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ABSTRACT

The dynamic growth in numbers of Internet of Things (loT) technologies in intelligent
settings has put a lot of pressure on the need to develop effective as well as
environmentally friendly communication frameworks. Nevertheless, a significant
problem of the loT networks is the energy consumption of the sensor nodes is high,
which directly influences the network lifetime and system reliability in general. To
offer a solution to this problem, this paper suggests a smart and energy saving loT-
based communication system that will combine optimization-based routing and
clustering protocols. The given solution based on reinforcement learning (RL) will allow
adapting the decisions in the context of energy-conscious data transmission, as network
conditions including residual energy, node coverage, and the distance between nodes
are re-evaluated dynamically. The integration of RL-based routing with the optimised
clustering methods of the system can significantly reduce the energy dissipation of the
system without deteriorating the communication performance. It is tested on extensive
simulations to ascertain the performance of the proposed model and compared to
traditional strategies like baseline routing and LEACH-based protocols. The findings
reveal that there was high energy savings, long life of networks, and better throughput
as well as enhanced performance on the delivery of packets. In general, the suggested
framework offers a flexible and scalable solution to the next-generation loT
communication system, which is why it can be used in smart environments, including
smart cities, industrial automation, and intelligent monitoring systems.
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1. INTRODUCTION

The rapid development of Internet of Things (loT)
technologies has greatly changed the way we look at
smart environment today such as smart cities, industry
vehicle automation, healthcare systems, and smart
transportation networks. The loT is facilitating the
real-time collection, processing, and communication
of heterogeneous devices across the distributed
systems through seamless interconnection. As the
number of interconnected devices is set to hit billions
in the near future, resource management and
effective communication has become one of the key
issues in loT networks. The basic literature has served
to pinpoint architectural vision and technological
progress of loT systems, with their importance to
facilitate smart and autonomous environments [2]-[6].

In spite of these developments, loT networks are
challenged by the scarceness of energy sources of the
sensor nodes. The energy efficiency is a major design
constraint as most of the loT devices run on battery-
powered systems. High load on the consumption of
energy will cause failure to the node prematurely,
decrease in the network lifetime, and deterioration of
the reliability of the communication. The problem of
energy depletion is especially pertinent to wireless
sensor networks (WSNs) as the backbone of several
loTs, as they are plagued by the constant data
transmission and ineffective routing schemes [14]. The
classical communication protocols, that include the
LEACH and variations of it, are also trying to solve this
problem by clustering-based solutions but they even
tend to base them on fixed or even probabilistic
choice that does not adjust to the dynamic conditions
of the network [1], [3].
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Moreover, there is an inefficiency of the current loT
communication protocols in routing, load balancing,
and resource allocation which leads to the high
latency, low throughput and inefficient packet
delivery performance. In spite of the fact that the
recent works have discussed methods of optimization
and artificial intelligence (Al)-based methods to
optimise energy efficiency, most of them lack real-
time adaptability and ability to address the dynamic
nature of the loT environment [8], [12].
Reinforcement learning (RL) has become an effective
approach towards making intelligent decisions in
communication systems that allows to adaptive route
and resource allocation to environmental feedback
[7], [11]. Nevertheless, a gap in research has been
identified to close the existing gap in adopting
intelligent optimization method in enhancing energy
conscious communication protocol coupled with
energy conservation to create a compromise balance
in terms of energy efficiency, network life, and
communications performance. Majority of the current
solutions focus on minimization of energy and often do
not address quality-of-service (QoS) measures or do
not scale to massive loT. That is why, a single
framework that would integrate conscious decision-
making and effective communications strategies is
needed.

In that regard, this paper will present a proposal of a
smart energy-saving loT-based communication system,
which combines reinforcement learning with its
clustering and routing optimization. The framework
proposed dynamically responds to the conditions of
network by taking into account parameters like
residual energy, node distribution, and communication
distance hence increasing the overall system
performance. The proposed approach shows
considerable increase in energy consumption, the
lifetime of the network or throughput and packet
delivery over conventional methods through extensive
simulation-based analysis.

