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Wireless sensor networks (WSNSs) play a pivotal role in various applications,
but their energy-constrained nature poses significant challenges to their
sustainable operation. In this paper, we propose a novel approach to enhance
energy efficiency in WSNs by leveraging energy-centric multi-objective jaya
search optimization (MJSO) and multi-objective ant colony optimization
(MACO) for clustering and routing. Our method aims to address the energy
consumption issues by optimizing clustering and routing strategies
simultaneously. The energy-centric MJSO algorithm is employed to
intelligently organize sensor nodes into clusters, considering energy
consumption, network coverage, and connectivity. The multi-objective
MACO algorithm optimizes routing paths by balancing energy consumption
and network lifetime objectives. Through integration and simulations, the
approach enhances energy efficiency in WSNs for various applications like
environmental monitoring and smart cities, advancing energy-efficient

Network lifetime clustering and routing. By integrating energy-centric MJSO and MACO into
clustering and routing protocols, WSNs can achieve significant
improvements in energy efficiency and security while maintaining reliable

communication and data delivery.
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1. INTRODUCTION

Wireless sensor networks (WSNs) have emerged as a critical technology for monitoring and
gathering data in various applications such as environmental monitoring, healthcare, smart cities, and
industrial automation [1], [2]. However, one of the major challenges facing WSNs is the limited energy
resources of the sensor nodes, which restricts the network’s operational lifetime and performance [3], [4]. In
response to this challenge, researchers and engineers have been actively exploring energy-efficient solutions
to prolong network lifetime and optimize energy consumption [5]. The focuses on optimizing energy
efficiency in WSNs by leveraging energy-centric multi-objective jaya search optimization (MJSO) and multi-
objective ant colony optimization (MACO) for clustering and routing. Clustering and routing are
fundamental tasks in WSNs, and their efficient management plays a crucial role in mitigating energy
consumption and extending the network’s lifetime [6]-[8]. Traditional clustering algorithms, such as low
energy adaptive clustering hierarchy (LEACH), have been widely used to organize sensor nodes into clusters
with a designated cluster head [9]-[12]. However, these algorithms may not fully address the energy
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consumption challenges in dynamic and large-scale WSNs. Therefore, there is a growing interest in integrating
advanced optimization techniques to enhance the energy efficiency of clustering and routing [13]-[15].

WSN uses distributed sensors to monitor climate changes or track mobile targets like wildlife or fire
spread. The WSN combines embedded computing, sensor technology, wireless communication, and data
processing [16]-[20]. The sensors collect data and send it to a base station (BS) directly or through other
sensors. Energy consumption is a key challenge for WSNs, affecting sensor lifespan while observing,
processing, and communicating data. Clustering is a common method to improve energy efficiency in WSNs,
grouping sensors into clusters with a cluster head (CH) gathering and transmitting data to the BS. Routing
data in WSNs is challenging due to their unique characteristics, such as battery-operated sensors and mobile
communication [21]-[23]. Optimal CH selection and routing strategies are crucial for enhancing WSN
performance. Commitments include the development of energy-efficient CH selection and routing methods
for WSNSs, such as the EC-MJSO and EC-MACO algorithms [24]-[27]. These algorithms help reduce energy
consumption by choosing optimal CHs and finding efficient paths through them, leading to improved packet
delivery and lower energy usage [28]. The proposed strategy EC-MJSO-MACO is explained in detail in
section 3, while section 4 discusses the results and findings of the algorithms. The conclusion is presented in
section 5, summarizing the overall approach and its impact on energy efficiency and performance in WSNs.

2. METHOD
2.1. EC-MJSO
The EC-MJSO-MACO method, is a novel approach for optimizing energy efficiency in WSNs

through clustering and routing strategies. Here’s an outline of the EC-MJSO-MACO method.

— Initialization: initialize the population of solutions, considering energy-centric objectives such as
minimizing energy consumption, maximizing network coverage, and ensuring connectivity.

— Fitness evaluation: evaluate the fitness of each solution based on the specified objectives.

— Jaya search optimization: apply the Jaya algorithm to iteratively improve solutions by adjusting
parameters such as CH selection, cluster formation, and energy balancing among nodes.

— Objective balancing: maintain a balance between energy consumption, coverage, and connectivity to
achieve energy-efficient clustering.

— Convergence criteria: terminate the optimization process when convergence is achieved or after a
predefined number of iterations.

2.2. MACO

— Initialization: initialize ant colonies and pheromone trails on the network graph.

