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ABSTRACT: The rapid deployment of Wireless Sensor Networks (WSNs) faces critical challenges due to sensor
nodes’ limited energy and communication capabilities, which restrict network lifetime and data transmission efficiency.
Traditional clustering and routing protocols often lead to unbalanced energy consumption and uneven load distri-
bution, whereas intelligent optimization approaches are hindered by high computational costs and slow convergence.
This research formulates the clustering and routing problems in WSNs as an optimization challenge under resource
and energy constraints, aiming to improve stability, energy efficiency, and throughput. This research proposed three
quantum optimization-based solutions to address complex issues. First, a Quantum Genetic-Enhanced K-means
(QGE-K) protocol addresses inaccurate cluster-head initialization by adaptively determining the optimal number of
clusters and selecting energy-balanced cluster heads, thereby improving clustering accuracy and routing efficiency.
Second, a Fuzzy-Enhanced Quantum Annealing Algorithm (FEQA) protocol integrates fuzzy inference with quantum
tunneling dynamics to select cluster heads and compute the most energy-efficient routing paths, extending the network
lifetime in large-scale deployments. Third, a Quantum-Enhanced Particle Swarm Clustering and Routing (QE-PSCR)
protocol encodes clustering and routing into a single optimization particle, employing chaotic mapping and Lévy flight
strategies to accelerate convergence and escape local optima, thereby reducing computation overhead. The simulation
results demonstrate that all three protocols achieve significant improvements in energy consumption, load balance,
throughput, and overall network lifetime. The proposed methods apply to domains such as environmental monitoring,
the industrial Internet of Things, and military security, highlighting both theoretical contributions and practical value
in advancing energy-efficient WSN design.

KEYWORDS: Wireless sensor networks; quantum genetic-enhanced K-means; quantum annealing algorithm; chaotic
mapping; energy consumption; load balancing

1 Introduction

Wireless Sensor Networks (WSNs) have become a fundamental technology for real-time monitoring
and data acquisition in diverse application domains, including environmental surveillance, healthcare
systems, industrial Internet of Things (IoT), and military operations [1]. A typical WSN consists of a large
number of low-power sensor nodes that collaboratively sense environmental data and transmit the collected
information to a central base station (BS). However, these sensor nodes operate under strict constraints in
terms of energy, computation, and communication resources, and they are often powered by non-replaceable
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batteries [2]. Consequently, energy efficiency and network lifetime extension remain major design challenges
in WSNs.

Clustering-based routing protocols are widely used to address these challenges by organizing nodes into
clusters, where cluster heads (CHs) perform data aggregation and forward the collected information to the
BS [3]. This hierarchical communication structure reduces redundant transmissions and improves network
scalability. Nevertheless, traditional clustering protocols often suffer from uneven cluster-head distribution,
unbalanced energy consumption, and premature node failures, which ultimately degrade network stability
and efliciency [4].

To mitigate these limitations, various metaheuristic optimization algorithms, including Genetic
Algorithms (GA), Ant Colony Optimization (ACO), and Firefly Algorithms, have been applied to cluster-
head selection and routing optimization [5]. These methods improve energy balancing and clustering
efficiency but often encounter issues such as slow convergence, high computational overhead, and suscep-
tibility to local optima. Recently, with advances in artificial intelligence and quantum-inspired computing,
researchers have explored quantum-inspired optimization techniques to overcome these limitations [6].
Quantum-inspired algorithms exploit concepts such as superposition, probabilistic state representation,
and tunneling-like search mechanisms, enabling more efficient exploration of complex solution spaces.
Methods such as Quantum Genetic Algorithms, Quantum Annealing, and Quantum-Behaved Particle
Swarm Optimization (QPSO) have demonstrated promising performance in solving large-scale optimization
problems and avoiding premature convergence [7].

In practical WSN deployments, energy imbalance caused by uneven cluster-head distribution remains a
major problem. Random node placement often leads to some CHs handling excessive communication loads,
resulting in early energy depletion and reduced network lifetime [8]. Additionally, flat routing approaches
struggle to scale effectively as network size increases, causing higher communication overhead and reduced
throughput [9]. Therefore, the clustering and routing problem in WSNs can be formulated as a multi-
objective optimization task, where the goal is to minimize energy consumption while balancing node
workloads and maximizing network lifetime and data throughput [10].

To address these challenges, this study adopts a comprehensive modeling framework consisting of
three supporting components: a system model, an energy consumption model, and a network performance
model. The system model assumes a homogeneous WSN where static sensor nodes are randomly deployed
within a monitoring area, each having identical initial energy and communication capability. The base
station is assumed to possess sufficient computational resources and unlimited energy. Data communication
occurs through cluster-based routing, where nodes send sensed data to their respective CHs, and CHs
forward aggregated data to the BS using either single-hop or multi-hop transmission [11]. The energy
consumption model follows the widely used first-order radio model, which accounts for the energy required
for transmission, reception, and data aggregation based on communication distance. Network performance
is evaluated using metrics such as network lifetime, energy consumption, throughput, and load balance,
which are commonly used to assess routing efficiency in WSNs [12].

Motivated by the limitations of existing clustering and routing methods, this work introduces quantum-
inspired optimization techniques to improve energy efficiency and network lifetime in WSNs. Traditional
protocols such as LEACH and HEED, as well as classical optimization approaches including GA and Particle
Swarm Optimization (PSO), often struggle with local optima and uneven energy distribution in large-scale
networks [13]. To overcome these issues, this paper proposes three quantum-inspired protocols: QGE-K,
FEQA, and QE-PSCR, each designed to enhance different aspects of the WSN clustering and routing process.
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The QGE-K protocol integrates K-means clustering with a Quantum Genetic Algorithm to improve
cluster initialization and cluster-head selection, resulting in better clustering accuracy and balanced energy
distribution. The FEQA protocol combines fuzzy inference for candidate CH selection with quantum
annealing for routing optimization, enabling energy-efficient path selection and improved global rout-
ing performance. Finally, the QE-PSCR protocol employs quantum-behaved particle swarm optimization
enhanced with chaotic initialization and Lévy flight strategies to jointly optimize clustering and routing
decisions, enabling faster convergence and improved global search capability.

Although all three protocols are based on quantum-inspired optimization, they address different
components of the WSN optimization problem. QGE-K primarily improves cluster formation, FEQA
focuses on energy-efficient routing, and QE-PSCR performs integrated clustering-routing optimization.
Consequently, the three approaches complement each other by targeting clustering enhancement, routing
efficiency, and unified optimization, respectively. The proposed framework demonstrates the potential of
quantum-inspired optimization techniques to improve energy utilization, balance network load, and extend
network lifetime in WSNs. These contributions also highlight new opportunities for applying advanced
optimization methods in IoT systems and large-scale real-time monitoring applications.

1.1 Key Research Challenges in Wireless Sensor Networks

This research addresses key limitations in WSNs by exploring quantum-inspired optimization
techniques for clustering and routing. Traditional approaches often struggle with energy efficiency, compu-
tational complexity, and network performance.

o A major challenge in WSNs is the limited energy of sensor nodes, which are typically powered by
non-replaceable batteries. Extending network lifetime is therefore a primary design objective [14].
Traditional clustering protocols often lead to unbalanced energy consumption, as cluster heads (CHs)
handle additional communication and data aggregation tasks. Poor CH selection accelerates energy
depletion and results in premature node failure and reduced network lifetime [15,16].

«  Existing clustering and routing methods also face performance and scalability limitations. Many
optimization-based approaches suffer from high computational complexity and slow convergence [17].
Classical techniques such as K-means are sensitive to random initialization, which can lead to inaccurate
clustering. As network size increases, flat routing becomes inefficient, while hierarchical protocols may
still struggle to maintain optimal performance in diverse deployment scenarios [18,19].

o Another limitation of existing optimization methods is their tendency to converge to local optima due
to restricted search capability [20]. Additionally, WSNs operate in dynamic environments where node
energy levels and network topology change over time. This requires adaptive clustering and routing
strategies capable of maintaining energy balance and stable network performance [21].

1.2 Novel Contribution

The study presents novel solutions that leverage quantum optimization algorithms to address the key
problems of unbalanced energy consumption, premature node failure, and scalability limitations in large-
scale sensor networks. Our main contributions in this paper are:

o The proposed quantum-inspired algorithms provide scalable, energy-eflicient alternatives for applica-
tions across general IoT and sensor environments, including environmental monitoring, industrial IoT
systems, and defense communication networks.

o The hybrid clustering and routing framework (QGE-K) is based on a combination of the K-means
algorithm and a QGA to identify the initial selection of cluster heads and the formation of clusters.
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The proposed framework achieves better clustering accuracy than existing methods, reduces energy
consumption, and improves routing stability for clustering protocols.

« The FEQA protocol is proposed to combine fuzzy inference abilities with a quantum annealer for
energy-eflicient routing paths. The overall energy consumption is significantly reduced through adap-
tive cluster-head selection and quantum-based routing path optimization, thereby improving network
stability and prolonging operational lifetime in large-scale deployments.

o The proposed QE-PSCR protocol combines Quantum Particle Swarm Optimization (QPSO) with
chaotic mapping and Lévy flight strategies to accelerate convergence and avoid local optima. The
model jointly optimizes clustering and routing, achieving faster computation and reduced communi-
cation overhead.

o A complete first-order radio energy model is integrated to capture data transmission, reception, and
aggregation, providing reasonable estimates of the node’s energy consumption and enabling an accurate,
fair comparison of different protocols.

1.3 Study Organization

The rest of this paper is structured as follows. Section 2 reviews existing clustering and routing methods,
highlighting the research gap that this work addresses. Section 3 describes the methodology and presents
the proposed QGE-K and other quantum-based routing protocols (FEQA, QE-PSCR). Section 4 simulation
setup and describe the evaluation and performance analysis of our protocols in comparison with existing
schemes. Section 5 describes the interpretation, aiming to highlight what our findings reveal. Section 6
describe the conclusion and possible direction of future studies.

2 Background Information and Related Work
2.1 Background Information
2.1.1 Wireless Sensor Network Model

WSNs consist of many low-cost, easily deployable sensor nodes that sense environmental factors such
as temperature, humidity, light, and sound. These nodes are capable of self-organization, exchanging data
within their communication range, and forwarding information in a multi-hop manner toward the base
station [22]. In practical WSN deployments, communication reliability is affected by link-quality variations,
interference, and packet loss. To approximate these effects, the first-order radio model is extended with
distance-dependent path-loss adjustment and packet-success probability estimation. Transmission reliability
is therefore modeled as a function of communication distance, where longer links lead to higher effective
energy consumption due to potential retransmissions. Although the simulations assume homogeneous
initial energy for clarity, the proposed clustering and routing framework supports heterogeneous energy
configurations, since cluster-head selection already considers residual energy and neighbor density. Multi-
hop interference is indirectly reflected through cumulative transmission cost and hop-count penalties in
the routing evaluation. Detailed MAC-layer interference and stochastic packet-loss modeling are beyond
the scope of this study and will be explored in future work targeting real-world deployments. The energy
required to transmit (k) bits over distance (d) is explained in Eq. (1).

kEelec + kasdz, d< dO
Ery(k,d) = O
KEciec + kempd®, d>dy
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where, E, . is the electronic energy per bit, and dy = |/ ;f = is the threshold distance. The reception energy
mp
is given as in Eq. (2).

ERx(k) = kEelec (2)
and the energy for data aggregation is shown in Eq. (3).
Epa =KkE,up (3)

where (E,,;) is the aggregation cost per bit, and the parameter values are set according to widely used
standards. To improve realism beyond the deterministic first-order radio model, an uncertainty-aware
communication abstraction is introduced. Link reliability is modeled using packet reception probability
based on the signal-to-interference-plus-noise ratio, enabling routing decisions to consider probabilistic
packet loss under fading and interference. In dense networks, channel contention is reflected through an
interference-aware adjustment factor in the routing fitness function. Although node mobility is not explicitly
simulated, the framework supports periodic re-clustering and re-routing to adapt to topology changes,
providing a more realistic representation of WSN deployment conditions. Table I containing symbols,
parameters, and notation used in the system model, energy model, clustering formulation, and quantum
optimization algorithms provides concise definitions of all important variables for improved Technical
Transparency of Research

Table 1: Summary of used symbols and notations.