Key Contributions

The main contributions of this work are summarized as

follows:

e Development of an intelligent communication
framework:

The innovative loT-based communication system is

created by combining reinforcement learning with

energy-conscious clustering and routing system in

order to make adaptive decision-making.

e Optimization-driven energy-efficient model:

The given strategy reduces the energy consumption by

choosing the best communication routes and cluster

cstructure dynamically depending on the conditions in

the network.

e Enhanced network performance:

The improvements in the major key performance
measures such as network lifetime, network
throughput, latency and ratio of delivery of packets
across the network all improve significantly in the
framework.

o Comparative performance evaluation:

A rigorous simulation is run to self-test the proposed
model with the traditional protocols like the baseline
and LEACH-based protocols which show that the model
is more efficient and has high scalability.

e Applicability to smart environments:

The suggested system has many applications in the
real-world, such as smart cities, industrial loT, and
intelligent monitoring systems.

2. RELATED WORK

loT-based smart environments using energy-efficient
communication has been extensively studied in order
to deal with issues that entail power consumption,
scalability and reliability. Conventional communication
protocols like Low-Energy Adaptive Clustering
hierarchies (LEACH) have extensively been employed
because of their clustering protocol that minimises the
communication overhead and evenly distributes the
energy among the nodes. A number of enhanced
versions of LEACH offload residual energy and
improved clustering chances to improve the network
lifetime and stability [1], [3]. Furthermore, original
loT structural schemes and communication frameworks
advocate the necessity of effective and high-scale
protocols to facilitate massive deployments in smart
settings [2], [4]-philippines.

Simultaneously, energy efficient routing schemes have
been designed in an effort to reduce energy waste
that is used when transmitting data. These strategies
are aimed at the optimal routing paths, less
transmission distances, and load balancing between
sensor nodes. Recent innovation constitutes
collaborative beam forming and adaptive transmission
methods, which enhance efficiency of communication
and save on energy [11]. Nonetheless, most of these
methods are based on static or rule-based processes,
which constrain their dynamism to adapt with the
dynamics of the network.

In recent times, the loT communication systems have
been improved and optimised by the introduction of
artificial intelligence (Al) and optimization methods. It
is noticeable that reinforcement learning (RL) has
been appreciated as a way to have capabilities to
make adaptive decisions to the dynamic world. The
RL-based solutions enable the nodes in the IloT to
adapt to the most energy-efficient and
communication-performing routing and clustering
policies with the help of real-time feedback [7], [12].
Besides, there have been hybrid models which
combine Al with clustering protocols like machine
learning enhanced LEACH which has shown to have
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better balancing of energy and network performance
[8]. Although these improvements have been made,
most of the current methods concentrate on individual
elements of optimization and are not all-encompassing
in the assessment of various performance parameters.

Research Gap

Despite the great advances might have been achieved
in the field of energy-efficient communication of the
IoT, a number of limitations still exist. The majority of
conventional protocols are based on fixed-point
routing and clustering schemes, which cannot be
applied in dynamic and heterogeneous loTs settings.
Even more sophisticated optimization-based
techniques frequently fail to be real-time flexible, and
do not realise the capability of making smart decisions
comprehensively. Besides, most of the current
approaches are solely aimed at minimising energy
usage despite the lack of a balanced approach to the
optimization of other vital performance parameters
like throughput, latency, and packet delivery ratio.
Hence, the necessity to have a unified and dynamic
communication architecture where these two can be
combined: energy-conscious routing using proactive
optimization methods. In particular, integrating the
concept of reinforcement learning with loT
communication systems may allow developing dynamic
decision-making, better optimization of resource
utilisation, and improve the overall network
performance. This study fills this gap by suggesting an
intelligent and energy efficient loT communication
model that will maximise energy use, network life
time as well as communications quality in smart
environments.

