
grations. The proposed model also saves energy and the performance analysis shows that energy consumption obtained is
1.35 kWh, SLA violation is 9.2 and VM migration is about 268. Thus, there is an improvement in energy consumption of about
1.8% and a 2.1% improvement (reduction) in violations of SLA in comparison to existing techniques.

1 | Introduction

In the modern digital world, the services offered by cloud
computing have increased exponentially. Cloud computing (CC)
is one of the technologies that have dominated the world in
recent years [1]. The usage of resources such as hardware, soft-
ware and other tools by the users and industry has changed the
manner and ways CC offers. In essence, CC offers additional
services to a wide range of users over the Internet and its sizeable
data centres [2]. There are two separate components: front end
and back end. The front end addresses the user's need for an
application, search engine, connections and other components
to utilise cloud‐based services, whereas the back end considers
the need for the connectivity, servers, hosts and other compo-
nents of the system. The paradigm of virtualisation emerged in

recent decades after an increase in service demand from a variety
of users. Additionally, a lot of data centres are created as a result
of the virtualisation concept. The US‐based cloud network's data
centres have used around 3 billion kWh of electricity. In addi-
tion, between 2006 and 2013, the data centres' power usage rose
dramatically at a rate of 66% (report from the Lawrence Berkeley
National Laboratory) [3]. Additionally, the increased power use
by the cloud platform is comparable to the emissions from the
aviation sector, which has added to 3% of global warming. The
power used by a cloud environment of typical size is equivalent
to the power used by 25,000 houses. Practically speaking, these
data centres should offer infinite amounts of computational re-
sources, including CPU, bandwidth, storage space and network.
The resources are, however, finite in practice. The needs of the
cloud service providers (CSP) and the users have been met
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through a smart VM algorithm which effectively deploys the
virtual machines (VMs) on physical machines (PMs) that lessens
the impact of these resources. The CSP seeks to increase revenue
while reducing operational expenses like wastage of resources,
energy use, thermal emissions and physical infrastructures [4].
Although a cloud customer frequently seeks to cut costs while
utilising the greatest services. The reduction of resource wastage
is a crucial study topic since it directly affects the cost of running
cloud data centres.

Among the cloud services provided, researchers focused on
virtual machines (VMs) allocation or consolidation, which are
primarily used to allow infrastructure as a service (IaaS) that
provides easy configuration [5]. The notion of virtualisation
enables the adaptive selection of virtual machines (VMs) in a
cloud environment, managing various resources allotted to the
actual system (PM). Instead of managing a single VM, the PM
serves as a controller for a collection of VMs. These VMs are
eventually connected to the physical machines (PMs) of a sys-
tem using several methods as discussed in the past [6]. There-
fore, to manage the resources in the cloud infrastructure more
effectively, researchers used optimisation techniques consid-
ering the concept of virtualisation that raises hypotheses such as
server centralisation and task scheduling [7]. Automation is
necessary because the VM selection process is intricate and
time‐consuming. However, the application may be interrupted if
there is mismanagement. By managing the operation of the
resources and turning off underused data centres, the virtuali-
sation environment technique implements an energy‐aware
model [8]. Much of the method significantly reduced energy
consumption; it can still be made even more efficient with the
help of virtual machine migration (VMM) technology [9]. Even
the migration of VMs has a significant effect to reduce the rate
of consumption of energy. The relocation of VM is essential to
improve execution, adaptability and reasonability. The reason to
legitimise the movement of VM in a certain framework is due to
the adjustment of load in which VM from overburdened servers
has been moved out to less loaded servers [10–12]. In the cloud
environment, there is an arrangement of different servers from a
resource pool, and every server is represented as (Sj) and the
cloud condition for the server resources is (Sj); j = 1,2……,n.
During the operational mode, in the beginning, having state b,
every server has been conveyed about the VMs that are
acceptable at every node and it is signified as
Sj = VMj,1,……,VMj,b. Here, VMj,b is the VM on the server Sj.
Every server is equipped with numerous resources such as
network utilisation, CPU utilisation and memory usage. In the
cloud, the allotment of VM is a significant task. The user de-
mands a service from the cloud as {Mp, p = 1, 2,…..,n}. Each
administration sort has QoS as a necessity. The user presents the
undertaking as {Mp, p = 1, 2,….., n} for VMs in the cloud plat-
form. There are sixfold parameters for each specified task as
{Mj = {CCPU,EC, Sc,Mt,Mcost, and Rcost}. CCPU is the CPU uti-
lisation, EC is the energy consumption, Sc is the security, Mt is
the makespan time, Mcost is the migration cost and Rcost is the
resources cost. The determination of these parameters is rec-
ognised as a major problem in the cloud.

Another critical challenge is the efficient and effective control of
resources through load balancing and VM consolidation

techniques. Load balancing [13] is a part of VM allocation and
selection in which the total load is reallocated to the corre-
sponding PM for maximum utilisation of resources with mini-
mum response time [14].

Essentially, there are static and dynamic types of load‐balancing
techniques. The dynamic method is superior as it does not
require any prior knowledge for operation [15]. Moreover, a
distributed approach is highly important in PMs because
servicing the cloud users by maintaining the SLA is a prob-
lematic concern. Therefore, balancing the load reduces the rate
of energy consumption, and it is an essential method for optimal
efficiency, short response time with increased throughput rate
and decreasing the time to complete the task in the cloud
framework [16]. Cloud analysts have noticed that nodes of cloud
data centres become unbalanced which reduces the level of ef-
ficiency. Thus, balancing the load is important for the efficient
maintenance of the cloud in an effective manner. But, the main
challenge is that minimising energy consumption and max-
imising the load are two inconsistent and contradictory objec-
tives. The distribution of workload in a fair manner among the
computing resources maximises the chances of balancing the
load. This increases the consumption of energy, but it is also
used to reduce the operational time of the specific task.

Figure 1 shows the architecture of VM selection and migration.
This paper effectively addresses this challenge by introducing a
novel technique that addresses the problem of energy con-
sumption considering the PMs that are in an active state. EC
depends upon the processor and memory usage (MU) in the
PMs. The processor used in the PMs is the major factor that
consumes a massive amount of energy.

