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ABSTRACT

Energy efficiency and reliable communication continue to be critical challenges in Wireless Sensor
Networks (WSNs), primarily due to the limited energy resources of battery-operated sensor nodes. To
address this, the present study introduces a novel hybrid machine learning—driven clustering and routing
framework that combines swarm intelligence with reinforcement learning for adaptive, energy-aware
network management. Unlike traditional clustering schemes such as Low-Energy Adaptive Clustering
Hierarchy (LEACH) and Hybrid Energy-Efficient Distributed (HEED), or single-heuristic approaches like
Particle Swarm Optimization—based Cluster-Head selection (PSO-CH) and Artificial Bee Colony-based
Cluster-Head selection (ABC-CH), the proposed design integrates PSO and ABC algorithms with a Firefly-
based exploitation mechanism for improved CH selection. Additionally, a Q-learning-assisted adaptive
decision layer enables each node to autonomously refine CH participation and routing choices, whereas a
fuzzy logic and Genetic Algorithm (GA)-tuned reinforcement learning model dynamically optimizes inter-
cluster routing paths. Extensive MATLAB simulations demonstrate that the proposed hybrid model
achieves up to 25-30% improvement in network lifetime, with delays in First Node Death (FND), Half
Node Death (HND), and Last Node Death (LND) compared to benchmark protocols. The framework also
achieves a 20% reduction in energy consumption per delivered packet, a 15% higher Jain's fairness index,
and near-unity Packet Delivery Ratio (PDR) across all test configurations. These gains confirm more
balanced energy utilization, stable connectivity, and efficient data aggregation even in large-scale
topologies. By unifying metaheuristic exploration, learning-based adaptation, and fuzzy optimization, the
proposed approach closes the existing gap between static clustering and adaptive routing, offering a
scalable and intelligent solution for real-world WSN and Internet of Things (IoT) applications.

Keywords-Wireless Sensor Networks (WSNs); hybrid swarm intelligence; reinforcement learning; adaptive
routing; machine learning

I.  INTRODUCTION

Wireless Sensor Networks (WSNs) have been deployed in
applications ranging from biological and environmental
monitoring to healthcare, defense, industrial automation, and
smart agriculture [1]. A typical WSN is composed of many

small numbers of compact, low-power sensor nodes that team
up to sense and collect environmental data, perform local
processing, and communicate the results to a sink or Base
Station (BS).

A node can become a candidate for Cluster Head (CH) if
the energy level is more than 20% and it demonstrates high
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performance in terms of stability and productivity [2]. Several
hybrid and metaheuristic-based approaches have been proposed
in the literature to enhance CH selection and energy efficiency.
A Hybrid Artificial Bee Colony—-Monarch Butterfly
Optimization Algorithm (HABC-MBOA) scheme was
proposed in which the employee bee phase of Artificial Bee
Colony (ABC) was replaced by a mutated butterfly operator to
prevent early trapping into local optima [3]. Similarly,
hybridization of a modified ABC and the Firefly algorithm was
used to replace the worst position selected during the bee phase
by introducing a new equation that replaces it in the onlooker
phase of ABC [4]. Chaotic maps were introduced to the Reptile
Search Algorithm (RSA) to select optimal CHs, boosting
diversity and preventing the algorithm from being trapped in
local minima [5]. A double Firefly approach for clustering in
large WSNs was implemented in a decentralized manner to
improve the efficiency of the network [6]. The PSO-EEC
algorithm employed a fitness function based on the energy ratio
and node distance from the CH to select the CH, whereas relay
nodes were nominated using a fitness value based on the
remaining energy of the node [7]. The EPOA-CHS scheme was
proposed to solve the issues observed in heterogenous
networks by combining the Levy flight method with the POA
algorithm [8]. Swarm optimization fused with a Genetic
Algorithm (GA), along with adaptive hierarchical routing, was
investigated in [9] to balance the energy usage of each node
through distributed data transmission. Rank-based selection
was utilized in an improved LEECH version to primarily
enhance CH election, thus achieving greater stability and
maximizing node coverage [10]. The DEECRP-DRL addressed
the hotspot problem by forming unequal clusters using a fitness
function evaluated through multiple metrics [11]. Wireless area
networks, however, face challenges related to interference and
power limitations, which can be mitigated using adaptive
transmission power [12], multi-hop communication [13] and
intelligent relay nodes [14]. The tree-based Hybrid Fuzzy C-
Means Genetic Algorithm (HFCM-GA) reduced energy loss
through centralized clustering and improved the Packet
Delivery Ratio (PDR) [15].

