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Abstract

The demand for wireless sensor networks (wsns) has grown a lot because of improvements in technologies like
communication and the rise of smart devices. These networks are very important in the iot world. There are a lot of sensor
nodes in wireless sensor network that keep an eye on the area around them. The main problem with WSN is that it's hard
to recharge or change the batteries in the sensor nodes, which makes energy use a big issue. Choosing a cluster head can
be one of the best ways to cut down on amount of energy the whole network uses. Quantum technology has become a
more popular area of research in the last few years. Researchers have created different quantum-based algorithms to do
clustering. This research article presents an innovative, energy-efficient clustering methodology known as the quantum-
based clustering scheme (QBCS), derived from the Quantum Grover algorithm. Its main purpose in wireless sensor
network work to select the cluster head selection better. The study used simulations to compare with researcher work
cluster selection method to well-known algorithms like EDS-KHO,IKM-EPSO and MSSA-DSSA-KMEANS. The simulation
environment had 100 nodes that were linked together in a certain way for energy and communication. QBCS is the best
clustering method because it makes the network last 30.5% longer, uses 22.4% less energy, and delivers packets 19.8%
more often. The quantum method's clustering process made it faster. This study demonstrates that quantum-inspired
techniques have emerged as a novel approach to addressing energy constraints in wireless sensor networks (wsns),
suggesting future possibilities for energy-aware and scalable Internet of Things (iot) systems.
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Introduction

A wireless sensor network (WSN) is a special group of transducers that send sensory data at the time of using only
a small amount of battery power. Recently, there has been more interest in the topics for energy efficiency [1] and
spectrum efficiency by using both licensed and unlicensed bands [2,3]. The main reason for this is that it is hard to
change or recharge battery resources often, especially for networks that are big or in remote areas. The complete
problem of energy in the network is often caused by an uneven distribution of sensor nodes [4]. Maintaining node
placement throughout the network area and cluster formation to guarantee a balanced energy flow is one of
the best strategies for energy conservation [5]. After collecting all observed data from the sensor nodes, the
cluster head aggregates the corresponding data. A clustering architecture of wsns is shown in Figure 1.
Many distributed algorithms have used in the past few years to find uncovered areas and extra nodes on
network and place nodes randomly in right way [6]. This has less energy and resources available. One of the
mostimportant ways to control energy use in WSN is clustering, which can split the whole network into many
separate clusters [7]. The cluster head (CH) is in charge of each cluster and is charge of whole thing. In
general, the cluster head will be chosen at random, considering the number of sensors. Main job of these
sensors is to watch certain environmental factors in their area and send that information of cluster head, this
can collect information to make it easier to combine later [8]. Using data aggregation methods is meant to
make the network last longer. Once it aggregated data has put together, it is sent to base station (BS). The BS
usually gets its power from an electrical grid and can do more calculations. By using this clustering method,
you can lower the radio transmission rate and make the network last longer at the same time. It did this by
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changing the sensor's lifespan in real-time based on things similar to low latency, low energy use, and
reliability [9]. Also, sensor nodes send its data directly to cluster head instead of to nearby nodes. This saves
power [10]. To lower amount of power used by the network and make it last longer, network optimization
methods are used.

Figure 1. WSN clustering architecture.
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Researchers have utilized diverse strategies for energy conservation in Wireless Sensor Networks (wsns),
including multi-hop, single-hop, and cluster-based transmission methodologies [11]. In multi-hop
transmission, important things to think about are distance b/w the source, destination and path loss [12].
Furthermore, multi-hop transmission of effectiveness hinges on correlation between energy costs of
transmitting and receiving data. It suggests that nodes use minimum energy consumption. For
communication to ensure optimal energy utilization during transmission of destination. This method gets
the most out of energy while still keeping links of communication strong. Single-hop communication is very
energy-efficient method [13,14]. Because it sends the lowest amount of possible power along
communication path. There are two main routing protocols that wsns use which are flat routing and
hierarchical routing [15]. In flat routing, the nodes set up direct communication links with BS so that data
packets can be sent. Sadly, its direct contact with BS very fast uses up node's energy. To solve this problem,
different cluster-based routing methods have made to improve scalability, load balancing, and the life of
the network. Hierarchical routing models set up clusters with specific chs, which can handle both single-
hop and multi-hop routing. This choice of chs has a big effect on how well the WSN works, especially when
it comes to limited energy resources of managing for the best network longevity. Clustering is a good way
to make data transmission more efficient and save energy in wsns [16,17]. The emphasis of this clustering
methodology is on the application of quantum-based algorithms.

This research is important not only for theoretical reasons, but also for practical reasons. The research sets
a new path for sustainable WSN deployment by using quantum computing principles to solve basic energy
problems. This work makes specific contributions to as follows:

e Quantum-Based Clustering (QBCS):we created and put into action a quantum-based clustering
system that makes it easier to choose a cluster head (CH), fixes energy imbalance, and extends the
life of a WSN.

e Integration of Grover's algorithm: Grover's quantum search algorithm was added to a classical
simulation to improve CH selection, make sure energy use is balanced, and show that quantum
methods can be used to solve networking problems.

e Comparative performance analysis: This was shown through simulations that QBCS is better than
other clustering protocols in terms of energy efficiency, network longevity, and overall performance.

e  Multi-parameter optimization: To solve the energy hole problem, CH selection was improved by
taking into account residual energy, spatial distribution, and distance from the base station.

e  Centralized architecture: We put the algorithm into the base station, which made it easier for sensor nodes
to do their jobs and made it possible for different types of wsns to work together.

This is how the rest of the paper is organized. The relevant research in the topic, including the current

energy-efficient clustering techniques and optimization methods, is explained in Section 2. The proposed

work and its underlying principles are described in detail in Section 3. The findings and debates are
explained in Section 4. In Section 5, we conclude with a viewpoint.
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Related Work

Overview of Energy Efficiency in Wireless Sensor Networks

Wireless sensor networks have many uses on different fields, such as disaster management, environmental
monitoring, military operations, agriculture, healthcare [18]. As a result, the main design challenge in WSN is to
reduce power use and extend life of network, which causes energy hole problem [19,20]. To solve this problem,
researchers have come up with a number of new algorithms that often use ideas from quantum computing to make
networks more energy-efficient, faster. In [21], the author suggested an algorithm that can cut down on the
network's energy use by making spanning trees. The triangulation algorithm introduced in [22] as a solution to
energy hole problem by incorporating virtual edges among sensor nodes. Energy efficiency is a major problem for
WSN deployments because these nodes will have limited battery life, changing batteries will be hard, especially
when it functioning with remote or large applications [23]. There are three main ways that current energy
conservation studies have moved forward. Clustering techniques one of best ways to use less energy. To choose
cluster heads that use less energy, they shouldn't be neighbors. The right placement of sensor nodes across the
networks can help reduce the coverage hole problem.