3. PROPOSED SYSTEM MODEL

The suggested system model is a smart and energy-
saving loT-based communication system, proposed to
be utilised in smart environment. The architecture of
the system is the distributed wireless sensor network
(WSN) system, in which a massive amount of loT nodes
is used to cover a specific geographical zone to
measure environmental parameters and send them to
the central sink or base station. The loT nodes are
characterised by sensing and processing resources, and
wireless communication in severe energy limitations
because of scarce battery resources. The sink node is a
central node that undertakes the aggregation of the
data, processing and the general coordination of the
network. To achieve good communication and energy
efficiency, the proposed model will use a clustering
based architecture where sensor nodes are segmented
into clusters. Each cluster has one cluster head (CH)
which is dynamically chosen according to energy-
conscious criteria that include, but not limited to,
residual energy, distance to the sink and
communication load. The cluster head measures the

data of member nodes, aggregation of data is done
and data sent to the base station. This method greatly
helps in minimising unnecessary transmissions and
overall reduction of energy used in the network. In
addition, the system incorporates reinforcement
learning to support intelligent and adaptive decision-
making to allow selecting the best routing paths and
cluster heads as real-time network conditions evolve.

The architecture of the proposed system is described
in detail in Figure 1 that indicates the hierarchical
nature of the communication structure and functional
elements of the model in a very clear way. The bottom
layer, also known as the sensing layer, contains a
number of loT sensor nodes as a cluster. Both clusters
have a number of member nodes within each cluster
and there is a head of the cluster (CH), as shown in
the figure. Intra-cluster communication takes place
between member nodes and their respective cluster
heads and in which data is aggregated locally in order
to minimise goal of transmission overhead. The
network layer lies above the sensing layer and it is in
charge of inter-cluster communication and routing.
This layer involves cluster heads sending aggregated
information over the best routing path to the sink or
the base station. As indicated in the figure, there are
various communication links that the cluster heads
have with the sink, which are decision adaptive
routing. Reinforcement learning is also presented in
the architecture with the module entitleed
Reinforcement Learning & Optimization that is
constantly designed to assess network conditions and
send control signals to streamline routing and
clustering decisions. This allows dynamic response to
changes in node energy levels, topology in network
and traffic.

On the apex of the architecture, there is the
application layer, which manages data processing and
smart environment applications. The digitised
information of the sink is then sent to the application
modules including smart city infrastructure, industrial
monitors and smart buildings as illustrated in Figure 1.
Such a layer converts raw sensor data into actionable
insights to be wused in making decisions and
automation. Other  significant  communication
processes such as data aggregation, optimised routing
and control signalling are also shown in figure 1.
Sensors nodes send data to cluster heads, cluster
heads to the sink and the sink to the application layer.
Reinforcement learning module produces control
signals that are fed back to the network to enhance
the efficiency of route and energy consumption. Also,
the figure indicates the general system goals, which
are energy efficiency and long network lifetime, and
through smart optimization and clustering processes.

The system proposed can be modelled as a multi-
objective optimization model in order to reduce
energy usage and maximise network life. Optimization
of routing decisions and clustering mechanisms help in
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minimising the energy consumption by nodes so that
minimal energy is spent on communicating with other
nodes. Meanwhile, network lifetime is increased
through energy consumption distribution among the
nodes and absence of premature exhaustion of
important nodes like cluster heads. It is based on the
reinforcement learning that helps the system
dynamically adjust to new network conditions and
makes the decision-making process better through
time optimization. The model is being run under some
practical constraints that occur in the context of the
loT systems. The battery life is small in each sensor
node, and can therefore be utilised efficiently in order
to allow the sensor node to last a long time. The
system should also provide scalability of the network
which depends on the number of nodes which should
not compromise performance. Moreover, the
communication overhead should be kept to the
minimum levels to prevent the unnecessary spending
of energy in controls related to the redundant
signalings. The system also has dynamic conditions
such as variation in the energy levels of the nodes,
network  traffic  patterns and distance of
communication which would necessitate adaptive and
intelligent routing strategies. The proposed system
offers a scalable and efficient solution to the loT
communication in the smart environment by combining
energy-conscious routing techniques with adaptive
routing and the use of reinforcement learning-based
decision-making techniques. It provides a strong
platform of ensuring energy efficiency and longevity of
the network and overall performance of
communication in next generation loT systems.

