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Abstract - In Wireless Sensor Networks (WSNs), selection of Cluster Head (CH) in view of the optimum performance is a difficult
task in view of constraints of energy resources, dynamic energy state of the network and dynamic data communication
requirements, etc. Here, optimization of these can make better solutions. A Hybrid RL-GA Algorithm is developed to give the
optimum solution for this, by combining a Genetic Algorithm (GA) with Q-learning. Optimization of both how CHs are selected
and how the data is routed afterward was performed. Genetic Algorithm founds initial global structure, individual nodes and
Cluster Heads take over using Q learning. This allows them to make adaptive routing decisions. Network continuously learns
the most energy-efficient paths, and it recovers much faster from link failures. The GA provide a strong foundation, and Q-
learning handles the day-to-day network stability. With simulations, our Hybrid RL-GA protocol outperformed the standalone
RL method used in the latest research works. The total network lifetime is higher by roughly 50% than standalone RL.

Keywords - Wireless network, Cluster Head (CH) selection, Genetic Algorithm (GA), Reinforcement Learning (RL), Network
lifetime.

1. Introduction

The independent sensors scattered across a landscape, all
working together to monitor parameters from sudden
temperature drops to seismic tremors. These types of networks
for sensors are termed Wireless Sensor Networks (WSNSs).
WSN is used for smart city infrastructure, modern healthcare
monitoring, and even military reconnaissance.

However, there is a big issue of finite batteries of sensors
deployed in remote or hard-to-reach places. [1, 2]. That makes
energy-efficient data transmission the make-or-break factor
for any WSN.
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To handle this, engineers commonly use hierarchical Cluster
clustering to manage the network'’s scale and power drain (see Head
Figure 1) [3]. Instead of every node talking to the base station,
the network breaks down into smaller groups.

Standard member nodes send their data to a local Cluster
Head (CH). The CH then gathers this raw data and acts as the
messenger, forwarding it to the Base Station (BS), which Fig. 1 Typical configuration of WSN
eventually connects everything to the internet.

Cluster Nodes

1.1. Problem Statement and Research Gap
The challenge of the optimization is mainly the dynamics Because sending and receiving data is the biggest energy
of the network. As time passes, many nodes of the network  drain for a sensor, how these Cluster Heads are chosen in this
become dead, and that affects the data transmission, the  dynamic situation directly determines how long the network
number of nodes in a cluster, energy losses, etc. survives. If the selection process is flawed, certain nodes
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deplete their batteries too rapidly, creating the "hotspot
problem" where dead zones fragment the network. While
Reinforcement Learning (RL) has been utilized to optimize
routing decisions on the fly, standalone RL often suffers from
a lack of global perspective, easily falling into local optima
during cluster formation. Conversely, pure metaheuristic
approaches like Genetic Algorithms are computationally
heavy and lack real-time adaptability to sudden network
topology changes.

1.2. Novelty and Contributions

To get the best of both worlds, this study pairs the broad
search power of a Genetic Algorithm (GA) with the real-time
adaptability of Q-learning. Critical data, such as a node's
remaining battery, local node density, and distance to the BS,
is fed into both the GA's fitness function and the RL's reward
system. This approach balances energy loss with efficient data
movement.

The algorithms support each other: the GA provides the
RL agent with a highly optimized global starting point, and
the RL agent takes over to manage dynamic, day-to-day
routing changes. This manuscript expands upon foundational
standalone RL concepts previously presented by the
researcher, introducing the novel integration of the GA phase,
comprehensive algorithmic formulations, and extended
complexity metrics.

2. Related Work

The paper deals with advanced techniques of Al for
providing a solution to a well-known issue of the WSN. This
section of the paper provides insights into the problem
statement, followed by the techniques used in this paper and
the literature about a similar approach adapted by other
researchers.

