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ABSTRACT

In Wireless Sensor Networks, reducing energy consumption is a crucial aspect while designing routing algorithms in order
to increase throughput, improve network lifetime, and promise efficient network operations. Herein, a hybrid approach using
Acrtificial Neural Networks (ANN) combined with Particle Swarm Optimization (PSO) is employed to develop an energy-
efficient routing algorithm where, ANN with MLP Regressor is trained to find the shortest path and PSO to compute the
optimized sink position. Results prove that the proposed ANNMLP-PSO outperforms as compared to Particle Swarm
Optimization (PSO), Genetic Algorithm (GA), Grey Wolf Optimization (GWO), and Reposition Particle swarm
Optimization (RA-RPSO) for a network size of 50 nodes up to 300 nodes in terms of performance metrics: network lifetime,
non-functional sensor nodes, energy usage, and packet delivery ratio. For a network size of 300 nodes, ANNMLP-PSO shows
0.43J of energy consumption whereas GA uses 0.88J, GWO uses 0.72J, PSO uses 0.82J, and RPSO uses 0.70J. At the end
of 3000 rounds the count of dead nodes is 195 in the proposed method, while it is 300, 270, 280, and 290 nodes in the other
methods. In this method, ANN is used to identify the shortest path between sensor nodes whereas PSO is employed to achieve
optimized sink positioning. Due to the optimized sink position, the number of retransmissions and distance between the sink
and SN are decreased which results in overall reduction in energy usage.

Keywords: Wireless Sensor Networks, Routing, Artificial neural network, Energy, Particle Swarm Optimization, Sink
movement

1. INTRODUCTION

Wireless Sensor Networks (WSNs) are an important part of modern life, significantly contributing to various aspects of
technological advancement, and applications like data sensing and collection across numerous fields within engineering and
science, showcasing their versatility and importance (1). WSNs comprises numerous sensor nodes (SNs) with constrained
battery life, deployed to gather environmental data and send the same to a Base station (BS) or sink (2). The lifespan of a
WSN depends on its ability to fulfill its intended function, which can end when the first sensor node fails, which leads to
cluster of nodes becomes inactive, or the majority of nodes stop transmitting data (3). To maximize the sensor node’s battery
life and network longevity, reducing energy consumption during data transmission is vital, and achievable through efficient
routing protocols (4). If maximum energy is consumed by SNs, it degrades the function of WSN. Consequently, path
selection becomes a significant challenge in data transmission (5). The SNs selected to transfer the data may vary depending
on the technique used (6). Therefore, the research paper proposes an unique path selection method to identify the optimum
sink position considering a group of major parameters associated with the SNs. Intelligent algorithms are employed to
identify optimal shortest paths for routing data to the sink (7). In earlier works objectives considered are to achieve efficient
routing, power consumption, network lifespan, and packet-delivery-ratio(8). The Particle Swarm Optimization (PSO)
algorithm, proposed in 1995 by Kennedy and Eberhart, and Yang and Press (2010), is recognized as the most common
metaheuristic approach. However, experimentally, the PSO algorithm is hindered by two major issues it gets trapped in local-
minima and premature-convergence (9), resulting in weakened global search capabilities. Efforts have been made to address
these limitations (10). In real-world scenarios, environmental factors or dynamic conditions can affect network performance.
Optimizing the sink's position allows the network to adapt to these changes effectively, maintaining efficiency over time.
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Overall, the optimized sink position is a crucial factor in making the WSN more energy-efficient, reliable, and robust. This
optimization directly addresses the hurdles faced by energy constraints in WSNs, ensuring smoother and long-lasting
operation.

Optimizing sink positioning involves balancing multiple metrics to improve energy management and prolong network
lifetime(11). The most commonly used metrics include: Energy Consumption, Network Lifetime, Path Length, Energy
Balance, Data Throughput, Communication Latency, Coverage, and Scalability(12). These metrics are often combined in
multi-objective optimization algorithms like PSO, where the trade-offs between different goals are carefully considered to
achieve the best overall performance. Thus, the research work introduces an unique hybrid algorithm for energy efficient
routing process. The objectives are outlined below.

