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Abstract: Wireless Sensor Networks (WSNs) connected to the Internet of Things (IoT) are
increasingly employed in commercial and industrial applications to accomplish various
tasks at a low cost. WSNs are essential for gathering diverse types of data within physical
environments. A key design objective for WSNs is to balance energy consumption and
increase the network’s operating lifetime. Recent studies have shown that mobile base
stations (BSs) can significantly extend the lifetime of such networks, especially when their
location is optimized using specific criteria. In this study, we propose an algorithm for
selecting the optimal BS location in a large network. The algorithm computes a distance
metric between sensor nodes (SNs) and potential BS locations on a virtual grid within the
WSN. The selection process is repeated periodically to account for dead SN, allowing the
BS to relocate to a new optimal position based on the remaining active nodes after each
iteration. Additionally, the inclusion of a relay node (RN) in large networks is explored to
improve scalability. The impact of path loss within WSNss is also discussed. The proposed
algorithms are applied to the well-known Stable Election Protocol (SEP). Simulation results
demonstrate that, compared to other algorithms in the literature, the proposed approaches
significantly enhance the lifetime of WSNs.

Keywords: WSNs; IoT; mobile base stations; network lifetime optimization

1. Introduction

The Internet of Things (IoT) is a global network of linked objects, each with its own
identity, that allows data to be exchanged and turned into useful information. An addi-
tional definition of the IoT is a uniquely identified smart gadget and its virtual counterpart
within an Internet-like framework. In 1999, the word “IoT” was first used. IoT resources
use a variety of interconnected technologies, including RFID and Wireless Sensor Networks
(WSNs), to share data [1]. Many IoT studies have recently been conducted to create a
smarter environment. Sensing, networking, collaboration, and cloud computing technolo-
gies are all parts that form the fabric of the IoT world. With IoT, when sensor nodes (SNs)
are mounted in a dense environment, a wide scale of applications such as monitoring
wildfires, weather, traffic, intelligent buildings, and animals, become feasible with an In-
ternet connection [2]. Technological developments in communication have led to a rapid
expansion in the scope of IoT networks. The IoT network is comprised of several cheap,
energy-constrained SNs that are employed to monitor environmental phenomena such as
humidity, pressure, temperature, and seismic activity in a given area [3].

WSNs are the IoT’s efficient routing and networking foundation [4]. It is rapidly
developing technology with a wide range of real-time applications. A WSN is comprised of

Appl. Sci. 2025, 15, 1421

https:/ /doi.org/10.3390/app15031421


https://doi.org/10.3390/app15031421
https://doi.org/10.3390/app15031421
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-4090-005X
https://doi.org/10.3390/app15031421
https://www.mdpi.com/article/10.3390/app15031421?type=check_update&version=2

Appl. Sci. 2025, 15, 1421

20f 18

single or multiple sink nodes and many SN that are randomly scattered in the sensor field
and form a self-organizing network system through radio communication. WSNs have
become a hot research area due to increased demand for a variety of applications. Reducing
the energy consumption of SNs and extending network lifetime are two important design
objectives for WSNs. WSN applications are currently primarily focused on environmental
monitoring and protection, entertainment, medical care, traffic, military, industrial control,
smart world, and other fields, such as the marine environment monitoring system, which
has also become an important area. Sensing, processing, communication, and storage are
all capabilities of a WSN. Physical environments can be measured by WSN for humidity,
strain, light strength, temperature, and other factors [5,6]. IoT is the expansion of smart
objects and WSNss by interconnection of scattered and identifiable communication devices.
Due to the availability of unbalanced resources and heterogeneous IoT connections, vitality
utilization imperatives arise. SNs in an IoT network are made of batteries with inverters that
monitor and/or receive environmental data, just like those in a WSN. SNs independently
communicate detected data through cellular networks and inbuilt wireless radio. To
communicate sensed data to remote users, they are connected to other networks, such as
the Internet [7].