2.1. WSN Issue: Foundational Energy Management and
Optimum Routing Protocols

The finite battery life of nodes is still a major constraint
for WSN, hence protocols are required for minimizing energy
dissipation during communication and data aggregation [1, 3].
The initial important effort was for establishing a
classification of routing technigues, sorting them into data-
centric, hierarchical, and location-based approaches [2]. The
Low-Energy Adaptive Clustering Hierarchy (LEACH)
protocol turned out to be a point of reference by utilizing a
randomized alternation of Cluster Heads (CHs) to distribute
the energy load [4]. Subsequent revisions for the protocols
were invented for advanced CH election processes,
highlighting that rotation occurrence must be dynamically
used to prevent fast depletion in high-density regions [5, 6, 7].
Recent reviews emphasize that while these protocols are
initial, they do not support the scalability required for modern,
high-density Internet of Things (10T) applications [8]. There
is also research for optimizing the communication structure
through gateway nodes [9].
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2.2. Meta-Heuristic Optimization via Genetic Algorithms

In WSN, optimization of node deployment along with
energy consumption is an NP-hard problem; to solve this,
researchers have gradually turned to Genetic Algorithms
(GASs) [10, 11]. GAs allow for a comprehensive search of the
solution space for identifying the global maxima or minima. It
is established from research papers that GA-inspired selection
methods significantly outperform randomized protocols by
evaluating multi-objective fitness functions—balancing
residual energy, node density, and distance to the sink [12, 13].
In 2026, advancements in GA were introduced with Two-
Phase Distributed Genetic-based Algorithms (2PDGA) to
solve scalability and deployment limitations in industrial
sensor networks, moving beyond simple routing to consider
hardware-specific constraints and time-sensitive scheduling
[13]. The swarm intelligence is also a promising technique for
optimizing the performance of WSN [14].

2.3. Transition to Artificial
Networks

WSN environments have a dynamic structure, this shift
the research focus toward Artificial Intelligence (Al) to enable
self-governing decision-making [15]. Initially, integrations of
Al focused on using Knowledge-based systems for predicting
the link quality [16]. This process evolved into the use of
Artificial Neural Networks (ANNs) for energy /power
management and for cluster selection [17, 18]. Modern
research has extended this into 6G-enabled networks, where
Al is used for real-time traffic prediction and energy
harvesting optimization from ambient sources such as solar
and Radio Frequency (RF) [19, 20]. This approach has
improved the identifying non-linear patterns in energy
consumption [18, 21].

Intelligence and Neural

2.4. Reinforcement Learning and the Density-Awareness
Gap

Further, there is a need to achieve a balance between
computational efficiency and adaptability. In this case,
Reinforcement Learning (RL) has become the modern
standard for WSN routing [22-24]. Using Q-learning, nodes
can autonomously learn energy-efficient paths by
environmental interaction [23]. However, a continuous
challenge in RL models is their tendency to overgeneralize the
situation by focusing exclusively on local distance [25].
Protocols like ReLeC [25] and RLBEEP [26] have introduced
clustering-enhanced rewards to handle this issue. RL
frameworks fail to account for how local node density
interacts with global network connectivity-a gap our unified
RL framework specifically addresses [26, 27].

2.5. Emerging Frontiers: 6G and Hybrid Intelligence
Presently, the research has shifted toward "intelligence
native" 6G networks, which require ultra-low latency and
massive connectivity [20, 27]. Recent breakthroughs include
the FMADRL system, a scalable and QoS-aware
reinforcement-learning framework. This framework is
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designed for highly dynamic mobile WSNs [19, 28].
Furthermore, hybrid meta-heuristic algorithms - such as the
Hybrid Gazelle Optimization and Reptile Search Algorithm
(HGORSA) - have achieved improvements in stability periods
of up to 55% compared to standalone methods [29].

Selecting the ideal subset of nodes to act as Cluster Heads
(CHs) is an NP-hard problem. Traditional probabilistic
methods like LEACH often cause early node failure because
they do not account for residual energy during the selection
process. To solve this, recent 2026 research focuses on
advanced hybrid meta-heuristics. Dhaka et al. (2026)
developed an Adaptive Hybrid GWO-PSO framework that
balances global and local searches using energy, position, and
load metrics [30].