The above depicted system architecture is comprised of three
layers user interface layer (UIL), cloud service layer (CSL) and VM
management layer (VMML). The layers are described as follows.

1.1 | User Interface Layer (UIL)

The UIL layer comprises the users who submit their requests to
the cloud. The users use an interface that can be a phone,
personal computer, tablet etc. The user submission takes place
via gateways to the cloud network. The users in some cases
might get the request submitted by brokers also. Brokers are the
mediators of the cloud, and when the user is not able to un-
derstand the submission process, they seek brokers. The brokers
take their brokerage charge to get the request submitted to the
cloud network.

1.2 | Cloud Service Layer (CSL)

The CSL layer manages the process of load balancing including
VM allocation and hotspot detection. A hotspot is referred to as a
PM that is either underutilised or overutilised in this research
document. The physical machine (PM) is used by the Open Cloud
to accomplish the incoming tasks. Random access memory
(RAM), system facilities and CPU are all contained in the storage
device known as PM. Virtual machines (VMs) are typically
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deployed to PMs according to their characteristics to facilitate
multiple processors and speedier performance. The distribution
procedure is an advanced control system in and of itself. For the
selection phase, various computational schemes are introduced,
alongwith themodified best fit decreasing (MBFD) algorithm. It is
called the population whenever a PM is deemed to be inappro-
priate for the given VM and is moved from one PM to the other.
The movement method employs a tremendous amount of power,
so it is important to minimise transfers to save energy. Migration
may occur as a result of amisallocation.Minimisation ofmigration
is a well‐known migration form of prevention (MM). Whenever a
network operator misses the expected service within the specified
timeframe, the SLA is said to be violated, and it is referred to as
SLA‐V. Overexertion of the load may cause an increase in SLA‐V,
resulting in increased power consumption. Green computing re-
fers to frameworks that are aimed to minimise power use. In 2012
[17], the MBFD algorithm was used to assign VMs to PMs. The
MBFD algorithm relies on a strategy that just considers lowering
the number of servers. The algorithm is not only inefficient in
terms of power, but it also promotes service level agreement (SLA)
violations, which leads tomore VMmigrations. The VM allocation
problem has two components: one is the acceptance of new VM
provision orders and the placing of VMs on the host and the latter
is the improvement of the present VM allocations. The VM
handling is done by the third layer of the framework.

1.3 | VM Management Layer (VMML)

As the name suggests, this layer is used for VM selection from
overutilised PMs. All the VMs associated with an underutilised

PM are migrated and hence there are no selection policies
required to select VMs from the underutilised PM. It is the
modified best fit decreasing algorithm architecture. It allocates
the VM to the PM based on the CPU utilisation of the VMs. The
VMs are sorted based on the decreasing utilisation of the CPU as
the high‐demand VM will have to be arranged first and the low‐
demanding VM will have to be arranged later. The hosts are not
required to be arranged and they start from ‘One’(1) and end up
at the last number. Every time a VM is allocated to a host, the
PM is reduced with a resource utility that was associated with
the PM earlier.

Cloud computing uses the concept of VM consolidation in
which the VMs are migrated in a constant manner which is also
referred to as live migration. Live migration supports the ar-
chitecture of green computing as keeping the VM in an idol
state with PM, may consume up to 70% of power consumption
that could have been attained at the maximum utilisation of the
VM over the PM. To migrate the VM from the PM, minimisation
of migration (MM) is one of the best policies that could have
ever been explored [18–20]. The dual threshold policy utilises
two variables ‘x’ and ‘t’ where x could be the mean, mode or
median of the evaluating parameter which is CPU utilisation in
the case of the proposed work and t is the threshold margin
which should be a finite number. As it has been illustrated in
the introduction and the related work section, the cloud
computing scheduling architecture incorporates the allocation
of the VM to a suitable PM, and further to support elasticity, the
data centre migrates the VM from the overutilised and
underutilised PMs. The PMs are categorised into three cate-
gories based on the utilisation of the CPU and are named

FIGURE 1 | System architecture of VM allocation.
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overutilised, underutilised and eutralised PMs. The overutilised
PMs are the PMs that cross the upper threshold, whereas the
underutilised PMs are the PMs that do not cross the lower
threshold. Green computing is also managed by this layer which
targets reduction in energy consumption. This energy‐saving
tendency is also clear from Equation (3) as mentioned ahead
in this paper. The energy consumption ‘EC’ model can be
developed using the following equation:

EC =∫

t2

t1
PC(r(t)) × dt (1)

where EC is the energy consumed by the PM within a time-
frame t1 and t2. PC(r(t)) is the consumption of power con-
cerning time ‘t’ and it is computed as follows:

PC(r(t)) = d × TotalEC + (1 − d) × TotalEC × r(t) (2)

In the given Equation (2), TotalEC is the total consumption of
the power when the machine is 100% utilised or exploited, d is
the energy consumed by the idle machine and r(t) is the usage
rate by the processor (r(t) ∈ [0, 1]) which is determined by the
workload that results from the cloud service executed on a PM.

In this paper, we introduce a new VM selection technique called
CSOA‐VM selection, which migrates VMs from overutilised or
underutilised servers while selecting the best VMs from each
server to increase server utilisation and boost energy efficiency
in virtualisation centres. The proposed technique is based on the
brooding mechanism of the cuckoos. The VM selection has been
done considering the swarming technique for the best optimal
solution. The salient contribution of the paper is as follows:

� A server energy consumption model using the SPECpo-
wer_ssj2008 has been developed considering the power
consumed by the machines in the data centres.

� A novel optimisation approach using cuckoo search for the
placement of VMs aimed to consume less energy and
minimisation of migration policy to lessen the number of
VM migrations.

� CSOA‐VM model: An energy‐efficient and violation mini-
misation (SLA violation‐minimisation) model for the se-
lection and placement of VMs in the cloud servers is
implemented.