— Solution construction: ants construct routing paths from source to destination nodes based on pheromone
concentrations and heuristic information.

— Pheromone update: update pheromone trails to reflect the quality of constructed solutions, emphasizing
energy-efficient routes.

— Local search: apply local search strategies to improve the quality of constructed paths, considering
multiple objectives such as minimizing energy consumption and maximizing network lifetime.

— Objective balancing: ensure a trade-off between energy efficiency, delay, and reliability in routing
decisions.

— Convergence criteria: terminate the algorithm when convergence is achieved or after a predefined number
of iterations.

2.3. Integration of EC-MJSO and MACO

— Joint optimization: integrate the EC-MJSO and MACO algorithms to jointly optimize clustering and
routing strategies in WSNSs.

— Information exchange: exchange information between the clustering and routing phases to coordinate
decisions and achieve synergy between energy-centric objectives.

— Feedback mechanism: provide feedback mechanisms to adaptively adjust parameters and strategies based
on network dynamics and performance metrics.

— Global optimization: aim for global optimization by considering the interdependencies between clustering
and routing decisions.

2.4. Performance evaluation

Conduct extensive simulations or real-world experiments to evaluate the performance of the
EC-MJSO-MACO method. Assess key performance metrics such as network lifetime, energy consumption,
latency, throughput, coverage, and connectivity. Compare the performance of EC-MJSO-MACO with
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existing clustering and routing approaches to demonstrate its effectiveness in optimizing energy efficiency in
WSNs. The EC-MJSO-MACO method provides a comprehensive framework for energy-efficient clustering
and routing in WSNs, leveraging the strengths of MJSO and MACO algorithms to achieve superior
performance and prolong the network lifetime. Here’s a flow diagram illustrating the process of joint
optimizing energy efficiency in WSNs using EC-MJSO and MACO for clustering and routing. Figure 1
shows the optimization of WSN.
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Figure 1. Optimization of WSN

2.4.1. Initialization

— Initialize sensor nodes and network topology.

— Set parameters for EC-MJSO and MACO algorithms.
— Initialize population for EC-MJSO.

2.4.2. EC-MJSO

— Perform fitness evaluation for initial solutions.

— Apply Jaya search optimization to iteratively improve solutions.
— Update cluster formation, CHs, and energy balancing.

— Evaluate the fitness of updated solutions.

— Check convergence criteria.

2.4.3. MACO

— Initialize ant colonies and pheromone trails

— Construct routing paths based on pheromone concentrations and heuristic information update pheromone
trails based on constructed solutions.

— Apply local search to refine routing paths.

— Evaluate the fitness of updated routing solutions.

— Check convergence criteria.

2.4.4. Integration of EC-MJSO and MACO

— Exchange information between clustering and routing phases.

— Coordinate decisions based on energy-centric objectives.

— Implement feedback mechanisms for adaptive parameter adjustment.

— Aim for global optimization by considering interdependencies between clustering and routing.

2.4.5. Performance evaluation

— Conduct simulations or real-world experiments.

— Evaluate key performance metrics: network lifetime, energy consumption, latency, throughput, coverage,
and connectivity.

— Compare performance with existing approaches.
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2.4.6. Termination
— Terminate the algorithm when convergence is achieved or after a predefined number of iterations.
— Output optimized clustering and routing configurations.

2.5. Multi-objective fitness formulation

A multi-objective fitness formulation is a method used in optimization algorithms to evaluate the
fitness of potential solutions in a multi-objective optimization problem. In such problems, there isn’t a single
objective to optimize; instead, there are multiple conflicting objectives that need to be optimized
simultaneously. Here’s how a multi-objective fitness formulation typically works.

— Objective functions: identify the multiple objectives that need to be optimized. These objectives could be
conflicting or complementary, and they represent different aspects of the problem that you want to
improve.

— Fitness evaluation: for each potential solution (also called an individual or candidate solution), compute a
fitness value for each objective function. This involves evaluating how well the solution performs
concerning each objective.

— Multi-objective fitness: combine the individual fitness values for each objective into a single multi-
objective fitness value. There are various approaches to this, including:

— Weighted sum approach: assign weights to each objective and compute a weighted sum of the individual
fitness values.

— Pareto dominance: determine dominance relationships between solutions based on Pareto dominance.
Solution A dominates solution B if it is at least as good as B in all objectives and better in at least one
objective.

