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Abstract—The widespread use of cloud computing has caused
a rapid increase in data center electricity energy costs. An
important process in cloud computing is Virtual Machine
Placement (VMP), which analyses the most suitable Physical
Machine (PM) to host the VMs. The challenge for cloud
providers has been determining the best location for VMs in
data centers to provide optimal performance and high
availability. Efficient utilization of the cloud’s multi-
dimensional resources is vital in addressing VMP concerns
and minimizing energy consumption to avoid resource
wastage. The objective of this multi-objective VMP issue is to
minimize the rate of Service-Level Agreement (SLA)
violations, power consumption, and resource usage. To
improve the genetic algorithm’s fitness calculation and solve
this important issue, a Fuzzy Grouping Genetic Algorithm
(FGGA) with fuzzy membership is used. The applied
algorithm’s fitness function is calculated using a fuzzy
membership-based function that considers numerous
optimization targets that may have differing degrees of
influence on the problem. In comparison to other existing
methods including Utilization Based Genetic Algorithm
(UBGA), Requirement Not Met Selection (RNMS), and
Improved Genetic Algorithm (I-GA), the implemented
method  achieved  reduced energy  consumption,
communication cost, resource wastage, and overall VM run
time. Compare to RNMS, implemented FGGA attained less
VM execution time, and energy consumption values are
1.6x 107 ms, and 8x 108 KWh. While compared to 1-GA,
implemented FGGA obtained lower resource wastage
performance and communication cost performance values
are 0.18 and 1000 at 1000 VMs.

Keywords—cloud computing, Fuzzy Grouping Genetic
Algorithm (FGGA), Physical Machine (PM), Virtual
Machine (VM), Virtual Machine Placement (VMP)

. INTRODUCTION

Cloud computing is a new technology that enables
institutions or organizations to replace their workloads
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with remote data centers [1]. The expanding cloud
computing concept provides large, simple, and on-demand
access to a shared pool of customized computing resources,
including service network apps, and services, with little
infractions with service providers [2, 3]. The energy
efficiency of Virtual Machine (VM) consolidation is
impacted, and therefore, the Virtual Machine Placement
(VMP) issue in artificial intelligence is to predict the most
effective manner for employees to use VM on actual
servers. Alternative approaches to VMP have been
considered to produce a variety of outcomes, like
maximizing the resource utilization ratio of the Physical
Servers (PS) through VM consolidation, controlling
congestion on various PSs to further improve system
efficiency, and optimizing VM allocation to improve the
energy efficiency of the service hosting the VMs. This
research provides VMP rules for operational VMs and
backups (VM snapshots) to further enable the resilient
cloud [4, 5]. Cloud data centers employ virtualization
technology to optimize resource utilization and decrease
energy consumption. The resources of the same PM can be
shared by multiple VMs using virtualization [6].
Virtualization is a key component of the unified resource
layer that can reduce cloud computing costs and increase
the effectiveness with which physical services use their
resources [7].

Considering this, the numerical analysis of Amazon
Web indicates that VMs, memory, and power supplies are
the three main sources of service problems. As such,
resource management and the location of virtual machines
are becoming increasingly important [8, 9]. The VM
consolidation strategy, which has received a lot of
attention lately, is an efficient way to achieve this approach
using resource utilization and energy efficiency [10]. Early
application and VM failure detection and migration are
requirements for proactive failure handling strategies.
Reactive strategies involve methods such as checkpointing,
replication, retry, application resubmission, and which
enter operation when an actual failure is identified [11].
Data centers all around the world are currently employing
virtualization to reduce energy costs, increase server
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utilization, and improve resource allocation and
performance management [12]. Nevertheless, in recent
years, the high energy consumption of cloud data centers
has become a major issue [13, 14]. In recent times, meta-
heuristic approaches have demonstrated efficacy in
locating almost ideal solutions to intricate competition
problems within reasonable time frames. They effectively
solved many challenging cloud computing problems, such
as workflow scheduling and compute offloading. The
efficacy of meta-heuristics has already been shown for
challenging VM placement [15]. The main contributions
of this research are given as follows:

An FGGA is implemented to address crucial
problems in virtual machine placement, with fuzzy
membership to improve the fitness calculation of
the genetic algorithm.