Clustering Approaches of wsns

Cluster management techniques are still very popular because they let you organize sensor nodes, optimized
hierarchical structures which provide balanced network energy use and efficient data path distribution.
Heintzelman created the Low-Energy Adaptive Clustering Hierarchy (LEACH) protocol, which started the use of
probabilistic cluster head rotation to balance energy use. The first use of a new cluster methodology led to many
more sequential evolutions. Choosing a CH will be based on a random process that will linked to a certain threshold
probability b/w 0 and 1. But there is no direct link between best number of cluster heads and best way to control
transmission power across EECS network. It makes it harder to form clusters by using a cost function that only
looks at distances between cluster head and base station. This adds to overall overhead and complexity of time.

Bio-Inspired and Evolutionary Algorithms for Clustering

¢  The technique will be based on GA increases chances that a node will be able to find a CH while using
less energy in the first round. Kavitha et al. [27] came up with gravitational search algorithm-based
clustering protocol (GSACP) in 2020. This was a way to make sure that sensor nodes were assigned
to cluster heads in a way that kept network's energy stable. Goal for GSACP was to make networks
lastlonger and use less energy. The GSACP did better than old ways of choosing a cluster head. But it
had problems with the krill and GSA algorithms that caused convergence to happen too slowly, which
made it harder to find a balance of exploration and exploitation. In 2023, Balaram. A et al. [28]
proposed an innovative method that prlovides solution for optimize all energy consumption while
concurrently minimizing internode-communication. The dynamic layering mechanism put in place
that stops the same cluster head nodes from being chosen over and over again. This mechanism
makes sure that the process of dual selection is quick & useful. This is very important for getting the
energy savings and efficiency that wsns need [28-30].

e Quantum-Based Algorithms in WSN Clustering

Using quantum computing ideas group wsns is the most advanced research of this area. The
suggested quantum-inspired CH algorithm is new way of quantum computing to solve the problems
that come up with traditional clustering algorithms. In past years, researchers developed several
clustering algorithms that use quantum algorithms. Srinivas P et al. [31] recently wrote a paper that
said not much research has been done in this area, mostly looking at energy available among sensor
nodes in network. The Quantum Tuni-cate Swarm Algorithm (QTSA) can help with this. The author
of [32] says that Quantum Genetic Clustering Algorithm (QGAC) was made using the ideas of
unidentified systems and quantum computing. It is used to make network last longer and use less
energy. It is made for quantum computers and makes database searches much faster. This quantum
method can also be used to solve classical NP-hard problems in polynomial time, which is much faster
than classical computing methods. There are a lot of quantum-based clustering algorithms being
worked on right now.

QTSA [31] and QGAC [32] are two examples of clustering algorithms that are based on quantum mechanics
and have brought quantum ideas into the field of WSN optimization. QTSA enhances energy-aware clustering
by merging quantum-inspired with Tunicate Swarm Algorithm, whereas QGAC incorporates quantum genetic
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principles for cluster formation. But these methods depend a lot on iterative metaheuristic optimization,
which could make them take longer to converge and cost more to run on a large scale. QBCS, on the other
hand, uses Grover's quantum search principle, which speeds up cluster head selection by almost a factor of
four and lowers complexity of time from O(n) or O(n2) in metaheuristics of traditional to O(vn).

It helps QBCS get, its goal faster & make better use of its resources while still making sure that energy is
evenly distributed.

Table 1. The comparative analysis of QBCS with QTSA and QGAC.

Parameter QTSA [31] QGAC [32] QBCS (Proposed)
Optimization Quantum- Quantum Genetic | Quantum Grover Search
Technique inspired Algorithm

Tunicate

Swarm
Complexity On2) O(n2) O(n)
Convergence Medium Very fast | Medium
Speed (quantum

amplification)

Energy Enhanced Enhanced Significantly Improved (due
Efficiency to quadratic speedup)
Iteration scaling Limited High (due to|Very High ( due to Grovers

(iterations quadratic search algorithm)

increase with | speedup)

n)

/

Table 1 shows that QBCS has clear advantages over QTSA [31] and QGAC [32] when it comes to complexity
of computational and rate of convergence. QTSA and QGAC do make energy use more efficient, but they still
have a lot of iterations and take longer to adapt to changing conditions. QBCS uses quantum amplitude
amplification to speed up selection of cluster heads and make large-scale wsns more scalable.

Quantum-Based Algorithms in WSN Clustering

Using quantum computing ideas of group wsns is most advanced research of this area. The suggested
quantum-inspired CH selection algorithm is new way of use quantum computing to solve the problems that
come up with traditional clustering algorithms. Researchers have come up with a number of clustering
algorithms using quantum algorithm in the last few years. Srinivas P et al. [31] recently wrote it not much
research has done of this area. Most of it has been about available energy of all sensor nodes in network, It
can be Quantum Tuni- cate Swarm Algorithm (QTSA) can help with. The author of [32] says that Quantum
Genetic Clustering Algorithm (QGAC) will be used to make network last longer & use less energy. This
algorithm is depending on the idea of difficult systems and quantum computing. The possibility of
implementing neighbor-based single & multi-hop communication will being looked into. Quantum search
algorithm of Grover’s is a great example this kind of progress. It is made for quantum computers and makes
database searches much faster. This quantum method can also be used to solve classical NP-hard problems
in polynomial time, which is much faster than classical computing methods. There are a lot of quantum-
based clustering algorithms being worked on right now.