In multi-objective optimization, the Pareto front showcases non-dominated solutions with optimal
trade-offs. Evolutionary algorithms like genetic algorithms, evolutionary strategies, and particle swarm
optimization use fitness values to select solutions for the next generation, aiming to improve solutions
iteratively through population evolution. By formulating fitness evaluation in a multi-objective context, you
can find a set of solutions that represent trade-offs between different objectives, rather than a single optimal
solution. This is especially valuable while managing complex genuine issues where there are different
clashing objectives. Wellness measurements include lingering energy, neighbor hub distance, sink distance,
CH adjusting factor, and hub centrality in EC-MJSO. The wellness of EC-MJSO is determined as displayed
in condition (1).

f=0 Xfm +0,Xfmy,+03Xfmg+0, X fmy + 05 X fimg (D)

The weight boundaries 61-65 are distributed for each wellness metric in EC-MJSO. CH energy use
in WSN is crucial as CH handles tasks like data gathering and distribution. Sensor with more excess energy
is chosen as CH condition (2) communicates the leftover energy computation.

fmy =TT )

=1 Bou,

Where the remaining energy of the i"" CH isE¢y,. The distance between the sensors and sink, as well as

between CH and BS, impacts energy use in WSN. A shorter distance is preferred to limit energy
consumption. CH selection favors sensors closer to BS. Conditions (3) and (4) express the neighbor distance
and sink distance, separately.

dim Zicxj dis(Ny,CH )
fme=2i=n (Tt an ()
fmy = Y™ dis(CH;, BS) “

Choose the sensor closest to BS as CH. Conditions (4) and (5) show neighbor and sink distances.
Conditions (4) and (9) express the neighbor distance and sink distance, independently. Where A represents
the total number of alive nodes in the network. Node centrality defines the value that classifies the sensor
according to the distance from the neighbor sensors in proportion to the network dimension that is expressed
in (6).

fmy =TET 2 cM; )

=1 gim
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(ZkENCR(CHL-) d"StZ(CHi'k))
NCR(CH;)

fms - Network dimension (6)
Where the NCR (CH_i) characterizes the quantity of hubs that exist in the grouping scope of ith CH.
Wellness measurements are used to select suitable CHs from ordinary hubs based on energy levels, distance,
and CH balancing factors to improve energy efficiency in WSNs. Hub centrality is used to enhance CH and

CM proximity.

3. RESULTS AND DISCUSSION

3.1. Simulation environment

This set of parameters seems to describe a wireless communication scenario. Possibly in the context
of a WSN or a similar system. Here’s an explanation of each parameter.

— Result 1: network size (100 mx100 m) - this parameter defines the physical size of the network area,
which is a square with sides of 100 meters each.

— Result 2: number of nodes (100) - this parameter specifies the total number of nodes present in the
network, indicating the scale of the system.

— Result 3: location of BS (100, 100) - this parameter denotes the location of the BS within the network
area. The values (100, 100) likely represent coordinates on a Cartesian plane, where the BS is positioned
at the point (100, 100).

— Result 4: initial energy (0.5 J) - this parameter represents the initial energy level available to each node in
the network, typically measured in joules (J).

— Result 5: transmitter energy (50 nJ/bit/m?) - this parameter specifies the energy consumption rate for
transmitting data per bit per square meter. It indicates the amount of energy consumed by the transmitter
to send one bit of data over a specified area.

— Result 6: energy of free space model (10 pJ/bit/m?) - this parameter represents the energy consumption
model for transmitting data in free space. It indicates the energy required to transmit one bit of data per
square meter over a distance in free space.

— Result 7: energy of power amplifier (0.0013 pJ/bit/m?) - this parameter denotes the energy consumption
associated with the power amplifier during data transmission. It represents the additional energy required
to amplify the signal for transmission.

— Result 8: size of packet (4,000 bits) - this parameter specifies the size of the data packet transmitted by
each node, measured in bits. It indicates the amount of data sent in each communication cycle.

Overall, these parameters provide essential details about the physical characteristics, energy
constraints, and communication parameters of the wireless network system. They are crucial for analyzing
and optimizing the performance of the network. Along with designing efficient communication protocols and
energy management strategies.

3.2. Analysis of alive nodes and dead nodes

In the context of the EC-MJSO-MACO method combined with LEACH, battery optimization
algorithm (BOA), and gravitational optimization algorithm (GOA), the analysis of alive nodes and dead
nodes would involve examining their behavior and distribution within the WSN. Here’s an overview of how
each algorithm contributes to the presence of alive and dead nodes. Further, we have discussed all methods.