1. To select Optimum number of nodes (50-300) are considered for faster execution.

2. To present a novel multi-objective fitness function to efficiently balance the residual energy in SNs. Optimized
distance calculations using vectorized operations are to be performed.

3. To adjust ANN parameters (hidden_layer_sizes, max_iter) for quicker training. To carry out parallel processing to
compute paths efficiently.

4. To develop a novel hybrid routing algorithm named as ANNMLP-PSO aim to extend lifetime of SNs by selecting
optimum values for PSO parameters to speed up optimization.

Further, paper is designed as: In Section 2, literature review is done. The Methodology of the presented ANNMLP-PSO path
selection is discussed in Section 3. The Results and discussions of the presented algorithm as compared with existing works
are carried out in Section 4. Lastly, the conclusion with insights on future works is presented.

2. LITERATURE REVIEW

Most routing algorithms focus solely on static sink positions or predefined criteria for routing. Traditional methods often
optimize a single metric, such as path length or energy consumption. Many routing strategies rely on predefined or static
datasets.

The authors in (11) proposed an enhanced routing algorithm for WSNs called RA-RPSO “Routing Algorithm based on
Reposition Particle Swarm Optimization”. It improves energy efficiency and extends the network’s lifetime by addressing
local minima and premature convergence often encountered in standard PSO. The paper (13) introduces an energy-saving
routing algorithm by optimizing a multi-function formulation within a WSN. The algorithm incorporates the Adaptive
Remora Optimization Algorithm (AROA) for cluster head selection. Key factors considered include energy usage, distance
calculation, throughput, Packet-Delivery-ratio (PDR), and path loss. The Simulation results promised that the developed
routing protocol majorly enhances WSN lifetime and its energy efficiency. The study (14) shows the effects of sink mobility
on routing protocols, highlighting how these effects can vary based on the application architecture and network context. The
work in (15) concentrates on innovative self-adaptive coyote optimization algorithm is employed for DN and CCH selection.
By this next CH can be easily selected. Simulation results show that the model outperforms the self-adaptive whale
optimization algorithm and other algorithms efficiently.

In (16), the authors have developed a Genetic algorithm for cluster development, choosing the CH and equilibrium optimizer
for routing data between CH and BS. Gagandeep Kaur et al.,(17) presented a heuristic routing method using Deep
Reinforcement learning for loT-enabled WSNSs. They have considered many objectives like lifetime, throughput, and delay
for intra-cluster path selection and the same for inter-cluster routing. The algorithm outperforms compared to existing works
in packet delivery, efficiency in power, delay in communication, and time complexity. In (18), authors have shown an energy-
efficient routing algorithm employing reinforcement learning which makes devices adapt to WSN dynamics like energy
modifications and movement by improving the routing decisions. The output depicts its better power efficiency and
scalability. Another metaheuristic algorithm proposed in (19) is Ant Colony optimization (ACO) which considers the node
mobility. The results show that it has almost 50% reduced energy consumption compared to traditional ACO. The authors
in(20) have shown a hybrid form of trajectory scheduling using ACO (21) and PSO (22) where the anchor node of every
cluster head is chosen within the communication range. From simulation experiments, it is evident that the results depict less
energy consumption and gathers data efficiently. In (23), the authors have tackled the critical challenge of planning a sink’s
movement to balance energy consumption across the network. Ten different types of WSN maps are considered including
dynamic and large scale networks. But, the additional processing required for implementation may introduce energy
overhead. The authors in (24) presented a heuristic routing algorithm for autonomous vehicles by examining criteria such
as robustness, explain ability, reproducibility, and transparency. The study highlights edge cases where extreme agent
parameters can challenge algorithm performance but demonstrates robustness through adaptive parameters like B-spline
interpolation. In (25), authors have proposed an advanced routing solution for Mobile Ad Hoc Networks (MANET) in
Internet of things (10T) environments. Simulation outputs show major improvements in through-put, delay, data packet loss
ratio and detection rate compared to existing techniques.
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3. METHODOLOGY

The assumptions of the WSN topology considered are outlined in this section. The energy consumed by the radio model used
within the specified WSN area is examined. Lastly, the operation of the developed ANNMLP-PSO is described in detail.