Similarly, Mahanta et al. (2026) introduced a Quantum-
inspired Hybrid (QPSO-GA) framework. This system uses
multi-objective fitness functions to structure clusters based on
node density and transmission distance [31]. To improve
search diversity, the Enhanced Secretary Bird Optimization
Algorithm (ESBOA) was introduced in 2026 [32], utilizing
chaotic maps and node degrees to prolong the network's
lifetime. Additionally, the Hybrid Firefly-Bat Algorithm
(HFBA) was proposed in 2026 [33], combining fast tracking
with broad searching to lower cumulative energy consumption
by 23.6%.

Because static heuristic models struggle with
unpredictable topological variations in volatile WSN spaces,
recent research has embedded Machine Learning (ML)
directly into sensor nodes for real-time Cluster Head (CH)
deployment. Modern frameworks utilize  Multilayer
Perceptrons (MLPs) and deep neural architectures to compute
optimal CH coordinates by evaluating changing
environmental factors and residual power levels.

Maddikera Krishna Reddy et al. introduced a dual-layer
approach combining Chaotic Particle Swarm Optimization
(CPSO) for initial CH allocation with an Attention-based
Recurrent Neural Network (RNN) to manage downstream
data routing [34]. This architectural division allows meta-
heuristics to handle spatial clustering organization while deep
learning models map complex, non-linear data transmission
patterns.

In recent research, Reinforcement Learning (RL) has
become the benchmark for embedding autonomous
adaptability within the WSN clustering layer. Unlike rigid
heuristics, RL agents dynamically modify Cluster Head (CH)
selection parameters by learning from cumulative
environmental feedback.

In this direction, Harsh Vaghela et al. introduced a
Proximal Policy Optimization (PPO) model within an OpenAl
Gym setup for tracking long-term temporal energy depletion
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to select CH nodes using real-time density and communication
boundaries [35].
2.6. Research Gap

The reported research works were done either by a meta-
heuristic algorithm or by ML techniques. In this paper, the
work is focused on building hybrid architectures by utilizing
a unified RL framework [28] backed by a genetic algorithm
for the optimization of the clustering process.

3. Methodology and Network Model

For the simulation work of the paper, a simulation
featuring N identical sensor nodes scattered randomly across
a 2D field (Xmax x Ymax meters), with a static Base Station
(BS) anchored right in the middle, has been considered. For
the decision-making process, local node density is directly
embedded into the state space. Further, the final selection of a
Cluster Head (CH) is determined. This is based on a composite
score of learned Q-value and the node's proximity to the Base
Station.

3.1. Network Configuration & Clustering

The Q-learning algorithm is used to decide whether the
node becomes a cluster head or a regular node. Here, a
significant upgrade by embedding the local node density
directly into the state space is used for the decision. When
forming clusters, nodes naturally try to link up with the CH
that demands the least amount of communication energy.
However, to prevent those cluster heads from dead
immediately, we strictly enforce a fixed Cluster Size (Nc).
This assurance the workload remains balanced across the
entire grid.

3.2. Communication Hierarchy

Data moves through the network in two distinct stages:
Member-to-CH (Local) and CH to BS (global). In the first
case, regular nodes fed their data to their assigned CH with the
energy cost ETx and ERx for transmission and reception.
These energy costs here depend heavily on the simple
Euclidean distance (d) between the sensor and its leader. In the
second case, after gathering the local data, the CH has fed
these data to the Base Station. A CH can transmit directly, but
that burns a massive amount of power if the node is near the
edge of the grid. To solve this, multi-hop relaying is allowed
in the simulation. The data hops through other intermediary
CHs to reach the center. While this spreads the energy load
out nicely, it does mean we have to calculate the transmission
and reception costs for every single hop along the chain.

3.3. Energy Consumption in a Round
For a Normal Node of the jth cluster, the energy can be given

as.
Ei = Es + ETx (k, dnﬁc,,j) 1)

Where, the notation dni»chj represents the Euclidean
distance from the normal node ni to its designated Cluster
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Head CHj.