QTSA [31] and QGAC [32] are two examples of quantum-inspired clustering algorithms that have brought
quantum ideas into the optimization of wsns. QGAC, on the other hand, uses quantum genetic principles to
make clusters. But both methods depend a lot on iterative metaheuristic optimization, which could make
them take longer to converge and cost more to run on a large scale. QBCS, on the other hand, uses Grover's
quantum search principle, which speeds up cluster head selection by almost a factor of four and lowers the
complexity of time from O(n) or O(n2) of metaheuristics of traditional to O(vn). This lets QBCS converge
faster and scale better while making sure that energy is evenly distributed.

Table 1 shows that QBCS has clear advantages over QTSA [31] and QGAC [32] in terms of complexity
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computational and rate of convergence. QTSA and QGAC do make energy use more efficient, but it still has
large iteration counts & take longer adapt to changing conditions. QBCS uses quantum amplification to
speed up process of opting a cluster head and make it easier to scale up large wsns.

Research Gaps and Comparative Analysis

This study examines contemporary research which reveals various persistent challenges and knowledge
deficiencies concerning energy-efficient clustering of wireless sensor networks. This research study
illustrates that a quantum-inspired approach addresses acknowledged challenges in current research, as
evidenced by Table 2, which offers comprehensive evaluations of contributions research, proposed
methodologies, and identified deficiencies, culminating in a summary of resolution to these constraints.

Table 2. The Existing Literature survey studies comparison.

Approach / C
Ref. Method Main Limitation(s) How QBCS Addresses It
Deploys Grover’s quantum
Computationally search to concurrently
Optimized K- demanding and relies evaluate various cluster
p . on sequential head (CH) formations. This
means clustering . .

[24] . . v evaluations, which can guarantees a globally

with dynamic 'K . . .
. . lead to suboptimal optimal selection based on
value estimation. . o
network energy node location and remaining
balance. battery, cutting complexity
to O(y/n).
Bypasses exhaustive
A hybrid approach Suffers from high iterations using quantum
merging K-means computational amplitude amplification.

[25] with Enhanced overhead and slow This allows for rapid
Particle Swarm execution times due to convergence, exceptional
Optimization heavy iterative scalability, and the
(EPSO). processing loops. simultaneous integration of

distance and energy metrics.
Intelligently dictates CH
Causes ; .
. . . selection through a multi-
Stochastic or disproportionate .
. . metric quantum search,

[26] randomized energy drain across readilv supbportin

cluster head nodes and typically y supporting
. . . adaptable, multi-hop
selection. restricts routing to o
single-hop paths communication
) architectures.
Distance-centric Co.rr'lpletely ov'erlooks .
. : critical operational Fuses both geographical
routing (focusing . i
: factors like node layout and residual energy
[27] strictly on the CH- ) . -
. processing overhead data into a unified quantum
to-Base Station 2 L
and remaining battery optimization framework.
gap)- life.
Characterized by Drastically accelerates the
Genetic Algorithm sluggish convergence optimization process,

[28] (GA) based rates and steep achieving a quadratic
clustering computational speedup toward the global
techniques. hardware optimum via Grover’s

requirements. algorithm.
s Exhlblts.delayed Employs amplitude
Traditional, responsiveness and e
L amplification to ensure the
deterministic struggles to adapt .

[29] . network adapts swiftly and

clustering when the network s .
. efficiently to unpredictable
protocols. topology shifts .
; topological changes.
dynamically.
Network Involves complex Fluidly partitions the

[30] segmentation boundary management network without rigid

relying on and often ignores boundaries by dynamically
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predefined internal geographical balancing spatial
boundary metrics. disparities among distribution and node
active nodes. energy reserves.
Operates as an iterative Slashes algorithmic
Quantum Tunicate metaheuristic with a complexity to O(\/ n),
[32] Swarm Algorithm steep (0(n?)) making the protocol highly
(QTSA) complexity, severely scalable and practical for
' limiting its use in dense, large-scale
massive networks. deployments.

Table 2 shows that previous clustering methods have problems like overhead, random CH selection, and
convergence that takes too long. QBCS fills available gaps by using quantum-inspired optimization and
Grover's search principle. This makes it possible to find the best cluster head faster and with less energy.

Research Gap Summary

Protocols have come a long way in the last few decades, even though WSN clustering has made a lot of progress.
Classical methods, including LEACH and HEED, as well as various metaheuristic algorithms such as Genetic
Algorithm (GA), Particle Swarm Optimization (PSO), and Krill Herd Optimization (KHO), persist in demonstrating
significant limitations. Some of these are high computational complexity, nodes running out of energy too soon,
nodes not being able to adapt to changing environments, and an unpredictable distribution of cluster heads (CH).

Many clustering methods have been suggested for wsns, but only a few have looked into how quantum-inspired
optimization methods can be used in this field. Numerous current protocols emphasize classical or bio-inspired
methodologies, thereby creating a distinct research void in the investigation of quantum algorithms can enhance
energy-aware decision-making within sensor networks. Moreover, previous research concerning quantum
computing in wireless sensor networks (wsns) frequently remains theoretical, lacking practical implementation
or performance assessment in real-world contexts. This work fills that gap by suggesting and testing a quantum-
inspired clustering strategy (QBCS) which uses Grover's algorithm to choose the best cluster head. We test this
method with detailed simulations and compare it to well-known clustering protocols like EDS-KHO and IKM-EPSO.
Our method works better in terms of energy efficiency, balanced energy use, and network lifetime. In
environments with limited energy, like wireless sensor networks (wsns), even small problems with how clusters
formed can cause network’s lifetime & coverage to drop a lot.

A thorough review of the literature and an analysis of trends revealed several significant research gaps that
proposed quantum-inspired clustering approach seeks to fill:

Computational efficiency gap: Bio-inspired algorithms that are already out there often have a lot of extra work to
do, especially when they are used in large-scale wsns. The quantum-inspired method defines quantum
parallelism to make calculations easier during still being able to find the best solution. Parameter integration
gap: Current methods only look at one parameter at a time, like energy, distance, or topology. They
don't completely combine these factors into a complete clustering framework. The suggested method
uses quantum principles to look the several factors at once and choose relevant cluster heads.

Adaptability gap: Most current algorithms don't work well when network conditions change or when energy is
spread out unevenly. The suggested quantum-based solution has ways to change parameters that work with
changing states of network.

