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ABSTRACT

Deep Reinforcement Learning Framework for Sustainable Energy Optimization (DRL-SEO), a method of
optimizing energy recapacitated by integrating smart decision-making with adaptive energy management, can
be applied to the wireless sensor networks (WSNs) to enhance the performance and longevity of the networks.
A simulator of the environment records the dynamics of the energy, mobility, and communication conditions;
the framework begins with sensor nodes that gather the data and transmit it over a wireless channel. The DRA
agent works with parameters that are observed in the form of state vectors, which can have residual energy,
signal quality, and rates of harvesting, among others. The agent can learn the best actions to maximize long-
term rewards and balance between energy savings and reliability of the data by using Deep Q-Networks or
Actor-Critic. Examples of such actions are to change duty cycles, routing patterns, or transmission power. The
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policy is refined based on the continuous feedback of the environment through the implementation of iterative
learning. To ensure intelligent, sustainable, and self-adaptive functioning of large-scale WSNs in practice
applications in the 10T, the optimized policy that is achieved leads to a significant reduction in energy wastage,
an improvement in the ratio of packet delivery, and an extension of the network lifetime.

KEYWORDS: Deep Reinforcement Learning, Wireless Sensor Networks, Energy Optimization, Sustainable
Computing, Routing and Scheduling, Internet of Things (IoT).
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1. INTRODUCTION

WSNs are now a core technology in
environmental surveillance, smart cities, industrial
automation, and precision agriculture due to their
use in monitoring, automation, and data-driven
decision making [1]. These networks are made up of
a large number of sensor nodes that are located in
remote or dynamic environments, which have the
role of sensing, processing, and transmitting data to
a base station [2]. WSNs have a lot of problems
because they are limited by the energy resources,
bandwidth, and computing power [3]. Since sensor
nodes are commonly battery-driven and replaceable
in a difficult manner, energy optimization is very
critical to network life and maintainability [4]. The
latest developments in the fields of artificial
intelligence (Al) and especially Deep Reinforcement
Learning (DRL) provide potential solutions to use
resources intelligently and optimize the use of energy
in WSNis [5].

A. New Demand of Green and Autonomous
Sensor Networks.

The high growth rate of the IoT-powered WSN
uses requires energy-saving and environmentally
friendly designs [6]. The conventional tools of
traditional static optimization cannot be relied upon
to cope with the dynamic environment of data traffic,
changes in the environment, and reduction or change
in network topology [7]. Sustainable intelligence in
WSNs is a goal that seeks to develop self-adaptive
and autonomous systems with the capability of real-
time learning and making decisions with an aim of
minimizing energy wastage [8]. Green WSNs are not
only aimed at the minimum energy usage, but also at
minimal carbon footprint, maximum node usage,
and balanced long-term ecological state of large-scale
implementations [9].

B.Problems In the Tradeoff Between Energy
Efficiency and Qos.

A trade-off between energy efficiency and Quality
of Service (Qo0S) is another significant research issue
to be addressed [10, 11]. The methods used to
minimize energy consumption will tend to
compromise the accuracy of data, cause packet loss,
or increase the latency, which will impact system
reliability [12]. On the other hand, energy reserves
can be quickly exhausted through the enhancement
of QoS. This balance is further complicated by the
highly dynamic character of wireless channels and
the unpredictable failures of nodes, and by the
variability of traffic patterns [13]. That is why it is

needed to make the best decisions in the uncertain
world with the help of a dynamic, smart, and data-
driven approach.

C.Research Motivation

The basis of the research is the increasing need to
have sustainable, intelligent, and energy-conscious
WSNs that can autonomously adjust to changing
environments. The key goal is to create a Deep
Reinforcement Learning Framework for Sustainable
Energy Optimization in WSNs (DRL-SEOW) capable
of providing intelligent control of routing and power
management, as well as node activity. The
framework will help to make network lives longer, to
decrease energy expenses, and ensure high QoS-
open the door to greener and smarter sensor
networks.

D. Main Contributions:

Adaptive Energy-Aware Learning: This is a DRL-
based architecture that uses optimization of routing,
power management, and node scheduling to achieve
sustainable operation of a WSN.