Routing protocols specify how nodes interact as well as how data are routed and
distributed across the network [8,9]. They can be categorized in a variety of ways. Most
heterogeneous networks use hierarchical routing algorithms, in which certain SNs are
more advanced and powerful than others; however, this is not always the case. SNs are
gathered into clusters in hierarchical (clustering) protocols. It is generally accepted that
hierarchical routing protocols are more cost-effective and have more flexibility in handling
routing information than other classifications [10-13]. Among the most studied hierarchical
routing protocols are Low Energy Adaptive Clustering Hierarchy (LEACH), Hybrid Energy
Efficient Distributed Clustering (HEED), Stable Election Protocol (SEP), and Distributed
Energy Efficient Clustering protocol (DEEC) [14-17]. Due to their significant impact on the
lifetime of the network, energy heterogeneity has been implemented in WSNs. To increase
the lifespan of the network, SEP is therefore suggested for two-level heterogeneous WSNs
by adding energy heterogeneity [18]. Nodes are separated into advanced and normal
nodes in this case, with the former having less energy than the latter. The SEP algorithm
determines the weighted probability for SNs to be elected as cluster heads (CHs) based
on their energy levels. Since advanced nodes have higher initial energy levels, they have
better chances to become CHs.

Typically, the distance between a SN and a base station (BS) is a key factor that directly
affects the cost of communication in a WSN. There has been a surge in interest in the
deployment of mobile BSs recently, maybe due to the notion that doing so could better
conserve the network’s usage of energy [19]. Our paper’s major objective is determining
the optimal mobile BS location in a sensor field by computing the total distances between
SNs and virtual BS points. Then, at some specific rounds, based on the current state of
the network, the BS may be relocated to a more favorable point depending on the current
operating SNs. Moreover, the impact of implementing a relay node (RN) in a large-area
network is explored to improve scalability.

The remainder of this paper is organized as follows: Section 2 discusses pertinent
literature on WSNis. Section 3 presents the system description and the implemented energy
model. Section 4 discusses the optimization of the BS location and presents the used
algorithms. The simulation results and their comparisons with traditional SEP protocols
are presented in Section 5. Finally, the conclusions of this study are discussed in Section 6.
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2. Related Work

Many approaches for WSNs have been carried out to achieve low energy usage
and increase the network lifespan. Because the BS cannot be close to all SNs, SNs that
are away from the BS might consume a significant amount of energy to deliver their
collected data. Therefore, moving the BS in the sensor deployment area in such a way
that the overall average distance is reduced, maybe a successful strategy for extending the
lifetime and enhancing WSNs’ effectiveness [20]. This Section describes the recent related
work on BS location optimization, the research on BS mobility and the use of relays in
communication networks.

Several strategies have been put forth to address the BS optimal location, including
Xindi et al. [21] who propose a method for changing the position of the sink node to
correspond to the network architecture when a WSN is expanded. The two components of
the suggested location update scheme are separated, locating the appropriate location and
creating the path-finding algorithm. The best location of the BS in prolonged circumstances
is demonstrated by simulations, as well as how to instruct the BS on how to find the desired
location. Numerous outcomes of the simulation show the dependability and effectiveness
of the suggested scheme regarding the path-finding algorithm. Conversely, Ratijit et al. [22]
suggested a useful virtual grid-based hierarchical routing method that is appropriate for
setback applications and meticulously chooses a mobile sink’s path while accounting for
the hop numbers and the sensor nodes’ gathering ratios. Using this method for multi-
hop data communication reduces the total utilization of energy. Simulations based on
different parameters are used to assess the proposed protocol’s quality and compare it to
a current routing protocol. The results demonstrate that it outperforms the current one
while preserving program latency constraints. In addition, Xinchen et al. [23] propose a
BS placement algorithm that uses computation geometry to choose the best place for the
BS based on the relative relationship between the SNs. A breadth-first search spanning
tree is created. Data sent by SN to the BS travel over the spanning tree path from node
to root to the BS. Consequently, each SN uses the least amount of energy overall to relay
data to the BS. Furthermore, Indra et al. [24] present a method based on the weights of CHs
to find the optimum location for the BS. The CH with the least amount of weight will be
chosen as the best BS location. Finding the optimal BS location has resulted in lower energy
consumption and significantly longer network duration. Also, it controls the traveling path
while accommodating dynamic position recognition, in which the network device can only
reside in a given sensor node, referred to as the primary node (PSN). Yen-Hsiung et al. [25]
indicated a Genetic Algorithm-based strategy for dynamically changing the locations of
BSs over time. The optimal locations for BSs, as well as the optimal number of sink nodes,
were calculated using this strategy, which considered the remaining energy on each SN
and probable routing topologies. Finally, simulation outcomes indicate that the suggested
strategy would extend the duration of WSNs. R. Zhou et al. propose to maximize logistics
vehicle monitoring efficiency through the deployment of a WSN that has been upgraded
by an improved bat algorithm. To create models for node deployment optimization, it
examines the system architecture and operational theory of WSN for logistics monitoring.
According to the study, the suggested WSN achieves optimal deployment efficiency and
greater coverage ratios, which results in shorter communication times and more effective
monitoring. The results show that WSN technology is a viable way to improve supervisory
systems for logistics carriages [26]. The study of applying dynamic clustering techniques
to the problem of maximizing the lifetime of heterogeneous WSNs is proposed in [27].
The article presents a novel method for accomplishing energy-efficient clustering in the
presence of dynamic network characteristics and node behaviors by combining Genetic
Algorithm with bacterial conjugation. The results demonstrate the effectiveness of the
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suggested algorithm in improving WSN performance, outperforming LEACH-M and
EEC-PSO by 12.3% and 10.6%, respectively, in terms of average energy consumption and
network lifetime.