Scalability gap: In large networks, clustering of traditional methods in general make things worse. The suggested
quantum-inspired algorithm performs consistently across various scales of network by effectively navigating
search space.

Energy hole prevention gap: Many ideas have put forward solve energy hole problem, but most of them focus on
fixing the symptoms instead of stopping them from happening in the first place. The suggested method utilizes
quantum optimization to balance energy use across network ahead of time.

The suggested quantum-inspired clustering strategy seeks to improve the state of the art in energy-efficient WSN
management by filling in these gaps and providing a unique solution that blends the computational benefits of
quantum algorithms with useful network optimization techniques.
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The Proposed Work

More and more people are studying quantum computing & algorithms which use quantum mechanics.
There are many algorithms that can be used for quantum applications. But Grover's is the best to finding
things that aren't organized & has used in many fields of optimization. The proposed (QBCS) is based on
this algorithm. We talk about this here before we get to part of Quantum Grover algorithm that is about
implementation. Because energy-efficient clustering is so important, most of research is focused on it.
Different clustering strategies have created using different methods, but the one being suggested uses less
energy.

Model and Assumptions for the System

In this study, the wireless sensor network is represented as undirected graph G = (V, E), where V = {v1, v2,
., vn} signifies collection of sensor nodes, and E illustrates communication links among nodes. The
suggested method uses quantum computing ideas to make clustering process better for wsns by making
them more energy-efficient and secure [33]. The system works based on the following main ideas:

1. After being placed in the sensing area, sensor nodes stay in the same place and don't move.

N

Every node has its own unique ID and can figure out where it is on the map.

3. The network has different kinds of sensor nodes, which means that they all start with different
amounts of energy.

4. There is a central base station (sink node) that more energy & computing power than the regular
sensor nodes.

5. There are three levels in the network: standard sensor nodes (cluster members), cluster head nodes,

a sink node that collects, processes data.

Algorithm of Grover

Grover's algorithm is a quantum search algorithm is much better than classical unstructured search
methods. It speeds up the search for an unstructured dataset by a factor of two. In wsns, where finding best
CH is a combinatorial problem with many possible node combinations, Grover's algorithm is a quick way
to find energy-efficient candidates from all the sensor nodes. It makes it easier to find a target item by
lowering the complexity from O(N) in a classical search to about O(vVN). In wsns, every possible CH
candidate is shown as a quantum basis state.

This quantum algorithm not only cuts down on the number of steps needed, but it also makes it more likely that
you will find the target element, which is a huge improvement in search efficiency. The algorithm goes like this:

Step 1: Setting up the state: Set the quantum state |{s) to zero.

We use a quantum register with log2(N) qubits to show N sensor nodes. Each basis state | i) represents a node,
with i ranging from 0 to N - 1. Using Hadamard gates, the system is set up in an equal superposition:

N-1
15
%=ﬁ;m (1)

In this case, | P) stands for the uniform quantum state that shows all sensor nodes as possible CH candidates
equally.

Step 2: Building the oracle transformation: Create an oracle Uf that changes the sign of the target item.
We create an oracle function f(x) that finds the nodes with the most energy based on how much energy they have

left and how far away they are from the base station. The oracle flips the amplitude of the state that corresponds
to the best CH candidate.

Urli) (=1)7@]i) (2)

Where f(i) = 1 if i is the target item, and f(i) = -1 otherwise.
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Step 3: Amplitude amplification: Set the diffusion operator, Ud.

The diffusion operator flips all amplitude vectors around the average amplitude, which makes it more likely
that you will find the best solution.

Ug =2* [Pyl (3)

Where I is the operator that gives you your identity. This operator flips all amplitudes around their average,
which makes the amplitude of the valid CH states that the oracle marks higher.

By applying the oracle Uf and the diffusion operator Ud about N times in a row, the chances of measuring
the best cluster head go up a lot. Finally, a measurement reduces the quantum state to the CH configuration
with the highest probability of being the most energy-efficient.

Quantum-Based Clustering Scheme (QBCS)

The network is divided into three different node categories by QBCS: sink nodes, cluster head nodes, and cluster
member nodes (also known as sensor nodes). Data aggregation from the member nodes in each cluster is the
responsibility of the cluster head nodes. The cluster sink node is used to keep an eye on the associated cluster and
store all of the cluster's nodes' energy data. The cluster head is selected by storing the observed results on the base
station node. When data is gathered and transmitted, this selection procedure saves energy. Each sensor node
transmits its current residual energy value in the control message that is transmitted during the cluster formation
phase in order to maintain current energy information. This reduces communication overhead by eliminating the
requirement for distinct signaling packets. These figures are combined by the base station to create an energy
status table. The QBCS algorithm then uses this table to select the subsequent cluster head.

Choosing best cluster head in wsns is very important for effective data aggregation and communication. QBCS
employs three fundamental principles of quantum mechanics:

. Superposition: In quantum physics, particles will be more than one state at the same time until they
are measured. QBCS uses this by letting each sensor node be part of more than one cluster at the same time
while the decision-making process, with different chances for every assignment.

. Entanglement: Quantum particles will be linked in a way which measuring one immediately affects
other. QBCS uses idea make sure that decisions about clustering nearby nodes are made in a way that benefits
everyone.

. Interference: Quantum waves can either make things stronger (constructive interference) or weaker
(destructive interference). QBCS uses mathematical interference patterns to favor clustering configurations
that save energy and block those that don't.

In the proposed architecture, the base station (sink node) will be in charge of running QBCS algorithm. It has
more processing power and energy resources than any other node. This design makes sure that the sensor
nodes with limited resources don't have to do complicated calculations. The only job of sensor nodes is to send
local status information (like remaining energy and location) to base station. The base station takes this
information, runs QBCS algorithm to find the best cluster heads, sends clustering decisions back to the nodes.
You can change Quantum Grover search algorithm to solve this optimization problem. Here three main types
of cluster-based data aggregation & data forwarding problems. As shown Figure 2. The first cluster's cluster
head is the closest to the sink node. As shown Figure 2. In second group, cluster head is not near the sink node.
But the sensor node is. In the third cluster, cluster head was chosen from a long distance away from sink node.
The cluster head is chosen a long way from the sink node. Here three clusters above, first cluster may use a lot
of energy because data is sent from neighbor node to sink node & from neighbor node to head of cluster. This
could waste energy. In the second cluster, sensor node sends data directly to their cluster head. This is good.
But it could use a lot of energy because cluster head is further away from sink node than the other cluster
nodes. Third cluster may use a plenty of energy because the head of the cluster will be far away from sink
node.
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Figure 2. Cluster communication.