3.1 Energy consumption model

A radio communication model is employed to compute energy consumption. The transmitter present in the SN needs energy
for running the electronic components in it and also for amplifying transmitting power, while the receiver only utilizes energy
for running the electronic components. The energy dissipated is denoted as E. per bit at both the transmitter and receiver
circuit. Table.1 shows the energy model parameters considered (26). Channel coding, modulation, filtering, and spreading
influence energy usage. Optimizing energy usage is important for prolonging the network’s lifespan and ensuring efficient
operation.

Table 1.Energy Model parameters

SI.No Parameters Value
1. Initial_energy Variable for each node
2. Transmission_energy per unit distance 0.1J
3. Receiving_energy 0.05J
4, Idle_energy 0.001J
5. Data_packet_size 1
6. Area_size 100 X 100

Energy consumption in a WSN refers to the energy spent by SNs during data transmission and reception. Key Parameters
are

1. Transmission Energy (E¢): Energy required to transmit data over a given distance. Typically depends on the distance
and data size.

2. Receiving Energy (E/): Energy consumed by the receiving node.

3. Idle Energy (Ei): Background energy consumed by nodes when they are idle (not transmitting or receiving data).

4. Distance Matrix: Represents distances between SNs in the network.
Energy consumed for information transmission from one node (n;) to another node (n;) I given by Eq. 1.
E; = (Et. d,; +E,.)

1)
Where:

Where,

E: : Transmission energy per unit distance

rii}': Distance between nodes i and j.
E.. Receiving energy.
Considering an entire path connecting multiple nodes (n1  n2  ns), thegnergy gpnsumed is given in Eq.2.
Epath = Lieq(Eedizer +E)

@)
The additional E; accounts for the sink node consuming energy.

The function calculate_energy _consumption() implements this process of calculating energy consumption. It loops through
the nodes in the path. Also, adds transmission and receiving energy for each hop (pair of connected nodes). It calculates the
receiving energy consumed by the sink node. Factors Affecting Energy Consumption are distance between nodes: Longer
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distances increase transmission energy. Data Size: Larger packets consume more energy during transmission. Path
Configuration is identifying direct paths to the sink since it is more energy-efficient than indirect or multi-hop routes. Placing
the sink closer to nodes minimizes energy consumption.

3.2 Mathematical equations
Euclidean distance between Nodes

To compute the distance between two SNs i and j, the Euclidean-distance formula is used as given in Eq. 3. This is employed
to create the “distances” matrix, which provides the pairwise distances between all nodes.

[ Y i ”
di': | i—X; =4 = V)T
; ﬂ{_x )7+ e —yy) .

3.2.1. Energy Consumption for Data Transmission

The total energy consumed when transmitting data between two nodes i and j is given by Eq.1. This is calculated for each
segment of a path and summed up to find the total energy consumed along a routing path.

Total Energy Consumption for a path: For a path P = [n1,h2,ns,....., ng], the total energy consumption is shown in Eq.4. This
finds the energy needed for data to move from the SN to the sink.

Eparn = E:'cz_il'[:Er # digq +E.)+E, 4)

3.2.2 Network Lifetime

The network-lifetime is calculated depending on energy reserves of SNs and their consumption rates are given in Eq.5. The
minimum lifespan among all SNs determines the overall network lifetime.

. E; 1
L = min( L + —77)
i.consumption E; (5)

where,
E.. \niti ;

i: Initial energy of SN i.
Efsm”ﬂmﬂffﬂ” : Energy usage by node i for transmission and reception.
pidie

i :ldle energy consumption rate of node i.
3.3.3 Objective Function for Sink Optimization

The objective function combines energy consumption and network lifetime into a single cost metric for PSO optimization is
shown in Eq.6. guides the Particle Swarm Optimization (PSO) algorithm to find the best sink position by minimizing f(x).

f[:x) = Emm! —w*L (6)
where,

Eiorat: Total energy consumed by all nodes.