In the literature, there are many BS mobility techniques proposed to extend the lifespan
of WSNs. For example, Marceau et al. [28] used a Lagrangian method to tackle the optimal
trajectory problem for UAV BSs. Hamilton—Jacobi equations are used to obtain closed-form
formulas for the trajectory and speed when the traffic intensity shows just one phase.
Prabha et al. [29] proposed a hybrid approach to optimize the mobile sink tour route
rather than traveling to all possible nodes in the WSN. Through the identification of an
effective routing strategy for dynamic mobile BS visitation and gathering of data, the
power efficiency of this work is enhanced. Ranjith et al. [30] additionally suggest a hybrid
technique for a novel arrangement of movements in which the mobile BS checks just
rendezvous points (RPs) instead of every SN in the WSN. Multi-hopping is used to relay
data from all other SNs that are not RPs to the closest RP. Two fundamental problems
arise: computing movable sink travel pathways that can reach all RPs within a particular
temporal latency and reducing BS energy usage to increase the lifespan of the WSN. A
mechanism known as adaptive rendezvous planning, which prioritizes each SN based
on the hop distance from the BS path followed and the traffic flow transmitted to the
nearest resource provider is proposed to address the first issue. Local routing that is
energy-conscious is employed. Finally, a thorough network simulation is used to test the
proposed RP model for a mobile sink. The outcomes of the simulation indicate that the
suggested RP model enables the BS to gather all the data in a predetermined length of
time. Pitchaimanickam, B. et al. suggested using multi-verse optimization to find unknown
nodes. The proposed method is compared with firefly algorithms and particle swarm
optimization. The results of the experiment show that the recommended method produces
better results than other methods [31]. Ali et al. [32] suggest an improved energy-efficient
clustering protocol (IEECP) to improve the longevity of the Internet of Things based on
WSN. Three elements make up the proposed IEECP. First, the ideal number of clusters is
chosen. Static and balanced clusters emerge after that. Finally, optimal locations for the
CHs are chosen. As a result, by optimizing the clustering structure, the suggested protocol
minimizes and balances SN energy usage. Linh et al. provide a thorough overview of
the developed methods to extend the life of mobile WSNs by using the mobility of SNs
and/or sink(s) (MWSN). Depending on whether the MWSN has mobile SN, a single BS,
or several BSs, the survey categorizes the algorithms into different groups. To increase
the energy efficiency of networks, the mechanism for driving the BSs is also carefully
investigated and reported [33]. Shima et al. [34] aims to solve the issue of WSN lifetime. It
provided a theoretical framework for examining how BS placement affected the volume
of broadcasts and network lifespan. The significance of the BS mobility and BS position
effect on network performance are discussed. The effectiveness of the suggested method is
supported by numerical findings for the number of transmissions, energy usage, energy
usage variation, and network lifespan. Reza et al. [35] estimate the number and optimal
location for wireless BSs. A method based on k-means clustering is provided for estimating
not only the optimal location but also the optimal number of BSs. The simulation result
showed that increasing the number of BSs would improve the communication connection
efficiency in industrial environments. The energy hole problem occurs when certain SNs
become overloaded because of their proximity to sinks, resulting in hastening energy loss
and shortening network lifespan. Vidhi et al. [36] apply a unique BS mobility model and SN
delivery technique to avoid coverage problems and energy hole problems, accordingly. For
preventing coverage holes, the delivery approach based on hexagonal node deployment is
the best choice. When it comes to network longevity and energy left, the BS mobility model
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outperforms grid-based, random, and spiral (logarithmic) mobility models. Furthermore,
to reduce the network’s energy usage, Subramanyam Radha et al. presented a novel
method for choosing relay nodes in WSNSs. It serves as a virtual backbone for connecting
to the base station and selects relays based on channel awareness through game theory
optimization. To determine the ideal number of relays needed for the small, medium, and
high number of nodes distributed in the network, the relay nodes are varied. Network
Simulator NS-2.35 is used to conduct simulations and assess networks in a wide range
of scenarios. The results demonstrate that the suggested relay node selection algorithm
enhances the network’s lifetime, throughput, and energy usage [37]. The authors in [38]
explored the optimization of relay node placement in WSNs using the A* algorithm in
dual home of multi-tier architecture, which will handle data transmission problems so that
information will always be sent without being influenced by dead relays, and multi-tiered
architecture will solve challenges over a large area, as data will be passed from SN to close
by RN to sinks. Simulations evaluate the distribution patterns of random, rectangular, and
triangular RNs over a range of area sizes.