The proposed QBCS solves these problems by making the most of energy use during three important
operational phases. The setup phase, steady-state communication, & data aggregation phase. The Grover-
inspired quantum algorithm will be used in the CH selection stage to find nodes that have both a lot of leftover
energy and a good location. QBCS is different from traditional protocols like LEACH, which use random CH
selection. Instead, QBCS makes sure that energy is distributed more efficiently and that there is less overhead
when the network is first set up.

This research work uses a complete realistic and physically based model based on loss of a long-distance
path with shadowing to model wireless communication and energy use. This model accurately represents
the significant signal attenuation resulting from distance and environmental variability, without depending
on idealized or overly simplistic assumptions. This is how to show the path loss at a distance d:

PL(d) = PL(dy) + 10.n.logy, (;—0) + X, (4)

PL(d0) is the reference path loss at a known distance d0, n is path loss exponent (usually b/w 2 and 4, depending
on environment), & Xo is a zero-mean Gaussian random variable that shows shadowing effects. The proposed
model is in line how wireless signals actually propagate & doesn't make wrong connection b/w multipath fading
& transmission distance. Because proposed WSN is set up in a fixed location, small-scale fading & Doppler shifts
caused by movement aren’t considered. This model will be here show how-signal loss changes with in distance. In
our simulation based on NS-3, we model these effects internally. We include below formula for completeness
because affects the communication energy model & the coverage assumptions. The first-order radio model is used
to figure out how much energy it takes to send and receive k bits of data over a distance dij:

Erx(k,di;) = k. Eetec + k. €qmp- A, (5)
The 'k’ part of the data is sent to another sensor node, which uses energy that can be shown as
Epx (k) = k. E¢ec (6)

Ex = Exx = Eelec, (7)
Etx and Erx are the energy use for coded modulation of single-bit data. Eelec is energy used by electronic
circuits for each bit, and it is energy needed by transmitter amplifier, which is scaled by propagation exponent

n. To figure out new residual energy of transmitting node "i," do the following:
Eresidual — pinitial _ ETX(k' dij)' ®)
L L

The sink node keeps track of energy status of all the nodes and uses this information to make better decisions
in the next clustering rounds. QBCS uses quantum search algorithms to combine energy and location
awareness. This done that the best cluster heads can chosen keep communication costs between clusters and
between clusters and sinks as low as possible. This uses quantum-based search algorithms to group things
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together in a way that saves energy. Nodes are usually grouped together for a number of reasons. But saving
energy is most important one. The selection of the cluster head is determined by distance between nodes &
their energy levels. The proposed work implements various cluster-based data aggregation & forwarding
methods utilizing the Quantum Grover search algorithm.

It will quickly choose best cluster head, and this method also uses less power, takes less time, and is less
complicated. Classical algorithms usually take longer to choose a cluster head than the method we suggest.
Number of iterations for selecting a cluster head is high in classical algorithms they can search for a long time.
The time complexity for choosing cluster nodes is usually shown as O(N). However, in this paper, the initial
iteration will find best cluster head in network, which means that the time complexity can be cut down by
O(N). Figure 3 shows how the QBCS algorithm chooses cluster heads.

The cluster head selection process used by QBCS is depicted in Figure 3. The base station uses Grover's quantum-
inspired optimization to select nodes that maximize energy efficiency and minimize transmission distance after
sensor nodes share residual energy and position information with it.

Algorithm QBCS

Problem definition: In context of WSN, problem is to find the most energy- efficient cluster head based on
certain criteria.

Figure 3. [llustration of cluster head identification using QBCS.

QBCS is made to choose more than one CH in wireless sensor networks while using as little energy. Algorithm
1 merges Grover's quantum search ideas with classical validation. In first step, all possible CH configurations
shown as binary strings. A "1" means that a node is a cluster head, and a "0" means that it is a regular node.
Then, these possibilities are put together in a uniform way to make a quantum state. The oracle function is
designed find valid configurations meet three important criteria: (i) number of chs must be close to the required
proportion of nodes, (ii) each CH must have residual energy above a certain level, and (iii) the chs must be
spread out in space to ensure good coverage and communication with the sink. To make these valid
configurations' amplitudes bigger, the diffusion operator is used over and over again.

Algorithm 1: QBCS Input:

N: The total number of sensor nodes br-to-break T: The number of Grover iterations |r): The initial quantum
state that shows all possible CH configurations

Ethreshold: The minimum amount of energy needed to be eligible for CH
P: The percentage of chs that you want (for example, 5-10% of all nodes)
Output: A set of the best cluster heads {CH1, CH2, ..., chk}, where k = p x N //Quantum Phase: Grover-based CH
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Candidate Search

1: Set up the Quantum Environment and the Quantum State |{) by using Equation (1). Use Hadamard gates to
make superposition:

W) = 1/VN 5 i)

2: Set the problem parameters N, T, and |s), and turn all possible CH configurations into N-bit strings, where 1 =
CH and 0 = regular node.

3: Set up an oracle Uf and Ud using Equations (2) and (3), and then use the Hadamard transformation to put
log2(N) qubits into a quantum register for equal superposition.

If (node_i.energy = E_threshold AND proximity_ok(node_i)): phase_flip(]i))
4:Fort=1to T,

5. Use Quantum Oracle Uf to mark CH candidates based on how close they are and how much energy they have.
6: If the node meets the CH selection criteria, apply a phase shift to make the amplitude more likely.

7: Use Grover Diffusion Operator Ud to make the amplitude stronger. 8: End For 9: Measure the quantum state
|¥) and choose the best CH.

10. Turn the measurement result into a set of candidate chs: {CH1, CH2, ..., chk}./Classical Phase: 11: Change the
quantum results into a classical CH list. Validation and Final Multi_CH Selection.