Hybrid Optimization Framework: This is a
combination of DQN and Actor-Critic approaches to
trade-off between energy efficiency and latency.

Improved Performance: Achieves better network
lifetime, energy saving, and reliability than
conventional WSN protocols.

2. RELATED WORKS

Scalability, low costs, and versatility have ensured
that Wireless Sensor Networks (WSNs) have become
essential in both industrial and IoT applications.
Nonetheless, the sustainability of the network and
energy efficiency are also major issues. Recent
literature discusses machine learning, clustering, and
optimization algorithms to optimize energy
consumption, connectivity, and performance of a
wide variety of WSN settings.

The suggested Enhanced Energy Optimization
Model (EEOM) of the Industrial WSNs uses machine
learning and knowledge-based learning to reduce the
energy of nodes. It manages transmission, reception,
idle, and sleep-mode functions in a manner that leads
to substantial energy consumption and performance
ratios of up to 90 % and higher indicators of accuracy.
EEOM is a good compromise between power
consumption and communication performance that is
more reliable, has a longer life span, and is energy
efficient by applying predictive feedback and optimal
node-path selection [14].

This paper aims to increase the lifetime of wireless
sensor networks by means of efficient routing and
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energy consumption. It improves clustering,
coverage, node placement, and data aggregation
using evolutionary algorithms and NS simulations.
The presented adaptive fitness feature decreases the
total energy usage by half. The study highlights that
the sustainable operation of WSN can be achieved
through enhanced routing efficiency and balanced
power allocation to enhance the longevity of the
network [15].

IoT-based mobile WSNs propose a mathematical
network model that will enhance the energy
efficiency and connectivity. It uses probability theory
to study the distribution of nodes, the detection fields,
and the radii of communications. The strategy makes
communication sustainable and consumes the least
amount of energy. The results of the simulation
indicate that the energy consumption is reduced on
average by 40 percent inside the framework of the
simulation as opposed to LEACH, ZTR, and DSR
protocols, which confirms the high Ilevel of
performance of the strategy in the context of large-
scale IoT implementation [16].

A probabilistic algorithm (PA) for analyzing the
connectivity and power optimization of mobile
WSNEs. It considers such parameters as node detection
area, network radius, and communication region
based on probability theory to create a mathematical
model of a network. The algorithm improves the
network connectivity and minimizes the energy
usage through the enhancement of the connectivity
factor within the network. Its effectiveness in
ensuring  sustainable and  energy-optimized
communication systems is proven by simulation
validations [17].

One of the approaches that has been mentioned in
the review to enhance the energy efficiency of WSN is
the concept of clustering. Clustering reduces route
delay and increases scalability by locating sensor
nodes and electing Cluster Heads (CHs). The paper
classifies the clustering optimization techniques as
metaheuristic, fuzzy logic, and hybrid methods. In
comparison of protocols, it is found that optimised
clustering is better in terms of energy saving, stability,

and aggregating data, enhancing the performance of
WSN and the network lifetime [18].

The IMD-EACBR model presents a better
metaheuristic-based energy-conscious cluster-based
routing scheme of the IoT-assisted WSNs. It
maximizes the use of energy and network life by
using Archimedes' algorithm for learning how to
form clusters and the TLBO algorithm for learning
routing of multiple hops. The results of the simulation
in NS-3.26 demonstrate better performance on the
delivery of packets and latency, as well as node
lifespan. The hybrid optimization approach proves to
be  efficient in  providing  energy-saving
communication to the IoT-based WSN settings [19].

The complete review is based on system-level
energy management of WSNs with specific references
to battery-free and energy-aware sensor nodes. It
addresses the ambient and wireless energy
harvesting, effective hardware design, and
sustainable operation communication protocols. The
research provides a roadmap on how to come up with
self-sufficient WSNs by incorporating energy
conversion and reduction. It brings to light plans of
maximizing energy consumption and improving
network independence in various industries [20].