3. System Description

The network model is composed of SNs which are deployed at random over an M x M
network area as illustrated in Figure 1. To analyze the impact of energy heterogeneity, the
SNis are divided into three types, which can be adjusted based on real-world scenarios.
These three types of SN are classified as normal, medium, and superior SNs where each
type has different levels of initial energies such as superior > medium > normal [38].
This classification reflects the varying battery capacities typically found in different WSN
applications. In addition, a RN may be placed in the center of the network. The distance
between different SNs, the BS, and the RN can be calculated by using the Global Positioning
System (GPS).
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Figure 1. Network relay node and sensor nodes.

The network operates in two different modes based on the position of the nodes and
the clusters as illustrated in Figure 2. In the direct mode, a SN forwards its collected data
to a RN or to the BS if the RN or the BS is closer than its CH. In the clustering mode,
clusters of SNs transmit data packets to their designated CHs. The CHs, in turn, forward
the aggregated data to the RN if the RN is closer than the BS. The RN then transmits the
data to the mobile BS which is situated at its optimal location Alternatively, the CHs can
directly transmit their data to the BS. Since the BS is assumed to have significantly higher
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energy reserves compared to the SNs, the energy consumed by the BS during its movement
is considered negligible, ensuring efficient network operation.
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Figure 2. The network model.

As demonstrated in Figure 3, there is a grid of points for the mobile BS, denoted as
the virtual BS points grid, where the mobile BS’s ideal location will be chosen out of all the

grid’s points.
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Figure 3. BS virtual points grid.

3.1. Problem Definition

WSNs’ main objective is to balance energy usage and lengthen network longevity. The
data transfer procedure from SN to sinks in WSNs uses the greatest amount of energy. In
a WSN deployment, locating the BS far from the SN leads to reduced network lifespan
and significantly higher energy consumption. To address these challenges, the BS must be
situated closer to the SNs. Optimizing the BS location can minimize energy consumption,
lower operational costs, and reduce network complexity. Given the increasing energy costs
and the growing challenges in managing modern IoT, UAV, and WSN systems, efficient
energy management is crucial. Our study proposes a novel approach that utilizes a virtual
BS points grid to identify the optimal BS location. The grid is designed to minimize the
distance parameter, and the best location is dynamically chosen from among the grid points.
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As SNs begin to deplete their energy and die, the optimization process is repeated to update
the BS location, introducing the concept of BS mobility.

In computer science, a mobility model calculates the variations in position, speed,
and acceleration of nodes over time. Mobility models can be classified as individual or
group-based, depending on whether the nodes move independently or in a correlated
manner. In WSNs, mobility models are critical for simulating sensor movement, helping to
extend network lifetime, improve coverage, and maintain connectivity. By incorporating
these principles, our proposed model aims to enhance the efficiency and sustainability
of WSN deployments, with potential applications in other network types. In our model,
while all the sensor nodes are stationary;, it is assumed that the BS can move in the sensor
deployment area based on the calculated grid point.

Furthermore, for large-area WSNs, SN that are far from BSs will use a lot of energy
and eventually die, early; so, to address this issue, the addition of an RN is explored for
improving scalability. For large-area WSNs, the data sender and data receiver components
have a distance of d. The impact of path loss among the SNs and the base station was
examined in the network’s large area. The path loss in the network’s large area grows
considering the distance between the SNs and the BS.