Symbol Description
N Total number of sensor nodes
K Number of clusters
E Initial energy of each node
Eryc(k,d) Energy consumed to transmit k bits over distance d
Egrx(k) Energy consumed to receive k bits
Epa Energy for data aggregation
Eelec Electronic energy per bit
Efs Free space amplifier energy
Emp Multipath amplifier energy
do Threshold distance for radio model
Lyet Network lifetime
FND, HND, LND First, Half, and Last Node Death metrics
mbest Mean best position in QPSO
pBest Personal best particle position
gBest Global best particle position
ag Contraction-expansion coefficient in QPSO
B Lévy flight distribution parameter
Y Logistic chaotic map control parameter
ERrEs Residual energy of node
EroTar Total network energy consumption
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2.1.2 Cluster-Based Routing Protocol

Cluster-based routing protocols are essential, especially in WSN such as smart cities and IoT appli-
cations, and form the basis of efficient data collection and real-time monitoring [23]. The principle of
operation for cluster-based routing is generally subdivided into CH selection, cluster formation, and data
routing/transmission. In the CH selection stage, algorithms or target functions based on factors such as
residual energy and distance to the BS determine which nodes become CHs. In the cluster-formation stage,
nodes join the most suitable CH, typically based on proximity, thereby forming multiple clusters. In the
routing stage, member nodes send data to their CHs via single-hop communication, while CHs forward data
either directly to the BS or via multi-hop paths to conserve energy [24]. In LEACH, the threshold for CH
selection is given by Eq. (4).

P neG
T(n)={1-p-(rmod (1/p))’ (4)

0, otherwise

where p is the desired proportion of CHs, r is the current round, and G is the set of nodes not selected as CHs
in the past (1/p) rounds. In large-scale networks, single-hop CH-to-BS communication results in excessive
energy loss, so multi-hop cooperative transmission is preferred, where CHs forward data in steps toward the
BS, thereby greatly improving scalability and energy efficiency.

2.1.3 Quantum Optimization Core Mechanism

This paper employs three quantum-inspired intelligent algorithms: the quantum genetic algorithm, the
quantum annealing algorithm, and the quantum particle swarm algorithm, each relying on fundamental
principles of quantum mechanics [25]. Quantum computing provides the foundation, where information is
encoded in qubits that exist in a superposition of states, expressed as in Fq. (5).

@) = [0} + BJ1),  with |a* + |B[* =1 )

Quantum logic gates such as Pauli (X, Y, Z), Hadamard, Phase (S), T, CNOT, and rotation gates enable
reversible unitary transformations of qubits, ensuring stable manipulation of quantum states for optimiza-
tion. For instance, the Hadamard gate creates superposition states, while rotation gates are commonly used
to update solutions in quantum genetic algorithms, as in Eq. (6).

(6)

sinf@ cos6

R(6) - [cos@ —sin0:|

The quantum adiabatic theorem provides the theoretical basis for quantum annealing. It states that
if a Hamiltonian evolves slowly enough, the system remains in its ground state as shown in Eq. (7). The
adiabatic condition as shown in Eq. (8) ensures transitions are avoided, enabling efficient convergence to
optimal solutions.

H(t) = Hy + V(1) @)

(wi (6)| 222Dy (1))
(E;(t) - Ei(1))?

«<1 (8)
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Finally, the wave function y(x, t) serves as a probability density amplitude and follows the Schrodinger
equation, as shown in Eq. (9) which, when reformulated into imaginary time, resembles an iterative
optimization process, is shown in Eq. (10).

Loy h* oy
ot ™ amawe VY ©)
dy(x,t) %y

e Dax2 f(x)w(x,t). (10)

In this study, different symbols are selected in order to facilitate unambiguous notations throughout,
such as « denotes the quantum-state probability amplitude, &, the QPSO contraction-expansion coefficient,
«, the proportional constant in assessing node potential, w a fitness weighting coefficient and y the annealing
cooling or update factor. To ensure formal reproducibility, the quantum-inspired mechanisms used in this
work are explicitly mapped to computational operators. In QGE-K, the quantum chromosome is represented
as a probability amplitude vector, shown in Eq. (11).

ly) = al0) + B1), ol +[B]* =1, (11)

and updated using a quantum rotation gate as given in Eq. (12).
«| |cos(AB) —sin(A0) ||« 1)
B'| |sin(A6) cos(AB) ||B|

where the rotation angle A6 is adaptively determined based on fitness comparison.

In FEQA, routing optimization is formulated as minimizing a Hamiltonian energy function, shown
in Eq. (13).

H= ZE,' + Zwijxixj, (13)
i i,j

where E; represents node energy cost and w;; denotes routing interaction weights. In QE-PSCR, particle
positions follow a quantum delta potential well model, as expressed in Fq. (14).

x,-(t+1):pi(t)i(xq\m(t)—x,-(t)ﬂn(i), (14)

where u ~ U(0,1), m(t) denotes the mean best position, and «, is the contraction-expansion coefficient,
consistent with Table 1. The Lévy flight perturbation is parameterized separately by a stability exponent A,
thereby avoiding ambiguity with the chaotic parameter u, shown in Eq. (15).

L(s)~ s/,  o0<A<2. (15)

This is mathematically formalized quantum tunneling-like escape from local, optima-almighty optima.
The formal definitions prove to be algorithmically reproducible and computationally verifiable.

2.2 Related Work

Wireless technologies are crucial for energy management in WSNs, especially since using energy
category technologies optimally is necessary to exceed the lifetime of the network. WSNs are cost-effective for
environmental, surveillance, and smart-city applications. Sensor nodes are not as battery-power-hungry, so
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energy savings are highly prioritized until the cameras die inactive, where they are used to relay data in clear
nodes performing multihop data transport. Many CH selection schemes unevenly use up energy that further
decreases upon load at CHs, leading to network instability. The melding of communications with sensing
and computing is paramount in vehicular ad hoc networks. Roadside Units are noted for their importance
to data exchange and edge computing.

The study analyzes the literature according to its deployed techniques, reported advantages, and
identified limitations to provide a clearer comparative understanding. Pandey and Hegde [26] propose
a new approach that incorporates small-world characteristics to achieve low-latency, energy-balanced
data transmission in WSNs. A cognitive small-world WSN adds new links between nodes and the sink,
optimizing energy cost and leading to uniform energy consumption and faster, energy-efficient data transfer.
Experimental simulations and the deployment of real nodes demonstrated that the approach increased the
lifetime and improved energy efficiency and latency compared to previous protocols for medium- and large-
scale applications. Witczak and Szymoniak [27] focus on monitoring and control of IoT systems. Different
challenges were also analyzed. Some key technologies have been highlighted, and the use of data from
different sources has also been discussed, which requires robust algorithms. Analyzing data will enhance the
quality of IoT system usage. There are some cases of IoT applications in energy that illustrate the state of
the art and stimulate research and technology in this area. Wang et al. [28] suggested a fused protocol that
combines a fuzzy logic system with an FQA to improve network stability and reduce energy consumption.
The FQA uses a fuzzy inference system to group CHs and employs the quantum annealing algorithm to route
traffic from the CHs farthest from the base station in an optimal manner. Simulation results show that FQA
outperforms competing methods across energy consumption, the number of alive nodes, network lifetime,
and throughput in different scenarios. Similarly, chaos-PSO-based clustering methods improve convergence
speed but may still face premature convergence in large-scale deployments. These observations highlight
that although classical and intelligent metaheuristics enhance clustering performance, challenges related to
convergence stability, computational overhead, and global optimization persist.

Chauhan et al. [29] proposed an improved CH selection method in which the K-means algorithm is
used to ensure that the load is distributed evenly in the nodes in terms of energy. For CH selection, the
Residual Energy parameter, the Nearby nodes, the Distance nodes from the Base Station, and the Signal
Strength are considered. Simulation results show that the K-means-based CH selection method outperforms
conventional protocols. Saxena and Singh Bhadauria [30] propose an energy-efficient routing protocol
for hybrid WSNs with purposeful data aggregation, cluster-based routing and sleep scheduling specially
designed for smart energy harvesting use. Their protocol is energy aware, uses sleep modes to save energy
depending on node position and residual energy, and experimental results show it is better in terms of energy
efficiency and lifetime rate than existing protocols. Tang and Nie [31] present a clustering-based SI routing
algorithm for WSN using chaos particle swarm optimization to design a minimal-energy model, which
finally generates energy-efficient clusters and selects cluster head nodes to aggregate data, thus extending
the network’s lifespan. It shows the experiment in which the stable time is improved for WSN by 30.10%
over traditional algorithms, thereby lengthening the network’s lifetime by 55.20%. Gu et al. [32] propose
a network-based renormalization technique for RSU deployment that accounts for information flow and
geographic locations. Compared to the optimal RSU deployment based on the evolutionary GA and memetic
framework, the renormalization method exhibits better RSU coverage and information reception rates.
Sattibabu et al. [33] propose a Federated Reinforcement Learning approach in which nodes share their
experiences to create a single, continuously trained global model across sensor nodes. In simulation, a
13% improvement in packet delivery and a 15% improvement in energy efficiency over the DQN protocol.
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A 30% improvement in packet delivery and a 24% improvement in energy efficiency over Reinforcement
Learning-Based Routing have been achieved.

The comparative analysis in Table 2 reveals that existing WSN clustering and routing approaches still
exhibit several research gaps. Many classical and metaheuristic methods face scalability issues and increased
computational cost as the network size grows. They are also prone to premature convergence and local
optima, especially in dense or dynamic environments. Moreover, most studies optimize clustering and
routing separately, while parameter sensitivity under varying conditions remains a challenge. To address
these issues, this study proposes three complementary quantum-inspired protocols. QGE-K improves
clustering stability through quantum genetic optimization, FEQA combines fuzzy inference with quantum
annealing for adaptive CH selection and energy-aware routing, and QE-PSCR jointly optimizes clustering
and routing using quantum particle dynamics with chaotic initialization and Lévy flights. Together, these
approaches enhance scalability, energy balance, and network.

Table 2: Summary of related works: algorithms, findings, advantages, and limitations.

Ref. Algorithm/Technique Key Findings Advantages Limitations
Glowworm Swarm Improved coverage Strong local search High computational
[34] Optimization + rate and clustering ability; enhanced cost; scalability not
K-means efficiency coverage balance validated
-Inspi F Depl
Quafltum n'splred aster convergence Better global search ep oyed on
35] Genetic Algorithm for and improved capabilitv than clustering approach;
0
fuzzy C-means clustering center pablity not directly integrated
e e T classical GA . ’
initialization initialization into WSN routing
Effective global lexity i
Extended network : ec't1V§ globa Cqmp exity increases
Quantum-Enhanced . . , optimization; good with network scale;
[36] .. lifetime and improved e . .
Grey Wolf Optimizer stability in IIoT overhead in real-time
load balance .
environments systems
imal Ei
‘Opt'lma' itness Improved CH rotation . Less focus on static
57] Distribution-based stabilitv in mobilit Enhanced adaptability laroe-scale WSN
‘ CH Update (Mobile YD Y under node mobility 8 .
scenarios scenarios
WSN)
Hvbri Experi I; limi
Quantum Clustering Improved cluster ybrid . )'(penmenj[a .1r'n1ted
[38] -+ K-means Hvbrid separation AccUrac quantum-classical direct applicability to
Y P Y efficiency real WSN hardware
Optimal Relay Reduced transmission Efficient Focused only on relay
[39] Angle-based energy via relay distance-based energy  angles; limited CH
Clustering Routing optimization minimization optimization
Limited large-scal
, Ising Model + Improved theoretical =~ Strong mathematical 1m1ted' arge-sca’e
[40] : 1 . . WSN simulation
Annealing Methods stability modeling foundation .
validation
Improved PSO Better clustering Still prone to
, . . . Faster convergence
[41]  (Linearly Decreasing efficiency and energy premature
; . than standard PSO
Inertia Weight) balance convergence

(Continued)
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Table 2 (continued)

Ref. Algorithm/Technique Key Findings Advantages Limitations
Improved Increased
Sine Cosine Enhanced global ex lg ration computational
[42] Algorithm + Lévy search and routing prorati overhead; limited
. . exploitation
Mutation efficiency large-network
balance

evaluation

Indirect application to
WSN; not
routing-specific

Optimization-based  Improved scheduling  Strong task allocation

[43] Scheduling Algorithm efficiency optimization

3 Proposed Methodology and Architecture

This study presents a framework for designing energy-efficient clustering and routing protocols in WSN
using quantum-inspired optimization techniques. This architecture combines classical clustering techniques
with other quantum computing concepts to achieve energy efficiency, network load balancing and network
lifetime. The research methodology issues a network model and an energy model, and also describes multi-
objective optimization functions for cluster head selection. Based on these models, three protocols were
proposed: QGE-K, which uses quantum rotation gates; FEQA, which uses tunneling dynamics; and QE-
PSCR, which uses probabilistic wave exploration. This architecture is used to define the hierarchy of the
communication links among sensor nodes, cluster heads and base stations. Using fuzzy inference and
quantum computation, dynamically optimize the node selection and routing.