Reinforcement n &
Learning & » !l .'.!|I| .

Processed Data

Optimization
. Data Processing & Smart Applications
o ry

Contrrol Signals

Network Layer

Energy Efficiency ¢ » | Extended Network Lifetime
Fig. 1. Energy-Efficient loT Communication Architecture.

4. REINFORCEMENT LEARNING-BASED ENERGY-EFFICIENT
OPTIMIZATION FRAMEWORK

In order to make the proposed loT framework smart
and energy efficient in terms of communication, a
reinforcement learning  (RL)-based optimization
optimizer is utilised. The algorithm is theoretically

based on the dynamic network conditions, unlike the
traditional methods of routing and clustering that
occur based on the traditional approach that is either
static or on a heuristic basis. This renders the system
very compatible in large scale and energy constrained
loT environments where network characteristics like
node energy, network traffic load and communication
range change as time elapses. The suggested model
employs the reinforcement learning algorithm based
on Q-learning and in microsystem every loT node or
cluster head acts as an intelligent agent. These agents
acquire  best communication techniques via
communication with the network environment, of
which the aim is to minimise energy usage, enhance
network lifetime, and reliable performance of
communication. State, action and reward are three
important constituents that guide the learning
process. The current network state is denoted by the
state and possesses the following parameters; the
residue node energy, distance to the sink and network
load. Depending on this state, an action that is
followed by the agent can be the choice of the best
routing path or a suitable cluster head. A reward
function is used to assess the effectiveness of each
action and uses various factors of performance to
quantify the accomplishment of its objectives; such
factors are energy efficiency, transmission delay, and
ratio of password delivery. There is a greater reward
on actions aimed at minimising the use of energy,
delay, and effective delivery of data than others. The
Q-learning tool provides the framework through which
the decision policy is updated in an iterative process
with the help of the Q-value update rule, and the
system gradually gets to make better routing and
clustering assurances over time. This is a dynamic
learning-based solution that enables the network to
respond dynamically to altered environments and
reach a reasonable trade-off between energy use and
communication functionality.

The general sequence of operations of the suggested
optimization algorithm is divided into three stages: the
initialization, training, and decision-making. Initially,
during the process of initialization, network
parameters, node energies and Q-values are initialised
and a initial clustering structure is created. In the
training stage, the RL agents will experience the
network environment and monitor the current state
and choose actions according to the exploration-
exploration strategy. Every action is implemented in
the network and the agent monitors the state that
results and calculates a reward. Q-values are updated
in turn with the Q-learning update rule. The same is
repeated on several occasions until convergence is
reached. During the decision making stage, the trained
model will be used to identify the best paths and
cluster heads of route in real time without further
exploratory steps, which would assure efficient energy
consumption and maintain constant network
operation.
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Reinforcement learning is a workflow that is divided
into three major steps that include: Initialised,
training, and decision making. The initial level is the
establishment of the Q-table and network matters.
The training process is done by an iterative learning
process whereby the agent monitors the network
condition (residual energy, distance to sink and
network load), takes an action (routing or choosing a
cluster head), undertakes the action, and modifies the
Q-values according to the received reward. This cycle
is repeated until the learning process levels off. The
decision making process involves the use of that policy
that has been learned to pick the best routing paths
and clustering decisions so as to have an efficient
communication with less energy and effective
operation of the network. It also identifies a feedback-
based learning approach that allows one to constantly
adapt to the changing conditions in the loT network.
Table 1 entails the key parameters that control the
learning process such as learning rate, discount factor
and exploration rate. These parameters are key
factors to regulate the convergence rate, stability and
efficacy of the reinforcement learning algorithm.