3.2. Energy Model

The network energy dissipation model [39], seen in Figure 4, is employed in the
proposed model. The energy consumption for sending and receiving a [-bit message across
a distance of d is described by Equations (1) and (2).

IEgee +1 € d®  d<dy
Ei(L,d) = elec fs 1
tx(l,d) { IEgoe +1 Empd*  d>dp @
Erx(l; d) = lEelec (2)

where Ege. represents the power consumed by the sender’s electrical circuits, €¢ indicates
the energy that sensor nodes utilize to send data over free space channels (line of sight),
and the energy consumption of data transmission over the multipath channel is €pmy.

d
T T T T T T T T T T T T T T T T T T T T | — : I
I Erc(ld) : ] Erx(1,d) I
]
[Tt packer | | o [bitpaka ]
| Transmit | | Tx : T T | Receiver L,
4:_' Electronics Amplifier : i Electronics :
| ! |
: IEelec 1€ d” i : [Eelec :
| | ]

Figure 4. Network energy model.

The threshold distance computation dj is given in Equation (3)

dO:\/Efs/emp 3)

3.3. Network Operation

For the WSN to operate effectively, rounds are repeated over the entire network
lifetime. A round is divided into two stages: the initial setup and the stable state. The
clusters are created during the initial setup of each round, while data transfers to the BS
occur during the stable state. The duration of the initial setup is shorter than the stable state
phase. Every round starts with the initial setup. In the initial setup, clusters are created
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after CHs are identified. Node election likelihood, threshold perspective, node remaining
energy, and the ideal number of clusters are the parameters used in CH picking.

Because heterogeneity has a significant effect on SN networks, we use a heterogeneous
network in our model. Here, three types of SNs in a heterogeneous network, named
superior, medium, and normal SNs with various initial energies are considered. For
superior, medium, and normal SN, the individual initial energy equations are shown

as follows:
Esup = E0 * (1 + b) (4)
Emed = E0 * (1 + 61) (5)
Enm = Ep (6)

where a and b are the energy extra factors of medium and superior SN, respectively. E is
normal SN energy, and E,.q4 is the medium SN energy, and then Egyp is the superior SN
energy and Eg = 0.5, a4 = 0.45, b = 0.90.

The node selection likelihood for the heterogeneous SNs abides by these guidelines:
the superior SN's likelihood Poup 18 larger than the medium SN’s likelihood p,, .4 and the
medium SN'’s likelihood is greater than the likelihood of the normal SN'’s likelihood p,,...,
implying that superior and medium SNs have a higher chance of becoming a CH.

T(nrm ), T(Nmed ), and T (nsup) are the thresholds for normal, medium, and superior
SN to become CHs, respectively. The following equation can be used to compute T (nprm ),
T(Nmed), and T(nup ), respectively:

Pnrm .

Tomrmod 1y f tim €6

T(nprm) = L= (rmod ) . )
0 otherwise
1’7% if Nypea €G

T(”med) = ~Pmealr mo Prmed ) (8)
0 otherwise
% if nsup € G

T(nsup) — Psup Psup ' (9)
0 otherwise

where r is the iteration number currently in effect, G is the grouping of SN that were not

chosen in the previous pnlrm iteration to be CHs.

In (7), Prym can be substituted by p,oq and p,, to obtain T(nmed), T(nsup). For CH
selection, every SN selects a random number Ry, from 0 and 1.

In addition to election likelihood, the quantity of energy necessary to obtain, combine,
and transfer depends on the number of SNs in the cluster [40]. As a result, the threshold
prospective Ey, is equal to

N,
Egy = (Ectec + Eda) <1<t> (10)
op

According to [34], between 5% and 10% of the network’s active SNs should be clustered
for optimal energy utilization; as a result, the suitable quantity of CHs is given as

IN. | € M
Kopt Yy < > ) (11)
270\ €mp \dyops

where diops is the average distance between all CH to BS, Nc is clustering active SNs.
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4. The Optimization of BS Location

One way to improve the longevity and general energy performance of a large WSN
network is to add an RN inside the network’s large area, calculate the BS’s suitable location,
and move the BS from one desired point to another.