3.1 Clustering Approach

The K-means algorithm is widely applied in clustering protocols for WSNs as a classic iterative clustering
algorithm [38]. The core idea is to divide the N nodes within the detection range into K clusters, with each
node assigned to the cluster whose centroid is closest to it, ensuring that the number of nodes in each cluster
is as equal as possible. Through iteration, the sum of Euclidean distances from each node to its respective
cluster centroid is minimized, as shown in Eq. (16).

argmini”xi—ajuz where 1<j<K (16)
i=1

The label ij,e is used to calculate the distance of all nodes in a cluster to the centroid node. When
the sum of these distances is minimized, a cluster is formed, and the node closest to the cluster centroid is
selected as the Cluster Head (CH). The Euclidean distance between nodes (x;, y;) and (x;, y;) is calculated
using the Eq. (17).

dij = \/(xi -x))?+ (yi-y))? (17)

To enable adaptive determination of the optimal cluster number, the proposed QGE-K framework
encodes the cluster count K directly into the quantum chromosome representation. Each chromosome
contains a quantum bit string representing both cluster-head selection and candidate cluster-number
configurations. The probability amplitudes of the quantum bits are updated using rotation gates based on
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fitness comparison between current and global best solutions. The fitness function guiding adaptation is
defined as a multi-objective function, shown in Eq. (18).
1 Dinter 1
+

F=w -— +w,- Wi —, (18)
OE intra L

where o denotes the variance of residual energy among cluster heads, Dipr, represents the average intra-
cluster distance, Dj,; denotes inter-cluster separation, L represents the estimated network lifetime, and
w1, wo, ws are weighting coefficients. During evolution, candidate values of K are evaluated according to this
fitness function. The rotation angle A0 decreases progressively as fitness improvement diminishes, ensuring
stabilization. Convergence is considered achieved when the condition in Eq. (19) is satisfied.

|F(t) - F(t-1)| <&, (19)

where ¢ is a predefined small threshold.

The K-means algorithm is a simple, efficient, and easy-to-implement method, known for its fast
execution. However, in large networks with uneven node distribution and non-spherical deployment, the
random selection of initial centroids significantly affects clustering results. To address these two issues,
we optimize the algorithm by determining the optimal number of clusters and using a quantum genetic
algorithm to select the most suitable initial CHs, thereby reducing the K-means algorithm’s iteration time.
Karpurasundharapondian and Selvi [44] propose a cluster routing protocol based on Cuckoo Search opti-
mized K-means. The protocol uses the Cuckoo search algorithm to elect reasonable initial CHs, improving
K-means’ insensitivity to initial cluster centers. Gunjan et al. [45] propose a non-uniform cluster-based
routing protocol in which the clustering and routing problem is solved using the Genetic Algorithm.

3.2 Routing Scope and Path

If all the Cluster Heads directly transmit data to the BS, the CHs located farther from the BS would
consume excessive energy and die prematurely. To reduce communication overhead and optimize data
transmission paths, this protocol adopts a multi-hop routing approach, which allows data to be forwarded
through multiple intermediate CHs until it reaches the BS. In large-scale network scenarios, multi-hop
routing can achieve load balancing and extend the network lifetime. This paper further constrains the
planning of the optimal routing path by defining the selection range for the next-hop node. The first
consideration is to find the next-hop node between the current CH icy and the BS. That is, the distance
between the icy and the next-hop node should be smaller than the distance between the current CH icy
and the BS. Therefore, we define the radius as the distance from the icy to the BS, which is calculated
using Eq. (20).

TiCH-BS = \/(XiCH - xps)% + (Yicu — yBs)? (20)

where (xich, yicn ) is the coordinates of the current cluster head icy, and (xps, ygs) are the coordinates of
the base station. Then, two arcs are drawn with centers at icy and BS, and radii r; and r,. We connect icy
with r; and r, and extend them to define the selection range for the next-hop node. After satisfying the above
conditions, the proposed protocol designs a fitness function considering energy, distance, and load to select
the next-hop node. If the distance from all potential next-hop nodes within the range to icy is greater than
the distance to the BS, the current CH icy directly transmits data to the BS. The fitness function is given
by Eq. (21).
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f(CHiu) = m (%) + 12 (dew, ch,,,) + 113 (load(CHiy1)) (21)
where Eipitial is the initial energy of the node, Ergs is the current remaining energy of the node, dicy,;+1 is the
distance from the cluster head icy to the next-hop cluster head icp41, and load;,, ,, is the load of the next-hop
cluster head. To minimize energy consumption and extend the network lifetime, the next-hop node with the
highest remaining energy, the shortest distance, and the lowest load should be selected, i.e., the CH with the
smallest fitness function value.

3.3 Cluster Head Selection Based on Fuzzy Logic

In the Fuzzy Logic-Based Selection stage, the Fuzzy Inference System calculates the probability that
each node in Scy becomes a CH based on its remaining energy, E(N). As CHs are key for data transmission
and consume significant energy, the FQA protocol sets an energy threshold. Select the nodes with the most
substantial remaining energy as candidate CHs and have input parameters.

1. Residual Energy (ficu): It presents the residual energy of node i in the current round, denoted as E(i).
CHs are crucial nodes for data transmission and consume significant energy. As the network runs, this
parameter becomes increasingly critical.

2. Number of Neighboring Nodes (f,cu): It represents the number of one-hop communication
connections every node establishes with the surrounding nodes within its communication range,
reflecting the compactness of the cluster. The larger this parameter’s value, the shorter the distance
between nodes in the cluster.

3. Distance to BS (f5cu): It is the Euclidean distance from the candidate node i and BS, denoted as
Dis(i, BS). Nodes nearer to the BS are chosen more frequently as CHs, since they use less energy for
communication. As nodes remain static, during the initial iteration, the BS gathers distance data from
all nodes using the Received Signal Strength Indicator.

4. Node Centrality (fiscn): In this protocol, CHs are selected before the cluster formation. Therefore, we
define the node centrality as the average distance between candidate CHs and their neighboring node
set (Neighbor(i)), calculated using Eq. (22).

1

facu(i) = MT(:’N

> d(CHj) (22)
jeNeighbor(i)

where d(CHj, j) is the Euclidean distance between the candidate CH i and its neighboring node j. A
smaller value of fycy indicates that the candidate CH is closer to the center of the cluster. Selecting
nodes closer to the cluster’s centroid minimizes the total energy required for data transmission within
the cluster.

Where d(CHj, j) is the Euclidean distance between the candidate CH i and its neighboring node j. The
smaller the value of ficy, the closer the candidate CH is to the center of the cluster. Selecting nodes closer
to the cluster’s centroid helps minimize the total energy required for data transmission within the cluster.
Using the above input variables, the FIS outputs a likelihood value indicating the likelihood that a node
will become a CH. Fig. 1 depicts the entire process, which includes normalization, fuzzification, fuzzy logic
system, and defuzzification.
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Figure 1: The FIS of the FEQA protocol demonstrating the process of cluster head selection based on input parameters
such as residual energy, node centrality, distance to base station, and neighboring node density.

The purpose of normalization is to transform input variables with diverse magnitudes into a standard
range of 0 to 1. This step transforms the membership values to a standard scale, making them easier to
compare and calculate. Every normalized variable is assigned to the relevant fuzzy linguistic parameter
through a membership function. In the proposed study, every selected input variable in the fuzzy system has
a distinct membership function. FQA uses trapezoidal and triangular membership functions. The linguistic
variables design all FISs, and the fuzzy output is obtained from the feature set selected by the optimization
process. After CH selection, each CH broadcasts its message within its communication range. Each node
then associates with the CH having the highest potential value.

(XpEch(i)

"~ N-Dis(S,CH) (23)

PN

In Eq. (23), py represents the potential value of the node, Ecy (i) is the remaining energy of the selected
CH, and Dis(S, CH) is the Euclidean distance between the CH icy and the member node js. The constant
«, is a proportional constant. Since nodes with higher remaining energy were selected as candidate CHs
in Section 4.2, we treat the Dis(S, CH) as a more critical factor. Based on simulation comparisons, we set
ap = 0.3. Chauhan et al. [29] presented a fuzzy logic-based relay node selection and energy-efficient routing
protocol. Based on FIS, node selection considers coverage distance, remaining energy, efficiency factor, and
bandwidth availability as input variables.

3.4 Quantum Particle Swarm Algorithm

In this paper, we introduce a new algorithm for searching optimal clustering results based on Quantum
Particle Swarm Optimization (QPSO). This novel optimization method combines the characteristics of
classical PSO with properties of quantum mechanics. QPSO extends the basic PSO by eliminating the velocity
term and using the space dimensions of quantum mechanics. In QPSO, the particles do not have velocity
vectors, as in traditional PSO; instead, their positions are updated using a quantum-inspired method that
provides a contraction-expansion process. The algorithm works by evaluating the fitness of each particle’s
position in the swarm and, at each iteration, determining whether the particle’s current position is better
than its own best known position and the swarm’s best known position. Thus, if a particle’s present position
gives better fitness, it becomes recorded as its best known position. The global best position is also updated if
any particle is found to have a better fitness than the previous global best. The process is repeated iteratively
until some resting criterion is met, such as a predetermined number of iterations or convergence to the extent
that a solution exists. The quantum particle swarm optimization approach provides an effective search for
solutions to clustering and routing, as well as other optimization problems, where it excels by allowing greater
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exploration of the search space without the need for specific velocity components. This approach provides a
suitable alternative to classical optimization techniques in machine learning problems. The weight factor is
calculated as Eq. (24).

Wmax — Wi
W = Wiax — M (24)
max

Among them, X, € [0, 1]. The fitness function is expressed as in Eq. (25).

f=wE(CH) + (1- w) x dis(n, CH) + dis(CH, BS) (25)

In the formula, the first term considers the remaining energy of the node, and the latter terms consider
the distances from the node to CH and from CH to BS. For cluster n, when CM is selected, the cluster is
based on the weight factor of each CH as shown in Eq. (26).

E(CH)
dis(s, CH) x dis(CH, BS) x node_degree(CH)

WCH(S, CH) = (26)

The CH transmits data to neighboring CHs using the minimum energy routing protocol until it reaches
the BS. When the distance between CH and BS is less than a threshold, data is directly single-hopped to BS.

Hu and Tong [46] proposed a self-adaptive PSO algorithm and non-uniform routing protocol (APSO-
NUCR) as shown in Eq. (27).

E ) — Eavey E j Z Euve
0 (i) o
0, E(i) < Eaye
The distance factor is given by Eq. (28).
max '3 ink
R:I—cd d(i, Sink) (28)

dmax - dmin

Here, dyax and dpi, denote the maximum and minimum node-to-node distances, respectively. The
learning factor in APSO-NUCR is self-adaptive, enhancing convergence toward optimal positions. The
routing phase uses the Prim algorithm to construct a minimum spanning tree.

3.5 Multi-Hop Routing Strategy

Metropolis, inspired by the annealing technique in physics, emulated the metal-smelting annealing
process and introduced the Simulated Annealing (SA) algorithm. This algorithm utilizes the Monte Carlo
Markov chain method of statistical mechanics to identify the optimal solution that minimizes the objective
function among various candidate solutions [47]. Whereas the SA algorithm jumps over obstacles to escape
local minima, the Quantum Annealing algorithm (QA) adds a tunneling part to the quantum algorithm
to develop quantum fluctuations that allow the system to tunnel through potential barriers to the lowest
energy configuration, a phenomenon known as quantum tunneling. Like SA, the QA algorithm cools its way
down through a process from high to low temperatures. With the kinetic energy term important, and thus
closer to that of quantum tunneling, it traverses the whole solution space in the early stages of annealing.
The kinetic energy term will decrease towards zero at later times, clearly leading the system to evolve from
a predominantly quantum-mechanical state to one that is more evidently classical. The development of a



Comput Model Eng Sci. 2026;147(2):48 15

quantum system, influenced by both potential and kinetic energy, is articulated through the Schrodinger
equation as shown in Eq. (29).

ih%‘l’(r, t) = H(r,t)¥(r,t) (29)

where W(r, t) is the wave function that describes the state of a quantum system; # is Planck’s constant; His
the Hamiltonian operator, representing the total energy of the system, which is given in Eq. (30).

A h?
H=—vV*+V(r) (30)
2m

where m is the mass of the particle, V is the gradient operator, and V() is the potential field of the particle.
In practical applications, the complexity grows exponentially with the problem’s complexity.

This paper uses the Path Integral Monte Carlo approach to model the quantum annealing process,
facilitating the transition from classical to quantum dynamics. The PIMC process is elucidated using a
two-dimensional random Ising model. Each arrow a; € {1, +1} symbolizes a small magnetic dipole with
varying spin orientations, and the collective spin directions of these dipoles dictate the system’s overall
magnetization. The interactions between neighboring dipoles and the thermal noise of the environment
influence the direction of each dipole. As the temperature increases, thermal noise interference becomes
more pronounced, and the combined effect of these interactions disordered the magnetization within the
dipoles. However, during annealing, as the temperature gradually decreases, the dipole-dipole interactions
become more pronounced. When the temperature is sufficiently low, the magnetization of most dipoles
aligns, and the system reaches its lowest energy state. Based on the transverse magnetic field Ising model, the
optimization problem’s objective function minimization can be converted into the quantum ground state’s
Hamiltonian (potential energy), expressed as Eq. (31).