Es is the energy required for sensing. k is the size of the
data packet (usually measured in bits).

In case the distance between the cluster head and its node
is less than crossover distance dO (free space model), then.

ETx (k,d) = k.Eel + k. ef. d? )
Otherwise, it is a multi-path fading model and then
ETx (k,d) = k Eel + k.em.d* (3)

Here,
Eel: Energy spent per bit by circuitry.

ef: Energy spent for a bit / m? for the free space model.

em: Energy spent for a bit/ m for the multi-path fading
model.

For a CHj, energy consumption is given as

ECHj = Es + Yiecms ofj ERX(K) + Eproc(NCM; - k) +
ETx (kagg, dcp,~ps ) @)

Where ERx(k)=k-Eel;

For multi-hop
ECHj = Es + Yiecms ofj ERX(k) + Eproc(NCM;j - k) +
ETx_path(kagg, path BS) (5)

Eproc for processing/aggregation might be a function of
total received packets or total data. Node’s Residual energy
can be given as

Eyes(t) = Einitial = XEconsumed (V) (6)

This is a key point of this paper which needs to be
maximize by reducing the energy loss. The energy loss

depends on whether the node was a cluster head or a member
and the distance.
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Fig. 2 Scheme of the efficient CH selection by the RL-GA framework

3.4. Simulation Framework

Reinforcement Learning (RL) and Genetic Algorithms
(GA) based framework is typically divided into two distinct,
cooperative phases: Global Optimization (Static/Global
Planning) and Local Adaptation (Dynamic Routing) for the
implementation of energy efficient Cluster Head (CH)
selection method.

Rather than relying on a single metric, the BS evaluates
these configurations using a multi-objective fitness function
that balances three critical factors: Residual Energy
(prioritizing nodes with  high  battery  reserves),
Density/Proximity (favoring centrally located CHs to reduce
member communication costs), and CH-to-BS Distance
(minimizing the transmission range for aggregated data).

3.4.1. Global Planning Phase (Genetic Algorithm)

The GA is executed at the Base Station to establish the
initial global optimal CH selection. Chromosome Encoding:
A binary string of length N represents the population, where
'1' denotes a CH and '0' denotes a member node. Fitness
Function: The fitness of each chromosome, which represents
a candidate Cluster Head (CH) configuration, is evaluated
using a multi-objective fitness function.

This function is designed to balance three primary
network objectives: minimizing the total estimated energy
consumption (Ewtal), maximizing the energy balance across the
network by minimizing the standard deviation of residual
energies (o (Ers )), and ensuring the selected number of
Cluster Heads (Ncn) remains as close as possible to the
optimal desired count (Nopiimal). The overall fitness function F
is mathematically defined as:

F=w ( — W, (0 (Eres)-C1) + wymax(0,1 —

7

ETotal"'El)
|NCH_Noptimum|) CZ

Noptimum

Where: wl, w2, w3 denote the user-defined weights
assigned to energy efficiency, energy balance, and
connectivity, respectively. For this study, the weights are set
to wl = 0.4, w2 = 0.4, and w3 = 0.2. Epsilon €1 is an
infinitesimally small constant (<10°) introduced to prevent
division by zero in the event of zero energy consumption.

C1 and C2 serve as scaling constants. These are required
to mathematically normalize the standard deviation and
connectivity ratio so that their numerical magnitudes align
appropriately with the energy component prior to weight
application. as:

For the GA application, a tournament selection operator
is utilized to choose parent chromosomes from the population.
Single-point crossover operator and a uniform mutation rate

16

are applied to generate the new population.
3.4.2. Local Adaptation via Q-Learning

The GA base approach provides a strong structural
foundation, whereas its static nature makes it slow to react to
real-time disruptions like link failures or sudden energy drops.
In our framework, it handles using Q-Learning at the node
level.

State Space (S): The state represents the current node's
environment, formulated as S = Ees, Densityiocal.