1.4 | Related Work

Keshanchi et al. [21] optimise the task using the scheduling
solution. The behavioural modelling technique was employed
for efficient results. Further, linear temporal logic was used for
the extraction of the qualification of the behavioural model. The
outcomes of the proposed model are fruitful in optimising the
task that reduces the load on the PMs [21]. Xu et al. [22] solved
the problem of allocating the VM to balance the load for multi‐
dimensional resources. The authors proposed a mathematical
model to address this problem in conjunction with the ACO
technique. The load imbalance degree concept was also adopted
for the selection of PM and outcomes showed that developed
ACO works better in comparison to existing ACO optimisation

techniques [22]. Liu et al. [23] used the evolutionary algorithm
to solve the problem of VM placement by minimising the
number of active servers. This can be done by scheduling the
servers to save energy and the ant colony system was adopted to
take advantage of solving the combinatorial problem [23].
Reddy et al. [24] focused on VM selection for efficient placement
using the modified PSO technique. The authors introduced a
new VM selection technique for the optimisation of the current
location. The usage of memory, utilisation of bandwidth and
size of the VM were considered for the new VM selection. The
proposed study guarantees the reduction of negative environ-
mental impacts and a lesser number of violations at the service
level [24]. Ibrahim et al. [25] developed a power aware approach
using the PSO for the selection of VM. The selected VM is
migrated to the best location based on the utilisation rate. The
authors aimed to reduce the consumption of energy and there
was a lesser number of service level violations [25]. Masoudi
et al. [24] address the issue of energy management and
balancing the load in cloud data centres. The authors developed
the two‐phase energy‐aware scheduling technique to balance
the load. The VMM task was handled using the particle swarm
optimisation (PSO) technique for the scaling of dynamic voltage.
The work is divided into different phases and VMs and PMs
were used as inputs to PSO to define the objective function for
the load distribution. The proposed work saves energy up to
0.9% and 10% compared with the existing algorithms. The study
results were improved but unable to improve the energy effi-
ciency of I/O and optimum allocation for CPU‐intensive work-
loads [14]. M. Xu et al. [26] reviewed the literature focused on
VM placement algorithms used to place VMs in hosts in infra-
structure clouds and the issues related to load balancing. They
also examined the load balancing algorithms aiming at VM
placement in cloud [27] data centres along with the classifica-
tion of the load balancing algorithms. VM allocation and load
balancing of multi‐dimensional resources are big challenges in
cloud computing. In ref. [22], a mathematical model was pro-
posed using the ACO technique. The enhancement of ACO was
also proposed using the concept of degree of load imbalance and
PM selection probability which performed better than basic
ACO. Table 1 represents the comparative analysis of the existing
work.

The remainder of the paper is given as follows. Section 2 dem-
onstrates the problem formulation and server energy con-
sumption model. Section 3 describes the research methodology
used which included the implementation of the CSOA‐VM
model for the appropriate selection of VM. Section 4 illus-
trates the performance measures for experimental outcomes and
comparative analysis [33], followed by the conclusion and
future scope in Section 5.

2 | Problem Formulation

In the cloud platform, during an operational process, a VM
migrates from one place to another. Generally, there are several
host machines as shown in Figure 1, and a VM for the process of
migration is hosted. At the same time, there is also a change in
energy consumption. Thus, it is essential to correctly place the
VM and arrange it on accurate host machines in terms of
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optimisation of energy consumption and switching off unused
machines. It is assumed that there are ‘n’ VMs that are executed
on ‘k’ host machines. The main problem is to determine a model
for the migration process on the host machines. In addition to
reduction in energy consumption, this model also requires the
transfer of a large number of virtual machines. The total energy
consumption by the data centre is given in Equation (3) [14].

ECt =min∑
n

i=1
∑
k

l=1
ECi × γil (3)

∑
n

i=1
VCPU
i × γil < Ccpu

l (4a)

∑
n

i=1
Vmem
i × γil < Cmem

l (4b)

∑
k

l=1
Vil = 1, i = 1, 2, 3……n (5)

In Equation (3), ECt is the total energy consumption, n is the
number of VMs, k is the number of PMs, ECi is the energy
consumption of the i‐th VM and γil is the binary variable indi-
cating whether VM ‘i’ is allocated to PM ‘l’ (1 if allocated,
0 otherwise).

2.1 | Load Balancing Aspect

The energy consumption by machines involved in the execution
of some tasks is minimal when all machines are given an equal
workload. If any of the machines gets overloaded, then the
energy requirement of that machine increases abnormally and
the total energy consumption of the system increases. It implies
that if energy consumption is to be minimised or if energy
consumption is minimal, that means the workload is balanced.
Equation (3) reflects this aspect of load balancing.

In Equation (4), Vicpu is the CPU requirement of the ith VM,
Clcpu is the CPU capacity of the l‐the PM, Vimem is the memory
requirement of the ith VM and Clmem is the memory capacity of
the lth PM. Equation (4a) is called CPU constraint and
Equation (4b) is called memory constraint which ensures that
the resource requirement of VMs is always less than the re-
sources available in PMs.

2.2 | Load Balancing Aspect

The total CPU and memory consumed by all tasks executing on
a machine should not exceed the maximum CPU and memory
capacity of that machine. The system advocates such a limiting
mechanism on the usage of its resources that reflects the ten-
dency of the system towards load balancing because the system
is avoiding overloading of any of its machines. The machine
assigned the workload according to its capacity to handle it and
hence the state of load balancing is attained. Equations (4a) and
4(b) dictate this load‐balancing tendency.

Equation (5), also called assignment constraint, means that each
VM ‘i’ is assigned to exactly one PM ‘j’. All PMs are not ho-
mogeneous, so Clcpu and Ckcpu are not the same.

2.3 | Load Balancing Aspect

Equation (5) reflects that each task is assigned to exactly one
resource or machine; therefore, the tasks are equally distributed
among all available resources or machines. When combined
with Equation (4), this equation also enables the system to avoid
the overloading of any particular resource or machine and
hence contributes towards load balancing.

The power consumed by the machines is computed based on
the minimum and maximum energy consumed by the host

TABLE 1 | Comparative analysis of the existing work.

References Methodology
VM allocation and

uniformity Environment Objectives
Cho et al. 2015 [28] Hybrid of PSO

and ACO
Dynamic and
heterogeneous

Private cloud Minimum count of VM migrations

Thiruvenkadam
et al. 2015 [29]

Genetic algorithm Dynamic and
heterogeneous

Private cloud Minimum count of VM migrations and
minimum cost

Ramezani et al.
2015 [16]

PSO Dynamic and
homogeneous

Hybrid cloud Minimum execution time of the task and
minimum transfer time.