2.1. Research Gap

The papers reviewed in totality deal with critical
issues in Wireless Sensor Networks (WSNs), yet the
limitation is quite significant. Most models exhibit a
problem with scalability when using large network
deployments and do not adapt to dynamic
environments. Optimization strategies on energy
consumption tend to concentrate on certain
parameters without a holistic approach at the
network level. Clustering algorithms often raise
computational costs, whereas probabilistic and
metaheuristic models rely on good parameter
settings. Additionally, a lack of real-time testing and
the validation of IoT applications prevents their
increased applicability to the industry, as shown in
Table 1.

Table 1: Related Works.

Area of

Reference Title Work

Energy Optimization

Connectivity
Improvement

Clustering
Technique

Machine Learning
Integration

Enhanced Energy
Optimization Model
(EEOM) for Industrial
WSNs

[13]

X v v

Evolutionary
Algorithm-Based
Energy Optimization
in WSNs

[14]
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Probabilistic
Mathematical Model
[151 for IoT-Based WSN v v

Connectivity

Probabilistic Algorithm
[16] for Connectivity and v v
Energy Optimization

Review of Clustering
[17] Optimization v X
Techniques in WSNs

IMD-EACBR:
Metaheuristic-Driven
18] Energy-Aware Cluster- v v

Based Routing

System Design for
[19] Battery-Free and v X
Energy-Aware WSNs

The papers under review focus on optimization of
energy, improvement of connectivity, and clustering
in WSNs through advanced algorithms and
mathematical models. Strategy types such as EEOM,
probabilistic modelling, and metaheuristic-driven
routing present good energy reduction and better
network lives. Together, these techniques have
created smart, versatile, and energy-conscious WSN
systems that can be applied to industrial and IoT
environments.

3. RL-SEO FRAMEWORK ARCHITECTURAL
BLUEPRINT

DRA-SEO Framework proposes a smart and
energy-conscious design of Wireless Sensor
Networks. The framework autonomously manages
the power use, routing, and activity of a node,
optimizing them through deep reinforcement
learning and multi-agent coordination. It has a
layered structure, which provides sustainable
network performance, adaptive learning, and real-

time self-optimization in dynamic environmental and
communication settings.

3.1. Layered System Architecture (Physical -
Learning -Decision Layers)

The suggested DRL-SEO system will be organized
into three functional layers, namely, Physical,
Learning, and Decision layers. The Physical Layer is
concerned with real-time sensing, data acquisition,
and energy management of the sensor node. The
Learning Layer uses deep neural networks, which are
used to process environmental states, determine
optimal energy profiles, and evaluate dynamic
network patterns. Lastly, the Decision Layer performs
intelligent actions like adaptive routing, power
control, and node scheduling, basing its actions on the
learning outcomes. Such a hierarchical structure is
modular and scaled, supporting smooth interactions
between hardware-sensing and high-level cognitive
decision-making.

Sensor

Environment Simulator J

(Energy Dynamics, Mobility,
Communication

Reward/

nodes

State

New State

@

DRL-Agent

( Observed Parameters w

Deep Q-Networks
Actor-Critic

Residual
Energy

State Vector
Encoding

Harvesing
Resets

Models

Adjust Duty Cycles
» Routing Paths
Tranmission Power

Optimized Policy Outcomes

= Reduced Energy Waste

+ Improved Packet Delivery
Ratio

+ Extended Network Lifetime

Optimal Actions
(Policy)

Sustainable, Intelligent,
Self-Adaptive WSNs for loT

Fig 1: Dra-Seo In Wireless Sensor Networks.
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Fig. 1 illustrates that the DRL-SEO in Wireless
Sensor Networks (WSNs) is the combination of
intelligent decision-making and adaptive energy
management to support the network's life and
performance. The model starts with sensor nodes
that collect data and communicate it via a wireless
channel, which is represented by an environment
simulator that captures the dynamics of energy,
mobility, and communication. The parameters
measured include the remaining energy, signal level,
and harvesting rates, and are converted into state
vectors that are input into the DRL agent. The agent
is trained with Deep Q-Networks or Actor-Critic
models to find optimal action, including duty cycles,
routing paths, or transmission power, to increase
long-term rewards at the cost of energy savings
versus data reliability. The policy is refined by
continuous feedback provided by the environment in
terms of an iterative learning. The derived optimized
policy is able to greatly decrease energy wastage,
enhance packet delivery ratio, and prolong network
lifetime, making a large-scale WSN operation in the
real-life IoT scenario sustainable, intelligent, and self-
adaptive.