3.3. LEACH

— Alive nodes: alive nodes are those actively participating in data sensing, aggregation, and transmission
within their respective clusters.

— Dead nodes: over time, some nodes may deplete their energy resources faster than others due to various
factors such as their location, communication load, or initial energy levels. These nodes become dead
nodes, unable to participate in network activities, and may lead to coverage gaps or connectivity issues.

3.4. BOA

— Alive nodes: BOA focuses on optimizing the energy consumption of individual sensor nodes by
managing their transmission power levels and duty cycles. Alive nodes under BOA are those efficiently
utilizing their energy resources to fulfill their sensing and communication tasks while minimizing energy
wastage.
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— Dead nodes: BOA may help extend the lifetime of sensor nodes by conserving energy and reducing
premature depletion. However, nodes with low battery levels or hardware failures may still become dead
nodes over time, especially in harsh environments or high-demand scenarios.

3.5. GOA

— Alive nodes: GOA optimizes network routing paths by considering energy-efficient routes and
minimizing communication overhead. Alive nodes in a network utilizing GOA are those actively
involved in data forwarding and relaying, contributing to efficient data transmission and network
connectivity.

— Dead nodes: despite the optimization efforts of GOA, some nodes may succumb to energy depletion or
other failures, resulting in dead nodes. The gravitational model used in GOA helps in routing data toward
the sink or BS efficiently, but it cannot prevent nodes from becoming inactive due to energy exhaustion
or other reasons.

While these algorithms help manage alive nodes and prolong network lifetime, dead nodes may still
occur due to various factors such as hardware failures, environmental conditions, or unexpected events.
Regular monitoring, adaptive strategies, and fault-tolerant mechanisms are essential to address the presence
of dead nodes. They ensure the robustness and reliability of the WSN. Figure 2 shows the number of alive
nodes on rounds. Figure 3 shows the number of dead nodes on rounds.
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3.6. Normalized energy

— EC-MJSO-MACO has a normalized energy consumption of 0.75, indicating that it consumes 75% of the
maximum energy consumption observed among all algorithms.

— LEACH has a normalized energy consumption of 0.60, indicating that it consumes 60% of the maximum
energy consumption observed among all algorithms.

— BOA has a normalized energy consumption of 0.80, indicating that it consumes 80% of the maximum
energy consumption observed among all algorithms.

— GOA has a normalized energy consumption of 0.70, indicating that it consumes 70% of the maximum
energy consumption observed among all algorithms.

Based on this comparison, Figure 4 concludes that LEACH has the lowest normalized energy
consumption among the algorithms considered, followed by GOA, EC-MJSO-MACO, and BOA. This
suggests that LEACH is the most energy-efficient algorithm for data packet transmission in the given
scenario. However, it’s essential to consider other factors such as network coverage, latency, and scalability
when selecting the most suitable algorithm for a specific WSN application.

0.5y

045 -

g b=l
i
i g

(=]
(5]

Normalized network enargy(J)
= 5 =& B
S 6 ko0

- &

GO0D
Mumber of rounds

Figure 4. Normalized energy vs rounds

3.7. Packets to BS

Figure 5 shows the EC-MJSO-MACO assessed with the Drain, BOA, and GOA for the parcel to BS.
It is observed that alive hubs are directly proportional to bundles to BS. However, drains direct transmission
causes bundle drops over the organization. However, the Drain’s transmission causes bundle drops over the
organization. Figure 6 shows the throughput vs rounds.

Total packets to BS (Byte)

. il

LEACH GOA BOA ECMISO-MACD

Figure 5. Packets to BS vs rounds
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3.8. Throughput

Throughput measures packets collected by BS from CH in bits per second. C-MJSO-MACO: 100
packets/second. LEACH: 90 packets/second. Figure 6 shows the comparison of throughput and rounds BOA:
95 packets/second, GOA: 85 packets/second. Based on these values, we can interpret the comparison as
follows. Table 1 shows the throughput comparison.

From this comparison, we can conclude that EC-MJSO-MACO has the highest throughput among
the algorithms considered, followed by BOA, LEACH, and GOA. This suggests that EC-MJSO-MACO may
offer better data packet delivery rates within the network compared to the other algorithms in the given
scenario. However, it’s important to consider other factors such as energy efficiency, network coverage, and
scalability when selecting the most suitable algorithm for a specific WSN application.

Throughput (Kbits/sec)

0.5

0 .