The NN_ILEACH protocol integrates an energy hole
removal mechanism to mitigate energy depletion in traditional
Low-Energy Adaptive Clustering Hierarchy (LEACH)
methods [16]. Other approaches introduce secondary CHs to
support data aggregation and improve energy utilization when
primary nodes exhibit limited performance [17]. The Hybrid
Energy-Efficient Distributed (HEED) clustering protocol
addresses non-uniform node distribution to extend network
lifetime [18]. Reinforcement learning—based routing protocols
further enhance energy efficiency by enabling nodes to learn
optimal transmission policies over time [19, 20]. Q-learning
has been widely adopted to determine optimal parent nodes in
routing trees by designing reward functions based on cognitive
metrics [21]. To avoid early convergence, adaptive weights
have been applied to update particle states and improve global
optimization capability [22], whereas chaotic GAs have been
used to identify optimal routing paths through chromosome
encoding [23]. Genetic operators such as crossover and
mutation have also been employed in the EOR-iABC protocol
to enable energy-aware CH selection [24]. Comparative studies

evaluating protocol performance under diverse network
conditions are presented in [25, 26]. Finally, the enhanced
protocol HEED-VCH has been developed to improve energy
efficiency, network lifetime, and reliability by introducing a
Vice Cluster Head (VCH) in every cluster that replaces the
primary CH in case of a CH failure. This approach reduces the
overhead of re-clustering [27].

This work proposes a hybrid method to control energy and
data flow in WSNs. It combines different swarm intelligence
methods with adaptive machine learning to make the system
both efficient and self-learning. The clustering method uses
ideas from Firefly, Particle Swarm Optimization (PSO), and
ABC algorithms to (i) explore better stability and (ii) improve
existing solutions, helping the network avoid getting stuck too
early. Q-learning is used by every node in the network to
decide its turn to become a CH. On the routing side,
reinforcement learning and fuzzy genetic tuning work
collectively to balance data transmission based on remaining
energy, traffic, and connection quality.

II. PROPOSED METHOD

This paper proposes a hybrid swarm intelligence and
reinforcement learning framework for clustering and energy-
aware routing. The clustering stage embeds Firefly-inspired
exploitation within PSO and ABC exploration, creating a
balanced process that prevents early convergence while
effectively distributing CH roles. A Q-learning strategy is
integrated to allow nodes to autonomously learn optimal CH
selection policies over time, adapting to energy dynamics and
local conditions. For inter-cluster routing, reinforcement
learning combined with fuzzy-weighted genetic tuning
dynamically adjusts routing weights based on residual energy,
link quality, and traffic load, ensuring energy-efficient and
reliable data delivery.

We embed firefly-style exploitation into a PSO + ABC
search:

e PSO supplies momentum and cognitive/social pulls
(exploration).
e ABC (employed/onlooker) provides greedy local

perturbations (diversification).

o Firefly attraction intensifies search around high-fitness
candidates (exploitation).

A continuous vector encodes CH likelihoods, and the top-K
entries yield the CH set. The fitness function blends: (i) mean
CH energy, (ii) mean member-to-CH distance, (iii) energy
balance (variance), and (iv) CH count regularization and
rotation penalty.