JI-r‘: Network lifetime.

W' Weight factor to balance energy minimization and lifetime maximization.
3.2.3 Path Cost Prediction Using Artificial Neural Network (ANN)

The ANN is trained by using input features to enable it to predict the cost of a path as shown in Eq.7. It predicts the path cost
for routing between SNs by employing machine learning, instead of calculation of distances repeatedly.

1 N T B 2
Loss = Ezz‘:j_{}'pradicrsd,i — Yactuali }

()
These equations provide a strong foundation for energy calculation efficiently, routing mechanism, and optimized positioning
of sink.

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 27s
pg. 760



R. Haripriya, M. Suresh, C. B. Vinutha

3.3 Proposed Model

The presented model demonstrates a novel approach to developing a hybrid energy-efficient routing algorithm for WSN,
which is a combination of Artificial Neural Networks (ANN) with Multilayer Perceptron (MLP) Regressor and Particle
Swarm Optimization (PSO). The novelty of the algorithm is due to the following aspects:

3.3.1 Synthetic Dataset Generation

A Synthetic dataset is created which offers different scenarios like node density variation and changes in the area size
impacting in efficient simulation of real-world WSN dynamics.

3.3.2 Integration of ANN for Shortest Path Prediction

It is a unique idea to use ANN model for shortest path prediction. Hence, the model is trained to predict path costs
dynamically. The ANN considers the coordinates of SNs, the distance between SNs, and changes in sink positions to make
real-time predictions, enabling adaptability to changes in the network.

3.3.3 Optimization via PSO

Particle swarm optimization (PSO) is made use of to optimize the sink’s position, which is a unique aspect here since; it uses
swarm intelligence to find the best solution by balancing energy consumption and network lifetime. PSO is versatile as it
handles multi-objective optimization effectively in comparison to gradient-based methods which find it difficult to perform
in non-linear or complex scenarios. A combination of Multiple Metrics is considered where energy consumption is reduced
and network lifetime is extended providing overall efficient network design.

Dynamic Sink movement is created based on network conditions resulting in minimal energy consumption among SNs. A
clear understanding of network operation is achieved by visualizing node positions, path optimization, and sink movement.
The hybrid algorithm of ANN predictions and PSO optimization ensures adaptability to dynamic conditions for both small
and large network scenarios.

3.3.4 ANNMLP-PSO Algorithm

The proposed hybrid algorithm is comprehensive and consists of concepts like Wireless sensor networks (WSN), Artificial
Neural Networks (ANN), Particle Swarm Optimization (PSO), and energy-efficient routing strategies using MLP regressor.
The Algorithm steps are:

Steps  Description

I.  Initialization: Packages like NumPy, Pandas, scilit-learn, matplotlib, pyswarm and networkx are initialized.

Il.  Synthetic data is generated using a function and the network is modeled as a group of nodes randomly
distributed in space.

I1l.  Define the sink node and energy-related parameters.

IV.  The energy consumption calculation function calculates the energy consumed when data is transmitted along
a path of nodes.

V. A Network lifetime calculation function determines how long the network can operate before a node runs out
of energy.

VI.  An objective function for PSO that guides the Particle swarm optimization by evaluating each potential
solution (sink node position).

VII.  An ANN is trained to predict shortest path costs between nodes a function to find the shortest distance from
SN to the sink is developed.

VIII.  The search space for the sink’s position is defined and the “pso” function iteratively adjusts the sink’s position
to minimize the objective function and the optimized sink position is stored.

IX.  Final path calculation: Once the sink’s position is optimized, the shortest paths from all nodes to the sink are
recalculated.

X.  Evaluation of Energy Consumption and Lifetime for Optimized Configuration. A Scatter plot of nodes and
sink, and path Connection between nodes and the sink are drawn. A plot showing the energy consumption of
individual nodes.