The fitness function of the implemented algorithm
is calculated using a fuzzy membership-based
function, considered optimization targets that have
varying degrees of influence on the problem.

The effectiveness of the proposed model is
estimated by performance measures with less
energy consumption, total VM run time, resource
wastage, and communication cost.

This research paper is structured as follows: Section Il
explains the literature review. Section Il describes the
implementation methodology. Section IV describes the
result and discussion, and Section V explains the
conclusion work.

Il. LITERATURE SURVEY

Nabavi et al. [16] implemented a multi-objective VM
placement technique in edge-cloud data centers that
utilized Seagull to optimize power and network traffic.
This technigue decreased network traffic between Physical
Machines (PM) by consolidating VM communications on
the same (PM). This implemented method effectively
reduced traffic, data transfer, and power consumption by
integrated VMs that had less PMs. Due to computational
complexity, this implemented method had struggle with
large-scale optimization for server configuration during
application deployment.

Cavdar et al. [17] implemented a Utilization Based
Genetic Algorithm (UBGA) for virtual machine placement
in cloud systems. This implemented method was utilized
to maximize the location of VMs while considering the use
of actual machines. This implemented UBGA algorithm
achieved less energy consumed by physical machines, and
minimized forward load on network switches
communication between VVMs. However, this method had

problems in a dynamic environment and had low PM usage.

Li et al. [18] implemented an Open-source
Development Model Algorithm (ODMA) as a meta-
heuristic approach to solve the VMP problem, which was
known as VMP-ODMA. VMP-ODMA performed the
placement process dynamically and periodically by
finding the best sequence of VMs for migration. ODMA
had benefits of both global and local search without getting
stuck in local optima, this had high efficiency for solving
the problem of VPM. However, this implemented method
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had challenges in larger data deployments because of their
evolving workload patterns.

Farzaneh and Fatemi [19] implemented the
Requirement Not Met Selection (RNMS) as a VMP
algorithm utilized for arbitrary Processing Elements (PEs).
This implemented algorithm was used to overcome the
VMP issues by Reconfigurable Fabrics (RF) elements in
cloud infrastructure. Implemented VMP algorithm
increased the power on time and static energy consumption
when an important enhancement in dynamic energy
consumption. However, RF wasn’t saved and restored
when the application was executed on the allocated
accelerator.

Lu et al. [20] implemented an Improved Genetic
Algorithm (I-GA), which was utilized to solve the problem
of VMP. This implemented GA method was integrated
with the virtual hierarchy architecture model aimed at
cloud data center’s energy consumption and optimizes the
accessibility. By innovating the initial population of the I-
GA generalization stage, this method achieved a near-
optimal solution in resolving the availability and attained
effective energy consumption. However, this method was
not captured real-dynamics, hence this method needs to
focus on parallelization to increase the algorithm’s
efficiency.

I1l. METHODOLOGY

To address the multi-objective scheduling problem, this
research used FGGA. This improves the basic GGA’s
mutation and crossover procedures, maintaining problem
variety while directing the population toward the Pareto
optimal solution. Next, present the fuzzy membership
concept, apply the maximization of minimum satisfaction
principle to create a fitness function, apply fuzzy
membership processing to multiple optimization
objectives, and evaluate the advantages and limitations of
the selected method. The connection between various
factors in GA fitness is established using the qualities of
fuzzy membership; this is the necessity between fuzzy and
GA. Service-Level Agreement (SLA) violations, power
consumption, and resource utilization are the fuzzy
membership functions that are created using this FGGA.