3.2. Multi-Agent and Hierarchical Learning
Model

The DRA-SEO protocol assumes a Multi-Agent
Reinforcement Learning (MARL) approach, with
every sensor node acting as an independent learning
agent. The agents communicate with each other in a
Hierarchical Learning Model that allows the agents to
make distributed decisions and minimizes
computational cost. The bottom-level agents
maximize local decisions, such as the transmission
power and sleep mode, and the top-level coordinator
collects information on a global scale to maximize the
energy balance and the data rate. It is this hierarchical
interaction that leads to the cooperation of nodes,
which results in global energy efficiency, without the

network performance degradation.

3.3. State Encoding, Action Mapping, And
Reward Engineering

DRL requires proper state representation,
mapping of actions, and reward engineering to
generate effective results.

State Encoding: The agents represent the network
states in the form of a vector of residual energy,
distance to sink, length of packet queue, quality of
links, and density of neighbors.

Action Mapping: Actions are choosing routing
paths, the transmission power, or switching node
activity state (active / sleep). These measures have
direct impacts on the efficiency of energy
consumption and the provision of data on the
network.

Reward Engineering: The reward functional
combines several goals, such as maximizing residual
energy and packet delivery ratio, and minimizing
latency and energy waste. Energy-efficient
transmissions and stable connectivity are rewarded
positively, and the reverse is also true. This reward
system is balanced and directs agents toward
sustainable decision-making behaviour.

3.4. Feedback Loops and Self-Optimization
Mechanisms.

To promote continuous improvement, the DRL-
SEO model incorporates the closed-loop feedback
loops that evaluate the performance indicators in
terms of energy consumption, latency, and the ratio of
packet delivery. The system is self-optimizing with
dynamically updated learning policies based on
experience replay and policy gradient adjustments in
different environmental conditions. This feedback
and retraining ability enable the network to be
adaptively evolved, maintaining the optimum
performance and increasing the life cycle of the WSN.

Algorithm 1: DRL-SEO Energy Optimization in WSNs

Input: State vector St = [Eresiduall Qsignalr Hrate' Ndensity]

1: Initialize neural parameters 8, 0, replay buffer D
2: For each episode e = 1toE do
3: Initialize environment and observe initial state S,
For each timestept = 1toT do
Select action A, = 1(S;|6,) + € (exploration)

4
5
6: Execute A;; observe reward R.and next state Sy 13
7 Store (S;, Ap, Ry, Siev1y)in D

8

Sample mini — batch B from D

Output: Optimal Action A, * (adjust duty cycle, route, or Tx power)
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9: Compute target Qrarger = Ry + y *max (Q(S(Hl},A’; GQ))
10: Update Q — network: 8, « 6o — @ V(Q(St, A0 = Qearger)
11: Compute policy gradient V0,](0,)using Actor — Critic
12: Update Actor network parameters 6,, < 6, + BVO,.J(6,)
13: If convergence criteria met then break

14: End for

15: Evaluate average reward and energy ef ficiency na,4

16: If Naygimproves, retain 6,, 0,

17: End for

18: Return optimized policy © * (S.) for WSN control

19: Output per formance metrics: Energy Saving %, PDR, Lifetime
20: End Algorithm

Algorithm 1 DRL-SEO is a policy that provides the
optimization of energy usage of the Wireless Sensor
Networks (WSNs) wusing Deep Reinforcement
Learning. It starts neural networks, monitors state
parameters such as residual energy and signal
quality, and performs a series of training to learn
optimal actions through Actor-Critic and Deep Q-
Network models. Through interactions with the
environment, the agent improves its policy via
feedback on rewards, which trades off energy
efficiency and dependable communication. The
trained policy final is much more energy saving and
has a longer lifetime of the network with high packet
delivery performance.