Verma et al.
2016 [30]

Best fit decreasing
technique

Dynamic and
heterogeneous

Private cloud Minimum downtime of VM

Wang et al.
2016 [31]

Bi‐level genetic
algorithm

Dynamic and
heterogeneous

Hybrid cloud Minimum EC and minimum load on the
network

Reddy et al.
2019 [24]

Modified PSO Dynamic and
heterogeneous

Private cloud Minimum number of SLA violations,
migrations, and energy consumption

Soltanshahi et al.
2019 [32]

Krill herd
algorithm

Dynamic and
heterogeneous

Hybrid cloud Minimum number of SLA violations, and
energy consumption
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machines. But it is vital to determine how a server consumes
energy with different loads. The performance characteristics are
generally measured considering different loads and depicted in
the SPECpower_ssj2008 benchmark [34]. There are some de-
viations with different utilisations in energy consumption
consumed by the servers. We used the benchmark to measure
and calculate the energy consumed by the machines. The given
benchmark defined the information about the energy consumed
by the servers from the inactive state to the active state at a peak
within an interval of 10%. The array is presented in Equation (6)
as follows:

SP = (b0, b1,….., bi, bi+1,……b10) (6)

where b0, b1……, b10 signifies the power consumed by the ma-
chines when the PMs are in operational mode within 0%, 10%,
20%...... and 100% utilisation of power, respectively. The esti-
mated power consumed by the PMs is defined in Equation (7).

P( ej(ut)) = bi + (bi+1 − bi) ∗ (10 ∗ ut − i) (7)

where i = floor(10 ∗ ut) and (bi+ 1 − bi) ∗ (10 ∗ ut − i) signify
the increase in power consumed by the servers when the
memory and CPU utilisation rate increase from i to i + 1.
Therefore, the total energy consumed by the data centres is
presented in Equation (8) as follows:

TotalEC =∑
n

j=1
EC( P( ej(ut))) (8)

3 | Research Methodology

This section describes the implementation of VM selection and
placement using the cuckoo search optimisation algorithm. The
use of the optimisation technique ensures efficient allocation of
resources and migration of VMs in cloud data centres.

3.1 | Cuckoo Search Optimisation Algorithm
(CSOA)

The cuckoo search algorithm is a nature‐inspired metaheuristic
algorithm that was suggested by Yang and Deb in 2009 [35].
Cuckoo species' obligatory brood parasitism behaviour in na-
ture, as well as some birds' Levy flight habits, served as inspi-
ration for this article. Most of the time, the CSA method just
uses one parameter which is renowned for being simple to
execute in any field. The CSOA algorithm's main goal is to in-
crease the rate of convergence. It can accommodate several
criteria involving optimisation and it can also be used with other
optimisation methods based on swarms. The CSOA handles the
VM selection problem by considering the following three rules:

Each cuckoo laid n number of eggs and each egg was dumped
randomly.

Egg = nest(Nt) + Solution (9)

The next generation use to hold the optimum nest having eggs
of higher quality and better solutions.

Optimal Solution =min f (g), or max f (g) (10)

f (g) is the objective function for the maximum solution. The set
of host nests that can be reached in this situation is constant, and
the host can reliably identify the foreign eggs with a probability
of either 0 or 1. This allows the host to either remove the foreign
egg or empty the nest, after which a new nest can be constructed
in a different location. Only the initial and third rules have been
amended to impose the multi‐objective constraints for the multi‐
objective CSOA algorithm with k different goals [36].

Each cuckoo lays ‘r’ eggs and then dumps those eggs into the
nest chosen randomly.

Egg i, i ∈ (1, 2, 3, 4, 5…..r), is the rth objective solution. The next
generation use to hold the nest having the better or maximum
quality of solutions. According to the level of similarity between
the eggs, each nest has a certain probability to build a solution of
being dumped.

3.2 | Evaluation of Fitness

For the VM selection problem, the first measure for fitness is the
use of the number of PMs for selection, in the case of a math-
ematical point of view. However, the fitness measure depicted
by Falkenauer is not practical. This is due to the uneven land-
scape of the design environment. Using this fitness measure in
heuristic algorithms such as cuckoo search optimisation (CSO),
the nests in a population have the same fitness solution pre-
maturely. This limitation is taken in mind as a measure of the
fitness function which is based on VM rather than employment
of PM. Intuitively, consider the fitness measure of a VM to
determine the remaining utilisation of space in the machines. A
VM that is used to fill this space receives a high fitness value,
whereas the VM that fails to cover this space gets a lower fitness
function. The given equation shows the fitness measure of a VM.

VMCpu
i + VMMemory

i

(Tc − ∑
n
k=1,k≠i VM

Cpu
k ) + (TM − ∑

n
k=1,k≠i VM

Memory
k )

(11)

In the given Equation (11), VMCpu
i is the CPU utilisation by ith

VM, and VMMemory
i is the memory utilisation by ith VM. TC and

TM are the threshold limits for CPU and memory usage. How-
ever, the ith machine is not equal to the kth machine.

Figures 2 and 3 show the fitness of VMs. The given Figure 3
shows that the fitness value of VM1 is 1 and fills the capacity of
the server. The fitness of VM1 in Figure 2 is less. The low fitness
value shows that VM1 is unable to fill the space. The overall
fitness value of the nest is considered as the average fitness
value of all VMs placed on the server in the solution space.

Figures 2 and 3 make use of hypothetical data for the sake of
simplicity and understanding. The use of three machines Vm1,

6 of 18 CAAI Transactions on Intelligence Technology, 2025
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Vm2 and Vm3 specific percentages like 10%,15%,25% and 35%
helps in clearly showing the effects of different allocation stra-
tegies and makes the concept easy to understand. The lack of an
allocation strategy may cause resource wastage. Figure 3 shows
efficient VM placement, whereas Figure 2 shows inefficient VM
placement that causes resource wastage.