12: Final_CH_set = null 13: max_energy = -
14: For every node in the candidate CH set:

15: Use Equation (8) to find the remaining energy. 16: If node.energy is greater than or equal to E_threshold, then
17: Add node to final_CH_set.

18: End If

19: End For // If the quantum result is not valid, go to 20: If size(final_CH_set) < p x N then

21: Keep adding high-energy nodes from the rest of the list until you reach the target CH count.
22:End If

23: Return final_CH_set as the best multi-CH setup.

When you measure the quantum state, it falls to one valid configuration with more than one CH. In the second
phase, the candidate chs from the quantum step are checked using the residual energy equation to make sure that
each node can do its job. If the number of chosen chs is less than what is needed, more high-energy nodes are
added to reach the desired percentage.

INPUT: N, T, 1wy, Fopnrennotds P
OUTPUT: Optimal Cluster Head Set (CH, CH,. ..., CHL), whore k = g = N
OUANTUM PHASE: GROVER-BASED TH CANDIDATE SEARCH
1. Initialize Quantum State 3. Encode Problem 3. Define Oracle (L7,)
Apply Hedsmend getes To Ercode all possible CH Mark states whare
crmate auperposition Jrr— configurations me N-bit — node, onergy = Fopvosnote
1) L ST ‘ ’ wtrings {7 = CM, O = rogular) AN prostrmity ol{rode, )
VN =~ . apsphy phose Mo [4)
1( Fart » Y 7T }‘
| 4. Apply Oracle (L1,) | | % Apnply Diffusion Operator (L,) |
Mark Ci candidatas - Amplity ampilitudes of
Dased On onoTyy % | mrorhod slotes
proximity (phase shity) ‘
B Moasure Quantum State (o) | 7. Decode Rasult
Obtain optimal CH candidates # - Deoode measucermont result o
candidate CH set {08y, Sy, ., CHL)
CLASSICAL PHASE: VALIDATION & FINAL MULTI-CH SELECTION
3 2. Far each nade in A tw
1. Convert Guantum Heosults veos o, Add node to |
to Cinssical CH List ‘—> candidate CH swet: [~ node.enargy = Tt £54 mot
| Compute residust energy | Eenreenevcal SRy =
‘ No
| Ship Node |
2 Yes 6. Add Kigh eners gy nodes
. 1e size(final _CH_set) . - from remaining list until
<px NP Larget ©H count is resched

wo l J

7. Return final_ CH_set
R R T LR o 2 ll’bll'loll'."llll
(2, ClEa. ., CTHL)
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Fig.4.The Methodology diagram of Quantum Inspired Clustering Scheme.

So, final output is a set of chs instead of just one node. This makes sure that the algorithm can work with big
networks. Oracle function only marks valid subsets, and amplitude amplification makes it more likely that you will
be able to measure these optimal states. Measurement determines the final CH configuration by collapsing
quantum state to subset of nodes that uses the least energy. This process of choosing multiple chs is similar to how
wsns are actually set up. In each round, a certain number of nodes act as cluster heads to balance energy use,
extend the life of the network, and improve overall performance.

Let's think about a small wireless sensor network with six sensor nodes. Choosing more cluster heads uses up the
network's energy faster, so the goal is to choose two cluster heads that will cover the whole network while using
the least amount of energy. A node can be a regular node or a cluster head. Tables 3-5 show energy levels and the
distance matrix for pairs.

Six qubits are used to show the state of each node:
¢ Anodeisa CHifithasa"1"init.

¢ "0" means a normal node.

Let's say there is a quantum computer that can handle six qubits. Changing the Algorithm:

Quantum Representation and Initialization:

There is a superposition of quantum states for each possible cluster head. In this case, six qubits are used
to show the states of the six nodes. Using Hadamard gates, the quantum state |{) is set up in equal
superposition:

y) = ﬁz%iaﬂz') 9)

Each state represents a possible CH selection.

Oracle Definition: CH Candidate Selection:

A quantum oracle Ufis used to choose CH candidates based on their energy level and how close they are to each
other. Make an oracle operator that can tell which state is the best cluster head based on the right attributes. This
oracle shows the best state. To make things easier, let's say that only the states with two "1"s (which mean two
cluster heads) are valid. The oracle changes the phase of states where nodes have energy Ei > 0.75 |. The starting
energy levels are as follows: Node 1=0.8], Node 2=0.9], Node 3=0.7],

Table 3. Initial node energy levels.

Node Initial Energy E«J)
1 0.82
2 091
3 0.74
4 1
5 0.62
6 0.94
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Node Pair
(1.2)
(1,3)
(1,4)
(2.3)
(2.4)
(3,5)
(4.6)
(5,6)

Distance d (m)

3

LR R R s T e BV ]

Table 5. Pairwisc distance matrix representation of sensor nodes,

Node Distance
State Nodes Node 1 Node 2 Node 3 Node 4
000000} 1 0 3 5 7
000001) 2 3 0 4 2
000010) 3 ) 4 0 6
000011) 4 7 2 6 0
000100) 5 2 6 4 5
000101) 6 6 8 3 2

and Node 4 =1.0].

The CH nodes that can be used are 1, 2, 4, and 6. The valid CH states are

{|110000),/100100),/100001),/010100),]010001),]000101}, which correspond to the CH pairs (1,2), (1,4),
(1,6), (2,4), (2,6), and (4,6). After that, flip the phase of the states |[110000), |101000, ..., and

|000011).U£|100001) = —|100001),

After applying the oracle, the state |[100001)|100001)|100001) (Nodes 1 and 6 as chs) is marked as optimal.

6.

Amplitude amplification:

Use Grover operators to make the probability amplitude for the best cluster head stronger. This is
accomplished by repeatedly applying the oracle and inverting the mean operations.

(10)

2|y |=

R~

2. Iterations:

Do the oracle and amplitude amplification steps a few times. Let's say two times.

2.1.

1 1
: A ¢
1 QU i |

Apply oracle Us: Apply the oracle to the quantum state:
Ut | ) =Us- \/%(l 000000)+ | 000001)+---+| 100001)+---+| 111111))

For marked states such as | 100001)|100001), the amplitude sign is flipped: 1
(12)

Ut | §) = %u 000000)+ | 000001 )+- -~ — | 100001)+- -+ | 111111))

(11)
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2.2. Apply Grover Diffusion Operator Ua:

Ua - Ur [ @) = (2 [ WX | -1)-Us | ) (13)

This amplifies the probability of valid CH states (e.g., | 100001)|100001), | 010001)
[010001), etc.).