3.5. Equations

State representation R, is expressed in equation 1
Ry=[1+FE]*[Q +-.+G] (1)

Represents the environment state observed by the
agent at time. Encodes energy, signal quality, and
harvesting rates.

Here, R, is the state vector at time u, F, is residual
energy, Q, is signal quality, G, is energy harvesting
rate.

Reward function s, is expressed in equation 2

+ ﬁDR — 4§ Mdelay (2)
max

Quantifies immediate feedback to the agent based
on energy saved, packet delivery ratio, and latency.
Positive reward encourages sustainable operation.

Here, s, is a reward at the time t, Fy4,4 is energy
saved, Fpg, is maximum energy, DR is packet
delivery ratio, 6Mgeq, is latency, and 9, 5,5 are
weighting factors.

Q-Value function (Deep Q-Network is expressed
in equation 13

P(ryb) =Ex[1+S,11—mn,b,] (3)

Represents the expected cumulative reward when

Fsaved

St:a*

taking action in a state that guides policy decisions.

Here, P(7,, b,) is the action-value function, S,, is
the total future reward starting from time u, 7, is the
current state, and b,, is the chosen action.

Policy function @ is expressed in equation 4

d = softmax(P(r + b) xy) — (bls) (4)
Defines the probability of selecting each action using
Q-values. Softmax balances exploration and
exploitation.

Here, (b|s) is policy probability for action b in state
s, (P (r, b)) is Q-value, and y is temperature
parameter.
Advantage function B, is expressed in equation 5

B, =S, —W(n) (5)

Measures the relative benefit of an action
compared to the state value. Guides policy
improvement.

Here, B, is an advantage at time u, S, is

cumulative reward, and W(r,) is state-value
function.

Temporal difference (TD) Error §,, is expressed in
equation 6

8y =1, + eW(sy41) —W(sy) (6)

Error signal used to update the critic network.
Reduces the prediction difference between
successive states.

Here, §,, is TD error, 1, is an immediate reward,
¢ is discount factor, W(s,1)is the next state-value,

and W (s, )is the current state-value.

Residual energy update Fi(uﬂ)

equation 7

is expressed in

F¥Y = F* + F 4+ G; (7)
Updates node energy accounting for consumption
and harvested energy. Maintains sustainable
operation.
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Here, Fi(uﬂ) is energy at next timestep, F* is

current energy, F; is consumed energy, and G; is
harvested energy.

Packet delivery ratio (PDR) Qpy is expressed in
equation 8

R = Mreceived % 100 (8)
Mgene

Measures the reliability of data delivery. High
PDR indicates robust network operation.

Here, M,oceiveq is the number of successfully
received packets, and M., is the total packets sent.

4. RESULTS

As this paper describes, the proposed research
proposes the DRA-SEO framework, a deep
reinforcement learning-based algorithm, which is
aimed at making Wireless Sensor Networks more
sustainable. It manages energy use, routing, and
communication reliability by making dynamic

decisions, which are better than conventional
approaches in network lifetime, energy use, packet
delivery, and latency reduction in a wide range of
environmental and traffic conditions.

4.1. Dataset

The data in the repository are simulated wireless
sensor network (WSN) parameters to be utilized in
studying energy and delay performance. It contains
sensor node locations, range of transmission, packet
rate, duty-cycle status, and power usage of various
MAC protocol setups. The records store node energy
consumption, round latency, and frequency of
communication. The dataset is produced with the
help of MATLAB-based models, which provide
possibilities to evaluate network lifetime, throughput,
and delay optimization strategies in different traffic
and energy conditions within the WSN environment
[20], as shown in Table 2.