N N
Hy(t) =) hoi + ) Jijoiof (31)
izl

i,j=1

In this paper, h; denotes the external local longitudinal magnetic field, which is assumed to be zero for
simplicity; J;; indicates the coupling strength between quantum bits i and j; 0; and 0; are the Pauli Z operators
located at sites i and j, respectively. From the Ising model’s Hamiltonian, we can derive the Hamiltonian for
the QA algorithm.

N

H(t) =Hp(t) +T(t) Y. Ajjof (32)
i,j=1

In Eq. (32), T is the field strength, which induces the up and down transitions of the single quantum
bit’s spin states, similar to the temperature T in the SA algorithm.

3.6 Proposed Clustering Routing Protocol Based on Quantum Genetic-Enhanced K-Means (QGE-K)

The QGA-K protocol involves two processes: clustering and routing. Therefore, its time complexity
is represented as O(QGA-K) = O(Clustering Time Complexity + Routing Time Complexity). First, solving
for the optimal number of clusters K requires only a single formula derivation, so the time complexity is
O(1). When calculating the optimal initial cluster heads, the population size is M, and the total number of
alive nodes is N. The time complexity of the population initialization phase is O (M x K); the time complexity
of the fitness function calculation is O(M x N x K); the time complexity of the quantum rotation gate
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update is O(M x K x L), where L is the quantum bit encoding length, and L = N, so the time complexity
of the quantum rotation gate update is O(M x K x N). The time complexity of the K-means algorithm for
clustering is O(K x N?). In the routing phase, each cluster head evaluates candidate next-hop cluster heads
within the constraint range. In the worst-case scenario (i.e., a fully connected network), the calculation is
done for all cluster heads. The time complexity in this phase is O(K?). Therefore, the total time complexity of
the QGA-K protocol is ultimately O(K x N?). Algorithm 1 outlines the QGE-K approach, which combines
quantum genetic optimization with K-means clustering. This method tackles these challenges successfully
and results in more balanced and energy-efficient cluster formation.

Algorithm 1: Optimized clustering with quantum genetic algorithm

Input: Sensor node positions, residual energy, and communication range
Output: Energy-efficient clusters and optimized routing paths
1 Initialization: Set nodes in the network, BS position and communication range;
2 Compute optimal cluster count K based on network size and average node-to-BS distance;
3 Step 1: Quantum Genetic Initialization;
4 for each node i do

5 Encode node as a quantum chromosome: Q. = [4ay, a3, . .., ay ], where a; = 1 indicates a
candidate CH;
6 Initialize population of M chromosomes Qy;
7 for each chromosome Q, do
8 Repeat Steps 7-9 for t = 1,..., Gpax Or until ‘ftbest - ft_lbest‘ < €, where G, is the maximum
generation number and e is the convergence tolerance.
9 Evaluate fitness:

flt(l) = OCEREs(i) + ﬁNelgh(l)
Update chromosomes using a quantum rotation gate:

cos® —sin0
R(9) = [sin 0 cosO ]

Adjust A8 and rotation direction s(a,m) according to convergence behavior;

10 Apply the quantum NOT gate to maintain population diversity;
11 Select K optimal CHs with maximum fitness;
12 Step 2: K-means Clustering;
13 for each CH CH; do

14 Use selected CHs as initial centroids;

15 for each node j do

16 Assign node j to the nearest CH based on Euclidean distance;
17 Iteratively update centroids until convergence;

18  Step 3: Routing Optimization;
19 for each CH CH; do
20 Compute the distance between each CH and BS:
r= \/(XCH - xps)? + (yCH - yBs)2
Construct multi-hop routing paths within defined sector regions;

21 for each node in the sector do

22 Select next-hop CH using residual energy, inter-CH distance, and CH load criteria;
23 Transmit data from CHs to BS via optimized routes;

24 Update node energy and re-cluster if CH energy < Ethreshold;

25 return Optimized clusters and routing minimizing total energy consumption;
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3.7 Proposed Clustering Routing Protocol Based on Fuzzy-Enhanced Quantum Annealing Algorithm
(FEQA)

This research proposes a FEQA routing protocol based on fuzzy logic and the quantum retreat algo-
rithm. FEQA protocol helps find the most efficient energy route (CH to BS). An effective data transmission
mode has been established using a fuzzy-logic segmentation model and a quantum retreat-based routing
algorithm, thereby increasing the network lifespan. Using the energy threshold, nodes are screened to reject
redundant CH submissions and identify optimal CHs. The selection is through the Fuzzy Inference system,
which takes four parameters as fuzzy input variables, namely, remaining energy, neighboring node number,
distance to base station, and node centrality. Finally, the optimal routing scheme is determined by evaluating
the objective function and transforming the result into a quantum state.

The time complexity of the FQA protocol can be expressed as the sum of three main computational
stages: candidate cluster-head selection, fuzzy inference processing for optimal cluster-head determination,
and the quantum annealing optimization used for routing path selection. Therefore, the overall time
complexity of the FQA protocol can be written as O(FQA) = O(Candidate Cluster Head Selection) +
O(FIS for Optimal CH Selection) + O(Quantum Annealing for Optimal Path), where each term represents
the computational cost associated with the respective stage of the protocol. To filter candidate cluster heads,
we need to traverse all nodes’ energy thresholds, so the time complexity is O(N). The degree of membership
for each candidate node is calculated for the four input variables. Based on 135 fuzzy rules, the K CH
are evaluated from the CHS, and the time complexity for this process is O(Scy + 135 x Scy ). The total
complexity of the clustering time is O(N). In the routing phase, we need to construct O(K?*) coupling
terms to represent communication energy, and the Hamiltonian construction complexity is O (K?). The time
complexity of decoding the optimal path is O(K). Therefore, the total complexity of the routing time is
O(K?). Since K < N, the overall time complexity of the FQA protocol is O(N + K?). The routing planning
process is shown in Algorithm 2.

Algorithm 2: Quantum annealing algorithm: route planning implementation

Input: Initial parameters: M, Ly ; = L°T=T°M, = Maxsteps, k=0
Output: Optimized route plan Ly,
1 whileT > I'y;, and M, > 0 do

2 Compute quantum coupling coeflicient:
=T
]r - 21ntan(TL1)
while k < n do
3 Generate a new candidate route:
LF=0{L"}

Compute energy differences:
AH, = H,(L") - Hy(L*)
AHj = Hi(L') ~ Hy (L")
AH, = = — J,AH,

n

if AH, <0 then

4 Lt=Lk

5 if H,(L*) < Hp(Lp,s;) then
6 Lpest = L

7 else if AH; <0 then

(Continued)



18 Comput Model Eng Sci. 2026;147(2):48

Algorithm 2 (continued)

8 Lt =1Lk

9 else if exp(-AH./T) > random(0,1) then
10 Lt=LF

11 Increment the iteration counter: k = k + 1;

12 Update temperature and annealing parameters:
T=Txyr, TI'=Txyr
k = 0; Decrease iteration counter: M, = M, — 1;
13 return Ly,

Here, Maxsteps refers to the maximum number of Monte Carlo steps; L' represents the candidate
solution, and the operator O is used to update the current solution.

3.8 Proposed Clustering Routing Protocol Based on Quantum-Enhanced Particle Swarm Clustering and
Routing (QE-PSCR)

A cluster routing protocol based on an intelligent optimization algorithm is one of the most effective
methods to achieve energy balance in WSNs. However, due to its inherent disadvantages, such as time
consumption, limited species diversity, and a tendency to fall into local optimization, its performance is
unstable. This research presents a cluster routing protocol based on a QE-PSCR. Compared to the standard
QPSO algorithm, this algorithm introduces particles into the quantum space, where each particle is described
by a wave function. Compared with the standard particle swarm optimization algorithm, it reduces the
number of control parameters and eliminates the influence of the speed limit. In addition, the algorithm
utilizes the Logistic sequence to initialize the particles, thereby achieving diversity among them. Algorithm
3 provides an overview of the proposed QE-PSCR approach, which integrates quantum-enhanced particle
swarm optimization with chaotic mapping and Lévy flight strategies to achieve balanced clustering and
energy-efficient routing.

Algorithm 3: QE-PSCR-quantum-enhanced particle swarm clustering and routing protocol

Input: Network parameters, node energy model, Iter,,,, chaotic factor y, coefficient a4, convergence
tolerance €
Output: Optimized clusters and routing paths minimizing Erorar

1 Initialization: Initialize particle positions Q;, velocities, «, y, and Erorar = 0;
2 Set pBest; = Q;, gBest = argmin f(pBest;);

3 Set iteration counter t = 0;

4  Step 1: Chaotic Initialization;

5 Generate each qs41,; = pqs,i(1— qy,i), where 3.57 < py < 4;

6 Step 2: Fitness Evaluation;

7 f =BEngr + (1= B)E ey, with Exgr = Y. Ecrs, and Eg., = \/% Y (Ecrs — Eavg)?;
8 Step 3: Iterative Optimization;

9  while f < Iter,,,, and |f(gBest') — f(gBest'™")| > edo

10 Compute mpq (1) = - 3. pBest;(t);

11 Update positions: Q"' = pt + arg [mpese (t) — Qf|In(1/u;), u; ~U(0,1)
12 Apply Lévy flight: Q!*! = QI*! + Mﬁ B =15

13 Apply Lévy-flight perturbation: Q'*! = Q!*! + 5, si~Levy(L), A =15

(Continued)
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Algorithm 3 (continued)

14 Re-evaluate fitness, update pBest;, gBest;
15 Compute Ecy = (r+m)Erx(d) + (r +1)Erx(d) + Epa;

16 Erorar < Etorar + Echs

17 if d(CH, BS) < d,;, then

18 Direct transmission;

19 else

20 Multi-hop via CH with max Eggs;
21 t=t+1

22 Update total energy: Erx = ¥ |gBest|* + Erx; Erorar+ = Erxs
23 Compute routing energy E,,,; based on optimized paths and update:

24 Erorar < Erorar + Eroute
25  return Optimized clustering and routing minimizing Erorar;

The Lévy flight is selected to update the particles, thereby preventing them from falling into local optima.
Both the QPSO contraction-expansion coefficient a,/, the y parameter reserved exclusively for chaotic
logistic initialization and the a Lévy-flight stability exponent have been used consistently throughout the
QE-PSCR. All cluster-head communication costs at each iteration have been added to the route-transmission
cost for the total-energy update. QPSO is compared with the latest Black Widow Optimization Algorithm
(BWO) and Dung Beetle Optimizer (DBO). The improved QPSO (IQPSO) exhibits enhanced global search
capabilities and higher accuracy.

In QE-PSCR, the optimal number of clusters, the best-balanced cluster, and the routing path are
computed. A new fitness function is set to evaluate the particle quality. To avoid calculation overload, an
on-demand maintenance scheme is used. In simulation, they study existing protocols’ performance, with
LDIWPSO and APSO-NUCR, in terms of power consumption, throughput, and lifetime of the network.
In all cases, QE-PSCR performs well. After deploying the sensor network, remaining energy, etc. Once the
BS gathers all the info, it executes the QE-PSCR protocol. Determining the CHs and forming clusters is
already done, and searching for the routing path by encoding it all in one particle to optimize this process.
Selecting candidate CHs, setting up the initial population, defining a fitness function, and updating the
position are all performed. To reduce energy consumption and ensure load balance, a single, on-demand
maintenance mechanism is employed. Data needs to be collected and loaded into BS to ensure energy
consumption is accounted for, so that clusters that are nearer to them shall die faster as they consume
energy more quickly. So it follows suit that its maintenance is needed to extend the network lifetime. In
their protocol, it simply stops when the owner node dies. The QE-PSCR protocol determines the best
cluster, performs cluster formation, and searches for the routing code on a single particle. To make the joint
encoding explicit, QE-PSCR treats each particle as a composite representation of clustering decisions and
routing decisions among the selected cluster heads. Hence, the search-space dimensionality increases with
network size because both node-level and cluster-head-level variables are optimized simultaneously. If n
denotes the number of sensor nodes and m denotes the final number of cluster heads, then the particle
dimension grows with the clustering component O(#) plus the routing component among cluster heads
O(m?), yielding an overall scaling on the order of O(n + m?). Because the combined search space is highly
constrained, QE-PSCR uses three feasibility mechanisms during optimization: repair rules to correct invalid
cluster assignments, such as reassignment to the nearest valid cluster head; a penalty-augmented fitness
evaluation that discourages infeasible routing structures or energy-violating solutions; and routing pruning
and validation that remove disconnected links and resolve loops before fitness acceptance. This ensures that



20 Comput Model Eng Sci. 2026;147(2):48

the single-particle encoding does not result in uncontrolled infeasible exploration. Finally, to make scalability
explicit, the per-iteration computational cost is dominated by evaluating the clustering and routing fitness
terms and validating feasibility, which aligns with the manuscript’s existing time-complexity statement. The
time complexity for initialization is O(n?), and the time complexity of the evaluation function is O(n? +
n* x m). The update operation has a time complexity of O(m), where m represents the final number of
cluster heads in the cluster routing coding scheme.