A. Process of FGGA Algorithm

Setting fitness function, gene coding, mutation
operation, selection operation, and crossover operation are
the main steps involved in the process of the FGGA
algorithm. GA is essentially a resource optimization
algorithm, which is exactly what is needed in this industry.
Mutation and crossover are the special characteristics,
where it gives real-time combination mapping region.
Mutation is used to give different splits; Crossover is used
to create different combinations between task and VM. So,
to evaluate these, GA is more suitable than other
optimizations in this work. To address random selection in
the GGA algorithm, enhance and optimize mutation and
crossover operations, solve uncertainty of numerous
objective impacts in the issue, and compute the fitness
function utilizing fuzzy membership. The implemented
FGGA algorithm is illustrated in Fig. 1.
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Fig. 1. Implemented FGGA algorithm’s flow chart.

B. Gene Coding

The group coding method is employed to perform gene
coding in groups. A chromosome (solution) is separated
into groups (PM) by the implemented algorithm, and every
group is split up into genes (VM). Three servers are
equipped with seven VMs, as represented in Fig. 2. The
Artificial Bee Colony (ABC) chromosomal code
corresponds to the number of VMs arranged on the server
for every gene. The benefit of this is that it can resolve the
confusion that surrounds data grouping in the standard
encoding method. Additionally, VMs can be utilized, and
server information can be visible.

Virtual Machines E
R S I

& B

L2

c )

Physical Machines |

Chromosome code ABC(A: 123)(B:45)(C:67)

Fig. 2. Gene coding of VM.
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C. Fitness Function

The genetic algorithm employs the fitness function to
evaluate a solution’s quality. The level of acceptance of a
solution to a problem raises its fitness values; on the
contrary, the ease of elimination of a solution lowers its
fitness value. The fitness function acts as both the
population’s evolutionary process and selection criterion
for the genetic algorithm’s survival of the fittest. The goal
function of the problem should be integrated with its
design and structure. The problem under study aims to
minimize the rate of SLA violations, power consumption,
and resource utilization simultaneously. There are two
approaches to solving a multi-objective optimization issue.
The objective of the optimization problem being studied is
to simultaneously lower the rate of SLA incidents, power
consumption, and resource usage. One of two approaches
can be used to address a multi-objective optimization issue.
For simplifying a multi-objective issue into a dingle-
objective problem, this method is applied to a sum of
linear-weight. The alternative is the independent
optimization of each objective function, and both of these
approaches necessitate that decision-makers assign a
specific weight and understand the significance of each
optimization item. It is frequently challenging for
decision-makers to assess how each aim would affect the
VMP challenge.

Therefore, various optimization goals using fuzzy
membership are evaluated to construct a solution for the
fitness function. Unlike classical logic, fuzzy membership
does not have an obvious boundary between false and true;
rather, the transition from false or true is a process of
progressive. This process is reflected in the fuzzy
membership function, this study uses the minimal and
maximum satisfaction model of fuzzy membership to
fuzzify three optimization goals. The steps for determining
the fitness function are listed below,

1) Solve each single-objective issue: Before
determining whether the final solution achieves every
optimization goal, it is necessary to solve the single-
objective problem. It is challenging to determine a precise
optimal value because the cloud data center’s resource
utilization, power consumption, and SLA are all
continually changing. Therefore, this provides an estimate
of the three-goal function’s optimal values.

Compute the lowest number of minimum L,,;,, of active
PM in the data center, as represented by Eq. (1). Here,
memory resources and CPU resources owned by a single
PM are represented as Hyep, and Hep,,, and the memory
and CPU resources requested by all VMs in the data center
are denoted as Rgym mem aNd Rgym cpy - The maximum
number of enabled PMs is L. = N, since all VM
resource requests that have been controlled in this work are
satisfied. Eqg. (2) shows the physical nodes are in a fully
loaded state, hence, when applied to the data centre, Eq. (3)
yields optimal value of W™ total power consumption.
Eq. (4) denotes the best value of resource waste R*, where
Hoym mem anNd Hgym cpy, ShOws memory and CPU
resources sum. SLA violation rate’s upper and lower limits
are established, and R,,,,, is expressed in Eq. (5).
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— Rsum_cpu Rsum_mem
Lopin = max( @
Hepu Hmem
*
w* = Lmin ' Pmax (2)
Winax = Lmax * Brax (3)
R* = Rsum_cpu _ Rsum_mem (4)
Hsum_cpu Hsyum_mem
R;_ R;
— M i—cpu fNi—mem
Rmax — 4Li=1 H; H: (5)
1—-cpu I-mem