Table 2: Wsn Energy-Delay Optimization Dataset (Edo-Wsn).

field

Parameter Description Data Type / Unit Purpose in Dataset
Node_ID Unique identifier for each Integer Tracks individual node activity
sensor node and energy status
Position (x, y) Node coordinates in simulation Float (meters) Defines spatial topology and

communication range

Transmission_Rate
round

Number of packets sent per

Evaluates data throughput and

Integer (packets/sec) enerey cost

Duty_Cycle_State

Node operation mode

Categorical (0/1) Measures energy savings from

Active/Slee duty cyclin;

p. y cycling

. .. Tracks energy depletion and
Residual_Energy Remaining energy per node Float (Joules) network lifetime

End_to_End_Delay

delay

Average data transmission

Assesses Quality of Service

Float (milliseconds) (QoS) performance

4.2. Network Lifetime Extension (NLE)

The Network Lifetime Extension is the
measurement of the percentage of active nodes in
different network conditions. The smart routing and
intelligent power control in the suggested DRA-SEO
model dramatically prolong the lifetime of the node.
DRL-SEO, in comparison with the traditional

approaches (EEOM: 65%, IMD-EACBR: 70%, PA:
72%), can achieve up to 85 percent node longevity at
low node density. The architecture provides a good
balance in power usage among nodes, minimizes
early failures, and provides distributed connectivity
in mobile and dynamic networks, as shown in Table
3.

Table 3: Analysis of Network Lifetime Extension.

Network Condition EEOM IMD-EACBR PA DRL-SEO
Low Node Density 65 70 72 85
Medium Node Density 55 62 64 80
High Node Density 48 55 58 76
Static Environment 40 47 50 72
Moderate Mobility 32 40 44 68
High Mobility 25 33 36 64

Analysis of network lifetime extension ECjp, is
expressed in equation 9
ECimp = (Eprr — E * Cpase) + 4G €))
Quantifies improvement in energy efficiency

achieved by DRL-SEO compared to baseline
strategies.

Here, EC;p,, is an energy efficiency improvement,
Epgyis energy efficiency under DRL-SEO, and
ECp4se is baseline energy efficiency.
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4.3. Energy Consumption Efficiency (Ece)

Energy Consumption Efficiency measures the
average power consumed per node during data
delivery. The DRA-SEO model reduces unnecessary
communication and dynamically changes the
transmission power, which ensures excellent energy

saving. Its average consumption of 0.60 J/node is
superior to that of EEOM (0.85 J), IMD-EACBR (0.78
J), and PA (0.72 J). DRL-SEO enables a long operation
duration with all the data information reliable and
communication quality under all-weather traffic
conditions by relying on the energy adaptation done
by deep learning, as shown in Table IV.

Table 4: Analysis of Energy Consumption Efficiency.

Data Load EEOM IMD-EACBR PA DRL-SEO
Low Traffic 0.85 0.78 0.72 0.60
Moderate Traffic 1.40 1.25 1.10 0.92
High Traffic 1.95 1.78 1.55 1.20
Bursty Traffic 2.40 2.10 1.90 1.55
Congested Network 2.95 2.65 2.30 1.85
Dynamic Load 3.50 3.20 2.75 2.10

Energy consumption efficiency Fsq,eq is expressed

in equation 10
Fsqvea = Frl;gtseline — Frat (10)

Measures energy conserved through optimized
DRL policy. Positive values indicate successful
optimization.

Here, Fyqeq is the total energy saved, FPéselinejg

baseline network energy consumption, and FARE is

network energy under DRL-SEO.
4.4. Packet Delivery Ratio (Pdr)

Fig. 2 illustrates that Packet Delivery Ratio is used
to determine the reliability of the network by
determining the successful packet delivery.

ANALYSIS OF PACKET DELIVERY RATIO

100 4

%1

90 1

85 1

Values

80 1

751

701

05 1

=4— EEOM
IMD-EACBR

-+ P

=8- DRL-SEQ

Scenario

Fig 2: Analysis Of Packet Delivery Ratio.

DRA-SEO approach improves routing stability as
well as minimizes loss of packets by dynamically
choosing links and interference prevention. Having a
97% PDR in the static condition, it is higher than
EEOM (88%), IMD-EACBR (90%), and PA (92%). It
retains its level of learning to optimize the forwarding

of packets, thereby generating increased data
integrity, steady throughput, and communication
reliability in even the high mobility and high-
interference conditions of WSN.

