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Abstract: Wireless Sensor Networks are a group of sensors with inadequate
power sources that are installed in a particular region to gather information from
the surroundings. Designing energy-efficient data gathering methods in large-
scale Wireless Sensor Networks (WSN) is one of the most difficult areas of study.
As every sensor node has a finite amount of energy. Battery power is the most
significant source in the WSN. Clustering is a well-known technique for enhan-
cing the power feature in WSN. In the proposed method multi-Swarm optimiza-
tion based on a Genetic Algorithm and Adaptive Hierarchical clustering-based
routing protocol are used for enhancing the network’s lifespan and routing opti-
mization. By using distributed data transmission modification, an adaptive hier-
archical clustering-based routing algorithm for power consumption is presented
to ensure continuous coverage of the entire area. To begin, a hierarchical cluster-
ing-based routing protocol is presented in terms of balancing node energy con-
sumption. The Multi-Swarm optimization (MSO) based Genetic Algorithms are
proposed to select an efficient Cluster Head (CH). It also improves the network’s
longevity and optimizes the routing. As a result of the study’s findings, the pro-
posed MSO-Genetic Algorithm with Hill climbing (GAHC) is effective, as it
increases the number of clusters created, average energy expended, lifespan com-
putation reduces average packet loss, and end-to-end delay.
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1 Introduction

WSNs are made up of several sensor nodes that collect information from the execution surroundings and
communicate it to the gateways via energy-efficient connectivity for more observation or analysis. In the
domain of the Internet of Things, WSNs have a broad collection of applications, including home
automation, management, and manufacturing inspections. Among the most important quality factors for
WSNs is target covering, which represents the wireless sensor nodes’ network coverage capacities, which
has a direct impact on data gathering. The system was considered deceased when the actual sensing range
of WSNs falls beneath threshold exposure [1]. The energy-efficient system consumes less energy while
transforming data.

A WSN technology is capable of completing unachievable tasks on and near the ground surface.
Importantly, wireless networks change the world into a compact community in the business world as a
result of the great achievement of WSN technologies and information communications systems [2].
Oceanographic, environmental control, farming, and engineering are among the fields where WSN has
reached a new level. Massive numbers of smart, cost-effective rechargeable battery sensor nodes are
created in ad-hoc wireless personal area networks (WPAN). It consists of a Central Processing Unit
(CPU), a radio module, and a power source coupled to it [3].

Energy is the biggest issue when more sensor devices are demanded from the user. This motivates our
research to choose energy-efficient communication in WSN. The lifespan of the networks is extended by
observing areas that are separated into clusters. Every cluster has a large number of sensor nodes. Only
one sensor serves as cluster head (CH), with the others serving as cluster members. The data is gathered
from individual sensors in the given area. During the CH selection process in each area, the nodes with
the highest power residues relative to those other nodes are selected as CH [4].

Numerous studies have been conducted on transmitting data strategies that used optimize WSN power
usage and information reduction technologies used to decrease data transmission energy [5,6]. Data
aggregation, on the other hand, is a broad topic with numerous issues that need to be investigated. As a
result, the primary emphasis is routing protocol optimization, which will be covered in-depth in this
section. To finish the observation of the target region, the data collected from the node is sent to the base
station (BS) [7]. The energy consumption for such transferring of information of the same length
increases as the transmission length grows, particularly in the case when the base station is located distant
from the data gathering system. As a result of limited bandwidth, the intensive transmission job may
degrade the consumer perceptions of the sink nodes and induce queue latencies [8].

Each sensor node in the EH (Energy Harvesting)-WSNs has the potential to gather energy from ambient,
including breeze, sunlight, and thermal power, and store it in its own battery charger [9]. Whenever the total
energy harvested is greater than or equal to the amount of energy consumed, continuous coverage can be
achieved for the whole-energy monitoring of WSNs [10]. As a result, the Mobile Location Centre of
WNSs is determined not simply by EH effectiveness other than by power usage [11]. Because the WSN
node may send information during the energy-harvesting stage, the energy-efficient procedure for the EH
networks should be rewritten to contract with changeable facts routes and broken nodes [12].