3.3 | VM Selection Using CSOA

By transferring VMs from one PM to another PM, live migration
enables to respond to high load periods. By dynamically shifting
VMs to a small number of hosts while taking into account
various criteria such as SLAs, this strategy is frequently used to
minimise underutilisation in data centres. Afterwards, to in-
crease energy efficiency, the inactive PM might be put into a
sleep state. Between two VMs running, migration occurs. The
chosen VM RAM is copied to the target PM once a new
configuration file has been created on it. Any memory pages
that are altered on the source will be labelled and copied in the
meantime. The migration facilitates upkeep without interrupt-
ing processes, optimises resource pools and prevents failure.
Further, we migrate the VMs to improve productivity and
maintain the SLA. For VM selection, we pick servers in one of
two extreme states: over‐ or underutilised. We choose all of the
VMs on a server's PM if it is underutilised. Using the suggested
selection technique, we choose the VMs for migration if a server
is overloaded until the PM utilisation falls below the specified
boundary. In this paper, the authors developed a CSOA‐VM

selection process that takes into account the VM's size, band-
width use and memory usage. The migration task increases the
load on the target and host systems, which has an impact on the
data centre's and hosts' performance. As a result, we select the
VMs that can be moved from the overused hosts. We developed
a cost function that successfully balances memory, throughput
and size considerations to do this. This function is also used to
select a VM from the list of VMs that can be migrated. The
following definitions of how to use the various elements that we
thought about are discussed:

3.3.1 | Memory Usage (MU)

A virtual machine's use of memory represents how the VM uses
the physical hardware. Memory use often fluctuates slowly
while the host utilisation is below the lower threshold and
quickly when it is getting close to the upper threshold.

VMi(MU) =
Allocation of RAM for VMi

Requested RAM by the VMi
(12)

3.3.2 | Bandwidth Utilisation

VMM involves the transferring of a massive amount of data
between the PMs. VMs comprise an application that makes the
load transfer among the underlying PMs. For such applications,

FIGURE 2 | Wastage of resources.

FIGURE 3 | Perfect VM placement on a PM.
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there is a need to consider the allocation of bandwidth and VM
usage as given in the equation.

VMi(BW) =
Allocation of BW for VMi

Total BW requested by VMi
(13)

3.3.3 | Size of VM

The data transferred are linked with the cost of migration. The
data transfer amount is the factor that has a direct relationship
with the consumption of power and migration time when PM
has a stable load.

VMi(size) = VM size (VMi) (14)

Therefore, considering the concept of memory usage, BW uti-
lisation, and VM size, the cost function for a VM is given as
follows:

Cost (VMi) = x.VMi(MU) + y.VMi(BW) + z.VMi(size) (15)

where Cost (VMi) is the total cost of VMi., and VMi is the ith
VM. VMi (MU) shows the memory usage of the VMi , VMi (BW)
is the bandwidth used by VMi and VMi (size) is the size of VMi.

x, y and z are unitless coefficients for scaling each component of
the cost equation.

3.4 | Experimental Setup

The experiments to verify the developed algorithm against the
existing algorithms have been conducted using MATLAB as an
implementation tool and the Anaconda platform with Spyder
toolset. The minimum and maximum number of VMs are 50
and 1000, respectively. The supplied load is 106 MIPS and the
number of simulations per set is 50. The maximum number of
simulations is 1000 � 100.

Table 2 shows the experimental settings for VM selection. The
selection of VMs using MU, BW and VM size is described in
Algorithm 1. The cost of each VM that can be migrated to a
physical computer is determined by the CSOA‐VM algorithm. It
chooses the most‐priced VM among those that can be migrated,
and then it determines if this decision will result in an extreme
consolidation that increases the risk of overutilisation. If not,
the algorithm adds this VM to the list of candidates for

migration. This procedure goes on until the CPU utilisation falls
below the upper utilisation threshold. It is preferable to put the
PM into sleep mode if it is underutilised, that is, if utilisation
falls underneath the lower limit. To do this, we move every VM
to a different physical computer to reduce power consumption
while idle. The suggested algorithm dynamically migrates a VM
to a target host [37] that offers higher performance if the VM is
running on an overloaded physical computer. The chosen VMs
are admitted for VM provisioning when the VM selection pro-
cess utilising the proposed algorithm is completed.

ALGORITHM 1 | Cuckoo search (CSOA-VM) optimisation

1. Input: VMi // Number of VMs input
2. Initialise the parameters of CS
VMsize // number of eggs representing the number of VMs
VMOT // other eggs

3. R = length(VMi) //length of optimised training data
4. Initialise variable:
5. VMoptimized = [] //initialise the optimised training data

variable
6. For each i in R
7. VMcurrent = VM(i) // representing selected VM from the

number of VMs
8. Fitnessobjective = f it(VMcurrent, VMthreshold)

9. Optimal Solution = min f (g)[0], or max f (g)[1]
10. Where objective f itness f unction is denoted as

Fitnessobjective (Fobjective) = {
1,True
0,False

11. VMopt = CS(Fitnessobjective,VMi)

12. Endfor
Return : VMselected //selected VM for migration

4 | Results

In this study, energy consumption, the number of VM migra-
tions and SLA violations in cloud data centres have been
computed. We analysed the proposed CSOA‐VM algorithm for
the selection of VM in terms of EC and the number of VM
migrations. The minimisation of migration policy is used to
select the minimum number of VMs. This benefits the data
centre by preventing the host from being overutilised.

4.1 | Energy Consumption

The power consumed by the servers and machines is computed
to determine the total energy consumption. The energy con-
sumption model is considered to compute the energy. The
energy consumption using the number of VMs is shown in
Table 3.

4.2 | SLA Violation

The smooth operation of the cloud environment guarantees the
SLA in terms of meeting the QoS requirement. The availability
of resources, throughput and reliability ensure efficient perfor-
mance. The SLA violation is computed as follows:

TABLE 2 | Experimental parameter settings.

Maximum number of VMs 1000

Minimum number of VMs 50

Supplied load 106MIPS

Total number of simulations per VM set 50

Maximum number of simulations 10,000 �100

Implementation tool MATLAB

Toolset Spyder

Platform Anaconda

8 of 18 CAAI Transactions on Intelligence Technology, 2025
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SLA violation =
(Resourcerequested − Resourceallocated)

Resourcerequested
(16)

Typically, SLA is violated if a PM fails to provide the requested
resources to the VM. In the proposed study mode, SLA violation
is computed for each requested VM. The results are presented in
Table 4. The SLA violation remains the same from 50 to 100
VMs and varies with an increase in the number of VMs as given
in Table 3.