Measurement and cluster head selection:

We do a projective measurement on the quantum register after running the oracle Uf and the diffusion operator
Ud for the number of iterations we chose (in this case, two). The Grover procedure increases the amplitude of the
marked (valid) two-CH states, which are the ones in the set {| 110000), | 100100), | 100001), | 010100}, | 010001},
[ 000101)}.

As an example, let's say that the measurement brings the register down to the basis state | 100001). If you map
this binary string to node indices (leftmost bit = Node 1, rightmost bit = Node 6), you get chs at Node 1 and Node
6. This result is correct because Node 1 (0.8 ]) and Node 6 (0.95 ]J) both meet the energy eligibility requirement of
Ei=0.75.

Post-processing (classical validation):

e Decode the measured bitstring |[100001— |100001)— CH pair (1,6);

e Recompute residual energies using Equation (8) and confirm both nodes still meet Ei = 0.75;

e Check the spatial and proximity limits (coverage and distance between clusters) for chs 1 and 6.

o If the validation is successful, accept 1,6 as the final CH set for this round. If it isn't, which is rare, use
the fallback classical selection (highest-energy eligible nodes) to get the required number of chs.

Results and Discussions

The quantum-based method for choosing energy-efficient cluster heads has big effects on progress of wsns. A
comparison is made between the quantum-based method traditional ways of choosing a cluster head. Quantum
algorithms showed that they could find the best solutions faster, which made the process of choosing a cluster
head more efficient. We chose NS-3 (Network Simulator 3) as simulation environment. This is a discrete event
network simulator that is often utilized in research on wireless sensor networks. NS-3 fully supported modeling
physical features of a 100 x 100 m2 deployment area & accurately simulating energy use at different node
densities (100-500 nodes). IBM's Qiskit framework was connected to NS-3 to use quantum-inspired
optimization and put the proposed QBCS algorithm into action. This integration was made possible by
middleware based on Python 3.10 got node energy & position data from NS-3.37 after each round, ran QBCS
algorithm on the Qiskit Aer 0.13.2 simulator, and sent ids of the chosen cluster heads back to NS-3 for the next
round. This setup let us use Qiskit's quantum circuit design tools to improve the cluster head while still keeping
NS-3's strong network simulation features.

Using Qiskit's circuit composer and simulator, the QBCS algorithm was put into action. The results were then
easily added to NS-3 through the custom interface. Researchers were able to test Grover's algorithm for energy-
efficient clustering in a controlled setting with this hybrid framework. They could change network parameters
like node density, communication range, and energy consumption to compare QBCS to EDS-KHO, IKM-EPSO, and
MSSA-DSSA-KMEANS. The entire simulation was run on an Intel i7 system with 16 GB of RAM. QBCS added an
average of 18 ms of overhead per round, and the CPU usage stayed below 35%. This shows that the integration
doesn't add much to the computational cost and can be used for larger WSN deployments.

We want to make it clear that this paper does not try to give a full analysis or specific performance statements.
Instead, it tries to show that quantum search methods can help save energy, balance the load on a network, and
make wireless sensor networks last longer. In order to do more work, like making a mathematical model, using
optimization methods, and putting the results to use in real life, we need to draw conclusions from the
simulation. This research lays the groundwork for subsequent investigations employing advanced mathematical
proofs, models incorporating stochastic effects, and more comprehensive methodologies in the examination of
diverse networks.
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This hybrid framework yielded quantum computational advantages and enhanced network-level energy
efficiency benefits from the QBCS protocol compared to conventional alternatives. The parameters for the
simulation are shown in Table 6.

Table 6. The input parameter.

Parameter Value
Deployment Area 150 > 150 m?

Number of Nodes 500 nodes

Data Packet Size 4096 bits
Percentage of Cluster Head 5-10%
[nitial Energy (Eo) 0-51J
Electronics Energy (Eelec) 70 nJ/bit
Energy for Data Aggregation 5 nJ/bit
Transmission Energy (Etx) 50 nl/bit
Reception Energy (Erx) 50 nJ/bit

Welooked athow to setup a WSN ina 100 x 100 m2 area. The network has a number of nodes that changes
between 100 and 500. Each node in this network follows a clustering scheme, which means that cluster
heads are chosen. These cluster heads make up 5% to 10% of all the nodes.

The packets of data that are sent and received on this network are always 4096 bits long. To start the
system, each node gets an initial energy level (EO) that ranges from 0 to 5 joules. To measure energy use,
we need to know the following: electronic energy (Eelec) used at a rate of 70 nj/bit, and energy used for
transmission (Etx) and reception (Erx) processes, which each use 50 nj/bit.

The proposed clustering protocol was tested over a period of 2500 rounds of simulation. The analysis
concentrates on three principal factors: energy consumption, network longevity, and data packet delivery
efficacy. The primary objective is to assess the influence of various deployment scenarios on overall
network efficiency by altering both the number of nodes and the initial energy levels. This research
illustrates enhanced cluster head selection via quantum-inspired optimization in suboptimal channel
conditions, grounded in simulation estimates. Future work where quantum sensing and QML-based
adaptive power control would be included to remove idealized assumptions and replace them with realistic,
hardware-compatible strategies as well.

Table 7 below shows the main features and differences in how the proposed QBCS algorithm works compared to
EDS-KHO, IKM-EPSO, and MSSA-DSSA-KMEANS.

Figure 4 shows the total energy use for each protocol that is being looked at. It is clear that QBCS is the best of the
protocols because it is the most energy-efficient. Also, the suggested method cuts down on energy use at many
sensor nodes by a lot. It uses 21.56% less energy than EDS-KHO, 16.13% less than IKM-EPSO, and 13.54% less
than MSSA-DSSA-KMEANS.Table 7. Operational characteristics and performance comparison.