The flowchart of the algorithm is shown in Figure. 1. It begins by importing necessary libraries for numerical computations,
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plotting, machine learning, and optimization (e.g., NumPy, Matplotlib, Scikit-learn, PSO). A function named
“generate_synthetic_data ()” is used to create a synthetic Wireless Sensor Network (WSN). The Inputs are several SNs and
area size. It results in Node positions (x,y) randomly distributed in the area. Initial energy levels for each node are set. A
distance matrix representing pairwise distances between nodes is developed. An initial sink (base station) is identified at a
predefined location at the center of the area. Energy-related parameters considered are Transmission energy per unit distance,
receiving energy per data packet, and idle energy for nodes when not transmitting or receiving.

The Energy Consumption calculation is performed by defining a function called “calculate energy consumption()” to
compute the energy spent by nodes for transmitting and receiving data along a routing path as in Eq. 4. The Computation of
Network Lifetime is performed using the function “calculate lifetime ()” to evaluate network lifetime. Lifetime is given by
minimum remaining energy of SN divided by its energy consumption rate. Mainly, lifetime of the network is depending on
the most energy-depleted node. To train an ANN using the “train_ann()” function, the inputs considered are Node
coordinates (X, y), distances between nodes and Sink position. The Model uses Multi-Layer Perceptron (MLP) as the
regressor to predict shortest path costs. The Output of training ANN model is its capability of predicting path costs
dynamically.

For predicting Shortest Paths a function “ find_shortest path_ann()” is used to calculate the shortest paths from nodes to the
sink node. It predicts the cost of each path using the trained ANN and selects the route with the minimum cost for each node
to the sink. An objective function is defined for Particle Swarm Optimization (PSO) with inputs as Node positions, sink
positions, distances, and energy levels and outputs as total energy consumption and Network lifetime. Combine these metrics
into a single scalar value to minimize is given in Eq.6. To optimize Sink Position Using PSO “pso()” function is employed
with inputs Objective function, Lower bounds (0,0), and upper bounds (100,100) for sink coordinates and Outputs as
Optimized sink position (Xept, Yopt) @and Corresponding objective function value. The parameters considered are SNs position,
energy, distances, sink node position, swarm size, and maximum iterations.

Generate Synthetic Dataset

NO T YES

Initialize Sink Node Js the shortest path predacré;li_".‘:

Train ANN T ‘Compute Energy Consumphon‘

Predict shortest paths

Optimize Sink Position and
compute optimized paths

Evaluate Network metrics

Figure.1l Flowchart of ANNMLP-PSO algorithm

Optimized Paths are computed by recalculating the routing paths from nodes to the sink using the optimized sink position.
ANN model is used to find the shortest path. Finally, optimized total energy consumption and optimized network lifetime
are evaluated and these metrics are compared with other existing algorithms. Initial and optimized sink positions, routing
paths from nodes to the sink are shown in Figure. 3.

4. RESULTS AND DISCUSSION

The presented hybrid algorithm is trained and performance evaluation is carried out in Jupyter notebook. Initially, Synthetic
dataset is generated for a range of 50-300 nodes. A sample of top five rows of the dataset is shown in Figure. 2.

Node ID X Position Y Position Initial Energy
0 0 37.454012 95.071431 3.142919
73.199394 59.865848 63.641041
15.601864 15.599452 31.435598
5.808361 86.617615 50.857069
60.111501 70.807258 90.756647

S R O

1
2
3
4

Figure. 2. A sample dataset showing first 5 rows
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The SNs are randomly deployed and the initial sink position is at the center. The WSN is employed with 50 SNs that are
randomly deployed in a 100 X 100m? area. The number SNs considered are 50, 150, 200, 250, and 300 for scalability
verification. A single sink node is placed at the middle of the specified area. Each SN initially has variable energy. The
parameters considered in the proposed algorithm are represented in Table 2. Maximum number of rounds for each node is
3000.