Action Space (A): A = {Become CH, Remain Member}.

Reward Function (R): The reward is evaluated such that
nodes receive +10 for successful CH operation, +1 for
member operation, scaled proportionally by energy
conservation, and a strict -100 penalty upon node death.

Q-Update Equation:
Q(s,a) =Q(s,a) + a[R +ymax Q(s',a") — Q(s,a)] [8]

3.5. Hybrid Algorithm Workflow (Pseudocode)

To ensure full reproducibility of the proposed framework,
the interaction between the global Genetic Algorithm
optimization phase and the local Q-learning execution phase
is detailed in Algorithm.

Algorithm: Hybrid RL-GA Protocol for CH Selection
Inputs: Network of N nodes, BS position, Initial Energy Einit,
RL parameters (alpha, gamma, epsilon), GA parameters (P, G,
wl, w2, w3).

Outputs: Optimal CH sets, Network Lifetime (FND, HND,
LND), Cumulative Throughput.

Begin Simulation

For each independent random run (1 to 30) do:
Initialize node positions, set Eres= Einit for all nodes.
Initialize Q-table Q(S, A) = 0 for all States S and
Actions A.
For round = 1 to 5000 do:
Phase I: State Observation & RL Action Preference
For each alive node i do:
Calculate the local density state based on the
neighborhood radius.
Determine energy state based on Eres.
Form combined state S{t}= {Energy, Density}.
With probability epsilon, select a random action
At in CH, Member.
Otherwise, select At = max Q(S{t}, a).
If At == CH, add node i to Candidate CH List.
End For
Phase Il: Global GA Optimization (Executed at BS)
If Candidate CH List exceeds the desired optimal CH
count, then:
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Initialize Population P from Candidate CH List.
For generation = 1 to G do:
For each chromosome, do:
Evaluate Fitness F

End For
Select the best parents via Tournament
Selection.
Apply Single-Point Crossover and Uniform
Mutation.
Generate a new Population.
End For
Designate the best chromosome as the Actual CH
Set.
Else:
Designate Candidate CH List as Actual CH Set.
End If

Phase I11: Energy Dissipation and Q-Table Update
For each alive node i do:
If node i is in the Actual CH Set, then:

Calculate  Econsumed  for  receiving,
aggregating, and BS transmission.

Assign base reward R = +10.

Else:

Calculate  Econsumed for local CH

transmission.
Assign base reward R = +1.
End If
Update Eres = Eres - Econsumed .
If Eres < Threshold, apply the death penalty R =
R - 100.
Otherwise, apply the energy conservation bonus
toR.
Observe the next state S {t+1}.
Update Q-table:
End For
Decay exploration rate epsilon.
End For (Simulation Rounds)
End For (Independent Runs)
End Simulation

4. Simulation and Results

The proposed methodology is simulated using MATLAB.
The key simulation parameters are:

e Network Size: 50 nodes

e Network Area: 100m x 100m

o Initial Node Energy: 0.5 Joules

e  Minimum Energy Threshold: 0.01 Joules

e Base Station Position: [50, 50] (center of the
network)

o Data Packet Size: 4000 bits

e Energy States: 5

e Density States: 5 (with Radius of 25m)

e Learning Rate (a): 0.1

e  Epsilon Decay: 0.995

e  Minimum Epsilon: 0.1
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Initial Epsilon (€): 0.9

Discount Factor (y): 0.9

Simulation Rounds: 5000

Desired CHs: Max 10% of alive nodes (min 1 CH)

A simulation with the above parameters was done,
including RL-GA-selected CHs for each round separately.
The no. of CHs, total alive nodes, total dead nodes, and
remaining energy were recorded. The spatial distribution of
the nodes with the BS is shown in Figure 3.
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4.1. Performance Analysis Compare to the Standalone RL
Method

Figure 4 shows the number of clusters formed over rounds
in the case of different no. of nodes for stated simulation
parameters.