4.3 | Performance Analysis in Terms of VM
Migrations

Excessive migrations of VM in a cloud data centre affect the QoS
level under the different peak loads that may increase the
consumption of power in a data centre. The comparison of the
number of VM migrations with the number of requested VMs is
shown in the given table. From the experimental analysis, it is
observed that the number of migrations for all existing algo-
rithms is almost the same.

4.4 | Comparative Analysis With the Existing
Techniques

Specifically, the energy consumed by the machines depends
upon the utilisation of the CPU and memory. The existing
techniques use different methods to compute the overall energy
consumed by the machines, SLA violation and the number of

VM migrations. Table 4 depicts the energy consumed by the
machines and is further compared with the existing techniques
for validation.

The given table depicts that the average energy consumed by the
proposed technique is 1.35 kWh. The average energies con
sumed using the state‐of‐the‐art techniques such as [7, 8] and
[24] are 1.56 , 1.65 and 1.43 kWh. With the increase in the
number of VMs, the energy consumption also increases, and it
approaches 2.02 kWh for 300 requested VMs, whereas other
techniques proposed by [8] and [24] approach 2.50 and 2.47,
respectively. Thus, CSOA‐VM is improved by 0.5%, 1.3% and
1.8% in comparison to [7, 8, 24], respectively.

Table 5 shows that the SLA violation using the proposed tech-
nique is 8.8 for 50 number of the requested VMs. The violation
using the state‐of‐the‐art techniques such as [7, 8] and [24] is
almost the same which is 9. With the increase in the number of
VMs, the SLA violation also increases, and it approaches 11.02
for 300 requested VMs, whereas other techniques proposed in
refs. [8] and [24] approach 12.41 and the average values are 9.8
and 11.26 with an average of about 9.4, respectively. The average
SLA violation using the proposed CSOA‐VM is 9.2, whereas the
existing techniques proposed in ref. [7] are 9.6. Thus, CSOA‐VM
is improved by 0.2%, 0.6% and 0.4% in comparison to the state‐
of‐the‐art techniques.

The given Figure 4 shows the number of VM migrations in
comparison to the number of requested VMs. The average
migration using the proposed approach for 300 requested VMs is
268, whereas the technique proposed in ref. [24] is 290.

TABLE 3 | Performance metric using the proposed CSOA‐VM model.

Number of VMs Energy consumption (kWh) SLA violation VM migrations
100 0.98 8.8 120

200 1.39 9 310

300 2.02 11.02 520

400 2.32 12.01 608

500 2.81 12.32 710

600 3.02 13.21 720

700 3.32 13.43 790

800 3.41 14.23 810

900 4.51 14.56 825

1000 4.62 14.81 838

TABLE 4 | Energy consumption in kWh.

Number
of VMs

Proposed
CSOA‐VM

Kumar and Raza
(2015) [7]

Dashti and Rahmani
(2015) [8] Reddy et al. 2019 [24]

50 0.89 0.92 0.92 0.91

100 0.98 1.03 1.20 1.01

150 1.25 1.40 1.60 1.30

200 1.39 1.65 1.75 1.45

250 1.62 1.92 1.97 1.70

300 2.02 2.47 2.50 2.25
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TABLE 5 | SLA violation for different numbers of requested VMs.

Number
of VMs

Proposed
CSOA‐VM

Kumar and Raza
(2015) [7]

Dashti and Rahmani
(2015) [8] Reddy et al. 2019 [24]

50 8.8 9 9 9

100 8.8 9.1 9 9

150 8.9 9 9.1 9

200 9 9.22 9.45 9.13

250 9.21 9.75 9.84 9.51

300 11.02 11.89 12.41 11.26

FIGURE 4 | Number of VM migrations.

TABLE 6 | Comparative analysis using the 70:30 ratio for power consumption.

Total
PM

Total
VM

Supplied load in
MIPS

Consumed power
CSOA

Consumed power E‐
MBFD

Consumed power
FHCS

Consumed power
DCVM

10 50 1000 13.0066 14.4029 14.1588 13.7823

20 100 2000 12.7309 13.2742 13.5328 14.7026

30 150 3000 12.8695 14.7257 14.6468 13.0275

40 200 4000 12.3873 13.0123 12.8843 13.83

50 250 5000 14.3136 15.0304 16.6683 16.5734

60 300 6000 15.0687 15.686 16.8879 16.1978

70 350 7000 15.886 16.1408 16.305 17.137

80 400 8000 15.2866 17.6874 17.6256 17.4066

90 450 9000 14.5838 15.2101 15.8688 15.5795

100 500 10,000 16.2253 16.6925 18.2735 16.728

110 550 11,000 16.4488 16.5583 19.4055 17.6867

120 600 12,000 17.2123 20.2713 19.901 17.366

130 650 13,000 17.5037 19.7325 20.4298 19.4868

140 700 14,000 19.0869 21.2546 19.6149 22.2595

150 750 15,000 18.9773 22.0736 22.2763 20.4748

160 800 16,000 18.757 21.7822 19.8266 20.4936

170 850 17,000 20.2699 20.7425 23.6928 23.5643

180 900 18,000 21.724 24.4292 22.114 23.5748
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Similarly, the average migrations by the technique proposed in
ref. [8] are 358, whereas the average migration is ref. [7] are
341.6. Thus, there is an improvement of 7.4% in comparison to
the technique implemented in ref. [24]. However, the proposed
approach outperforms the existing techniques.

To provide a comprehensive analysis, the two scenarios are
utilised for the detailed analysis of the proposed work. Firstly,
the available dataset is divided into a training set comprising
70% of the data and the remaining 30% is reserved for the
testing. Secondly, the volume of the training datasets is
increased by 10% and thus 80% of the total data is used as the
training data, and 20% of the data is used for the testing of the
system. The overall growth in the proposed work is significant
enough to be proven better than other state‐of‐the‐art tech-
niques and the illustration is shown in Table 6.

The graph clearly shows that the proposed work consumes less
power as compared to the existing works. The average power
consumption is the least in the case of the proposed work. Table 7
represents the comparative analysis using the 70:30 ratio for
migration count.