4 Experiments Analysis

To evaluate the performance and effectiveness of the proposed quantum optimization-based clustering
and routing protocols, such as QGE-K, FEQA, and QE-PSCR, comprehensive simulation experiments
were conducted. This study performs simulations that consider lifetime, energy consumption, and capacity
increase for different scheme sizes and densities, then compares the protocols against SATA algorithms,
showing they achieve marked improvements in load balance and routing stability. Longer network lifetime,
less energy consumed, and more reliable in transmitting messages than classical and traditional intelligent
optimization protocols.

4.1 Evaluation Parameters

This investigation assesses performance within the framework of conventional, widely accepted parame-
ters for a WSN’s energy efficiency, stability, reliability, and scalability. A widely accepted definition of network
lifetime is the duration from the start of network operation until the last sensor node dies. This is a key
parameter used to assess energy efficiency and sustainability of a WSN. The proposed study is generally
considered to have a three-phase lifespan.

o  First Node Death (FND): The round in which the first node dies.
e  Half Node Death (HND): Around 50% of the nodes die.
o  Last Node Death (LND): The round in which the last node dies and the network’s useful life ends.

Mathematically, the network lifetime L, can be expressed as in Eq. (33).

Lyet = Rinp — Renp (33)

where Rpnp and Rpnp denote the rounds of initial and final node death, respectively.

Energy consumption is the measure of total energy consumed by each node during transmission,
reception, and data aggregation, illustrated in Eq. (34).

N
Econsumed(r) _ Z (E;nltlal _ E;remdual(r)) (34)
i=1

where Einitiel s the initial energy of node i, and EF**iu8l(r) is its residual energy after round r.

The PDR measures the reliability of data transmission from the sensor nodes to the base station, as
defined in Eq. (35).

Preceived

PDR = ———— x 100 (35)

sent

where Preceived and Pyen represent the number of successfully received and transmitted packets, respectively.
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The alive nodes per round parameter tracks the number of sensor nodes still active in each round, i.e.,
those with E; > 0. It is used to assess network stability and energy balancing across the simulation timeline.

N
Nalive(r) _ Z 6(E§esidual(r) > 0) (36)
i=1

where in Eq. (36), 8(-) is an indicator function equal to 1 if the node is alive and 0 otherwise.

The End-to-end delay represents the average time it takes for data packets to reach the Base Station from
source nodes, including transmission, propagation, and processing delays.

Zl'P;elceived (t;‘eCV _ tfend)

Dy = (37)

Preceived

where in Eq. (37) 5 and £ denote the sending and receiving times of the ith packet.

Load balancing ensures even energy consumption among nodes, especially CHs. The load balancing
factor (LBF) can be expressed as in Eq. (38).

1 & _
LBF = \} . Z(El;e51dua1 _ E)Z (38)
NS

where E is the average residual energy of all nodes. A smaller LBF indicates better energy balance across
the network.

Convergence speed measures how quickly an optimization algorithm converges to a stable or near-
optimal solution. It is generally defined as the number of iterations required for convergence.

tcony = min(t) such that |F(t) — F(t-1)| <e (39)

where in Eq. (39) F(t) is the fitness value at iteration ¢, and e is a small convergence threshold.

The stability period defines the time interval between network initialization and the death of the
first node. It represents the most reliable and energy-efficient operation phase of the network, as shown
in Eq. (40).

Speriod = ReND (40)

4.2 Experimental Setup

The performance of the proposed quantum optimization-based clustering and routing protocols,
including QGE-K, FEQA, and QE-PSCR, was evaluated through simulations. To avoid ambiguity across the
three experimental subsections, we adopt a globally unique scenario-labeling convention throughout the
study. Specifically, scenarios used in the QGE-K evaluation are denoted as QGE-S1 and QGE-S2; scenarios
used in the FEQA evaluation are denoted as FEQA-SI1 to FEQA-S4; and scenarios used in the QE-PSCR
evaluation are denoted as QPSCR-S1 to QPSCR-S4. The nodes were randomly deployed, homogeneous,
and stationary with an initial energy of 0.5 J. The classical first-order radio energy model was used, and
communication followed single-hop and multi-hop schemes depending on the CH-BS distance. Each
simulation was run for up to 1600 rounds, and the results were averaged over multiple runs to ensure
statistical consistency. The proposed protocols were compared with benchmark algorithms, including CS-K,
GA-UCR, FRNSEER, and APSO-NUCR, using identical configurations. The parameter values are listed
in Table 3. The simulation parameters are commonly adopted for the first-order radio energy model used in
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wireless sensor network studies. In this model, the electronic energy E, ;.. represents the energy consumed
by the transmitter or receiver circuitry, while e, and ¢,,, represent the free-space and multipath channel
amplification parameters, respectively. The packet size of 4000 bits and the initial node energy of 0.5 ]
are widely used benchmark values in WSN clustering experiments. Two network areas (100 x 100 m* and
400 x 400 m?) with node populations of 100 and 200 are considered to evaluate the scalability of the proposed
protocol under both moderate and larger deployment conditions.

Table 3: Simulation parameters.

Parameter Symbol/Unit Value
Initial Energy per Node Ey 0.5]
Electronic Energy Eelec 50 nJ/bit
Data Aggregation Energy Epa 5 nJ/bit
Free Space Amplifier &fs 10 pJ/bit/m?
Multipath Amplifier Emp 0.00014 pJ/bit/m*
Threshold Distance do \/ €fs/ Emp
Packet Size k 4000 bits
Simulation Rounds r 0-1600

4.3 Performance Evaluation of the QGE-K Based Clustering Routing Protocol

Experiments were conducted on the QGE-K protocol and compared with existing protocols, including
CS-K [44], GA-UCR [45], FQA [28], GEGWO-CR [48], BOA-QCR [28], and QGA [49] in various scenarios.
The protocol’s performance was evaluated using several indicators, including network lifetime, power
consumption, and throughput. Two network scenarios were considered to evaluate scalability. These scenario
definitions are consistently used throughout the study. The simulation was conducted in an area of 100 m x
100 m and a large-scale network of 400 m x 400 m. As the network scale expanded, the number of nodes also
increased. The BS was located at the center of the network, and the initial energy of each randomly deployed
node was set to 0.5 J. The specific parameters of the simulation are shown in Table 4.

Table 4: Scenario parameters.

Parameter QGE-S1 QGE-S2
Network size 100 m x 100 m 400 m x 400 m
Number of nodes 100 200
Base station location (50, 50) (200, 200)

QGE-S1 consists of a 100 x 100 m? area with 100 nodes and a centrally located base station at (50, 50),
while QGE-S2 consists of a 400 x 400 m?* area with 200 nodes and a centrally located base station at
(200, 200), which is a common benchmark setting for evaluating clustering stability and routing scalability.
This controlled scaling (area and node count) allows us to isolate how network density and transmission
distance influence lifetime and throughput while keeping the simulation framework consistent across
baselines. The QGA-K protocol aims to optimize energy utilization for maximum possible data transmission.
Energy consumption, delay, and throughput were compared with CS-K, GA-UCR and QGA. The network
life cycle is one of the most critical indicators for evaluating the performance of a clustering routing protocol,
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as longer node lifetimes enable more frequent data transmission. The comparison of the first, middle, and
last nodes across different protocols is shown in Table 5.

Table 5: Comparison of FND, HND, and LND values under different scenarios.

Scenario Metric CS-K GA-UCR QGA FQA GEGWO-CR Proposed QGE-K

FND 220 380 420 — — 520
QGE-S1 HND 560 720 760 — — 900
LND 980 1280 1320 — — 1460
FND 190 340 370 — — 480
QGE-S2 HND 490 640 700 — — 820
LND 920 1160 1200 — — 1380

To better quantify performance improvements, percentage gains over benchmark protocols were
computed from Table 5. In QGE-SI, the proposed QGE-K improves LND by approximately 47.3% compared
with CS-K (1460 vs. 980 rounds), 14.1% over GA-UCR (1460 vs. 1280), and 10.6% over QGA (1460 vs.
1320). Similarly, FND improves by 136% over CS-K and 36.8% over GA-UCR. In QGE-S2, QGE-K extends
LND by 50% over CS-K and 15.5% over GA-UCR. These quantified improvements clearly demonstrate the
energy-balancing and stability advantages introduced by the quantum genetic optimization mechanism.

Fig. 2 provides a comprehensive comparison of the number of surviving nodes over the simulation
rounds for seven protocols: CS-K, GA-UCR, QGA, FQA, GEGWO-CR, BOA-QCR, and the proposed
QGE-K, evaluated under two different network scenarios. This study constructed a comparative variant
in which QGA was replaced by classical GA while preserving the same fitness formulation and K-means
clustering structure to further quantify the contribution of the quantum genetic encoding mechanism.
Experimental results indicate that the quantum rotation gate update improves global search capability and
mitigates premature convergence. Compared with the GA-based variant, QGE-K improves the LND metric
by approximately 8%-12% under irregular node deployment scenarios, demonstrating that the performance
gain originates from quantum probabilistic state representation rather than clustering configuration alone.
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Figure 2: Comparison of the number of protocol surviving nodes in different scenarios.
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Fig. 2a depicts QGE-S1, where the proposed QGE-K significantly outperformed all other protocols,
having the most extended lifetime composed of a relatively slower decreasing number of alive nodes. The
improvement is due to the constant enhancement of the chromosomes, the dynamic selection of QGE-K
CH, and cluster formation, which balances energy across the nodes rather than draining them quickly in
the network. CS-K has a static cluster formation that lacks adjustment to the residual energy; hence, the
nodes rush and die. GA-UCR captures the algorithm in early performance by limiting the community of
fixed genetic operators to work with. QGA works on CH selection only (quantum-inspired encoding) and
lacks energy-aware refinement, resulting in moderate loss of nodes. FQA utilizes fuzzy inference for CH
selection; therefore, it doesn’t do better because within-cluster communications pull back. GEGWO-CR and
BOA-QCR appear to be slightly improved by metaheuristic optimization. However, the depletion of energy
is still observed because they lack a constantly updating adaptation ability on their interfaces. In summary,
QGE-K significantly prolonged the network lifetime in Scenario 1.

Fig. 2b depicts QGE-S2, a larger network setting where QGE-K apparently dominates the rounds with a
clearly higher number of alive nodes compared to the rest of the algorithms. It dynamically finds the optimum
number of clusters, and with the quantum-evolutionary approach, this is reflected in QGE’s longevity even
as nodes continue to die. The poor performance of CS-K and GA-UCR is evident, as their ability to adapt is
severely limited, preventing them from keeping pace with their own designs. The QGA still performs better
than them, but as seen, it doesn’t have the necessary energy awareness to maintain a long-term or short-
term presence, for that matter. Similar FQA may seem more flexible due to its use of a fuzzy-rule system;
however, its denser deployments might lead to node exhaustion. GEGWO-CR and BOA-QCR are alternative
approaches that approximate the algorithms’ approaches through gray-wolf and butterfly optimization,
respectively. However, they still can’t cope with higher nodes that QGE-K can afford, and span additional
alive nodes in the round conclusions.

Fig. 3 presents a comparative analysis of the energy consumption of all seven protocols (CS-K, GA-UCR,
QGA, FQA, GEGWO-CR, BOA-QCR and QGE-K) studied in both of the network scenarios described.
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Figure 3: Comparison of protocol network energy consumption in different scenarios.
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As shown in Fig. 3a (QGE-K), In QGE-SI, QGE-K has a steadier rate of increase in total energy
consumed than all others a sequence of numbers approaching zero, again, which causes it to distribute the
energy consumed fairly equally across the nodes and ensure certain clusters do not get used up first. Its CH
selection algorithm and tendency to form new routes are also improved, which is why we see many fewer
transmissions taking place, and this results in normal consumption across the rest of its network. WCU and
CS-K gain a little bit faster in energy consumption as a result of having less adaptive routing and clustering,
because it is not constantly showing it that we are moving and then changing the CH. QGA also performs
better than this team, as it primarily focuses on quantum representation. QGA is also superior to both of
these, as it employs fuzzy-rule-based decision making, and there is excessive cluster shifting with FQA as well.
The GEGWO pair is mixed with the grey-wolf meta-heuristic search. BOA-QCR is paired up with butterfly
meta-heuristic search, which, according to our research, consumes energy faster, even though moderately,
not by much more than QGE-K.

In Fig. 3b (QGE-S2), a more difficult area is presented, a congested intersection with a larger number
of nodes. The performance of QGE-K remains superior to that of the other schemes. The proposed method
achieves half of the total energy consumption of the network in approximately 248 rounds, whereas CS-K
achieves significantly less, reaching this mark in round 190. This indicates that the networks energy is
consumed at a rapid rate with standard clustering methods. It’s worth noting that QGA and GA-UCR also
reach this level rather early due to their unsuitability for congestion (dense area). FQA, GEGWO-CR, and
BOA-QCR at least display stability, but they leveled off and then turned their trend down before the proposed
QGE-K method. Their optimization processes are not magic fast enough to be dynamically maintained to
obtain a balanced energetic use for more simulation periods than with QGE-K, which judiciously utilizes
the quantum genetic optimization momentum to derive dynamically adjustable route options and cluster
configurations, so that unnecessary messages do not let the battery die so quickly. Such favorable indications
suggest that QGE-K, even in the most challenging scenarios, conserves energy more effectively than all
traditional protocols.