Table 1. Reinforcement Learning Algorithm Parameters

Parameter Typical Value
Learning Rate 0.1-0.5
Discount Factor 0.8-0.9
Exploration Rate 0.1-0.3
Residual Energy 0.5-2J

Maximum Energy 2

Distance to Sink 10- 100 m
Network Load Variable
Packet Size 2000 bits
Number of Nodes 50 - 200
Transmission Range 20-50m

The key parameters of the structure of the RL-based
optimization are introduced in table 1. The learning
rate is the speed at which the algorithm gets updated
on new experience and the discount factor is what
regulates the weight of future rewards on the
decision-making process. The exploration rate
determines the level of balance between exploration
of new actions and exploitation of known optima
strategies, which is critical in order to avoid local
optima. Other parameters like unused energy,
distance to sink and network load are the state
variables included which reflect the choices made by
routing and cluster. Parameters that are specific to
the network such as the number of nodes, transmission
range and packet size define the environment and
affect the performance with regards to
communication. Adequate tuning of these parameters
guarantees the ability to achieve stable learning
behaviour, efficient convergence behaviour, and even
better optimization results (in terms of energy usage,
longevity of the network and communication
reliability). The proposed optimization framework
combines the use of reinforcement learning, energy-

conscience routing, and clustering processes, and can
offer a scalable, adaptive solution to the
communication system of loT devices. It is efficient in
energy use, has a increased network lifetime, and has
better communication reliability overall, which is why
it can be successfully implemented in smart
environments and in loT applications that are next-
generation.

5. SIMULATION SETUP

The effectiveness of the suggested reinforcement
learning-driven energy-efficient loT communication
system is tested with a help of a simulation-based
technology. Standard platforms like MATLAB and
Python-based platforms are used to conduct the
simulation, and that allows flexibility to use
reinforcement learning algorithms or network
modelling. These tools can be used to evaluate the
routing strategies, clustering mechanisms, and energy
consumption behaviour in dynamic loT network
characteristics accurately. The simulated Internet of
Things (loT) network is composed of a collection of
sensor devices that are randomly scattered throughout
a pre-established environment to demonstrate a
realistic scenario of a smart environment. The
installed nodes will differ according to the experiment
which will examine scalability and performance under
the different network densities. Each node starts off
with a predetermined energy quality, which means
battery-powered loT devices that have a finite amount
of energy. The network space is established in order to
model the realistic smart environments deployment
where communication distances between the nodes
and the sink are realistic. The sink or base station can
either be centrally or stationarily placed to receive a
collection of aggregated data of clusterheads.

The important network parameters investigated in the
simulation are the amount of nodes, area of the
network, and the initial amount of energy each node
has, the transmission range and the size of the packet.
The parameters are chosen thoroughly to approximate
life-based conditions of the IoT and to measure the
level of performance of the offered algorithm in
different situations. The energy consumption model
takes into consideration the cost of energy
transmission and reception and the overhead of data
aggregation at cluster heads. In order to prove the
success of the developed approach, it is comparatively
analysed with regard to recognised baseline and
traditional techniques. The baseline model is an
example of communication strategy that is not
optimised with no smart routing or clustering. The
compared approach is also contrasted with the
classical LEACH protocol that can be perceived as a
common benchmark in energy-efficient clustering of
wireless sensor networks. Also, optimization-based
methods like Genetic Algorithm (GA) or Particle Swarm
Optimization (PSO) may also be included to offer a
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wider range of comparison to the heuristic methods of
optimization. The simulation will be run in several
rounds that will compare the network performance
with time; in specific the energy depletion, the rate of
survival of the node, and efficiency in communication.
Measures and measurements are made on performance
measures which include energy consumption, network
lifetime, throughput, latency, and packet delivery
ratio. The detailed simulation environment will
guarantee a consistent and strict assessment of the
advanced reinforcement learning-based optimization
framework showing its efficiency in increasing the
energy efficiency and the network performance in the
loT-based smart environments.

6. PERFORMANCE METRICS

The efficiency of the suggested reinforcement
learning-based energy-efficient loT communication
system is tested on a complex of significant indicators
that analyse performance in terms of energy efficiency
and quality of communication. These metrics are
chosen because they aim at offering a general picture
of the network behaviour in dynamic conditions and
allow comparison with the current techniques. Table 2
summarises the meanings and meaning of these
metrics.