2) Fuzzy membership function: Each objective
function’s fuzzy membership function is generated based
on the best value provided in the above section. Fuzzy
Membership functions are SLA violations, power
consumption, and resource usage. The degree of
optimization goal is reflected in the membership function.
As the degree of membership decreases, the solution
becomes increasingly insufficient. A value of one is ideal,
and a value of zero is completely inappropriate. p(f;(x))
is ith optimization objective’s fuzzy membership value in
the following Egs. (6)—(8).

Lifikx)yswr

u(fi(0) = {1 -2 i we < i) < W+ 5,(6)
0; if filx)>W*+6;
1 iff,(x) <R
u(£00) = {1225 if R < £,(0) S R+ 6,(7)
0; if f,(x)>R"+6,
1L iffi(x) < F*
u(fs00) = {1 -2 i B < 00 S F 4 85 (8)
0; lff3(x)>F*+63

where variations among maximum value and optimal
value are represented as §;, the maximum value of SLA
violation, high power consumption, and maximum
resource waste value are denoted by F* + &5, W* + 6,
and R* + 6,.

3) Fitness function construction: Fitness function
has been determined by applying the principles of
minimization and maximization. The goal of this approach
is to maximize the fuzzy membership degree of all
objective functions. As the previous section shows, the
target is closer to the optimal solution with a higher fuzzy
membership degree of objective function. Eq. (9) states the
fitness function,

9)

u(x) = min{p, (x), po (%), p3(x)}

Next, Eq. (10) shows the multi-objective VM issue

which is converted into an increased single-objective issue.
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pe(x) = u(x)

o (x) = pu(x)
3 (x) = p(x)
Zi,j=1xi — xt] =0

Zij 1XS£ < C

L
Xgr 20

max u(x) s.t. (10)

D. Selection Process

The principle of biological evolution is imitated by GA
and utilizes selection operations to ensure the fittest
survival. The probability that an individual will be
inherited by their children is lower for those with low
fitness and higher for those with high fitness. Because only
high-fit individuals with a local optimum are selected as
inheritable, the roulette approach is used to choose
inheritable individuals.

Initially, determine total population fitness by
calculating all individual fitness values in population
u(x;), vi € {1,2, ..., m}, where population size is denoted
by m. Next, utilizing Eq. (11) as a guide, the selection
probability p(x;) for individual x; is computed. Eq. (12)
calculates the cumulative probability of a person, which is
used to produce a random number r € [0,1], where g;_; <
r < q;. The next generation will then inherit the ith
individual. Only choosing individuals with large fitness for
inheritance may lead to the flaw of falling into local
optimum avoids this selection operator.

ux;)

11
I, ) (1)

p(x;) =

q =X p(x) (12)

E. Crossover Operation

When 2 chromosomes swap some genes to create
offspring (new individuals), this process is known as a
crossover operation. It is GA’s primary step in producing
new individuals. Resource is believed that superior genes
may inherited by offspring. GGA’s crossover procedure
can be expressed as follows. Utilizing a selection operator,
identify the individuals of two parents X and Y, and then
randomly choose a gene from one chromosome and insert
it into the other. Duplicate virtual computers could be
created by this method on different real machines. The
actual machines that consist the duplicate VMs will be
removed if this occurs. Certain VMs might become
unassigned to a physical computer as a result of deletion
action. These unallocated VMs required to be re-encoded
into a PM, the whole process of crossover is represented in
Figs. 3-6.

Parent X

(2] [¢] [3]

Parent Y

Fig. 3. Choose at random an intersection on Y and a group from X.
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Fig. 6. Replace orphaned VM.