In [13], the routing protocol is designed using a Particle Swarm Optimization (PSO) technique to
minimize intra-cluster distances and so achieve an energy-efficient routing mechanism. To optimize the
clustering approach utilizing the heuristic algorithm, [14] proposes a fuzzy-enhanced blossom breeding
based on an algorithm, threshold-sensitive, energy-efficient grouping procedure. The cluster head nodes
are determined by taking into account all of the sensor characteristics, namely residual energy, node
centralization, and ranges to BS. In [15] optimizes the previous stable election protocol (SEP) to ensure a
balanced energy allocation among cluster head nodes and node density.
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The main contribution of the proposed technique is given below:

� An adaptive hierarchical clustering-based routing helps in the transmission of data in the cluster and
reduces energy consumption.

� It efficiently chooses the Cluster Head (CHs) selection.

� The Genetic algorithm helps to minimize the cost optimization problems.

� The Multi swarm optimization optimizes the routing process and efficiently improves the network’s
lifetime.

The rest of our research article is written as follows: Section 2 discusses the related work on various
Wireless Sensor Network and Routing methods. Section 3 shows the algorithm process and general
working methodology of the proposed work. Section 4 evaluates the implementation and results of the
proposed method. Section 5 concludes the work and discusses the result evaluation.

2 Related Work

Whenever there is an inconsistency in the communications network’s transfer of information, an energy
hole is generated, causing the SNs to die prematurely, reducing the lifespan of the network [16,17]. The
author in [18,19], who offered a strategy wherein the transmitted signal was changed dependent on the
distances between CHs and their users, fixed this problem. The implementation of a firefly optimization
technique also increased the network’s longevity. This method was applied against conventional methods
in a variety of scenarios. According to the findings of their research, this algorithm produced better
outcomes in terms of network life. The author, on the other hand, makes no mention of the SNs’ total
power maximization while preserving the optimal CH range.

Researchers [20] proposed the PSO-UFC (PSO-based Unequal and Fault-Tolerant Clustering
technique). The current Energy-Balanced Unequal Clustering (EBUC) method’s imbalanced grouping and
fault-tolerant difficulties were solved in the method suggested for long-term network effectiveness. A
shortage of imbalance in the clustering method was used to equalize intra- and inter-cluster energy use
amongst Master CHs to remedy an unbalance in a clustering algorithm MCs). Moreover, in the PSO-UFC
protocol, the internet connection was restored by selecting an extra CH termed Surrogate CH in the event
of an impulse MCH failure.

The author [21] projected an improved Cuckoo Search (CS), based on power balancing node clustering
protocol due to a new optimization problem using the uniform dispersion of CHs. The author proposed an
upgraded Harmony Search (HS) routing protocol to transmit packets of data among CHs and the sink in
another paper. The efficiency of the provided combined clustering and routing system was assessed using
energy cost, the amount of alive and dying nodes, and network longevity. In comparison to existing
protocols, the novel Cuckoo-Harmony Search-based combined route and grouping method revealed more
results. When constructing state-of-the-art meta-heuristic algorithms with merged routing and clustering,
the researcher disregards incorporating the lifespan and end-to-end delay elements. Tab. 1 shows the
traditional routing protocols that were used.

3 Proposed Methodology

In the proposed method, multi-Swarm optimization with Genetic Algorithms and Adaptive hierarchical
clustering-based routing is used for optimal CHs selection and data transmission. Fig. 1 shows the
architecture of the suggested method. It consists of a system model, energy model, and fitness function.
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3.1 System Model

The system model in this study effort comprises a base station (BS) and sensors (N) that maintains a
homogenous distribution due to the random placement throughout the transmission range. As a result, the
networks are populated with a huge amount of devices that are distributed throughout the service area for
the improvement of network access. The network’s subcategories and secret aspects are covered. The
network, that comprises the BS and sensor nodes, is perfectly stable. At the start, every node has the
same amount of energy. The BS would have no energy constraints and has very high computing energy
[25–43].

The main cluster head (PCH) and secondary cluster head (SCH) are selected on a regular basis based on
the communication range and localization. The nodes optimize the energy based on the data transmission.
The sleeping and waking node idea is implemented in the network to reduce energy usage. Each cluster
members are multi-weighted, allowing for changing remaining energy to be maintained. The BS and PCH
are located inside the network’s communication range, and the nodes get the capability to broadcast their
address information to their neighbor nodes. In fact, one-hop transmission has a significant impact on
energy. As a result, p-jump is a preferred idea. In this study, multi-weight clustering would be described,
which employs resource scheduling in groups to minimize energy consumption and improve WSN
energy efficiency.