Improved l]\)/[SSSSAAK QBCS
Parameter EDS-KHO K-means - (Proposed

EPSO Means )

Hybrid
. Krill herd Hybrid K- Hybrid Quantum-

Clustering timizati means + Swarm- based
Method EE a Enhanced Autoencod claus seterin

PSO er with K- 5
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Figure 6. Comparison of energy consumption of the proposed algorithm with EDS- KHO, IKM-EPSO, and
MSSA-DSSA-KMEANS are all ways to group things.

Figure 7 shows that the number of dead nodes has gone down a lot. QBCS shows great results, cutting the
number of dead nodes by 58.5% compared to EDS_KHO, 48.23% compared to EPSO_IKM, and 23.8%
compared to MSSA-DSSA-K Means. The results show that QBCS greatly extends the life of networks while
using fewer resources in wsns.
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Figure 7. Comparison of dead node reduction of the proposed algorithm with EDS-KHO, IKM-EPSO AND
MSSA-DSSA-KMEANS clustering techniques.

Figure 8 shows how the data packet is sent from the CH to the BS after each round of execution. The
proposed QBCS algorithm shows a big improvement in the packet delivery ratio. QBCS, on the other hand,
has a 35.34% higher packet delivery rate than EDS-KHO, a 29.33% higher rate than IKM-EPSO, and a 24.8%
higher rate than MSSA-DSSA-KMEANS. These results show that QBCS is good at making sure that data
packets get to the base station more reliably while still keeping wireless sensor networks running smoothly.

Comparison of Packet Delivery Ratio
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Figure 8. Comparison of the packet delivery ratio of the proposed algorithm with EDS-KHO, IKM-EPSO, and
MSSA-DSSA-kmeans clustering techniques.

This analysis elucidates the complex interrelationships among system variables and their impact on the
efficacy of the WSN in practical environments.
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To account for randomness in node placement and to check the statistical stability of the proposed QBCS,
each simulation scenario was run ten times with different random seeds. This method adds natural
variation to the quality of links and the spatial distribution of nodes between runs. We figured out the
average energy use for each case and added standard deviation values to show how consistent the
performance was.

For example, the energy use with 10 cluster heads was 0.41 ] (0.012 ]), which shows that the QBCS
algorithm is very stable and doesn't change much between runs.

Figure 9 shows how changing the number of cluster heads affects the average amount of energy used. The
average energy usage drops from 0.45 ] to 0.38 ] as the number of cluster heads goes up from 5 to 15. This
shows how QBCS effectively shortens the distances between clusters. The protocol uses Grover-inspired
quantum search to find cluster heads based on how much energy is left and how close they are to each
other. This makes it more efficient.

Also looked at were energy efficiency, network lifetime, and the packet delivery ratio (PDR). QBCS showed a
30.5% increase in network lifetime over EDS-KHO, which was measured by how long it took for the first node to
run out of energy. The main reason for this extension is better load balancing between nodes. Additionally, the
PDR went up by 19.8%, which means that the data is more reliable and there are fewer dropped packets. This is
very important for WSN applications that need to be time-sensitive. These numbers show that QBCS not only
saves energy but also keeps communication strong throughout the life cycle of the network.
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Figure 9. Impact of the number of cluster heads on average energy consumption.

Figure 10 uses a dual-axis graph to compare three quantum-inspired clustering algorithms: QTSA, QGAC, and
QBCS. QBCS is clearly better than QTSA and QGAC because it uses about 25-30% less energy and lasts up to 20%
longer. This improvement is due to QBCS's use of Grover's amplification amplitude, which makes the calculations
easier by changing them from O n2 (like in QTSA and QGAC) to O Vn. This speeds up CH selection and balances
energy better.

These results show that QBCS can work well with a wide range of node energy levels and in real-world WSN
situations. In our simulation, QBCS needed 12 iterations for 500 nodes, while GA-based clustering needed more
than 200 iterations. Even though our current test only looks at up to 500 nodes, the trend we've seen and the
theoretical complexity we've found suggest that wsns with thousands of nodes could work in practice. The
algorithm also runs at the base station, so the sensor nodes don't have to worry about extra processing power.
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Figure 11. Energy and network lifetime performance analysis of quantum-inspired algorithms with the
proposed algorithm.
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The proposed algorithm can choose the cluster head the fastest. Classical clustering algorithms in wsns
frequently encounter significant computational overhead, unbalanced energy consumption, and restricted
adaptability. In contrast, quantum algorithms provide benefits that surpass mere speed. Quantum-based
clustering can look at a lot of different cluster head configurations at the same time by using quantum
principles like superposition, entanglement, and amplification. This makes it more likely that it will find
globally optimal solutions instead of just local ones. This feature is especially useful in large-scale WSN
deployments with hundreds or thousands of nodes, where traditional methods have a hard time keeping
things running smoothly. Quantum-inspired methods also make systems more scalable by lowering
complexity from linear or quadratic levels to O(Vn). They also work with nodes that have different energy
levels and deployment densities. Quantum-inspired methods are flexible enough to allow for more even
energy distribution, protection against early node failures, and better fault tolerance. These are all
important for real-world WSN applications like precision agriculture, healthcare monitoring, and disaster
management. So, adding quantum algorithms to clustering does more than just speed up calculations; it also
makes wsns more scalable, robust, and long-lasting.

Conclusions

This study utilized quantum algorithms to improve the efficiency of cluster head selection in wireless sensor
networks (wsns). The suggested algorithm uses quantum computing methods to quickly and energy-efficiently
choose the cluster head in wsns. The combination of quantum algorithms has made cluster head selection much
more accurate and effective, which has saved energy and made the network last longer. The algorithm's ability
to do multiple calculations at once on superposition states improves the selection process and saves a lot of
energy. This has direct effects on situations where sensor nodes are deployed far away or can't be reached. The
suggested scheme works better than other clustering schemes. Computational requirements may restrict large-
scale implementations; however, forthcoming research will tackle issues of reliability, latency, and security,
while also investigating the incorporation of the proposed algorithm into practical networking systems. The
possibility of quantum improvements, like more qubits, is recognized, and the future of quantum-enhanced
computing in networking systems will depend on how well people can adapt to new quantum technologies.

The present assessment is confined to static simulation scenarios; forthcoming research will broaden QBCS to
dynamic environments, integrate adaptive re-clustering, and investigate its synergy with quantum machine
learning for extensive real-world implementations.
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