Table 2. Performance Metrics and Definitions

Metric Description

Energy Total energy used per round
Consumption

Network Lifetime FND, HND, LND

Throughput Successfully transmitted data
Latency End-to-end delay
PDR Ratio of received to send packets

This is because the main performance indicator is
energy consumption, which directly determines the
sustainability of loT networks. It can be described as
the overall energy used by all sensor nodes on
transmitting, receiving and processing data in any
given round of the simulations. Reduced energy use
means that communication is more efficient and there
is improved resource use. The model is suggested to
reduce the energy consumption through reinforcement
learning routing and clustering decisions.

Another important metric is network lifetime which
determines the period of network functionality. It is
measured with three standard indicators as, First Node
Dies (FND), Half Nodes Die (HND) and Last Node Dies
(LND). FND denotes the period in which the energy
available in the first node of the network reaches zero
marking the start of the network degradation. HND
represents the system value of half the nodes being
non-functional, and LND represents total failure of the
network when all nodes have no more energy. The
longer the length of the network lifetime becomes,

the more energy is balanced and there is an optimised
use of resources.

Measure: Threating is used to measure how much data
of sensor nodes is actually relayed to the sink in the
network. It mirrors the effectiveness of the
communication  system to  provide valuable
information. The increased throughput is a pointer to
the high optimal performance in data transmission and
efficient routing policies. The suggested RL
methodology will endeavour to optimise throughput,
choosing the best communication routes and
minimising the loss of packets.

Latency or end-to-end delay is the time a data packet
takes to go through the source node to the destination
(sink). It encompasses transmission delay, propagation
delay and the processing delay in the network. Smart
monitoring and control system: The applications of
real-time internet of things like smart monitoring and
control require lower latency. The suggested system
has been developed as a way of reducing delay since it
optimises routing decisions and congestive network.
The reliability of transmission of data in the network is
determined by Packet Delivery Ratio (PDR). It is
determined as the proportion between the amount of
packets in the sink that have been received
successfully and the amount of the packets that were
sent by the source nodes:
PDR packets recevied 1
"~ Packets sent —®

A higher PDR indicates more reliable communication
and fewer packet losses. The proposed optimization
framework improves PDR by ensuring stable routing
paths and efficient cluster head selection.

7. RESULTS AND PERFORMANCE EVALUATION

In this section, the authors provide a critical analysis
of the suggested reinforcement learning-based energy-
efficient loT communication framework. The
performance of the proposed model is used against the
conventional techniques such as the baseline method
and LEACH protocol. The analysis is done with the help
of the main indicators energy use, network life,
throughput, latency, and packet delivery ratio (PDR).

7.1 Energy Consumption Comparison

One of the measures applied is the energy
consumption which is the aggregate energy used per
round of simulation. According to the results, the
proposed RL-based model can save a lot of energy
when compared to current procedures.
e Baseline: ~0.52 J per round
e LEACH: ~0.38 J per round
e Proposed RL: ~0.24 J per round

This corresponds to approximately:
e 36% reduction vs LEACH
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54% reduction vs Baseline
As shown in Figure 2, the RL-based approach achieves
lower energy dissipation due to adaptive routing and
efficient cluster head selection.

—8— Baseline Method (0.52 J/round)
=& LEACH Protocol (0.38 Jiround)
—a- Proposed RL-based (0.24 J/round)

500 -

P

o

o
L

300+

200+

Total Energy Consumption (Joules)

100

240J

200

400

600 800 1000

Simulation Rounds

Fig. 2. Energy Consumption Comparison.

7.2 Network Lifetime Analysis

Network lifetime is evaluated using FND, HND, and
LND metrics:

Metric Baseline LEACH Proposed RL
FND 420 rounds 580 rounds 780 rounds

HND 650 rounds 890 rounds 1150 rounds
LND 900 rounds 1200 rounds 1550 rounds

The proposed method extends:

FND by ~34% over LEACH

LND by ~29% over LEACH

As illustrated in Figure 3, the number of alive nodes
remains significantly higher in the RL-based model
throughout the simulation.