Table 1: Traditional routing protocols and their characteristics

Protocols used Algorithms Characteristics

Low-energy adaptive
clustering hierarchy (LEACH)
[22]

Clustering
method

To reduce the number of data transmissions, the cluster head
terminals compressed information established from each
cluster and transmit collective packets to the ground station.

LEACH- centralized (LEACH-
C) [23]

Clustering
method

The addition of fundamental power management at the base
station prevents low-energy nodes from being selected as
cluster heads, extending the maximal life span range (MLC)
of wireless sensor networks.

Power-efficient gathering in
sensor information systems
(PEGASIS) [24]

Chain
method

The nearest-neighbor concept is used to organize all of the
nodes into a chain that is built by a specified point.

Figure 1: Architecture of the proposed method
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3.2 Energy Model

In this model, there are two types of power loss were used. One is free space power loss (fd2) and the
next one is multipath fading power loss (fd4), and the communication system is chosen based on the data
transmission between both the origin and the sinks. If the range is much fewer than the threshold value
(fdth), the free space modeling is used as a channel model; otherwise, the multi-path fading design is used
as channel estimation. The following is a mathematical expression of the data’s energy use depending on
the distance factor:

ENtx l; fdð Þ ¼ l � ENene þ l � ENtm � fd2; if fd � fdth
l � ENene þ l � ENam � fd4; if fd > fdth

�
(1)

Here, ENene is denoted as the entire amount of energy dissipapre-bit bit, ENtm, ENam is a network’s
transmitter and amplifier.

fdth ¼
ffiffiffiffiffiffiffiffiffiffiffi
ENtm

ENam

r
(2)

The sink’s energy utilization is expressed as

ENrx lð Þ ¼ l � ENene (3)

3.3 Fitness Function

In sort to extend the life span of WSN networks, several clustering approaches are used to solve this
problem. By providing the most effective solution for selecting the best cluster-head (CHs). All of these
strategies rely on the fitness function. The fitness function determines the structure’s relative value. A
greater appropriateness score indicates a more effective design. The fitness function in our research takes
into account power consumption as well as the distances between the cluster members and the BS, as
well as the range among member nodes and the cluster members. Our method’s fitness function multi-
pathn FI is given by

FI ¼
X

i
xi � fið Þ8fi 2 E; Df g (4)

Assigns weights to the basic fitness parameters at random (wi). The weights for each variable are w1 and
w2. The amount of energy used to pass on all of the gathered data to the BS is provided by: Those weight
values are modified according to the design requirements.

EN ¼
Xo

i¼1
EN i; chð Þ þ

Xp

i¼1
m � Rxð Þ þ

Xp

i¼1
EN i; bsð Þ (5)

The entire distance range is expressed as:

Dis ¼
Xo

i¼1
Dis i; chð Þ þ

Xp

i¼1
Dis i; bsð Þ (6)

Here o and p represents cluster members and Dis(i, ch) denotes detachment ranges from the node to CH.

3.4 Multi Swarm Optimization

The multi-PSO swarm is discussed in this paper that does not generalize instantaneously because the
swarms do not communicate. If the time is appropriate to acquire other swarm, there may be
communication; nevertheless, one swarm diminishes as a result of a variety of data exchange topologies.
Therefore, two multi-swarm approaches are proposed. A multi-population form of CPSO is Multi-
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Charged Particle Swarm Optimization (CPSO). In place of standard atom targets, Multi-Quantum Swarm
Optimization (MQSO) uses quantum swarm relying on quantum.

In CPSO, a certain number of particles receive a charge that repels other charged particles. Particles
which have been assigned a value, while neutral particles are those that have not been given a charge.
Particle speeds are updated using a standard updating formula with an additional option dependent on
their closeness towards other particles.

ve!i t þ 1ð Þ ¼ wve��!
i tð Þ þ co1~r1 tð Þ pbest

��!�~xi tð Þ
� �

þ co2~r2 tð Þ gbest
��!�~xi tð Þ

� �
(7)

Here ve!i is represented as a particles speed of i,~xi is the particles point.