First, we will discuss the impact of the mobile BS-optimized locations in the network
large area. The second step will cover introducing an RN in a large-scale WSN. The best
point to place the BS is chosen using a new algorithm that considers the distinction in the
network’s large region between SNs and BS virtual points in the grid. Let A be the number
of alive SN, and V denote the number of BS virtual points. V is used to find the optimal
points v". Let us define the SN coordinates n as (x, , ¥») and the coordinates of the virtual
point v as (xy , ¥o). If D is the distance between consecutive virtual points within the grid,
the equation below can be used to calculate the number of virtual points within a large
network area.

M 2

Q=(5-1) (12)

The distance between each SN n and virtual point m is illustrated by:

tn,0) = [ = 20 + (w0’ )

A weight function W¢ is used to establish the computation between alive SNs and
virtual point v as follows:

We =Y d(n,0) (14)

The point that provides the shortest distance from all alive SN is selected as the best
BS location from calculated weights and is given as:

vk = argmin (Wf) (15)

The proposed system enhances the SEP algorithm by introducing a three-tier energy
heterogeneity model for SN, categorizing them as normal, medium, and superior based
on their initial energy levels to ensure balanced power consumption. A strategically placed
central relay node facilitates efficient data aggregation, while a mobile BS dynamically
optimizes communication and reduces energy-intensive transmissions. The modified
SEP algorithm calculates the probability of nodes becoming CHs based on their energy
levels, with superior nodes having the highest likelihood, followed by medium and nor-
mal nodes. This hierarchical energy model, combined with the relay node and mobile
BS, reduces energy consumption, evenly distributes the load, and extends the network
lifespan. The flowchart in Figure 5 illustrates the integration of these components and
demonstrates how the transmission process between SNs and the BS achieves significant
energy efficiency improvements.

When the WSN operates in a large deployment area, some of the SNs will die as their
energies are depleted. Using the BS suitable location computation, the BS placement can
be altered according to the number of alive SN that are still present. The new best BS
location is determined by recalculating the overall distances between each virtual point and
the left-alive SNs, subsequently choosing the virtual point with the shortest distance from
every SN that is still alive. BS moves to the new location where it can receive sensor node
data the best. Algorithm 1 shows the operation of the proposed algorithm without relays.
When a relay node R is added to the center of the network large area, the RN receives the
data that the CHs have collected if the distance between a CH and the RN is smaller than
the distance between the CH and the BS. The RN then resends its collected packets to the
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BS placed at the optimal location. Algorithm 2 below shows the steps of the proposed
algorithm when an RN is added.

Setup (x;,3,) and (x},¥;) in the
network

=

k'

Calculate the distance
betweeni and j
Calculate the weights
using Equation {14
N

Obtain 1»° throught
Equation (13)
Move the BSto v /

Are the pre-
defined SN
dead?

Send data packet
from SN to BS

Figure 5. Flowchart of the algorithm.

We have also examined the impact of path loss on our suggested algorithm. When
the packet sender and packet receiver components are separated by a distance of d, the
required energy for sending an [-bit message across this distance of d is illustrated belowr:

Etx(l/ d) =1 Egec +1 L(d) (16)

Algorithm 1 Optimization of mobile BS location in a large area network

Set-up the coordinates of SN (x,,, y,) and virtual points v (x;, y) the network
Calculate the distance between each live SN and virtual point by Equation (13)
Calculate the weights by using Equation (14)
Calculate the optimal I* by using Equation (15)
Move the BS to [*
while the network is alive

if a predefined number of SNs are dead

go to step 2

O 0 NG XN

else

—_
L

transmit collected data from SNs to BS
end if
end while

_ =
N =
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The path loss L(d) (measured in dB) is approximated by,
L(d)= Lo+ 10n x log(d/ do) (17)

where p is the path loss factor, which fluctuates with terrain and surroundings, and Ly is
the path loss at an arbitrary reference distance dj.