In Fig. 4, the total network throughput of the proposed QGE-K protocol is compared with four existing
protocols (CS-K, GA-UCR, QGA, GEGWO-CR, BOA-QCR, and FQA) through two different network
scenarios, as shown, where the proposed QGE-K protocol performs best in terms of throughput. In QGE-
S1, all other protocols get very moderate values for throughput. In the QGE-S2, all other protocols have a
considerable gap, with QGE-K showing an increase in throughput compared to other schemes. This suggests
that the proposed protocol can adapt to large-scale or relatively complex networks, maintaining higher data
transmission efficiency and network stability. The results reveal that the proposed QGE-K protocol provides
consistently higher throughput in relation to baseline approaches in both network scenarios as well. This
improvement is attributed to the energy-balanced cluster-head selection and adaptive clustering facility
introduced by the quantum genetic optimization stage. This load balancing spreads the communication
load evenly throughout the sensor nodes, which minimizes the premature hardware failures of nodes and
supports stable transmission of data for a longer period of time. From the deployment aspect, this feature is
convenient when deploying on large-scale wireless sensor networks, such as environmental monitoring and
industrial sensing.
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Figure 4: Throughput comparison among different protocols.

4.4 The FEQA Protocol is Implemented within the Fuzzy Logic Toolbox in Which Fuzzy Logic Systems Can
Be Modeled

A stripped-down version that combines fuzzy inference with classical simulated annealing was designed
in order to eliminate the effect of the quantum annealing mechanism. Although the fuzzy system still elected
a reasonable cluster-head selection, the classical annealing-based routing exhibited slower convergence and
higher variance across simulation runs. As such, FEQA improves LND by around 6% to 10% compared to the
fuzzy+SA variant, confirming that the Hamiltonian-based quantum annealing process does indeed improve
routing optimality further than classical thermal annealing strategies. To provide formal clarity, the fuzzy
inference system used in FEQA is defined over four normalized input variables: residual energy E,, node
degree D, distance to the base station dps, and node centrality C,. Each variable is mapped into three
linguistic terms (Low, Medium, High) using triangular membership functions defined on their respective
domains. The residual energy membership function for the “High” linguistic term is expressed as shown
in Eq. (41),

0, E, <a,
E, —a

tnigh (Er) = ;o a< E, < b, (41)
1, E, >0,

where a and b are adaptive thresholds determined according to the average residual energy of the network.
The rule base consists of multi-condition IF-THEN rules. Representative logical formulations are given
in Egs. (42) and (43),

IF (E, is High) A (D, is High) A (dps is Near) THEN (CH Priority is Strong), (42)
IF (E, is Low) V (dps is Far) THEN (CH Priority is Weak). (43)

A Mamdani inference mechanism is employed, and the final cluster-head priority score is obtained via
centroid defuzzification, as shown in Eq. (44),
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ny#(y)dy
fQ#()’)d)’ ’

where u(y) denotes the aggregated output membership function over the universe of discourse Q.

CH, = (44)

The Table 6 contains the parameters to execute the simulation of the evaluation of algorithms and
comparison to other models. The values of the parameters are chosen to ensure the optimization of the energy
function in FEQA converges correctly. The “starting temperature” T; parameter allows us to control how
far-ranging our search is; The temperature parameter T controls galaxy-inspired randomness in choosing
candidates. The search-space parameter M determines how many “configurations” we’ll be exploring. The
maximum number of annealing is set to keep us from searching too far mathematically, but still to allow for
some time to search for routing paths and models for the energies we are seeking.

Table 6: Simulation parameters.

Parameters Value
Initial Energy 1]
M 102 ~ 10°
Max Steps 10°
T 0.04
To 1.6

To further assess the role of the quantum-inspired techniques, we apply additional comparisons with
well-tuned classical metaheuristic optimizations. In addition, we also consider a second heterogeneous WSN
scenario where some of the sensor nodes are initially started with a higher energy state than the rest of
the nodes. This configuration is common in real-world IoT deployments and smart-city applications where
heterogeneous nodes are utilized. As shown by the results, the protocols stabilize the cluster-head selection
and even energy consumption across the network. The location of the BS, network scale, and number of
nodes all affect the simulation results. We therefore create five different scenarios to simulate our protocol.
We define four FEQA-specific simulation settings, denoted as FEQA-S1 to FEQA-S4, to evaluate the protocol
under different deployment conditions. FEQA-S1 consists of 70 nodes randomly deployed in a 100 m x 100 m
with the BS positioned at the center of the network.

To increase robustness, parameter experiments were batched into pre-simulations to assess the influence
of key algorithm parameters on performance while varying other parameters in controlled, bounded
ranges. The parameters varied thusly include population size (M), quantum rotation depth, chaotic logistic
coefficient, Lévy flight scaling coeflicient, annealing cooling schedule, and fuzzy rules. At the extreme ends
of the ranges, convergence times degenerate significantly, as do computational costs. Modeling considers
the best results for a practical range to be a sweet spot, suggesting that brute-force scaling is ineffective and
imparts a direct increase to run time. The imposed parameters are almost stable points, but not truly isolated
optimal values. Table 7 summarizes all four simulation scenarios.
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Table 7: FEQA simulation scenarios.

Parameters FEQA-S1 FEQA-S2 FEQA-S3 FEQA-S4
Simulation area 100 m x 100 m 100 m x 100 m 200m x 200 m 200m x 200 m
No. of Node 70 70 150 150
BS Position x =50,y =50 x =50,y =100 x =100, y =100 x=0,y=0
CHs Ratio 15% 15% 10% 10%

To assess the robustness and stability of our optimization paradigms, we executed each experiment
for 30 distinct simulation runs. The results shown correspond to mean values, while we take the standard
deviation of the results by way of quantifying how spread out the results are. In addition, curves of
the objective function convergence during the searching process of the algorithms are detailed. We also
performed a parameter sensitivity analysis for the estimation of the effects of the values of parameters that
govern the behavior of the algorithm, down to both the number of fuzzy inference rules needed by the FEQA
protocol, plus the cooling rate used to optimize the objective function as an analog circuit. Furthermore, by
analyzing a contraction-expansion coefficient, which is the main parameter of the QE-PSCR algorithm. It
is successful to shed some light on the influence of para by analyzing a contraction-expansion coefficient,
parameter settings on the FND, HND, and LND contrast, along with consumption of the network overall
energy. The proposed FEQA protocol is compared with existing protocols, including PENSER [29], BOA-
ACO [50], OAFS-IMFO [51], FCRBAT [52], LDIWPSO [41], APSO-NUCR [53] and QGA-K [49], under four
different scenarios. The network life cycle is defined as the number of rounds until all nodes have completely
exhausted their energy or can no longer perform their functions. It is one of the most important indicators for
evaluating protocol performance. To evaluate stability, each simulation scenario was executed over multiple
independent runs with different random seeds. The reported performance metrics represent averaged results,
and the observed variance remained low across runs, confirming convergence consistency. In particular, QE-
PSCR exhibited minimal fluctuation in LND and energy consumption curves, indicating strong robustness
against initialization randomness and stochastic search behavior.

Table 8 illustrates that the proposed FQA protocol not only extends the network lifetime but also excels
in FND and HND performance. The BOA-ACO protocol employs a butterfly optimization algorithm to find
the best routes from CHs to the BS, yet it tends to get stuck in local optima. The OAFS-IMFO protocol
proposes two intelligent optimization algorithms for CH selection and routing, which increase energy
consumption and shorten the network’ lifetime. In contrast, the proposed FEQA protocol selects the CH
using a Fuzzy Inference System and combines it with the Quantum Algorithm to achieve fast convergence to
the best route. To better attribute the performance gains of QE-PSCR to its internal mechanisms. Specifically,
we compare the full QE-PSCR against three controlled variants: QE-PSCR without chaotic initialization
(random initialization), QE-PSCR without Lévy-flight perturbation (standard QPSO update only), and
QE-PSCR without both modules. For each variant, we report FND/HND/LND using the same simulation
settings, so that the marginal impact of diversity enhancement (chaotic mapping) and long-jump exploration
(Lévy flights) on network lifetime and energy balance can be quantified directly.

Fig. 5 compares the number of alive nodes against the number of rounds for eight routing and clustering
protocols, as well as OAFS-IMFO, FCERBAT, PENSER, BOA-ACO, QGA-K, LDIW-PSO, APQ-MQDR and
our proposed protocol FEQA (Fuzzy Enhanced Quantum Algorithm) for four different networks. In Fig. 5a
FEQA-S1, the proposed FEQA protocol achieves the longest stability period and maintains the greatest
number of alive nodes throughout all rounds. The node survival rate of FEQA remains almost constant



Comput Model Eng Sci. 2026;147(2):48 29

in the early rounds and decreases gradually after 800 rounds, while other protocols, such as OAFS-IMFO,
FCERBAT, and BOA-ACO, experience early node deaths due to inefficient energy distribution. The Fuzzy
Inference System in FEQA employs a balanced approach to selecting CHs, utilizing node energy, distance,
and density as parameters. In contrast, the Quantum Optimization quickly provides the optimal routing
paths. Combining the two leads to lower communication overhead, a later First Node Dies and Half Node
Dies, and the longest overall lifetime among the protocols.

In Fig. 5b FEQA-S2, FEQA continues to demonstrate significant superiority over other algorithms by
maintaining a greater number of surviving nodes at all rounds. The FEQA curve remains well above the
other curves, including QGA-K, BOA-ACO, and PENSER. The node survivability of the aforementioned
algorithms gradually approaches 0, whereas ours adapts to network scale and base-station placement. OAFS-
IMFO and FCERBAT are both depleted much earlier because of higher computational complexity, leading
to the formation of redundant clusters. However, by itself, FEQA determines the optimal number of clusters
dynamically as nodes die or energy levels fluctuate. As a result, the network maintains connectivity for far
longer, demonstrating FEQA’s excellent energy-balancing capability and robust timer performance.

Table 8: Comparison of FND, HND, and LND under different scenarios.

Scenario Protocol Name OAFS-IMFO FCERBAT PENSER BOA-ACO QGA-K Proposed FEQA
FND 485 610 715 742 780 997
FEQA-S1 HND 920 1125 1270 1340 1410 1724
LND 1468 1695 1850 1955 2170 2838
FND 410 525 638 715 798 1522
FEQA-S2 HND 870 995 1180 1260 1380 2441
LND 1430 1682 1890 2070 2250 2945
FND 530 640 755 810 920 1715
FEQA-S3 HND 1040 1185 1350 1475 1590 2710
LND 1560 1720 1845 1960 2115 2742
FND 175 210 288 325 370 440
FEQA-S4 HND 470 660 820 940 1020 1126
LND 1080 1160 1215 1270 1335 1482
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Figure 5: Comparison of the number of alive nodes for OAFS-IMFO, FCERBAT, PENSER, BOA-ACO, QGA-K, and
the proposed FEQA protocols under four different network scenarios.

In Fig. 5¢ FEQA-S3, the proposed FEQA shows a more gradual decrease in active nodes, reflecting better
performance at a larger scale and greater network heterogeneity. The FEQA curve appears much higher than
those of all other comparative protocols, with a slower node mortality rate and improved energy efficiency.
The BOA-ACO and QGA-K algorithms show early decay after 800 to 1000 rounds because of bad clustering
and long paths. Since clustering has a fuzzy-logic aspect, CH does not stray, while assigning a way by the
quasi-random algorithm is perfect. It’s also satisfied for high values of FND, HND and LND, being maximum
to FEQA described above.

Fig. 5d FEQA-S4 demonstrates a more complicated, high-density or high-interference deployment
situation. Even in these extreme conditions, FEQA wins the day and horizon over all other methods tried.
Whereas others fail rather dramatically and nodes start to die out at about 600 rounds, FEQA seems to
slope downward gently, indicating its particular appeal in not exhausting energy or blocking communication
specifically. The fuzzy makes for an intelligent CH rotation and load balancing technique, whilst the quantum
is for minimizing data transmission cost and reducing cloned paths and other redundant paths. Although
lifetime diminishes over the course of more rounds as complexity increases, FEQA still does advantageously
by producing lifetime results about 30% to 80% longer than those of OAFS-IMFO, FCERBAT, PENSER, and
BOA-ACO.