The graph clearly shows that the proposed work triggers the
least VM migrations as compared to the existing works. Table 8
represents the comparative analysis using the 70:30 ratio for
latency in seconds.

The graph visibly displays that the proposed work causes the
least latency as compared to the existing works. Table 9

represents the comparative analysis using the 70:30 ratio for
SLA violations.

Key performance metrics using a 70:30 distribution are shown
in Figure 5a‐d, which include power consumption, migration
count, latency and SLA violation. These metrics provide in-
formation about the system under the study's effectiveness,
dependability and compliance with service level agreements
(SLAs). The metrics power consumption, migration count, la-
tency and SLA violation indicate how much energy is used,
how frequently workloads are migrated and how often service
levels fall short of predetermined criteria. Gain a thorough
grasp of the system's functionality and optimisation potential
by analysing these metrics. Table 10 represents the compara-
tive analysis using the 80:20 ratio for power consumption,
whereas Table 11 shows the comparative analysis using the
80:20 ratio for migration count. In Table 12, comparative
analysis using the 80:20 ratio for latency is presented, whereas
Table 13 represents comparative analysis using the 80:20 ratio
for SLA violations.

Figure 6a–d depicts key metrics including power consumption,
migration count, latency and SLA violation with an 80:20
distribution. These metrics evaluate energy usage, workload
management efficiency, response time and adherence to ser-
vice level agreements (SLAs), respectively. Power consumption
signifies the energy consumed, migration count tracks work-
load transfers, latency measures response time and SLA
violation identifies instances where service level agreements
are breached. Analysing these metrics provides insights into

TABLE 7 | Comparative analysis using the 70:30 ratio for migration count.

Total
PM

Total
VM

Supplied load in
MIPS Migration C S O A

Migration E‐
MBFD

Migration
FHCS

Migration
DCVM

10 50 1000 6 7 7 7

20 100 2000 8 9 9 9

30 150 3000 12 14 15 16

40 200 4000 17 19 20 28

50 250 5000 21 23 27 31

60 300 6000 23 25 33 35

70 350 7000 29 32 38 41

80 400 8000 32 38 41 46

90 450 9000 35 40 43 51

100 500 10,000 38 42 45 53

110 550 11,000 46 51 49 53

120 600 12,000 43 59 51 55

130 650 13,000 48 62 57 60

140 700 14,000 55 67 63 62

150 750 15,000 49 71 69 57

160 800 16,000 59 79 73 61

170 850 17,000 61 81 81 74

180 900 18,000 77 86 84 90

190 950 19,000 100 107 105 103

200 1000 20,000 114 122 128 117
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TABLE 9 | Comparative analysis using the 70:30 ratio for SLA violations.

Total
PM

Total
VM

Supplied load in
MIPS

SLA violations
CSOA

SLA violations E‐
MBFD

SLA violations
FHCS

SLA violations
DCVM

10 50 1000 8 10 10 10

20 100 2000 8 9 10 10

30 150 3000 9 10 11 11

40 200 4000 10 11 11 12

50 250 5000 10 11 11 12

60 300 6000 11 11 12 13

70 350 7000 11 11 12 13

80 400 8000 11 12 13 13

90 450 9000 12 12 13 14

100 500 10,000 13 13 13 15

110 550 11,000 13 13 14 15

120 600 12,000 14 14 15 15

130 650 13,000 14 14 15 16

140 700 14,000 14 15 15 17

150 750 15,000 14 15 16 17

160 800 16,000 15 15 16 18

170 850 17,000 15 16 17 18

180 900 18,000 15 17 17 18

190 950 19,000 16 17 17 19

200 1000 20,000 16 17 17 20

TABLE 8 | Comparative analysis using the 70:30 ratio for latency (sec).

Total PM Total VM Supplied load in MIPS Latency CSOA Latency E‐MBFD Latency FHCS Latency DCVM
10 50 1000 5.97112 6.95537 6.62958 6.41435

20 100 2000 5.75889 6.13605 6.02863 6.2343

30 150 3000 7.08791 7.8049 7.12481 7.96435

40 200 4000 6.85224 6.91631 7.39933 7.448

50 250 5000 7.45252 8.13447 8.68555 7.48191

60 300 6000 7.65687 8.68814 8.9802 8.30657

70 350 7000 8.19134 8.63677 8.22191 8.97281

80 400 8000 7.67859 7.84655 7.7387 8.86713

90 450 9000 7.31474 7.66225 8.37947 7.6656

100 500 10,000 8.72055 9.39022 10.0149 8.77211

110 550 11,000 8.33476 8.3641 9.32583 8.43287

120 600 12,000 8.01783 8.40005 8.9177 9.31799

130 650 13,000 9.66052 11.1685 10.2539 9.88586

140 700 14,000 9.56439 11.2545 10.5651 9.72171

150 750 15,000 9.30111 10.7312 9.41614 10.5163

160 800 16,000 10.2707 11.4255 10.5928 11.3727

170 850 17,000 9.33814 10.8329 10.8249 9.86843

180 900 18,000 10.4768 11.5572 11.6693 11.3059

190 950 19,000 10.4577 12.171 11.4771 10.6489

200 1000 20,000 10.8216 12.2944 12.3481 11.5522
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system performance and optimisation strategies tailored to the
specified workload distribution.

The impacts of the distributions of 80:20 and 70:30 training data
on standard parameters are shown in Figure 7a–d. Under these

two distributions, it assesses important parameters including
dependability, efficiency and performance. This comparison
clarifies the effects that different workload distributions have on
system performance and resource usage. By examining the
variations between the two distributions, one can gain

FIGURE 5 | (a) Power consumption using the 70:30 distribution. (b) Migration count using the 70:30 distribution. (c) Latency using the 70:30
distribution. (d) SLA violation using the 70:30 distribution.
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TABLE 10 | Comparative analysis using the 80:20 ratio for power consumption.