Lo =€, do* = 7.569 %108 = —71.20961495 dB (18)
To convert the dB value to a normal value the equation will be
L(d)dB
L(d) =10 /10 (19)

By placing the path loss, given in Equation (16) the required energy for sending an
[-bit message across a distance d will be computed as

L(d)dB/
Etx(l, d) = IE . +1%10 10 (20)

Algorithm 2 Optimization of mobile BS location in a large area network with a RN

1. Set-up the coordinates of SNs (x,, y,) and virtual points v (x;, y) the network
2. Calculate the distance between each live SN and virtual point by Equation (13)
3. Calculate the weights by using Equation (14)

4. Calculate the optimal I* by using Equation (15)

5. Move the BS to [*

6.  while the network is alive

7. if a predefined number of SNs are dead

8. go to step 2

9. else if

10. transmit collected data to RN, and RN will retransmit data to BS

11. else

12. transmit collected data to the BS directly

13. end if

14. end while

5. Simulation Results

Under the objective of the analysis and comparison of the proposed algorithms,
we used MATLAB for the simulation studies and evaluated the proposed algorithms’
performances. The parameters utilized in the simulations are given in Table 1. To observe
the network lifetimes and remaining network energies, the simulations are conducted up
to 3500 rounds. After each 5% SN death, the optimal mobile BS location on the grid is
calculated and the mobile BS moved to the calculated position.
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Table 1. The parameters of the simulation.

Parameters Values
Size of network 100 m x 100 m
Number of sensor nodes (S) 100
Election probability value of CH (p) 0.1
Coefficient for amplification signal from free space (&) 10 PJ/bit/m?
Signal amplification coefficient of multi-path fading (€) 0.0013 PJ/bit/m*
Energy consumption in electronic circuitry (E,.) 50 nJ/bit
Energy consumption in data aggregation (Ep4) 5nJ/bit
Packet size 4000 bits

To illustrate our simulations, an instance of 100 scattered SNs followed up by GPSin a
100 m x 100 m heterogeneous network field is shown in Figure 6. The mobile BS is located
at the center of the sensor deployment area at the beginning of the simulation. For example,
if the sensors are deployed in a size M x M area, the BS is located at coordinates (%, %)

at the start of the simulation.

100 - =

90 * »* *
80}
TOF*
60 * *
50 * &
40 *

30F e * *

20f .. *
10 * - * *

o L * . . R |
0 20 40 60 80 100

& BS = Normal Node Medium Node Superior Node

Figure 6. An illustration of a 100 m x 100 m sensor network field.

10% of the nodes are assumed to be superior SNs, which have the highest initial energy
levels in the network. 15% of the nodes are assumed to be medium SNs, which have the
medium initial energy levels in the network. The remaining 75% of the nodes are assumed
to be normal SNs, which have the lowest initial energy levels in the network. As each SN
has a chance to be elected as a CH, all SNs can aggregate data that they receive from other
SNs including their own collected data.

In the sensor network field, the separation between adjacent BS virtual points in the
grid is set to be 10 m. The BS virtual points on the edges of the sensor network field are
omitted. Therefore, in a 100 m x 100 m network field, there are 81 BS virtual points. At
a particular time during the simulation, the optimum BS location which has the shortest
overall distance from all active SN, can be one of these virtual points.

Figure 7 illustrates an instance of the sensor network field with the BS virtual points.
At this instance, the mobile BS is positioned at coordinates (60,60). For each 5% SN death,
the proposed algorithm recalculates the optimal BS location on the grid and the mobile
BS moves to that point to collect the data from the remaining alive SNs. Throughout the
lifetime of the network, this procedure referred to as the BS mobility is repeated.
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Figure 7. An illustration of a 100 m x 100 m sensor network field with BS virtual locations.

5.1. Optimal BS Location and BS Mobility in a Large Area Network

In this Section, the effectiveness of the suggested algorithm in a large-area network
regarding network lifetime and residual energy is discussed. In the simulations, 400 SNs are
scattered in a 400 m x 400 m sensor network field. When the proposed algorithm is applied
on the SEP protocol utilizing two and three energy levels (SEPWMBS and SEPWMBS-3L)
in a large-area network, their resulting network lifetimes as well as the network lifetimes of
the conventional SEP protocol utilizing two and three energy levels (SEP and SEP-3L) are
shown in Figure 8. It can be observed that SEPWMBS improves the lifetime of SEP and
SEPWMBS-3L improves the lifetime of SEP3 significantly.

400

SEP
SEPWMBS
SEP-3L
SEPWMBS-3L

Number of Dead Nodes
N
o
o

1 L L
1500 2000 2500 3000

Number of Rounds

0 500 1000
Figure 8. Comparison of network lifetimes in a large area network.