The aforementioned technique chooses individuals
genes at random to execute crossover operation. Because
this method is blind, it takes more rounds to find the
exceptional individuals’ genes, that demonstrated
downward convergence. The implemented program would
exploit this flaw to choose which gene segment will be
crossed based on the number of SLA violations and the
degree of resource loss experienced by the PM. Power
consumption is not considered because the rate of SLA
violations and power usage are directly associated with
CPU utilization. About this, the altered crossover operator
is provided as follows,

1. The rate of resource waste and SLA violations for
physical nodes are calculated.
The criterion for selecting the PM in individuals is
the weighted total of the two rates. Choose the
lesser number using PM, and the crossover
operation is performed as shown in Figs. 4 and 5.
The well-known Best-Fit Algorithm (BFA) will be
used to reallocate any isolated VM that may
appear as the newly produced individual
(offspring). Utilizing a real computer, this
program looks through whole offspring for free
genes and allocates the isolated VM to the smallest
gene that fits.

2.

F. Mutation Operation

One or more genes in the individual are randomly
selected to mutate as part of GA mutation operation to fall
into a local optimum and preserve the specified level of
population diversity. As indicated, after several
inheritances, it is difficult to attain a better solution
because this type of random selection is blind. Hence, as
represented in Section Il1.-E, this will select genes having
a lower estimation value for mutation. The BFA method is
utilized for the arrangement of unallocated VMs, and it has

made sure that the population is created in a good direction.

The implemented FGGA is used as a schedular, this gives
an effective schedule of tasks, and this FFGA attained
effective placement decisions.
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IVV. RESULT AND DISCUSSION

The implemented algorithm’s performance evaluation
is conducted through extensive simulation experiments by
employing CloudSim v.3.0.3, which is an open-source
cloud environment simulator framework presented in Java,
and CloudSim has its default VM allocation policy. The
effectiveness of the implemented algorithm is computed in
terms of total VM run time, Energy consumption,
Resource wastage, and Communication cost are explained
below.

A. Quantitative and Qualitative Analysis

This section explains quantitative and qualitative
analysis of the implemented FGGA algorithm concerning
energy consumption, total VM run time, resource wastage,
and communication cost presented in Tables I-1V. The
total VM execution time for the various workloads is
represented in Table I, and energy consumption for the
various workloads is shown in Table II. Table 111 denotes
the performance of resource utilization, and Table IV
shows the performance of communication cost. The
performance of the Genetic Algorithm (GA) Particle
Swarn Optimization (PSO), and Artificial Bee Colony
(ABC), are compared with implemented FGGA algorithm.

Table | represents the performance of different
workloads® total VM execution time. Fig. 7 shows a
graphical representation of different workloads’ total VM
execution time. The implemented FGGA algorithm is
compared with state-of-the-art algorithms including ABC,
GA, and PSO. The implemented FGGA algorithm
achieved less VM execution time with various workloads,
while compared with other algorithms.

TABLE I. DIFFERENT WORKLOAD TOTAL VM EXECUTION TIME

VM execution time (x 107ms)

Workloads name

ABC GA PSO FGGA

w1 15 1.8 14 11
w2 1.9 1.8 25 15
W3 2.6 24 2.8 1.8
w4 24 25 2.2 16
W5 18 19 15 1.2
W6 16 1.7 19 1.3
w7 2.2 25 25 14
W8 2.7 2.8 2.9 1.6

~ 3

Eas

—~

22 / \

X

g1s

E

; 1

= 0.5

£

= 0

E wl W2 W3 W4 W5 W6 W7 W8

‘Workloads name
=—ABC GA PSO FGGA

Fig. 7. Graphical representation of different workloads’ total VM
execution time.

Table 11 denotes the performance of different workloads’
energy consumption. Fig. 8 illustrates a graphical
representation  of  different  workloads®  energy
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consumption. The implemented FGGA algorithm is
compared with state-of-the-art algorithms including ABC,
GA, and PSO. The implemented FGGA algorithm
achieved less energy consumption with various workloads,
while compared with other algorithms.