Total
PM

Total
VM

Supplied load in
MIPS

Consumed power
CSOA

Consumed power E‐
MBFD

Consumed power
FHCS

Consumed power
DCVM

10 50 1000 12.806 13.412 13.192 13.221

20 100 2000 12.363 12.367 12.875 14.409

30 150 3000 11.943 13.815 14.278 12.031

40 200 4000 11.557 12.668 12.507 12.592

50 250 5000 13.072 14.915 16.284 15.746

60 300 6000 14.511 15.573 15.373 15.025

70 350 7000 14.977 16.925 15.413 16.494

80 400 8000 13.975 16.821 17.479 16.74

90 450 9000 13.308 14.709 15.314 14.465

100 500 10,000 15.266 15.348 17.541 15.548

110 550 11,000 15.581 16.337 18.188 17.661

120 600 12,000 16.833 19.102 19.084 17.792

130 650 13,000 16.042 18.795 18.735 17.915

140 700 14,000 18.439 20.258 18.872 20.476

150 750 15,000 17.505 20.833 20.892 18.726

160 800 16,000 18.424 20.3 18.51 19.194

170 850 17,000 18.895 19.902 22.095 23.192

180 900 18,000 20.698 22.803 20.816 21.985

190 950 19,000 19.206 19.656 19.636 21.069

200 1000 20,000 22.339 23.766 24.798 22.349

TABLE 11 | Comparative analysis using the 80:20 ratio for migration count.

Total
PM

Total
VM Supplied load in MIPS

Migration
CSOA

Migration E‐
MBFD

Migration
FHCS

Migration
DCVM

10 50 1000 6 7 7 7

20 100 2000 8 8 8 9

30 150 3000 11 13 12 14

40 200 4000 15 17 16 18

50 250 5000 16 18 17 18

60 300 6000 20 23 26 27

70 350 7000 23 27 29 30

80 400 8000 25 29 27 28

90 450 9000 29 32 33 33

100 500 10,000 31 35 39 37

110 550 11,000 38 42 40 41

120 600 12,000 41 49 46 43

130 650 13,000 46 52 50 49

140 700 14,000 51 59 55 58

150 750 15,000 52 62 62 67

160 800 16,000 59 67 73 79

170 850 17,000 67 74 82 87

180 900 18,000 75 85 95 93

190 950 19,000 91 96 105 107

200 1000 20,000 105 113 124 119
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TABLE 12 | Comparative analysis using the 80:20 ratio for latency.

Total PM Total VM Supplied load in MIPS Latency CSOA Latency E‐MBFD Latency FHCS Latency DCVM
10 50 1000 5.88737942 6.84608 6.62382 6.31255

20 100 2000 5.70959512 6.12915 6.00724 6.16748

30 150 3000 7.05345654 7.65692 7.08908 7.82561

40 200 4000 6.73083804 6.78563 7.35306 7.39896

50 250 5000 7.41739034 8.05578 8.52272 7.3991

60 300 6000 7.63032666 8.61351 8.89612 8.19748

70 350 7000 8.17369577 8.48905 8.16649 8.82472

80 400 8000 7.67092918 7.81431 7.61978 8.73048

90 450 9000 7.2335839 7.65092 8.27074 7.64829

100 500 10,000 8.65842004 9.32001 9.84184 8.75405

110 550 11,000 8.28503773 8.25786 9.31053 8.36022

120 600 12,000 7.88284902 8.30685 8.76452 9.24646

130 650 13,000 9.55053019 11.0239 10.2358 9.71321

140 700 14,000 9.41531948 11.1161 10.5111 9.52737

150 750 15,000 9.2186724 10.5352 9.36606 10.4905

160 800 16,000 10.0767637 11.3096 10.5017 11.3052

170 850 17,000 9.30227348 10.7345 10.7709 9.85716

180 900 18,000 10.4427839 11.3319 11.5023 11.1812

190 950 19,000 10.3233038 12.0341 11.4101 10.4484

200 1000 20,000 10.7925094 12.2716 12.2941 11.5223

TABLE 13 | Comparative analysis using the 80:20 ratio for SLA violations.

Total
PM

Total
VM

Supplied load in
MIPS

SLA violations
CSOA

SLA violations E‐
MBFD

SLA violations
FHCS

SLA violations
DCVM

10 50 1000 8 9 9 9

20 100 2000 9 9 10 11

30 150 3000 9 10 11 11

40 200 4000 10 10 11 12

50 250 5000 10 11 12 12

60 300 6000 10 11 12 12

70 350 7000 11 12 12 13

80 400 8000 11 12 13 14

90 450 9000 11 12 13 14

100 500 10,000 11 12 12 13

110 550 11,000 12 13 14 15

120 600 12,000 12 13 14 15

130 650 13,000 13 13 14 15

140 700 14,000 13 14 15 15

150 750 15,000 14 14 15 16

160 800 16,000 14 15 16 17

170 850 17,000 15 16 16 17

180 900 18,000 15 16 17 17

190 950 19,000 16 17 17 18

200 1000 20,000 16 17 17 18
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knowledge about the best practices for managing workload and
how they affect system performance.

The proposed algorithm trains the neural network based on the
supplied load to the system, consumed power and total number

of migrations that occurred in the list. The proposed algorithm
is inspired by the statistical architecture that is represented by
Singh and Shalu, Naik and Varun et al. work that combines all
the algorithms to represent a model. A new selection behaviour
of cuckoo search is proposed and the results have been

FIGURE 6 | (a) Power consumption using the 80:20 distribution. (b) Migration count using the 80:20 distribution. (c) Latency using the 80:20
distribution. (d) SLA violation using the 80:20 distribution.
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evaluated based on the power consumption, latency and SLA‐V
with the total number of supplied PMs against its provided VM
using variable training to test scenarios.

5 | Conclusion

In the data centre, there are thousands of PMs handling the
requests for several VMs. An optimal allocation of the resource
strategy helps to improve the utilisation of cloud data centres. In
this paper, the proposed CSOA‐VM helps to achieve the high
utilisation of PMs by decreasing the number of idle machines.
The proposed method includes the VM selection method for the
efficient selection of VM when the PM is either utilised
completely or less utilised. The experimental outcomes
demonstrate the combination of the power consumption model
and VM selection methods using the cuckoo search technique.
The energy consumed by the machines is less in the proposed
model and improved by 1.8% in comparison to existing tech-
niques. In the future, we plan to implement the VM selection
and placement considering the different workloads and trying to
develop an energy‐efficient model with more parameters.
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