Delivery ratio (PDR) analysis @D, is expressed in
equation 11
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M .
QD, = (i - Msent,i) * M S
sent,i

Measures the reliability of each node by
evaluating successfully delivered packets over the
total sent.

Here, QD, is the packet delivery ratio for the node
i, My, is the packets received, and M, ; is packets

x 100 (11)

sent.

4.5. End-To-End Delay (E2ED)

Fig. 3 illustrates that End-to-End Delay is the
average amount of time that it takes data packets to
arrive at the destination.

Analysis of End-to-End Delay (E2ED)

240
- EEOM

IMD-EACBR
- R

220 1 =#= DRL-SE0

200

160 4

140

120

Light frafﬂc Moderate Traffic

Heavleraﬂ\c

Congested Links Bursty data Flow Dynam\cl Routing

Traffic Scenario

Fig 3: Analysis of End-to-End Delay.

DRA-SEO method minimizes the latency by
making use of effective route exploration and
scheduling based on congestion. It achieves a
performance of 120 ms on average, with a reporting
of a delay that is better than EEOM (180 ms), IMD-
EACBR (165 ms), and PA (150 ms). DRL-SEO
improves overall Quality of Service (QoS) by
predicting the optimal moment to transmit the data
and dynamically changing the routing paths, which
allows the timely delivery of data to the end user in
real-time IoT applications.

End-to-end delay Rgs is expressed in equation 12
FSG.VB
Rgs = (1 — Favea) * %= x 100 (12)

Percentage improvement in energy consumption
efficiency relative to baseline. This defines the end-
to-end delay.

Here, Rgsis relative energy savings, Fsgpeq iS
energy saved, and FP&sel™ is baseline network
energy consumption.

4.6. Performance Metrics

et

Table 5: Performance Metrics.

Metric Value Unit Description
Network Lifetime 1350 Rounds Duration before first node failure
Energy Consumption 2.5 Joules Average power used per round
Packet Delivery Ratio 98.3 % Successful data delivery rate
Throughput 210 kbps Data transmission speed
End-to-End Delay 150 ms Average latency per packet
Residual Energy 2.1 Joules Remaining energy post-transmission
Data Loss Rate 1.7 % Lost packets percentage
Computational Efficiency 90.9 % Processing resource efficiency
Adaptation Speed 24 Seconds Reaction time to network changes
Scalability 94.2 % Performance in large-scale WSNs

Table 5 shows that the DRA-SEO framework also

shows great performance on main metrics, having a
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network lifetime of 1350 rounds, 98.3% packet
delivery, and 210 kbps throughput. It's smart energy
saving consumes on average 2.5 ] of energy with low
delay (150 ms) and low data loss (1.7%). The
computational efficiency of 90.9 with the adaptation
time of 2.4 seconds, the framework guarantees
scalability and efficiency with energy consumption,
as well as reliability in communication to large-scale
Wireless Sensor Networks (WSNs), which are ideal
with the sustainable IoT.

DRA-SEO protocol exhibits better performance
compared to the current energy optimization
protocols, with up to 25% longer lifetime of the
network, 30% reduced energy expenditure, increased
packet delivery reliability, and shorter end-to-end
delay. Its intelligent, adaptive, and self-learning
architecture will provide efficient, sustainable, and
resilient operation of Wireless Sensor Networks in a
dynamic IoT environment.

5. CONCLUSION

51. Overview Of the Achievements and
Contributions.

This study proposed a Deep Reinforcement
Learning Framework of Sustainable Energy
Optimization (DRL-SEO), which is a new method of
embedding Al-based flexibility in Wireless Sensor
Networks (WSNs). The framework intelligently
controls the routing, power distribution, and node
scheduling in a manner that makes the system the
most efficient in terms of energy usage, and at the
same time ensures high data reliability. DRL-SEO can
provide significant performance gains in terms of
system performance, increased network lifespan (up
to 25 percent), low average energy use (30 percent),
high packet delivery ratio (up to 97 percent), and low
communication latency through a multi-agent,
layered architecture. These results verify the
framework with the ability to maintain the WSN
activities within the dynamic and resource-
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