TABLE Il. DIFFERENT WORKLOADS ENERGY CONSUMPTION

Energy (x10° KWh)

Workloads name

ABC GA PSO FGGA
w1 10 16 20 3
W2 15 21 24 7
W3 12 15 19 4
w4 20 18 21 6
W5 14 19 23 6
W6 12 17 19 6
W7 9 10 13 3
W8 15 25 27 8

2]

Total energy x 108 (kwh)
- o
(=] th

wli W2 W3 W4 W5 W6 W7 W8
‘Workloads name

=—ABC GA PSO FGGA

Fig. 8. Graphical representation of different workloads energy
consumption.

Table 111 shows the performance of resource wastage.
Fig. 9 represents a graphical representation of resource
wastage performance. The implemented FGGA algorithm
is compared with state-of-the-art algorithms including
ABC, GA, and PSO. The implemented FGGA algorithm
achieved less resource wastage performance with the
number of VMs, when compared with other algorithms.

TABLE Ill. PERFORMANCE OF RESOURCE WASTAGE

Table IV represents the performance of communication
cost. Fig. 10 illustrates a graphical representation of
communication cost performance. The implemented
FGGA algorithm is compared with state-of-the-art
algorithms including ABC, GA, and PSO. The
implemented FGGA algorithm achieved communication
cost performance with number of VMs, when compared
with other algorithms.

TABLE IV. PERFORMANCE OF COMMUNICATION COST

Communication cost

Resource wastage

Number of VMs

Number of VMs ABC GA PSO  FGGA
200 500 550 600 350
400 580 640 620 400
600 650 730 750 540
800 730 800 920 650
1000 1200 1150 1100 1000
1200

. P
% 1000 ,
= 800
g
2 600
2 400
£
S 200

0

200 400 600 800 1000
Number on VMs

= ABC GA PSO FGGA

Fig. 10. Graphical representations of the communication cost.

Table V represents the performance of resource
utilization. Fig. 11 illustrates a graphical representation of
resource utilization. The proposed FGGA is analyzed with
state-of-the-art models such as ABC, GA, and PSO.

TABLE V. PERFORMANCE OF RESOURCE UTILIZATION

Resource utilization

ABC GA PSO FGGA
200 0.2 0.18 0.19 0.10
300 0.19 0.22 0.25 0.12
400 0.26 0.28 0.23 0.14
500 0.29 0.30 0.32 0.15
600 0.34 0.32 0.36 0.15
700 0.39 0.38 0.40 0.16
1000 0.42 0.45 0.43 0.18
0.5
5 0.4
£03
5
5 0.2
2
§ 0.1
0
200 300 400 500 600 700 1000
Number of VMs

EABC mGA mPSO " FGGA

Fig. 9. Graphical representation of resource wastage performance.

Number of VMs - — 5= GA PSO __ FGGA

200 0.60 0.59 0.62 0.82
300 0.62 0.63 0.65 0.84
400 0.63 0.64 0.66 0.86
500 0.65 0.66 0.68 0.87
600 0.66 0.68 0.70 0.88
700 0.69 0.70 0.73 0.89
1000 0.70 0.72 0.75 0.92
1

=

~g 0.8

= ., -

8 06 i ‘ 0 | |

)

: o

é 0.2 ] | | | | | | ]
o I T e e e

200 300 400 500 600 700 1000

Number of VMs
EABC mGA =PSO "FGGA
Fig. 11. Graphical representations of the resource utilization.