Fig. 6 depicts the energy consumption pattern in the network for eight selected protocols, namely OAFS-
IMFO, FCERBAT, PENSER, BOA-ACO, QGA-K, LDIW-PSO, APQ-MQDR and proposed FEQA (Fuzzy
Enhanced Quantum Algorithm), for all four scenarios in the network level simulation study. In Fig. 6a,
FEQA-SI, the proposed FEQA shows a slow, steady progression with energy consumption until the end of the
simulations, while consuming half of the total network energy around 880 rounds, which is later compared
to other algorithms. Protocols like OAFS-IMFO and FCERBAT experience faster energy depletion due to
excessive CH switching and poor routing, whereas BOA-ACO spends too much time optimizing and delays
the process. LDIW-PSO consumes energy faster because of cluster inconsistency, as it sometimes fails to
side the cluster efficiently, while APQ-MQDR rises quicker in consumption because it’s not quite flexible
in multi-hop routing decision making. Because FEQA CHs use fuzzy-based CH selection, higher-residual-
energy CHs are always selected, resulting in a balanced load and fewer packets needing to be retransmitted.
FEQA improved energy efficiency by 43.79% over OAFS-IMFO and by 37.72% over FCERBAT.
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Figure 6: Comparison of network energy consumption for OAFS-IMFO, FCERBAT, PENSER, BOA-ACO, QGA-K,
and the proposed FEQA protocols under four different scenarios.

In Fig. 6b FEQA-S2, all protocols show faster energy consumption due to denser node deployment or
longer transmission ranges. However, FEQA still dominates its competitors and consumes half of the total
energy at 752 rounds and depletes energy much earlier than OAFS-IMFO and PENSER. FEQA’s quantum-
based optimization module optimizes the routing path by adjusting path details and selecting the next hop
depending on the network topology, and helps to avoid unnecessary communication distance. LDIW-PSO
and APQ-MQDR show improved stability compared to PENSER and increase the consumption rate, but
neither uses more energy than FEQA due to inter-cluster communication with a higher cost and limited
adjustment capability for real-time adaptation purposes. This flexibility results in a 96.86% relative decrease
in consumption utilization (normalized by OAFS-IMFO) and around 50% improvement over FCERBAT and
PENSER. The slope of the FEQA curve is gradual, showing that the power consumption is better governed.
The constant steady state results from the balance between consuming and efficient sets.

Fig. 6¢ FEQA-S3 has a more complex topology, which is harder to navigate, but even here FEQA
performs well, reaching the 50% energy consumption point about 518 rounds slower than all others. The
fuzzy-quantum hybrid means that FEQA only selects CHs from nodes that have sufficient energy and that
are ideally situated away from other nodes, thereby preventing cluster overlap. Compared to PENSER and
BOA-ACO, FEQA wastes less energy in the early stages, compared to OAFS-IMFO and by 40.50% compared
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to FEQA, especially, and it consumes almost in a near linear fashion for longer periods of time. In this
scenario, LDIW-PSO uses energy more slowly than OAFS-IMFO, but still not as slowly as FEQA due to its
poor method of tuning the cluster radius. APQ-MQDR improves and can survive longer as a result, but still
suffers from redundancies in routing, especially in crowded areas. Improvements in this scenario were 58.41%
over OAFS-IMFO and 49.28% over FCERBAT. Consequently, FEQA's energy optimization mechanism works
even under dynamic or heterogeneous changes.

In Fig. 6d FEQA-S4, where environmental degradation or high node density raises energy needs, the
proposed FEQA still maintains the most stable energy consumption curve, drawing half the total energy by
the 503rd round. Other algorithms, particularly OAFS-IMFO and PENSER, exhibit early saturation from
improper load balancing and duplicate data forwarding. LDIW-PSO displays moderate performance but
struggles under high interference due to unstable particle movement, whereas APQ-MQDR shows quicker
energy depletion due to increased multi-hop relay load. FEQA’ integration of fuzzy-based CH selection
ensures that each CH carries an equitable load, while the quantum routing component identifies the shortest
and least congested communication paths. Consequently, FEQA increases energy efficiency by 93.46% more
than OAFS-IMFO and by 40.50% more than FCERBAT. The gradual curve tail confirms that FEQA supports
network performance under high-stress conditions.

Fig. 7 depicts the comparison of throughput performance of the proposed FEQA model with four
benchmark routing algorithms, such as OAFS-IMFO and FC-ERBAT. PENSER and BOA-ACO for two
different deployment scenarios with respect to radar charts, where more extensive coverage represents better
data transmission and efficient routing.

OAFS-IMFO OAFS-IMFO

Proposed FEQA 3 FC-ERBAT Proposed FEQA 3 FC-ERBAT

APSO-NUCR PENSERAPSO-NUCR PENSER
LDIWPSO BOA-ACO LDIWPSO A BOA-ACO
QGA-K QGA-K
I—G—Scenario 1 —&—Scenario 2 |—e— Scenario 3 —=— Scenario 4|
(a) FEQA-(S1-S2) (b) FEQA-(S3-54)

Figure 7: Throughput comparison of the proposed FEQA model with benchmark routing algorithms under (a) FEQA-
S1 and FEQA-S2 (100 x 100 m?) and (b) FEQA-S3 and FEQA-S4 (200 x 200 m?).

In Fig. 7a, for FEQA-SI and FEQA-S2 with a 100 x 100 m?, the highest throughput is achieved by our
proposed FEQA model compared to all other protocols. FEQA achieves a throughput increase rate of 38.89%,
32.77%, 26.16%, and 8.72% compared with OAFS-IMFO, FC-ERBAT, PENSER, and BOA-ACO, respectively.
Overall, the FEQA curve spans a wider area, indicating that FEQA has greater data-handling capacity, a
balanced selection of cluster heads, and an efficient routing structure, resulting in more stable and reliable
communication across the network. In Fig. 7b, depicting FEQA-S3 and FEQA-S4 with a large 200 x 200 m?
deployment area, the throughput improvements achieved by our FEQA algorithm had a margin of error
increased slightly due to a higher communication distance and path loss to be 22.01%, 22.90%, 3.58% and
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2.04% improvements over OAFS-IMFO, FC-ERBAT, PENSER and BOA-ACO, respectively. Although the
network is larger, FEQA can provide a broader radar coverage area. Furthermore, this demonstrates that our
method is robust, scalable, and can still adapt to changes in network density and node topology.

4.5 Performance Evaluation of the QE-PSCR Based Clustering Routing Protocol

This research analyzes the QPSO algorithm from the perspective of time complexity and presents
simulation results verifying the proposed QE-PSCR protocol. The number of nodes and the position of
the Base Station (BS) significantly impact data transmission. Therefore, a network scale of 200 m x 200 m
was set, and four different protocol scenarios were evaluated. In QPSCR-S1, 100 nodes were randomly
deployed, and the BS was placed at the network’s center, whereas in QPSCR-S2, the BS was positioned at the
network’s corner. The complete QE-PSCR simulation settings are summarized in Table 9 using the identifiers
QPSCR-S1 to QPSCR-54.

Table 9: QE-PSCR simulation parameters for different scenarios.

Parameters QPSCR-S1 QPSCR-S2 QPSCR-S3 QPSCR-$4
Network Scope 200m x 200 m 200m x 200 m 200m x 200 m 200m x 200 m
Node Quantity 100 100 200 200

BS Position x =100, y =100 x=0,y=0 x =100, y =100 x=0,y=0

The comparison between the proposed QE-PSCR protocol and existing protocols LDIWPSO [41], QGA-
K [49], FQA [28], WOA [54], QEGWO [36] and APSO-NUCR [53] is discussed in Table 10. To evaluate
the specific contribution of quantum state modeling, we compared QE-PSCR with a classical PSO-based
scheme employing identical fitness functions, chaotic initialization, and Lévy flight update mechanisms,
but without quantum probability amplitude representation. Results demonstrate that the quantum search
space modeling improves exploration—-exploitation balance and reduces convergence oscillation. QE-PSCR
achieves approximately 10%-15% improvement in LND and exhibits enhanced convergence stability com-
pared to classical PSO, indicating that the quantum-inspired formulation is a primary contributor to the
observed performance gains. When all nodes are completely exhausted or their energy is insufficient to
continue operation, the network is considered terminated. The number of alive nodes is one of the most
important indicators for measuring protocol performance. Although the FND value is slightly low, the
HND and LND values are higher, indicating a longer network lifetime. The proposed QE-PSCR protocol
is an improved method based on the IQPSO algorithm that overcomes the limitations of using the PSO
algorithm in optimizing the velocity parameters because the particles are no longer optimized at a distance
unit, but a wave function constructs them, which saves 75% in computation. Based on simulation tests, QE-
PSCR will quickly and accurately find the best routing solution, effectively transmitting data and greatly
extending the life of the network. A comparative ablation-style analysis was conducted to better understand
the individual contributions of the proposed mechanisms. Classical heuristic baselines (LDIWPSO, QGA-K,
and FQA) were examined alongside their quantum-enhanced counterparts to isolate the effect of quantum
encoding, tunneling dynamics, and probabilistic wave-based updates. The results indicate that while classical
heuristics provide acceptable clustering and routing performance, the integration of quantum-inspired
search mechanisms improves convergence stability and load balancing, particularly in larger-scale and non-
uniform deployment scenarios. This confirms that performance gains arise not only from fitness-function
design but also from enhanced global exploration capability.
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Table 10: Comparison of FND, HND, and LND under different scenarios.
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Scenario Metric LDIWPSO APSO-NUCR QGA-K FQA QGA-M IMFO-CR Proposed QE-PSCR
FND 320 460 520 580 600 645 727
QPSCR-S1 HND 890 1120 1240 1360 1400 1520 1720
LND 1600 1760 1980 2150 2210 2340 2480
FND 290 420 500 550 565 610 675
QPSCR-S2 HND 840 1010 1160 1290 1340 1440 1550
LND 1520 1680 1900 2100 2150 2215 2279
FND 270 380 440 500 515 530 545
QPSCR-S3 HND 800 940 1080 1200 1240 1340 1450
LND 1470 1640 1850 2030 2210 2590 3115
FND 190 210 250 300 320 360 439
QPSCR-S4 HND 600 740 880 960 1000 1060 1120
LND 1200 1420 1630 1840 1920 2050 2484
FND 260 340 400 460 490 530 710
QPSCR-S5 HND 720 910 1040 1160 1220 1280 1325
LND 1320 1560 1740 1890 1930 1970 1998

To make the reported gains explicit, we further summarize the relative improvements of QE-PSCR over
the strongest competing baseline in each scenario using the Table 11. lifetime indicators (FND/HND/LND).
This provides a direct, quantified comparison rather than relying only on qualitative statements or visual
inspection of curves.

Table 11: Performance comparison of QE-PSCR against the best baseline (IMFO-CR).

Scenario Metric Best Baseline (Value) QE-PSCR (Value) Improvement (%)
FND IMFO-CR (645) 727 +12.7%
QPSCR-S1 HND IMFO-CR (1520) 1720 +13.2%
LND IMFO-CR (2340) 2480 +6.0%
FND IMFO-CR (610) 675 +10.7%
QPSCR-S2 HND IMFO-CR (1440) 1550 +7.6%
LND IMFO-CR (2215) 2279 +2.9%
FND IMFO-CR (530) 545 +2.8%
QPSCR-S3 HND IMFO-CR (1340) 1450 +8.2%
LND IMFO-CR (2590) 3115 +20.3%
FND IMFO-CR (360) 439 +21.9%
QPSCR-$4 HND IMFO-CR (1060) 1120 +5.7%
LND IMFO-CR (2050) 2484 +21.2%
FND IMFO-CR (530) 710 +34.0%
QPSCR-S5 HND IMFO-CR (1280) 1325 +3.5%
LND IMFO-CR (1970) 1998 +1.4%

Fig. 8 shows network lifetime performance of five different routing protocols (LDIWPSO, APSO-
NUCR, QGA-K, FQA, WOA) and the proposed QE-PSCR in four different simulation scenarios.
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Figure 8: Comparison of the lifetime of the network with four scenarios for LDIWPSO, APSO-NUCR, QGA-K, FQA,
WOA, QEGWO and the proposed QE-PSCR, where the proposed QE-PSCR keeps more alive nodes for all the rounds.

In Fig. 8a QPSCR-S1, the QE-PSCR curve drops softly as compared to every other protocol. Even at
around the 900-round mark, we are able to sustain almost all nodes, whereas LDIWPSO and APSO-NUCR
have severely lost nodes as early as the 400th round. This shows a better energy per pulse distribution and
a greater period of stability. The proposed model extends the first-node-death point and final-node-death
point by a large margin—showing a 55% increase in network lifetime over LDIWPSO and 118% over APSO-
NUCR. The WOA model exhibits moderate performance, with earlier nodes depleting at approximately 600
rounds. QEGWO performs slightly better than WOA in energy conservation but still falls short of QE-PSCR’s
capacity, indicating that the optimization process in this work is superior to that in the recent study. Fig. 8b
QPSCR-S2 presents a more intrinsic deployment with a BBEC network and a greater density of nodes near
the base station. As shown, QE-PSCR exhibits superior node survival, with the curve extending beyond
2200 rounds, whereas LDIWPSO and QGA-K cluster around 1300-1500 rounds. Here, the model reduces
communication overhead and energy loss from inter-cluster transmission, enabling it to survive 35%-70%
longer. WOA and QEGWO remain stable up to approximately 1600-1700 rounds, demonstrating better
performance than classical methods but still lag in terms of efficiency and effectiveness.