Figure 4 presents a comparative analysis of the number of
active Cluster Heads (CHs) over the course of simulation
rounds for varying network densities (20, 40, 60, 80, and 100
nodes). The results contrast the performance of the standalone
Reinforcement Learning (RL) method (Figure 4(a)) against
the proposed hybrid Reinforcement Learning and Genetic
Algorithm (RL-GA) approach (Figure 4(b)).
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Fig. 5 Total remaining energy over simulation rounds for, (a) RL [28],
and (b) RL-GA.
Figure 5 presents the variation in the network's total
residual energy over the simulation rounds for varying node
densities (20, 40, 60, 80, and 100 nodes).

This metric is critical for evaluating the energy efficiency
of the routing protocols, comparing the standalone
Reinforcement Learning (RL) method (Figure 5(a)) against
the proposed Hybrid RL-GA approach (Figure 5(b)).

Energy Depletion in Standalone RL (Figure 5(a)): In the
RL-based scenario, the total energy consumption follows a
near-linear downward trend. The steep, constant slope
indicates that the energy consumption rate remains high and
unmitigated throughout the network's life.

For the high-density scenario (100 nodes, cyan line), the
total initial energy of 50 Joules is completely exhausted by
approximately 3,200. This rapid, linear decay suggests that the
RL algorithm lacks the dynamic optimization capabilities
required to conserve energy during critical low-energy phases.

Energy Conservation in Hybrid RL-GA (Figure 5(b)):
The Hybrid RL-GA method exhibits a distinctly different
energy consumption profile. While the initial phase shows
similar consumption to the RL method, the curve becomes less
steep as the simulation progresses, particularly in the latter
half (after round 2,500).

This "flattening” of the curve near the end-of-life stage
indicates that the Genetic Algorithm is successfully
optimizing cluster head selection to preserve the remaining
energy. Consequently, the network lifetime for 100 nodes is
extended significantly, reaching approximately 4,200 rounds.
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Number of Alive Nodes Over Rounds
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Fig. 6 Number of alive nodes over rounds for, (a) RL [28], and
(b) RL- GA.

Figure 6 presents the network survivability profile by
plotting the number of alive nodes against simulation rounds
for various network densities (20 to 100 nodes). This metric is
essential for determining the "First Node Dead" (FND) and
"Last Node Dead" (LND) operational points, comparing the
standalone RL method (Figure 6(a)) to the Hybrid RL-GA
method (Figure 6(b)).

Sudden Failure in Standalone RL (Figure 6(a)) The RL-
based protocol demonstrates a "rectangular” survival curve,
characterized by high stability followed by catastrophic
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failure. For the 100-node scenario (cyan line), the network
retains nearly 100% of its nodes until approximately round
2,800.

However, once failures begin, the curve exhibits a near-
vertical drop, with the entire network collapsing (LND) by
round 3,200. This "sudden death" phenomenon implies that
the RL algorithm depletes the energy of all nodes at a nearly
identical rate. While this indicates load balance, it results in a
total cessation of network coverage abruptly, leaving no
residual sensing capability.

Extended Lifetime via Graceful Degradation in RL-GA
(Figure 6(b)): The RL-GA approach demonstrates a
significantly different mortality curve, characterized by
"graceful degradation."

Although the onset of node failure (FND) occurs slightly
earlier than in the RL method (around round 2,200 for 100
nodes), the slope of the decline is much shallower. The
Genetic Algorithm's optimization prevents the simultaneous
exhaustion of all nodes, allowing stronger nodes to
compensate for weaker ones. Consequently, the network
remains operational for a much longer duration, with the
(LND) approximately 4,300 rounds.

The comparative analysis with other similar work done to
improve the performance of WSN in terms of energy of the
network is summarized in the Table 1.