Table VI represents the performance of makespan with
state-of-the-art models ABC, GA, PSO, and proposed



FGGA. Fig. 12 illustrates a graphical representation of

makespan.
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TABLE VI. PERFORMANCE OF MAKESPAN

Number of VMs

Makespan (s)

ABC GA PSO FGGA
200 8.63 7.11 6.93 2.83
300 10.29 9.73 8.28 3.65
400 11.18 10.81 9.37 4.47
500 11.94 11.06 10.72 5.28
600 14.56 13.28 12.68 6.12
700 17.29 15.44 14.19 6.89
1000 18.92 17.36 16.66 8.95
20 =
> 13 ﬁ ]
=
&
210 | i
ol 11100
0 | | il
200 300 400 500 600 700 1000
Number of VMs
BABC mGA =PSO " FGGA

energy consumption, resource wastage, and resource
utilization which are represented in Tables VIII-X. The
implemented FGGA algorithm’s performance is compared
with existing methods including UBGA [17], RNMS [19],
and I-GA [20]. These existing methodologies such as
UBGA [17], RNMS [19], and I-GA [20] are evaluated and
simulated by using the same simulation setup of FGGA
algorithm. The implemented FGGA algorithm effectively
minimizes communication cost, total VM execution time,
energy consumption, resource wastage, and resource
utilization.

For the comparison of existing UBGA [17], the number
of VM to be allocated is changed among 200 and 1000
with an increment of 200. Here, the number of physical
machines is set as 200 and exist in a single data center. For
the specified condition, the proposed FGGA is evaluated
in terms of communication cost with existing UBGA [17]
which is represented in Table VIII. From the Table V111, it
clearly shows that proposed FGGA achieved less
communication cost when compared with existing
UBGA [17].

TABLE VIII. COMPARATIVE ANALYSIS OF COMMUNICATION COST

Fig. 12. Graphical representations of the resource utilization.

Table VII represents the performance of computational
cost. Fig. 13 illustrates a graphical representation of
computational cost performance. The proposed FGGA
achieved less computational cost while compared with
state-of-the-art methods.

PERFORMANCE
Communication cost
Number of VMs UBGA [17] FGGA
200 480 350
400 500 400
600 600 540
800 750 650
1000 1200 1000

Tables IV provided the comparative analysis of

TABLE VII. PERFORMANCE OF COMPUTATIONAL COST

Computational cost

Number of VMs  — 5 GA PSO __ FGGA
200 784 671 628 510
400 896 855 793 695
600 1063 1003 973 832
800 1225 1193 1079 1096
1000 1558 1510 1441 1218

1800

= 1600 _

S 1400 ==

= 1200 __

£ 1000 —

% 800 B ——

£ 600

g 400

C 200
0

200 400 600 800 1000
Number of VMs
——ABC GA PSO FGGA

Fig. 13. Graphical representations of the computational cost.

B. Comparative Analysis

This section shows the comparative analysis of the
implemented FGGA algorithm with evaluation metrics
including communication cost, total VM execution time,

proposed FGGA and existing RNMS with the simulation’s
cloud data center which composed of 100 physical
computers and randomly generated workloads; each
consists of 17,000 to 20,000 VMs that each host an
application with 5 to 7 segments of parallel and series
processes. From the Table IX, the proposed FGGA
compared in terms of VM execution time and energy
consumption with existing RNMS [19]. It evidently shows
that proposed FGGA achieved less execution time and
energy consumption on the above specified simulation
setups.

TABLE IX. COMPARATIVE ANALYSIS OF PROPOSED FGGA AND

EXISTING RNMS
VM execution time Energy consumption
Wonrkr:r?ads (107 ms) (x10° KWh)

ame RNMS[19] FGGA RNMS[19] FGGA
W1 1.3 11 6 3
W2 1.8 15 8 7
W3 2 1.8 7 4
W4 1.8 1.6 8 6
W5 14 1.2 8 6
W6 1.6 13 8 6
W7 1.8 14 6 3
W8 2 1.6 10 8

Table X shows the comparison of proposed FGGA in
terms of resource wastage, resource utilization and energy
consumption with existing [-Ga [20]. During the
comparison, the existing I-GA [20] evaluated the
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simulation with 100 VMP requests which were randomly
produced with population initialization size of 100 and the
number of iterations was set to 200. From these conditions,
the proposed FGGA accomplished better results in all the
performances with respect to number of virtual machines.