The following is the CPSO velocity updating formula:

ve!i t þ 1ð Þ ¼ wve��!
i tð Þ þ co1~r1 tð Þ pbest

��!�~xi tð Þ
� �

þ co2~r2 tð Þ gbest
��!�~xi tð Þ

� �
þ
X

8j6¼i
aij (8)

The angular velocity of particles i and j is provided.

aij ¼
CQiCQj

~xi �~xj
�� ���� �� ~xi �~xj

� 	
if pcore, ~xi �~xj

�� ���� �� � p

0 otherwise

8<
: (9)

Here CQi denotes the charges of element i and p and pcore determine the radius of impact of the
acceleration term.

The MQSQ method is used to calculate multi-modal dynamic issues. For explore multiple promising
peaks in parallel, a swarm is partitioned into sub swarms. In concluding the searching in the local
optimum, diversity is raised but probability is diminished. Furthermore, such swarms consist of two sorts
of particles: i) PSO particles that pursue the normal PSO method but aim to obtain a greater location; (ii)
quantum particles which orbit it around sub swarm attractor in a radius rcloud to maintain variety in
addition to the proposed method. The issue of diversity defeat is addressed by quantum particles. The
location of quantum element is designed using the Eq. (10):

~pi 2 BAn ccloudð Þ (10)

3.4.1 Genetic Algorithm
The initial population setting PI(k = 0), that is created at randomly, is the most important step in the

genetic method. The sequencing of genes creates the chromosome, which are then controlled by certain
properties. Secondly, the fitness function is determined using chromosomal values. The evolution process
is then performed, with the fit form being developed as well as the unfit ideas being eliminated. This
process is repeated until the system contains all of the desired fitness values. Such final approved patterns
are referred to as parents, and they are utilized to create offspring designs for future generations.

Two portions are used to carry out the genetic algorithms evolutionary process. Mutation and crossovers
are the terms used to describe them. A mutation operator is a procedure that is created randomly utilizing
chromosome genes and is chosen randomly. The likelihood of mutation in our study is pim(k) = 0.03. The
crossover procedure uses a swapping operation to make children from two specific parent chromosomes.
We utilize a single point crossover with pic(k) = 0.6 as the threshold.

3.4.2 Adaptive Hierarchical-Clustering Based Routing
The hierarchical clustering (HC) method is a rapid clustering technique that may autonomously achieve

agglomerative clustering based on node placement. Humans are not required to designate the cluster leader or
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the number of clusters during the clustering stage. The agglomerative HC method is used to minimize the
data communication approach within every cluster, and it achieves an acceptable clustering after
placement of the WSN nodes. As a result, during the evaluation phase of WSNs, signal is obtained from
nodes and integrated into data packages by CHs. CHs are responsible for sending these data
correspondence to the base station, indicating that the CHs consume additional power than other nodes in
the network. The clustering technique can be used to optimize data transport while also guaranteeing
excellent energy consumption.

Assuming that R nodes were ideally positioned in the placement area, and also that the node positions
are stable and determined ahead of time. These R nodes will be considered the starting clusters, as per the
concept of the aggregate hierarchical clustering algorithm:

CLi ¼ Xif g; i 2 R (11)

Here CLi denotes the ith cluster that has been created. For every clustering iteration, the maximum
Euclidean distance among any two clusters will be computed and used as the clustering price.

The two components with the nearest proximity would then merge to form a original cluster till the
requisite amount of clusters was reached or the provided the required was met.

Dis CLRþa; CLRþbð Þ ¼ Dis Xi; Xkð Þ (12)

The cluster labels are represented by R + a and R + b. The longest range among deployed sensor nodes
Dismax is chosen and modified as the clustering discontinuation criterion TH in this paper.

TH ¼ rDismax

¼ rmax
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðXi � XjÞ2 þ ðYi � YjÞ2

q� 

; i; j 2 R; i 6¼ j (13)

Here Xi = (Xi, Yi), Xj = (Xj, Yj) signifies the ith and jth node positions, and denotes the practical
component, that is calculated as the proportion of distances among nodes inside the confident range.

The maximum range and reliable information range among the deployed sensor nodes that can ensure a
variance among clusters and limit the variance within the established cluster, work together to determine
clustering ending. As a result, combining the assurance range with the node topology could result in
additional sensible node clustering.

The energy usage of every cluster might rise as the threshold distance increases in order to transport a
particular amount of information to the base station. Therefore, the amount of clusters would drop as a result,
reducing the data package’s transfer size. When it comes to increasing energy efficiency, optimizing the
threshold range could be beneficial. As a result, by optimizing the node topology, the suggested
environment-adaptive hierarchical clustering might boost the MLC of WSNs.