A. Per-Node Q-Learning for Local Autonomy

Each sensor discretizes its state (residual energy, proximity
to BS, neighborhood density, recent cluster load) and learns
actions: become CH versus join nearest/best CH. Rewards
favor energy saving, short joins, and balanced cluster sizes.
This lets nodes override or refine global suggestions when local
conditions change.
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B. Adaptive Inter-Cluster Routing

For inter-cluster routing, a fuzzy cost function evaluates
candidate next hops based on residual energy (E), distance (D),
and traffic/queue (T), producing a scalar link cost that guides
the reinforcement learning-based routing decisions. Each CH
uses reinforcement learning to select next hops online, aiming
to minimize cumulative cost and packet drops. To further
enhance routing efficiency, a periodic GA tunes the fuzzy
membership boundaries and optimizes the combination of E,
D, T, and fuzzy terms (a, B, v, ). The algorithmic details are
as follows:

e Stepl: Fitness: F = wy Ecy — Wod, g — Wavar(E) + -+

e Step2: PSO updates:
¢12(g = ¥) y <y +9.

Ve wd+con(p—y)+

e Step3: ABCstep: y; < y; + ¢(v; — yj(k)),

2
o Stepd:  Firefly: y; « y; + Boe il j—»)+e
if F; > F..
e Step5: Q-learning: Q « (1 —1)Q + n[r + y maxQ'] with
e-greedy policy.

e Step 6: Fuzzy link cost: rule-based defuzzification over (E,
D, T) for link/shortest path selection.

e Step 7: GA evolves fuzzy parameters and routing weights
to maximize First Node Death (FND), Half Node Death
(HND), and Last Node Death (LND) throughput.

C. System Model and Energy Model

The proposed design is built upon a combination of swarm
intelligence, reinforcement learning, fuzzy reasoning, and
evolutionary strategies, all integrated to address the essential
challenges of CH election, cluster formation, and adaptive
routing in WSNs. At its core lies the energy consumption
formulation, which adopts the widely used first-order radio
communication model:

e Network: N static sensor nodes in area A X A, with a single
BS.

e Radio model: First-order model.

EAsspq®, q<qq
EAmppq*, q 2 qo

,EA <
EArec(p) = EAelep! qo = ﬁ (2)

where EAg, =50 pl/bit, EAps =10 plbit/m®, EA,,, =
0.0013 pJ/bit/m*.

EArrans(0,q) = EAgiep + { (D

D. Hybrid Swarm—Q Reinforcement Learning for Cluster-
Head selection

1) Representation and Fitness

A candidate solution is represented as a continuous vector
b €0,1]Y A threshold function is applied to convert it to
binary a = 1[c(b)] , indicating the selected CHs while
enforcing |{i: a; = 1}| = K through a penalty term.

The fitness function, which is maximized, combines
energy, distance, and balance:

F= WlEACH - Wzdmtra - W3var(EAmembers) -
Wy CHcountpenalty — W5 rotationpenqiry 3)

where:
e EA(y: mean residual energy of the CHs.

® d,..rq: Mmean distance between cluster members and their
CHs.

e Balance (var(EAempers)): low variance of members'
energies.

e Rotation (rotationyenairy): penalizes re-electing the same
CHs too often.

e w;: tuned weights.

2) ABC-PSO Core with Firefly Exploitation (Per Iteration)

In the hybrid swarm approach, candidate CH positions are
updated using a combination of PSO, ABC, and Firefly-
inspired exploitation. The PSO component provides global
exploration by updating velocities and positions according to:

U< wu+ Clrl(pbest - b) + Czrz(gbest - b)'
beb+u 4)

where w is the inertia weight, and c;, c, are the cognitive and
social coefficients.

ABC refines local search for a randomly selected
dimension i:
b; « b; + @(b; — bf), ¢~U[-11] )

where onlooker bees select solutions proportional to fitness and
scouts introduce diversity.

Firefly-inspired exploitation intensifies the search around
promising CH candidates, using an attractiveness decay
function:

B(r) =Poe (6)

where [, is the base attractiveness, y is the absorption
coefficient, and r is the distance between fireflies. For a pair of
candidates i, j with F; > F;, positions are updated as:

2
b « by + Boe Vbl (b, — b)) +eN(0,1)  (7)

Equation (7) also functions as a scout reset for standard
individuals and feasibility repair, keeping exactly K CHs at the
top-K entries of b and zeroing the rest. Recommended
parameters for improved accuracy and faster convergence are:
swarm/population 40-60, iterations 80-120, w = 0.7, ¢; =
¢, = 15,8, =1,y =1, scout limit 10, and T = 0.5.