Table 2: Parameter values exploited while simulating the network

Parameter Value

Network area_size 100m X 100m
No. of sensor nodes 50-300

Max. no. of rounds 3000

Ee 50nJ/bit

& 10pJ/bit/m?

€m 0.0013 pJ/bit/m*
Control Packet size 500 bits

Data Packet Size 10000 bits

The optimized sink position shown in Figure. 3 exhibits a pivotal part in enhancing efficiency of WSN. It signifies a good
strategy for reducing energy consumption by repositioning the sink where, the distance between the sink and the SNs is
minimized. The SNs consume less energy for shorter transmission distances when sending data, which results in preserving
their energy reserves for a longer time duration. Thus, energy consumption is balanced across SNs by placing the sink
optimally. This minimizes the risk of particular nodes depleting their energy prematurely (a phenomenon called the "hotspot
problem™), thereby increasing the overall operational network lifetime. Also, Packet delivery losses reduce when nodes are
nearer to the sink which in turn avoids data packet retransmission. This influences reliability and throughput of data
transmission inside the network. This ensures a fair distribution of energy consumption among all nodes.

WSN Routing with Optimized Sink

100

80

60

¥ Coordinate

40

201

® Nodes
Y Initial Sink
* Optimized Sink

0 20 40 60 80 100
X Coordinate

Figure. 3 Final nodes, routing paths and optimized sink position(50 nodes and 1 sink)
4.1 Performance Evaluation of proposed ANNMLP-PSO algorithm

A performance comparison of ANNMLP-PSO algorithm with other intelligent routing algorithms such as PSO, GA, GWO,
and RA-RPSO is carried out considering key metrics like network lifetime, energy consumption, count of dead nodes, and
throughput or Packet delivery ratio. Network Lifetime is the time during which it remains functional before any sensor node
runs out of energy. A Longer lifetime indicates that algorithm balances energy usage effectively among nodes. The lifetime
comparison of presented work is shown in Figure 4. The simulation output depict that presented ANNMLP-PSO algorithm
offers a prolonged lifetime compared to other algorithms PSO, GWA, GA, and RA-RPSO. For 50 nodes the network
maintains up to 1500 rounds for PSO, GWA, GA, and RA-RPSO, whereas the ANNMLP-PSO algorithm maintains a network
lifetime of up to 2000 rounds. Further, if 300 nodes are considered, the proposed algorithm’s network lifetime extends up to
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3000 rounds while, other algorithm’s network lifetime ends between 2500 and 2900 rounds. The performance is increased
due to the efficient prediction of the algorithm in path selection, optimum sink positioning, and energy consumption
maintenance.

—&— ANNMLP-PSO
GA

—e— RA-RPSO

—— GWO

2500 1 —e— PSO

3000 4

2000

1500 1

Network Lifetime (rounds)

-
o
o
=]

500

50 100 150 200 250 300
Number of SNs within the network.

Figure.4 Network lifetime comparison for 50 nodes upto 300 nodes

Dead nodes occur due to uneven energy depletion and cause hotspots, leading to isolated or non-functional nodes. Residual
energy levels at different nodes are assessed and energy balancing among nodes is checked. ANNMLP-PSO ensures that no
nodes are overly depleted, it offers better load balancing compared to other methods PSO, GWA, RA-RPSO, and GA. A
comparison of a number of dead SNs in various routing methods is depicted in Figure 5. At the end of 1500 rounds, all SNs
of the presented algorithm are yet alive justifying the superiority of the algorithm. During the last round, it is observed that
the number of dead SNs is lowest in ANNMLP-PSO algorithm in comparison to all other routing methods.