Table 1. Comparative results for WSN lifetime with respect to the
proposed method (average over 30 simulation run)

. Half

Protocol / First Node Node Last Node
Algorithm Dead Dead Dead
(FND) (HND) (LND)
Hybrid RL-GA ~2,200 ~3,200 ~4,300
(Student) rounds rounds rounds
Standalone RL / ~2,800 ~3,000 ~3,200
RLBEEP [26]. rounds rounds rounds
EAC-ECHS ~1,800 ~2,400 ~4,000
(Grid) [6]. rounds rounds rounds
ANN-based ~200 ~1500 ~4,000
Selection [21]. rounds rounds rounds

4.1.1. Computational Complexity and Parameter Sensitivity
Computational Complexity

The standalone Q-learning algorithm processes in O(N)
time per round. The introduction of the GA at the base station
adds a complexity of O (P . G . N), where P is the population
size, and G is the number of generations.

Because the GA is centralized and only triggered at
specific energy thresholds, the daily operational complexity at
the node level remains O(1) for state lookups, ensuring high
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efficiency.

Parameter Sensitivity

Sensitivity analysis revealed that maintaining a low
learning rate (alpha = 0.1) prevents the model from overriding
the GA's structural foundation too rapidly. Furthermore,
varying the GA mutation rate demonstrated that values
between 0.01 and 0.05 optimally balance exploration without
destroying high-fitness topologies.

4.2. Detailed Discussion of Results

The reported improvements over state-of-the-art
benchmarks stem directly from mitigating the RL agent's local
optima trap. Standalone implementations like RLBEEP show
excellent early stability but result in massive simultaneous
failures. By periodically injecting a globally optimal topology
via the GA, the proposed framework forces the Q-learning
agents to redistribute communication loads across
underutilized sectors of the network, fundamentally resulting
in the observed extended HND and LND metrics. The results

for different nodes are shown in Table 2.
Table 2. Comparative results for different nodes (average over 30
simulation run)

Nodes Avg Avg Avg Avg
FND HND LND Throughput
(Packets)
20 1604 2997 4250 11756
40 1820 3071 4332 22305
60 1972 3120 4320 34757
80 2037 3147 4345 45157
100 2170 3153 4298 57789

From Table 2, it is clearly observe a linear throughput
with the number of nodes and a nearly similar lifetime. This
indicates the optimum use of energy. The FND and HND are
also increased with the number of nodes.

5. Conclusion

This paper presents an innovative Hybrid Reinforcement
Learning and Genetic Algorithm (RL-GA) framework aimed
to improve energy efficiency and prolong the operational
lifetime of WSN. The proposed technique addresses the
limitations of standalone Reinforcement Learning (RL) by
integrating the global search and optimization capabilities of
Genetic Algorithms (GA) to dynamically manage CH
selection.
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The simulation results conclusively demonstrate the
superiority of the Hybrid RL-GA protocol over the standalone
RL method across varying network densities. The analysis of
cluster stability (Figure 4) revealed that while the RL method
relies on a static and rigid clustering policy, the Hybrid RL-
GA approach employs a dynamic, step-wise reduction in
cluster counts. This adaptive behavior allows the network to
optimize the load distribution in response to the depleting
energy reserves of the nodes. Furthermore, the energy
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traditional RL methods. By promoting graceful degradation,
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network lifetime (Last Node Dead) from approximately 3,200
rounds to 4,300 rounds in high-density scenarios—an
improvement of nearly 35%. Overall, the hybridization of RL
and GA provides a robust, energy-efficient routing solution
that maximizes the utility of limited network resources.

6. Study Limitations and Future Study

Despite the several advantages of the proposed GA-RL
paradigm, there are some architectural bottlenecks. One
notable bottleneck is the computational scalability constraints
for executing GA at the base station in the case of dense
topologies. The other one is the transient packet delivery drops
during the dispersed Q-learning "cold start" stage. These
operational vulnerabilities are amplified for the rigid,
threshold-driven re-clustering schedule.

In future, these limitations can be resolve using upgrading
the tabular RL core to deep neural architectures (such as
DRL). This would allow the framework to capture continuous,
non-linear environmental states. Furthermore, improving the
approach with security by measuring how secure and
trustworthy the devices are, along with testing it on real
physical 10T devices, will be a key next step.
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