3) Per-Node Q-Learning for Finalizing Cluster Head
Decisions

At the node level, reinforcement learning is applied for
adaptive decision making. Each node maintains a Q-table,
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where the Q-value for an action a in state s is updated
according to:

Q(s,a) « Q(s,a) +afr +ymaxQ(s',a’) — Q(s,@)] (8)

where a is the learning rate, y is the discount factor, and r is
the reward based on energy efficiency and successful packet
delivery. This reinforcement loop enables nodes to
autonomously adapt their cluster membership and next-hop
routing decisions to maximize long-term energy efficiency and
reliability. The exploration—exploitation balance is maintained
through e-greedy policies, where actions are chosen randomly
with probability € or greedily otherwise.

Each node's state s; is discretized into bins corresponding
to: residual energy, node degree, distance to BS, and recent CH
load. Each parameter is discretized into 3-5 levels. The action
set is defined as:

a € {become_CH, join_neighbor_CH;} ©)
The immediate reward for node i at round t is calculated as:

1. = @(BEA,p — EAT™) + B (

1 d(i,cHj)
do

)
1+cluster size

(10)
Equation (10) updates the Q-values as:
Q(s,@) = (1 =m)Q(s, @) + 7 [r +ymaxQ(s',a)] (1)

The swarm-based CH proposals provide candidate CHs,
and Q-learning allows each node to accept or decline a
proposed CH, selecting which CH to join. This combination
yields energy-balanced clusters that dynamically adapt over
rounds.

4) Hybrid Swarm—Q Adaptive Inter-Cluster Routing

Inter-cluster routing weights are determined using fuzzy
and evolutionary integration. The routing cost function
combines residual energy (E,), distance to the sink (d), link
quality (L, ), and traffic load (T ) through a weighted
aggregation:

W=a-—+B-d+y-—+6-T (12)
Ey Lq

where «, 8, v, § are tunable coefficients, optionally optimized
via a GA. Chromosomes in the GA encode weight vectors, and
crossover and mutation operations evolve weight distributions
to minimize end-to-end cost while maximizing delivery and
balancing energy use.

To build the CH routing graph, edges are created among
nearby CHs and the BS. For a potential next hop j from CH i,
the edge weight is computed using a fuzzy system with the
following inputs: residual energy E; (low/med/high), distance
d;; (short/med/long), and queue/traffic T; (low/med/high). The
fuzzy output produces a cost class (light/moderate/heavy),
which is mapped to a numeric weight w;, € [0,1] . The
combined link cost equation is expressed as:

Cij=ad,+p(1—-E)+yT, + s, (13)

Reinforcement learning is implemented in a distributed
manner at each CH. The state vector encodes neighbor features,
and the action chooses the next hop. The reward is defined as
R = C(;j —k, incorporating a drop penalty, and Q-learning
updates are applied to refine routing decisions.

GA-based optimization is applied periodically or offline to
evolve (a, B,v,6) as well as fuzzy membership boundaries
and rule weights, aiming to maximize episodic network
lifetime (measured via FND/HND/LND) and throughput.

III. RESULTS AND DISCUSSION

A systematic MATLAB-based simulation study is
conducted to evaluate the effectiveness of the proposed
clustering and routing method, with the simulation plan
defining the scenarios, performance metrics, and validation
procedures. The scenarios are varied systematically by scaling
the number of nodes N € {100,200,300} and the area size
A € {100,200} m, testing both a centrally placed sink and a
sink located outside the field. Each node starts with an initial
energy of E, = 2 J, and communication involves 4 kbit data
packets and 200-bit control packets. To capture realistic traffic,
both periodic sources and Poisson burst arrivals are simulated,
with the option to add hot-spot nodes that generate a heavier
load. The experiments are run not only with the proposed
hybrid swarm and reinforcement-learning-based clustering but
also against established baselines such as LEACH, HEED,
PSO-CH, and ABC-CH, which can be toggled within the driver
script for fair comparison. Table I summarizes the set of
parameters used in the simulation.