Fig. 8¢ QPSCR-S3 involves a larger network area (200 m x 200 m) with more nodes 150 with QE-PSCR
protocol having the higher survivability until 3100 rounds and having smooth and slow depletion of nodes,
while FQA and QGA-K drops more steeply and at earlier rounds (~1800). This scenario demonstrates QE-
PSCRSs ability to handle long-distance communication effectively by selecting appropriate CHs and routing
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paths, which it accomplishes through the quantum-based optimization mechanism. WOA loses nodes faster
and suffers from escaping optimal regions due to improper CH rotation, while QEGWO performs well but
lacks adaptability for long-range communications, similar to other protocols.

Fig. 8d QPSCR-S4, if the base station is placed outside of the sensing area, consequently transmission
distances are increased, and more energy is consumed. Even worse, QE-PSCR manages to sustain more nodes
for a longer time, then gradually decays until 2480 rounds. The LDIWPSO and APSO-NUCR protocols die
out too prematurely before instance 1500, which confirms how unequipped they are to adapt to long-range
communication. Our model yields a 15%-17% improved lifetime even in this detrimental topology. WOA
and QEGWO suffer seriously again, and the node depletes faster than that of QE-PSCR, starting from round
1300.

Fig. 9 illustrates the energy consumption of seven routing protocols—LDIWPSO, APSO-NUCR, QGA-
K, FQA, WOA, QEGWO, and the proposed QE-PSCR over four different simulation scenarios. In Fig. 9a
QPSCR-S1, where network density is moderately dense, and the BS is centrally located. QE-PSCR exhibits
the most gradual energy-consumption increase. It gets to half of its total energy use after 727 rounds,
outperforming all the rest by wide margins: LDIWPSO, APSO-NUCR, QGA-K, FQA, WOA, QEGWO.
This is due to QE-PSCR’s layered task scheduling and best CH assignment, which reduces the intra-cluster
communication costs.
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Figure 9: Depicts the comparison of network energy consumption among LDIWPSO, APSO-NUCR, QGA-K, FQA,

WOA, QEGWO, and the proposed QE-PSCR protocols under four different simulation scenarios.
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Fig. 9b QPSCR-S2 shifts the BS towards one edge of the network, leading to an uneven energy load
distribution across the nodes. Even under this non-uniformity, QE-PSCR still produces a routing trajectory
almost entirely inferior to the other curves, reaching its 50% energy-use milestone at 675 rounds. By
applying chaotic initialization and Lévy flights to particle updates, QE-PSCR still keeps its routing balanced,
giving it around 20%-35% better energy performance than LDIWPSO, APSO-NUCR, QGA-K, FQA, WOA,
and QEGWO.

For Fig. 9c QPSCR-S3 shows a larger area of 200 m x 200 m with 150 nodes, the energy consumption
trend is inclined to rise steeply due to the fact that when nodes have a longer communication range, a
relatively further distance is required, whereby more energy is required. Nonetheless, QE-PSCR, although it
shows a curve inclined to rise, is not steep, and achieves its half energy utilization in 545 rounds. Delegated
from the rest LDIWPSO by 9.66%, APSO-NUCR by 7.50%, and still maintains an advantage over others like
QGA-K, FQA, WOA, QEGWO, whose consumption curves are inclined to rise more sharply, deepening
upon the epochs.

In Fig. 9d QPSCR-S4, the most challenging case with the BS positioned outside the sensing field, the
fastest energy drain is observed across all protocols. Yet, QE-PSCR still achieves the lowest cumulative
energy consumption curve, reaching its 50% threshold at 439 rounds—nearly 50%-65% more efficient than
LDIWPSO, APSO-NUCR, QGA-K, FQA, WOA, QEGWO. The on-demand CH maintenance and adaptive
energy balancing in QE-PSCR effectively compensate for the high transmission cost of distant nodes.

In Fig. 10, the throughput performance of the proposed QE-PSCR protocol is compared with four
benchmark protocols, LDIWPSO, APSO-NUCR, QGA-K, WOA, QEGWO, and FQA, under four different
network scenarios. The graph clearly demonstrates that the proposed QE-PSCR consistently achieves the
highest throughput in all scenarios. In QPSCR-S1 and QPSCR-S2, the throughput of QE-PSCR remains
significantly higher than that of the other methods, indicating strong adaptability in moderate network
conditions. As observed during the increase of node density in QPSCR-S3 and QPSCR-S4 through deeper
increasing BS positions, the performance improvement for QE-PSCR becomes more pronounced, confirm-
ing its ability to keep an efficient scheme in terms of data transmission and stabilize the network as a larger
number of nodes and higher density of BSs are drawn on the spectrum. Hence, these results suggest that,
regardless of the scenario and network location, the QE-PSCR protocol performs best in terms of both energy
consumption and throughput.
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~ >
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Figure 10: Comparative performance of different optimization algorithms across four scenarios from QPSCR-S1 to
QPSCR-$4, illustrating that the proposed QE-PSCR achieves the highest overall efficiency.
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To further assess scalability, we evaluate the computational cost of the proposed protocols under increas-
ing network sizes (70, 100, 150, and 200 nodes). Table 12 reports the average runtime per simulation round
and total execution time across 50 iterations under identical hardware settings (MATLAB environment, Intel
i7 processor, 16 GB RAM).

Table 12: Execution time (seconds) under different network sizes.

Number of Nodes LDIWPSO (s) QGA-K (s) FQA (s) Proposed QE-PSCR (s)
70 0.42 0.55 0.63 0.71
100 0.68 0.84 0.93 1.02
150 1.22 1.51 1.63 1.78
200 1.95 2.37 2.54 2.73

The observed runtime growth reflects the quadratic components O(KN?) and O(N?) arising from
the clustering and routing stages, respectively. While this complexity remains manageable for networks
up to approximately 200 nodes, the quadratic term becomes increasingly dominant as N grows. Based
on the measured scaling trend, practical deployment without structural optimization is most suitable for
small- to medium-scale WSN. For larger networks, hierarchical partitioning, distributed processing, or
parallel implementation strategies would be required to mitigate the quadratic growth factor and maintain
computational efficiency.

5 Discussion

Three quantum-inspired optimization protocols are proposed to improve WSN clustering and routing
methods. The purpose of these protocols is to eliminate shortcomings of traditional clustering and rout-
ing methods, including inefficient selection of cluster-heads, unbalanced energy consumption, and slow
convergence rates.

A comparative analysis reveals that protocol performance is very much scenario dependent. For a
scenario with moderate node density and base stations positioned centrally, most metaheuristic approaches
score reliably. However, as the network becomes denser or the base station is nearer to the edge of the
network, performance diverges. For these topologies, nodes face increasingly asymmetric distances to the
base-station with clusters of nodes exacerbating load balancing, and the degradation of protocol performance
in classical GA- and PSO-based schemes accelerates. In large deployments, energy associated with routing-
path length becomes the primary element, and protocols that resist adaptive global exploration tend to
show reductions in lifetime earlier. Quantum-inspired mechanisms add relatively little overhead, and their
demonstrated improvements in lifetime and energy balance indicate a positive complexity—energy trade-off
for larger, medium- and large-scale WSN.

Even though the baseline simulations are run using the first-order radio energy model for the sake of
consistency and benchmarking, the proposed optimization framework could also be applied to more realistic
communication models, which also incorporate packet loss and fading/interference. Thus, we expect any
improvement in the performance to still hold with practical wireless uncertainty. Furthermore, the proposed
framework can be adapted to diverse application domains where latency tolerance, duty-cycle constraints,
and reliability requirements differ significantly.

The first protocol, QGE-K, improves on this clustering technique. In K-means, the selection of the
clusters is random at the initialization level; QGE overcomes this shortcoming. In QGE-K, the number of
clusters is chosen adaptively, and the cluster-heads are selected based on residual energy and neighbor density
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to distribute the expenditure of energy. The decisions on routing are computed optimizing the throughput
and energy, also minimizing the distance vs. load and hop count, etc. The computational complexity of
QGE-K is O(K x N?). The simulations show improved lifetime and energy performance in comparison
with CS-K, GA-UCR and QGA protocols [55]. For environmental monitoring applications where long-term
energy conservation is prioritized over strict latency requirements, QGE-K can employ lower cluster-head
rotation frequency and stronger energy-weight coefficients to maximize network stability and lifetime.

The second protocol, FEQA, uses fuzzy inference and quantum annealing to facilitate the efficient
selection of CHs and the routing of data in extensive networks. The candidate CHs of the nodes are computed
as fuzzy variables, which consist of residual energy, degree of nodes, and distance of the nodes to the base
station. Routing optimization is performed through an efficient Hamiltonian-based quantum annealing. The
overall time complexity is O(K x N?). Simulation results show that FEQA outperforms OAFS-IMFO, FC-
RBAT, FRNSEER and BOA-ACO in terms of length of lifetime and energy consumption. In the Industrial
IoT environments where latency and reliability are priorities, FEQA parameters can be adjusted to favor
hop-count optimization and link stability instead of purely energy-based routing.

The third protocol, QE-PSCR, optimizes clustering and routing together by mapping both tasks into a
single particle representation. Quantum particle swarm dynamics are used, coupled with chaotic initializa-
tion and Lévy flight strategies, to improve global search capacity and combat premature convergence. The
overall complexity is O(n* + n?m), and results indicate better performance than LDIWPSO and APSO-
NUCR with regard to network lifetime, energy efficiency, and throughput [56]. For military or tactical WSN
deployments operating in dynamic or adversarial environments, increasing the Lévy-flight scaling factor and
residual-energy weighting can improve robustness, while chaotic initialization supports faster adaptation to
topology changes.

Thus, the proposed quantum-inspired protocols improve energy consumption, load balancing, and
network lifetime in WSN deployments. Appropriate parameter tuning according to application-specific
requirements, such as latency tolerance, duty-cycle policies, interference conditions, and reliability con-
straints, is essential to achieve optimal performance. These results indicate the potential impact of
quantum-inspired optimization techniques in supporting efficient clustering and routing for future large-
scale WSN and IoT systems.

6 Conclusion

This study proposed three quantum-inspired clustering and routing WSNs protocols: QGE-K, FEQA,
and QE-PSCR. The protocols focus on energy efficiency, load balancing, and network lifetime for any
resource-constrained sensor-node. QGE-K adaptively improves clustering using quantum genetic optimiza-
tion and K-means clustering. Using the current residual energy and the number of one-hop neighbors, the
optimum clustering number is determined adaptively, while the cluster head is selected. Simulation results
show that QGE-K consumes less network remaining energy and overhead than CS-K, GA-UCR, and QGA.
QGE-K protocol increases throughput.

The FEQA applies fuzzy inference and quantum annealing to select cluster-heads and make routing
decisions. A fuzzy inference system selects candidate cluster heads based on node energy, node connectivity,
distance to base station, and node centrality, while QA is used to select energy-efficient routing paths.
Experimental results show that FEQA outperforms OAFS-IMFO, FCERBAT, FRNSEER, BOA-ACO, and
QGA-K when it comes to achieving a longer network lifetime and lower energy consumption, especially
in larger networks. The QE-PSCR protocol effectively clusters and routes points in the network through
quantum particle swarm representation. The protocol tackles the problem of premature convergence using
certain chaotic initializations. Lévy flight strategies are then used in the clustering process for a better global
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exploration. Simulations show that QE-PSCR outperforms LDIWPSO and APSO-NUCR in terms of lifetime,
energy, and throughputs.

Thus, the proposed quantum-inspired techniques not only improve the stability of clustering processes
but with the routing of data and energy as well as the consumption of energy tokens, decrease the expense
for WSNs. We believe that the classical inspirations taken from quantum physics allow for the conception of
stable and clustered routes for future WSNs and subsequently the Internet of Things.

6.1 Future Works

Future work in WSN clustering and routing will also focus on improving the robustness of routing
protocols in fast-changing, diverse environments. Our work explicitly addresses a homogeneous-node
climate in a static scenario; however, real applications often feature nodes with varied capabilities and a
constantly shifting topology. As WSNs integrate ML and intelligent sensing, the demand for adaptive routing
protocols is high, as nodes continually change in status, energy, connectivity, etc. Research will push to
integrate heterogeneous nodes and mobile stations into the network, and algorithms for clustering and
routing, etc., will need to be robust to fast-changing heterogeneous environments and still perform well
at scale.

6.2 Limitations

Although this study presents practical techniques for enhancing WSNs using quantum-optimization-
based protocols, its research methodology is limited. It uses a simple model with identical sensor nodes
in a static environment, which does not capture the complexities of real-world energy routing strategies
affected by node heterogeneity, mobility, and dynamic topology. However, these protocols may require
modifications and additional testing before they are applicable to WSNs. The study recommends that future
work concentrate on heterogeneous node base stations and on more flexible, scalable clustering and routing
procedures to ensure that WSNs are reliable in more dynamic environments.
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