In Figure 9, the total remaining network energy is presented for the above-mentioned
protocols. The network’s energy is completely depleted under SEPWMBS and SEPWMBS-
3L at rounds 2585 and 2701, respectively. Whereas underneath SEP and SEP-3L, the
network’s energy is completely depleted at rounds 2342 and 2452, respectively. Therefore,
the usage of mobile BS improves the lifetime of SEP by 243 rounds and SEP-3L by 249
rounds. These results demonstrate that the proposed algorithm can reduce the energy
consumption of the network better when compared with SEP.
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Figure 9. Comparison of remaining energies in a large area network.

5.2. Placement of the RN

In order to observe the impact of the RN on the lifetime of the sensor network, a RN is
positioned at the center of the sensor network field. When a RN is implemented, the CHs
can transmit their collected data to the RN, if better energy conservation can be achieved.
The RN will then transmit the collected data to the BS. In this part, the simulation outcomes
with RN are presented.

As presented in Figure 10, when a RN is used, the network lifetimes with the proposed
algorithm over SEP protocol utilizing two and three energy levels (SEPWMBS-R and
SEPWMBS-3L-R) are almost 2603 and 2832 rounds, respectively. In the conventional SEP
protocol utilizing two and three energy levels (SEP and SEP-3L), the network lifetimes are
approximately 2481 and 2502 rounds, respectively. Since the usage of a RN helps reduce
the overall communication distances between the SNs and the BS, the network lifetimes
increase when compared to the case without using a RN.

400

SEP
SEPWMBS-R
SEP-3L
SEPWMBS-3L-R

Number of Dead Nodes
IS
(=]

100 [

. . L .
0 500 1000 1500 2000 2500 3000
Number of Rounds

Figure 10. Comparison of network lifetimes in a large area network with a RN.

A comparison of remaining energies in a large area network when a relay node is
used is illustrated in Figure 11. While for SEPWMBS-R and SEPWMBS-3L-R, the network
energies are completely depleted at rounds 2653 and 2823, respectively, under the con-
ventional SEP and SEP-3L protocols, the total energy depletion occurs at rounds 2473 and
2653 rounds, respectively. These results are promising as they imply that RN usage may
improve the overall energy efficiency of a WSN.
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Figure 11. Comparison of remaining energies in a large area network with a RN.

5.3. The Path Loss Effect

In this part of the simulation studies, the impact of path loss exponent on the network
is analyzed. For the studies, the path loss exponent values of n = 1.5, 2 and 4 are used.
Figures 12 and 13 illustrate the impact on network lifetime and remaining energy.
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Figure 12. The impact of the path loss exponent on the network lifetime.
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Figure 13. The impact of the path loss exponent on the network’s remaining energy.

As shown in Figure 12, the network lifetimes are approximately 3786, 3423, and
2582 rounds when path loss exponent values are 1.5, 2, and 4 respectively. These results
indicate that an increase in the path loss exponent value leads to a significant decrease in
the network lifetime.

The impact of the path loss exponent on the network’s remaining energy is illustrated
in Figure 13. For the path loss exponent values of 1.5, 2, and 4, the network energy is
completely depleted at rounds 3752, 3410, and 2574, respectively. This confirms the fact that



Appl. Sci. 2025, 15, 1421 16 of 18

increasing the path loss exponent value reduces the lifetime of the network as the nodes
consume more energy to transmit their data to the BS.

6. Conclusions

WSNs deployed over large areas face significant challenges due to the limited energy
resources of the SNs. Data transmission over long distances between SNs and the BS
leads to rapid energy depletion. In this study, we proposed an algorithm for dynamically
optimizing the BS location using a virtual grid approach. The algorithm relocates the BS to
an optimal position after a number of rounds, accounting for the number of active SNs in
the network.

Additionally, we investigated the integration of a RN to improve scalability and energy
efficiency in large networks. The proposed algorithms were applied to the conventional
SEP protocol with two and three energy levels, and their performance was evaluated
in terms of network lifetime and residual energy. Simulation results demonstrated that
dynamically adjusting the BS location significantly enhances network performance in large-
scale deployments. The inclusion of an RN further increases energy efficiency by reducing
transmission burdens on SNs farthest from the BS.

Finally, the study examined the impact of path loss between SNs and the BS, showing
that energy consumption increases as the path loss exponent value increases. The findings
highlight the importance of optimized BS placement and RN utilization in mitigating
energy loss and extending the operational lifetime of WSNs.
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