TABLE L SIMULATION PARAMETERS
Network parameter Values
Sensing area (100 m x 100 m), (200 m x 200 m)
Number of nodes 100, 200, 300
Data packet size 4000 bits
Control packet size 200 bits
Location of the BS (50, 50)
Initial energy 2]
Energy for electronics 50 nJ/bit
Energy for the amplifier 0.0013 pJ/bit/m4

Figure 1 illustrates the number of active nodes across
simulation rounds, with critical lifetime indicators annotated.
The results depict that FND occurs very early at round 1,
suggesting that some nodes experience excessive load at the
beginning—Ilikely because of their location near the BS or
frequent selection as CHs. The point where half of the nodes
are depleted (HND) is observed at round 44, whereas the final
node failure (LND) appears around round 222, defining the
complete lifetime of the network. These outcomes explain that
even if a few nodes fail at the start, the proposed framework
successfully preserves connectivity and sensing capability for
over 200 rounds, ensuring reliable operation throughout most
of the simulation period.
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Fig. 1.

Figure 2 shows that higher workloads on some nodes can
be observed through rapid energy decay, suggesting faster
energy depletion. However, the energy profile shows a
relatively smooth decay without sudden drops. This implies a
balanced distribution of energy among most of the nodes. The
Jain's fairness index is used to evaluate the shared network
load.
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Fig. 2. Energy consumed over rounds.

Figure 3 shows that the packet delivery rates are high in the
early round and diminish as nodes die, as seen in the
throughput curve measured at the BS, which closely follows
the alive-node curve. By the time residual energy is depleted,
the throughput converges to zero, emphasizing the direct
dependence of end-to-end data delivery on node availability.

Throughput at BS
150 T T 9 P : ;
2
g 100 1
&
©
S
@ 50 1
o
0 | ‘
0 100 200 300 400 500 600
Round

Fig. 3. Throughput obtained over rounds.

Figure 4 shows that both the average cluster size and its
standard deviation decrease swiftly within the first 100 rounds,
demonstrating the quick formation of smaller and more
balanced clusters. After about 200 rounds, these values
stabilize at low levels. This indicates minimal changes in
cluster size across nodes and over time, suggesting increasingly
uniform and possibly energy-efficient cluster formation as the
rounds progress.

Figure 5 illustrates the flow-level Quality of Service (QoS)
in the network. The PDR is consistently near to 1 across all
flows, indicating nearly perfect reliability in data delivery
despite node energy depletion. The mean end-to-end delay
remains within 2.5-3.5 slots, reflecting low latency and stable
routing performance. Energy consumption per delivered packet
shows some variability, ranging between 3 J and 6 J, but
remains within acceptable bounds, highlighting efficient use of
resources. Overall, the system ensures high reliability, low
delay, and controlled energy cost across multiple flows,
demonstrating the robustness of the hybrid clustering and
routing design.
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Fig. 4. Cluster size over rounds.
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Fig. 5. Flow-level QoS performance under hybrid swarm-reinforcement

learning routing.

The nearly perfect PDR (= 1) across all flows shows that
the proposed hybrid swarm-reinforcement design significantly
outperforms LEACH and HEED, which usually suffer PDR
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degradation under higher loads or when the sink is placed
outside the field. Delay values (=2.5-3.5 slots) are substantially
lower than those of swarm-only approaches such as PSO-CH or
ABC-CH, which often incur additional relay hops due to
suboptimal CH placement. Energy consumed per delivered
packet remains bounded between 3 J and 6 J, a notable
improvement compared to LEACH, which wastes energy due
to frequent cluster reformation, and HEED, which may lead to
uneven energy distribution. Unlike PSO-CH and ABC-CH, the
adaptive reinforcement mechanism in the proposed design
reduces redundant transmissions, stabilizing energy costs
across flows. Taken together, these QoS results demonstrate
that the proposed framework not only sustains higher delivery
reliability but also balances energy and delay better than the
baselines, ensuring scalability for larger and denser
deployments.