%001 aseline Method 50

BN | EACH Protocol

1400 N Proposed RL-based

1200

1000

Number of Rounds
s ]
(=] o

=
s}
=}

3
3

o

FND (First Node Dies)

Fig. 3. Network Lifetime

HND (Half Nodes Die) LND (Last Node Dies)

7.3 Throughput Analysis

Throughput is measured as the number of successfully
delivered packets to the sink:
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As

Total Packets Successfully Delivered

Baseline: ~1800 packets

LEACH: ~2450 packets

Proposed RL: ~3120 packets

This shows:

~27% improvement over LEACH
~73% improvement over baseline

Figure 4 indicates, RL model has a steady higher
throughput because it had lower packet losses and
optimum routing paths.
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Fig. 4. Throughput Comparison
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7.4 Latency Comparison

Latency is measured as the average end-to-end delay:
e Baseline: ~210 ms
e LEACH: ~165 ms
e Proposed RL: ~120 ms
This results in:
e ~27% reduction vs LEACH
e ~43% reduction vs baseline
The RL approach minimizes delay by dynamically
selecting shorter and less congested paths.

20ms

200

3

165 ms

Average End-to-End Delay (ms)
g o 8 § 8

5

Baseline Method

Fig. 5. Latency Comparison.

LEACH Protocol Proposed RL-based

7.5 Packet Delivery Ratio (PDR) Analysis

PDR is calculated as:
_ packets recevied

PDR =
Packets sent
Observed values:

e Baseline: 0.78 (78%)
e LEACH: 0.86 (86%)
e Proposed RL: 0.94 (94%)
This demonstrates:
e ~9% improvement over LEACH
e ~20% improvement over baseline
As shown in Figure 6, the proposed method achieves
higher reliability due to stable routing and efficient
cluster management.

(2)

00

Packet Delivery Ratio (PDR %)

Baseline Method

LEACH Protocol

Fig. 6. PDR Comparison

Proposed RL-based

8. DISCUSSION

The findings of the performance assessment
segmentation certainly serve as an indication of the
optimization framework that is proposed based on
reinforcement learning increasing the energy
efficiency and the performance of the overall network
within the paradigm of loT-based smart environments.
This is due to the high saving in energy consumption
that can be mainly related to the adaptive routing and
clustering decisions that are possible because of the
reinforcement learning model. Contrary to the
traditional protocols that use the assistance of some
statistic (or probabilistic) mechanism to make
selection, the methodology presented here
dynamically chooses the best communication routes
based on the network conditions at that time (residual
energy, distance between nodes and the load of
traffic). This is a smart way of decision making and it
means that the energy-consuming processes are kept
at a minimum and needless transmissions are
eliminated. The other factor that could only lead to
the enhanced performance is the effective load
balancing attained as a result of the suggested model.
The system does not isolate certain nodes by over-
relying on them; thus, it does not make essential
nodes run dry of energy very easily because the
communication functions are distributed among the
various nodes. It leads to the production of a more
homogeneous energy consumption pattern at the
network level, which increases the total network
lifetime. The reinforcement learning model constantly
changes its policy in accordance with the feedback of
the environment, providing the system with the ability
to adapt to the altered environmental conditions and
ensure the optimal operation of the network.

The proposed solution has a number of benefits over
traditional solutions. One, it has massive energy
efficiency that is a genuine need of battery-powered
loT devices. Second, it enhances reliability of
communication based on an increase in throughput
and ratio of the number of packets delivered, taken
into consideration of ensuring that the data will be
delivered successfully with little loss. Third, the model
is highly scaled, and its performance does not
decrease with the increase of the count of the
network nodes. This is why the suggested framework is
applicable to the large-scale IoT implementation in
smart contexts, including smart cities, industrial
systems, and all intelligent monitoring applications.

Nonetheless, the presented system is characterised by
some trade-offs, which will have to be taken into
account. Reinforcement learning can be integrated,
which adds extra computational load, especially during
training when the agents need to search and discover
best policies so that they can maximise the reward
with specified time limits and randomised interactions
with the environment. This can be more demanding to
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the processing needs than normal lightweight
protocols. Also, the converging process of the training
process takes time and this can affect the first system
performance, until the model is stable. In spite of
these drawbacks, the benefits of energy efficiency,
longer network life, and more reliable communication
will be seen in the long run more than the
computational costs will be. In general, the suggested
reinforcement learning-based optimization model
offers a mitigated and efficient way to optimise the
energy consumption of the loT communication and
solve the important limitations of the current methods
without providing the system with intelligent
flexibilities.