350

—&— ANNMLP-PSO
GA

200 | =& Ra-RPSO

—— Gwo

—e— PSO

- ) ]
o o w
o =] o

Number of dead SNs/network

-
o
=]

50

500 1000 1500 2000 2500 3000
Number of rounds

Figure. 5 Number of Dead nodes for maximum rounds

Average Energy consumption is the maximum energy used by SNs while transmitting and receiving data. Lower energy
consumption indicates higher efficiency and prolonged network lifetime. The total energy consumed for all routing paths is
measured and compared with existing algorithms. In Figure 6 it is observed that, ANNMLP-PSO reduces energy
consumption by optimizing sink position, it demonstrates superior efficiency over other routing methods.
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—&— ANNMLP-PSO
GA

—— RA-RPS0O

—— GWO

—— PSO

0.8

Energy Consumption (joule/round)

0.0

50 160 15;0 260 2%0 360 350
Figure. 6 Energy consumption with respect to number of nodes

Throughput measures the rate at which data packets are successfully sent to the sink. The proposed algorithm ensures reliable
data transmission by optimizing sink placement. Data Packet Delivery Ratio (PDR) is the percentage of data packets
successfully delivered compared to the total packets transmitted. High PDR indicates efficient communication and successful
routing and is given by Eg. 9. Comparing PDR across algorithms to identify the most robust solution is shown in Figure 7,
where a track of a total number of data packets sent and successfully delivered to the sink node for each algorithm is shown.
It is observed that the presented method shows high throughput in comparison to existing methods for a range of 50 nodes
and 300 nodes.

Numberof Delivered Packets
PDR =

X100

Numberof sent packets (9)

1.0

—&— ANNMLP-PSO
GA

—8— RA-RPSO
—— GWO

—*— PO

0.9

0.6

Throughput (Mbps)

o o

S >
///

0.5

100 150 200 250 300 350
Number of SNs within the network.

o
=}

Figure. 7 Throughput compared to number of Alive sensor nodes

The Initial sink position is fixed as [50,50] and optimized sink position after a maximum number of rounds turned out to be
[47.29705406, 59.52219585] for 50 nodes, [48.65214594, 60.65423585] for 200 nodes and [49.52648956, 61.54687125] for
300 nodes. It is evident that, each time when the sink position is calculated by PSO its optimum position is found. It is
observed that amount of energy consumed is proportional to the increase in SN count. A comparison of energy consumption
between algorithms of interest for 50 nodes and 300 nodes is depicted in Figure. 8. It proves that the presented ANNMLP-
PSO algorithm consumes less energy for both 50 nodes and 300 nodes compared to other algorithms. The energy consumed
for 50 nodes by ANNMLP-PSO is 150, PSO is 205, GA is 220, GWO is 200 and RA-RPSO is 160. For 300 nodes by
ANNMLP-PSO is 170, PSO is 210, GA is 260, GWO is 240 and RA-RPSO is 180. This proves that presented algorithm
consumes less energy in comparison with existing methods. Thus, scalability is also achieved nominally.
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Energy Consumption by Algorithm and Network Size for 50 nodes and 300 nodes

260 4 Network Size

—e— 50 nodes
300 nodes

240

5]
(=]
[=]
L]

Energy Consumption
5]
[ ¥]
o
L
L ]

180 A

160 A .

PSO ANNMLP-PSO GA GWO RA-RPSO
Algorithm

Figure. 8. Energy consumption by algorithm and network size for 50 nodes and 300 nodes.

5. CONCLUSION

The presented hybrid algorithm justifies an efficient approach to tackle crucial challenges in WSN, like optimum sink node
placement and efficient routing mechanism. The novel approach used ANN’s capabilities in predicting the shortest path and
PSO’s search optimization for sink position dynamics. This resulted in noticeable reduction in energy consumption and
increased network lifetime. The results prove the importance of hybrid methodologies that combine machine learning and
swarm intelligence techniques for solving complex problems in dynamic network environments. In comparison to earlier
methods like GA, PSO, GWO, and RA-RPSO, it is observed that the presented algorithm shows higher performance with
48% decrease in energy consumption for 300 nodes. As the number of dead nodes is 195 which is less than the dead nodes
in other algorithms shows better lifetime and improved packet delivery ratio reflects the higher throughput., Further, the
proposed research work provides a robust foundation for further research in real-time applications in WSNs.
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