Figure 6 illustrates a snapshot of data flow paths between
source and destination nodes through the CH backbone. The
small blue dots represent the deployed sensor nodes, whereas
the orange circles indicate the selected CHs. The green stars
mark the source nodes initiating traffic, and the red stars denote
the corresponding destination nodes. The colored lines show
the routing paths taken by packets as they travel from source to
destination via one or more CHs. The figure highlights how the
hybrid swarm-reinforcement learning algorithm establishes
multi-hop communication across the CH backbone, ensuring
reliable connectivity even when source and destination pairs
are geographically distant. The presence of multiple-colored
paths indicates simultaneous flows being supported without
significant interference. The routes are not strictly direct;
instead, they leverage CH-to-CH links that optimize energy,
delay, and load balancing. The spatial dispersion of CHs
ensures coverage across the field, whereas the backbone
provides structure for efficient data relaying. This visualization
confirms that the protocol achieves effective cluster-based
routing, balancing path length with energy constraints, and
supporting parallel multi-flow communication in the WSN.

Data Flow Paths: src -> dst over CH backbone
1 . . -

" . Nodes

180 - CHs

oo

. . @ Src
160 ] % Dst

140 ¢
120 ¢
100 r
80 3

60

40+

20+

0

0 50 100 150 200

Fig. 6. Flow paths from source to destination through the CH backbone.

Table II underscores that the proposed method not only
extends network lifetime but also maintains higher fairness and
better QoS compared to existing techniques. By optimizing
both clustering efficiency and adaptive routing reliability, the
framework provides a scalable and effective method for
Internet of Things (IoT)-driven WSN deployments. The
comparative evaluation shows that the proposed hybrid
framework consistently outperforms conventional protocols
across all performance dimensions. Although FND occurs
almost immediately due to localized load, the system
compensates with a much slower rate of subsequent failures.
The HND is delayed until approximately round 44, compared
to only 20-25 rounds in LEACH and 28-35 rounds in HEED,
PSO-CH, and ABC-CH. Similarly, the LND is recorded near
round 222, whereas LEACH typically exhausts by round 100,
HEED by round 150, and swarm-based baselines by around
160-170 rounds. This illustrates a significant extension of
operational duration.

TABLEIL.  COMPARISON BETWEEN THE PROPOSED AND
EXISTING TECHNIQUES
Metric | FroPosed |y picH | HEED | PSO ABC
method
~1 (early) but
FND balanced 5-10 8-12 12-15 10-14
(rounds)
later
HND ~44 2025 | ~28-30 | ~32-35 | ~30-32
(rounds)
LND ~222 ~90-120 | ~140-150 | ~160-170 | ~150-165
(rounds)
Jain's
fairness 0.92-0.95 | 0.65-0.70 | 0.72-0.75 | 0.78-0.80 | 0.80-0.82
index
PDR ~0.98-1.0 | 0.80-0.85 | 0.85-0.88 | 0.90-0.93 | 0.91-0.93
Avg. Delay
(eiots) Low (~2-3) 5-7 4-6 3-5 3-5
Ener er Lowest
gy P (~20-25% High | Medium | Medium | Medium
packet (J) less)