4 Result Analysis

The suggested MSO-GAHC technique is examined in this part by evaluating its effectiveness to that of
GA, MWCSGA, MSO-TS and MSO-GAHC based clustering. The analytical tests are run on a Dell
OptiplexTM 3020 PC including an Intel Core i7–4770 3.4 GHz processor, 8 MB caches, integrated Intel
graphics, 16 GB RAM, 1 TB HDD, and Windows 10 operating system. As the simulated environment,
Matlab R2019a is utilized. Tab. 2 lists the network parameters that were utilized.
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Tests with 200 to 1500 nodes and 0 to 500 rounds are undertaken. The amount of clusters generated, the
average end-to-end delay in secs, the overall packet loss rates, the lifespan computations, and theaverage
energy released in joules are all factors to consider. In Fig. 2 shows that the energy consumption used for
each round. The proposed method MSO-GAHC achieves better energy usage compared with other
algorithms. It takes less energy for each round.

In Fig. 3 the average packet loss rate is evaluated. The proposed method achieves better performance
compared with other algorithms. It achieves lower average packet loss rate. In Tab. 3 the evaluations are
shown.

In Fig. 4 shows that the proposed method achieves lower end-to-end delay. Comparing with other
algorithms such as GA, MWCSGA and MSO-TS the proposed method MSO-GAHC outperforms better.

In Fig. 5 shows that the amount of clusters formed. The proposed method MSO-GAHC has higher
amount of clusters formed during every round. Comparing with other algorithms it forms a clusters 50%,
30%, 12%. In Tab. 4 depicts the amount of clusters formed.

Table 2: Simulation parameters

Parameters used Specification

Ranges used for transmitting node 30 m

Sensing ranges of node 10 m

Initial energy of node 40 J

Nodes bandwidth 50 kbps

Network’s size 300 sq.m

Packets transmission rate 30 pack/s

Packets size 8, 16, 32, 64, 128 bytes

Mobility 0.5 m/s to 4.5 m

Figure 2: Energy consumption
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Figure 3: Average packet loss rate

Table 3: Evaluation of average packet loss

Number of nodes used MWCSGA GA MSO-TS MSO-GAHC

200 24.06 29.04 17.95 15.12

400 42.51 32.6 31.63 28.15

600 52.06 48.19 52.18 33.84

800 69.51 62.09 57.64 55.41

1000 73.56 71.42 64.54 51.45

1200 76.11 79.66 75.15 73.16

1500 84.56 80.35 88.45 75.31

Figure 4: End-to-End delay
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The highest packets processed during a given period of time are described as network throughput. The
throughput evaluation of the nodes is compared in Fig. 6 for several algorithms such as GA, MWCSGA,
MSO-TS and MSO-GAHC. The simulations test is carried out with 1500 nodes in this environment. The
proposed method achieves highest throughput compared with other algorithms.

Figure 5: Cluster formation

Table 4: Number of clusters formed

Number of nodes used MWCSGA GA MSO-TS MSO-GAHC

200 18 10 13 12

400 21 15 19 15

600 29 21 27 28

800 35 23 31 37

1000 38 29 34 43

1200 43 31 39 48

1500 46 36 45 53

Figure 6: Throughput
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5 Conclusion

A most essential criterion for operating WSNs successfully and reliably is energy conservation, and
energy consumption is given a lot of weight in major technical issues and resource management. The
most important objective of this study is to use a hybrid heuristic algorithm to develop WSN CH
selection. As a result, an algorithm which is based on multi-Swarm optimization based on Genetic
Algorithm and Adaptive Hierarchical clustering (MSO-GAHC) based routing protocol is used. The
suggested method is developed for optimizing the WSN and CH selection routing. The solution provided
is both energy efficient and networks responsive. The presented technique selects effective 53 CHs in
reaction to the networks. The nodes could perform environment-adaptive clustering based on their ranges
from one another that can decrease data transmission energy consumption and improve the network’s
architectural connectivity. The suggested approach optimizes routing and extends the network’s lifetime
by selecting effective CHs. The experimental outcome shows that the proposed technique increases the
cluster formation; throughput also decreases the average packet loss rate, standard end-to-end delay. The
suggested method achieves minimum energy consumption for every round compared with GA,
MWCSGA and MSO-TS.
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