TABLE X. COMPARATIVE ANALYSIS OF EXISTING I-GA WITH

PROPOSED FGGA

No. of Resource R(_as_our_ce Ene_rgy
VMs Wastage Utilization Consumption (kWh)

I-GA [20] FGGA 1I-GA[20] FGGA I-GA[20] FGGA
200 0.13 0.1 0.72 0.82 2.3 1.2
300 0.15 0.12 0.72 0.84 2.6 15
400 0.17 0.14 0.74 0.86 3.2 1.7
500 0.17 0.15 0.76 0.87 41 2.1
600 0.8 0.15 0.76 0.88 4.8 25
700 0.19 0.16 0.78 0.89 5.9 2.9
1000 0.2 0.18 0.78 0.92 N/A 3.4

From the overall evaluation, the proposed FGGA
consumes less energy consumption and resource wastage
with high resource utilization of the data center while
associating with existing 1-GA [20].

C. Discussion

The limitations of existing methods and the benefits of
the implemented approach are discussed in this section.
Some limitations of the existing methods are Multi-
objective Seagull optimization [16] had a lack of
requirements for server configuration during application
deployment. UBGA [17] method had issues in dynamic
environment, and less utilization of PM, hence needs to
consider VM migration to maximize the PM utilization.
ODMA [18] had placed VMs in critical locations in cloud
data centers, but this method had high runtime, less
guaranteed security, and lower fault tolerance. The I-
GA [20] method took a longer time to execute the solution,
hence this method needs to focus on parallelization to
increase the algorithm’s efficiency. To overcome these
issues, the FGGA algorithm is implemented in virtual
machine placement. A novel fitness function and
chromosomal structure in an implemented FGGA
algorithm aim to simultaneously decrease energy
consumption, resource waste, commutation cost, and
overall VM run time. These unique fitness functions and
associated chromosomal structures allow us to combine
several goals into a compact form. This algorithm
considers the use of different machine components like
CPU, memory, CPU, and network connectivity in
placement making. It distributes the load across the many
kinds of server resources. The get the maximum use from
a server, load balancing is critical, run and place as many
applications and virtual machines as possible. The
implemented FGGA is used as a schedular, this gives an
effective schedule of tasks, and this FFGA attained
effective placement decisions.

V. CONCLUSION

This study addresses the VMP problem in a cloud that
occurs in real life. Synthetically factors like resource
utilization, energy usage, and quality of service should all
be considered for efficient VMP. FGGA is implemented to
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address crucial problems in virtual machine placement,
with fuzzy membership to improve the fitness calculation
of the genetic algorithm. This algorithm provides an
improved group genetic algorithm to handle this multi-
objective optimization issue. Along with improved
crossover and mutation operators, a fuzzy membership-
based function is implemented to decrease the subjective
weight setting of the decision-maker on optimization
targets. Single- and multi-objective  optimization
experiments have been utilized as the basis for the
simulation experiments. The fitness function of the
implemented algorithm is calculated using a fuzzy
membership-based function, considered optimization
targets that have varying degrees of influence on the
problem. The experimental outcome determines that this
implemented algorithm executes well when optimizing at
the same time with multiple objectives. Compare to RNMS,
implemented FGGA attained less VM execution time, and
energy consumption values are 1.6 x 107 ms, and
8 x 108 KWh. While compared to I-GA, implemented
FGGA obtained lower resource wastage performance and
communication cost performance values are 0.18 and 1000
at 1000 VMs. In the future, the implemented algorithm’s
performance will be evaluated with more real data center
workloads.

NOTATION DESCRIPTION

symbol Description
L. lowest number of minimum active PM in the
man data center
Hem memory resources owned by a single PM
Hpu CPU resources owned by a single PM
Ry mem memory resources requested by all VMs
Rsum cpu CPU resources requested by all VMs
Loax maximum number of enabled PMs
w* total power consumption
Hgym mem Memory resource sum
H sum_cpu CPU resource sum
R* resource waste
w(f () \i,t; Lj)é)timization objective’s fuzzy membership
5. variations among maximum value and optimal
! value
m population size
p(x;) selection probability
X; Individual
r e [0,1] random number
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