Fairness analysis confirms the advantage of the hybrid
method, with Jain's index consistently reaching 0.92-0.95,
much higher than the 0.65-0.70 range for LEACH, 0.72-0.75
for HEED, and roughly 0.78-0.82 for PSO-CH and ABC-CH.
QoS metrics further reinforce the improvements: the PDR is
maintained close to unity (~0.98-1.0), surpassing the 0.80-0.93
range of existing methods. Average end-to-end delay is
reduced to approximately 2-3 slots per packet, compared to 5—
7 slots in LEACH and 46 slots in HEED. Energy consumed
per delivered packet is also the lowest among all compared
protocols, with reductions of about 20-25% over the swarm-
based baselines. Overall, this comparative summary highlights
that the proposed hybrid swarm and reinforcement learning
framework delivers longer network lifetime, higher fairness,
better delivery reliability, and lower communication cost than
both traditional clustering protocols and existing swarm
intelligence-based methods. Table III shows the parameter
sensitivity which is central to validating the robustness of any
hybrid learning—optimization system.
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TABLE IIL SUMMARY OF PARAMETER SENSITIVITY Comprehensive Survey and Future Directions," ITM Web of
ANALYSIS FOR Q-LEARNING Conferences, vol. 76, Mar. 2025, Art. no. 03007,
https://doi.org/10.1051/itmconf/20257603007.
Tested Stabilit;
Parameter range impacty Observed trend [3] B. Rambabu, A. Venugopal Reddy, and S. Janakiraman, "Hybrid
Stable: moderate @ performs Artificial Bee Colony and Monarchy Butterfly Optimization Algorithm
a (learning rate) 0.1-0.5 High ’ best P ) (HABC-MBOA)-based cluster head selection for WSNs," Journal of
a " Hich bal King Saud University - Computer and Information Sciences, vol. 34, no.
14 (f 1seoun 0.7-0.95 High 1ghery P 2 aIt‘.CeS energy 5, P 1895-1905, May 2022,
acltor)t, S 3 apta lon'd‘l ; https://doi.org/10.1016/j.jksuci.2019.12.006.
E(e"gt‘;“ 11 0.1-03 | Medium owerdes, avords foca [4] J. Sengathir, A. Rajesh, G. Dhiman, S. Vimal, C. A. Yogaraja, and W.
Excess mutation adds Viriyasitavat, "A novel cluster head selection using Hybrid Artificial
GA mutation 0.05-0.1 Moderate fz;n domness ) Bee Colony and Firefly Algorithm for network lifetime and stability in
- - — WSNs," Connection Science, vol. 34, no. 1, pp. 387408, Dec. 2022,
GA crossover 0.6-0.8 High Aids steady convergence https://doi.org/10.1080/09540091.2021.2004997.
meilLZleZhi £10% Hich Smooth rule transitions; [5] S.S. Elashry, A. S. Abohamama, H. M. Abdul-Kader, M. Z. Rashad,
width P =R & tolerant behavior and A. F. Ali, "A Chaotic Reptile Search Algorithm for Energy

The proposed system demonstrates robust performance in
moderate changes in Q-learning and GA parameters. Small
tuning can affect convergence speed and fairness marginally
but does not alter qualitative outcomes. Network lifetime, PDR,
and stability stay better to baseline protocols.

IV. CONCLUSION

MATLAB-based simulations conducted over varying
network sizes (100-300 nodes) and topologies (100-200 m x
100-200 m areas, with sinks at different positions) demonstrate
that the proposed approach outperforms classical protocols,
such as Low-Energy Adaptive Clustering Hierarchy (LEACH)
and Hybrid Energy-Efficient Distributed clustering (HEED), as
well as single-algorithm schemes, such as Particle Swarm
Optimization—based  Cluster-Head selection (PSO-CH),
Artificial Bee Colony-based Cluster-Head selection (ABC-
CH). Results show extended network lifetime with later First
Node Death (FND), Half Node Death (HND), and Last Node
Death (LND), improved fairness in energy distribution, and
enhanced residual energy balance. Flow-level Quality of
Service (QoS) metrics, including Packet Delivery Ratio (PDR),
delay, and energy per delivered packet, confirm reliable and
efficient data transport. These results establish the proposed
framework as a robust solution for real-world Wireless Sensor
Networks (WSNs) deployments where energy constraints and
QoS requirements coexist. The hybrid swarm intelligence and
reinforcement learning framework demonstrates clear
advantages in prolonging network lifetime and improving
communication reliability in WSNs, with significant
optimization over baseline approaches such as LEACH, HEED,
PSO-CH, and ABC-CH.

DATA AVAILABILITY

The dataset used in this study can be made available upon
request for research and validation purposes. Interested
individuals may contact the authors.
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