9. LIMITATIONS

Although the review of the literature revealed
promising outcomes of the proposed energy-efficient
framework of the loT communications through the
reinforcement learning application, several limitations
are to be admitted. To begin with, the performance
testing is mostly done on simulation platforms, which,
despite their usefulness in the controlled analytic
setting, might be inadequate to reflect the intricacies
and ambiguities of the real-life loT implementations.
Hardware limitations, environmental interference, and
random network dynamics are some of the aspects
that may affect the performance of the system in real-
world situations. Second, applying the reinforcement
learning involves extra computational complexity
especially at the training phase. The learning process
needs to have recurrent iterations and interactions
with the environment towards an optimal policy that
can cause processing overhead and consumption of
energy at the node or system level. This may be a
burden to the resources limited, limited compute
ability, loT gadgets. Lastly, the suggested framework
has not been tested in large scale implementation in
the real world or in hardware testing. Although the
results of the simulation have shown that there are
significant performance improvements, additional
justification in real-world deployments will be
required in order to measure the scalability,
robustness, and adaptability to the varying operating
environments. To overcome these shortcomings, it will
be critical to convert the suggested approach into
practical use with respect to the application of loT in
real life.

10. FUTURE WORK

Although  the suggested energy-efficient loT
communication framework is based on the
reinforcement learning approach, which shows high
enhancement of simulation, the future research and
development has various directions. One such
extension is the development of the proposed model
on actual hardware platforms (e.g. embedded IloT

platforms or wireless sensor nodes). This will make
verification of the system to work under realistic
conditions such as hardware and physical constraints,
environmental noise, and real time communication
issues, making the approach proposed to be more
reliable and applicable. The next promising area is the
incorporation of the use of edge artificial intelligence
(Edge Al ) methods to advance the levels of system
intelligence and also decrease latencies. With
lightweight learning models, decision-making tasks at
the edge of the network include routing and clustering
can be executed on the edge and the communication
load and overhead of communicating with centralised
systems reduced, and faster responses can be achieved
in real-time applications.

Future research can also be directed to finding more
and efficient methods of optimization to decrease the
computational complexity and training of
reinforcement learning. Transfer learning, meta-
learning and hybrid optimization model become some
of the techniques that can be investigated to improve
large-scale loT implementations by accelerating
convergence and enhancing scaling. Besides, there is
also a great prospect of development by implementing
the proposed framework with upcoming 6G
communication technologies which are likely to
accommodate ultra-low-latency, massive connectivity,
and high data rates. Implementation of the proposed
intelligent optimization framework into such next-
generation  communication infrastructures  will
contribute to the additional efficiency of energy
usage, reliability, and performance of advanced
applying of smart environment. All in all, these future
directions seek to close the divide between simulation
and real implementation as well as expand the
functionality of smart, energy-saving internet of things
communication networks.

CONCLUSION

In this paper, a smart system was developed utilising
intelligent reinforcement learning to create an loT
communication system that can efficiently conserve
energy and improve the performance of the entire
network in intelligent landscapes. The suggested
framework can successfully minimise energy waste on
adaptive routing and clustering decisions, which leads
to a considerable length of network lifetime.
Furthermore, the system exhibits enhanced quality of
service (QoS) to include increased throughput, lesser
latency as well as greater ratio of packet delivery,
which makes transmission of data reliable and
efficient. The proposed model uses smart optimization
and energy-conscious communication strategies to
eliminate the major shortcomings of the traditional
methods, as well as to offer a scalable setting to the
state-of-the-art loT  networks. These findings
demonstrate that it has a high potential for
implementation in practise as a smart cities system,
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industrial

Internet of Things, and sustainable

communications networks, where resource-efficiency
and low-enough performance are essential.
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