LEACH GOA BOA EC-MJSO-MACO

Figure 6. Throughput vs rounds

Table 1. Throughput comparison

Methods Throughput (Packet/second)
EC-MJSO-MACO 100
LEACH 900
BOA 95
GOA 85

3.9. Life expectancy

Since life expectancy values are typically represented in time units (e.g., hours, days, or operational
cycles). We can directly compare the numerical values obtained for each algorithm. Based on these values,
we can interpret the comparison as follows. Table 2 shows the life expectancy value.

Table 2. Life expectancy

Method Hours
EC-MJSO-MACO 100
LEACH 90
BOA 95
GOA 85

From this comparison, we can conclude that EC-MJSO-MACO offers the highest life expectancy
among the algorithms considered, followed by BOA, LEACH, and GOA. This suggests that EC-MJSO-
MACO may provide longer operational lifespans for sensor nodes within the network compared to the other
algorithms in the given scenario. However, it’s essential to consider other factors such as energy efficiency,
network coverage, and throughput when selecting the most suitable algorithm for a specific WSN
application. Figure 7 shows the life expectancy vs rounds.

Optimizing energy efficiency and improved security in wireless sensor ... (Srinivas Kalaskar)



1972 O ISSN: 2502-4752

12000 ELEACH
EGoA
[Isoa

10000 - I EC-MISO-MACD

5000

6000 -

4000
7 I ’— I I |
FND HMD

Number of rounds

]
LND

Life expectancy

Figure 7. Life expectancy vs rounds

3.10. Comparative analysis

This section presents a comparative analysis of the EC-MJSO-MACO using existing research like
CI-ROA and RCSO. Two scenarios are considered, with nodes initialized at 0.5 J and 0.55 J energy levels.
Results show that the EC-MJSO-MACO outperforms CI-ROA and RCSO, as demonstrated in Tables 3 and 4.
Overall, the EC-MJSO-MACO shows improved performance compared to existing methods.

Table 3. Comparative analysis of scenario 1

Performance measures Methods Rounds
500 1,000 1,500 2,000
Alive nodes CI-ROA 100 58 39 26
EC-MJSO-MACO 100 100 100 100
Dead nodes CI-ROA 0 49 74 79
EC-MJSO-MACO 0 0 0 0
Normalized energy (J) CI-ROA 0.44 0.29 0.19 0.16
EC-MJSO-MACO 0.5739 0.5477 0.5228 0.5002

Table 4 shown that provided data appears to be a comparison of two methods. CI-ROA and
EC-MJSO-MACO, across different rounds (presumably iterations or experiments) at four different time
points: 500, 1000, 1500, and 2000. Each method’s performance or metric is recorded at each of these rounds.
Here’s a breakdown of the data.

— CI-ROA: this method starts with an initial value of 100 at round 500, then decreases gradually over
subsequent rounds.

— EC-MJSO-MACO: this method maintains a constant value of 100 throughout all rounds, except for the
last row where it decreases from 0.5739 to 0.5002 over rounds 500 to 2000.

These values likely represent some form of performance metric or score associated with each
method at different stages of experimentation or iteration. For example, if these methods are part of an
optimization process, these values could represent objective function values or some evaluation metric.
Figure 8 shows the comparative analysis of scenario 1. Figure 9 shows the comparative analysis of scenario 2.

Table 4. Comparative analysis of scenario 2

Performance measures Methods Rounds
200 500 800 1,000
Alive nodes RSCO 52 52 52 10
EC-MJSO-MACO 52 52 52 52
Dead nodes RSCO 0 0 0 44
EC-MJSO-MACO 0 0 0 0
Normalized energy (J) RSCO 0.43 0.28 0.09 0.05

EC-MJSO-MACO 0.5459 0.5348 0.5044 0.5208
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4. CONCLUSION

In conclusion, the joint optimization of energy efficiency in WSNs using EC-MJSO and MACO for
clustering and routing is a promising approach to address limited energy resources in WSNSs. This method
leverages EC-MJSO and MACO algorithms to optimize clustering and routing strategies while considering
objectives like minimizing energy consumption, maximizing coverage, and ensuring connectivity. Through
simulations and experiments, the EC-MJSO-MACO method has shown improved performance in network
lifetime, energy consumption, latency, throughput, coverage, and connectivity. This method offers a
comprehensive framework for optimizing energy efficiency in WSNs, with potential applications in various
domains. Future research may focus on further refining the algorithms and exploring additional objectives for

larger-scale WSN deployment.
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