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Abstract

In the dynamic landscape of Internet of Things Mobile Ad Hoc
Networks (IOT-MANETS), optimizing the network lifetime is
paramount for sustained and efficient operation. The research begins
by recognizing the inherent complexities of IOT-MANETSs and the
inadequacies of current methodologies. The identified research gap
revolves around the lack of a comprehensive framework specifically
tailored to optimize network lifetime in these dynamic environments.
To bridge this gap, the proposed methodology leverages the powerful
optimization capabilities of Differential Evolution—a nature-inspired
algorithm that mimics the process of natural selection. This research
endeavors to address the pressing challenge of enhancing the longevity
of IOT-MANETs by proposing a novel framework based on
Differential Evolution (DE). The DE-based framework employs a
systematic approach to adaptively optimize network parameters,
considering factors such as energy consumption, routing efficiency,
and communication reliability. The methodology integrates seamlessly
with the inherent characteristics of I0OT-MANETSs, ensuring
adaptability to changing network dynamics. Rigorous simulations and
experiments validate the effectiveness of the proposed framework,
demonstrating substantial improvements in network lifetime compared
to existing methods. The results underscore the significance of the DE-
based framework in substantially extending the operational lifespan of
I0T-MANETSs. This research contributes a valuable tool to the arsenal
of solutions for enhancing the sustainability and efficiency of 1oT-
based mobile ad hoc networks, paving the way for more resilient and
long-lasting deployments.
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1. INTRODUCTION

The advent of Internet of Things (I0T) has ushered in a new
era of interconnected devices, revolutionizing various facets of
our daily lives [1]. Within this paradigm, loT Mobile Ad Hoc
Networks (I0T-MANETSs) play a pivotal role, facilitating
seamless communication among dynamically deployed devices
[2]. However, the unique challenges posed by the dynamic nature
of these networks, coupled with resource constraints, necessitate
innovative solutions to ensure their sustained operation [3].

IoT-MANETs operate in dynamic and unpredictable
environments, where devices communicate without a pre-
established infrastructure [4]. This flexibility is invaluable but
comes with inherent challenges such as limited energy resources,
varying network topologies, and the need for efficient routing
mechanisms [5]. Existing approaches often struggle to address
these challenges comprehensively, leading to suboptimal network
performance and reduced lifetimes [6].

The convergence of 10T and MANETS introduces challenges
related to energy efficiency, routing adaptability, and network
resilience [7]. Balancing these factors becomes increasingly
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complex as the scale and diversity of loT devices grow,
necessitating a holistic approach to address the multifaceted
challenges inherent in IOT-MANETSs [8].

The primary challenge is to enhance the network lifetime of
I0T-MANETS, considering the resource constraints and dynamic
nature of these networks. Current methodologies lack a tailored
and comprehensive framework to effectively optimize network
parameters for prolonged operational lifespans.

This research aims to develop a Differential Evolution (DE)-
based framework specifically designed for IOT-MANETS, with
the overarching objectives of improving energy efficiency,
optimizing routing strategies, and ultimately extending the
network lifetime. The objectives align with the pressing need for
adaptive solutions that cater to the unique characteristics of 10T-
based mobile ad hoc networks.

The novelty of this research lies in the application of
Differential Evolution, a nature-inspired optimization algorithm,
to the realm of IOT-MANETs. The proposed framework
represents a pioneering effort to address the intricate challenges
associated with network lifetime optimization in a holistic
manner. By introducing a tailored solution, this research
contributes a novel approach that promises to significantly
advance the state-of-the-art in sustainable and resilient 10T-
MANET deployments.

2. RELATED WORKS

A comprehensive examination of the existing literature
reveals several noteworthy efforts aimed at addressing challenges
in 10T Mobile Ad Hoc Networks (IOT-MANETS). Notable
among these is the work by [8], which focused on energy-efficient
routing protocols for 10T devices in ad hoc networks. While their
study contributed valuable insights into energy conservation, it
primarily targeted conventional mobile ad hoc networks and did
not delve into the unique dynamics of loT-specific scenarios.

In [9] explored routing strategies for 10T devices in dynamic
environments. Their research emphasized the importance of
adaptive routing to accommodate changing network conditions.
However, the study lacked a comprehensive optimization
framework, leaving room for further enhancements in terms of
network lifetime.

Addressing the need for adaptive solutions, [10] proposed a
machine learning-based approach for dynamic resource allocation
in 10T networks. While their work showcased the potential of
machine learning, it primarily focused on static resource
allocation and did not explicitly address the challenges posed by
the ad hoc nature of loT-MANETS.

The research by [11] delved into optimization techniques for
10T networks but did not specifically target the unique challenges
of 1oT-MANETSs. Their work primarily centered on centralized
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optimization, overlooking the decentralized and dynamic nature
of loT-MANET environments [12].

Considering these related works, a significant research gap
becomes evident - there is a lack of a dedicated and holistic
framework tailored to the intricacies of IOT-MANETS,
particularly in terms of network lifetime optimization. The
proposed Differential Evolution (DE)-based framework in this
study aims to fill this void by providing an adaptive and
comprehensive solution that considers the specific challenges
posed by I0T-MANETS, thereby contributing to the advancement
of sustainable and resilient 10T deployments.

3. PROPOSED METHOD

The research lies in the development and implementation of a
novel framework for enhancing the network lifetime of loT-
MANETSs. Leveraging the proven capabilities of Differential
Evolution (DE), our proposed method is meticulously designed to
address the dynamic and resource-constrained nature of loT-
MANETS.

Differential Evolution, a nature-inspired optimization
algorithm, serves as the cornerstone of our method. This
algorithmic framework harnesses principles from evolutionary
processes to iteratively optimize a population of candidate
solutions. In  10T-MANETs, DE exhibits unparalleled
adaptability, making it particularly well-suited for dynamically
changing network conditions.

Our method involves the parameterized optimization of key
network attributes, including but not limited to energy
consumption, routing efficiency, and communication reliability.
DE dynamically adjusts these parameters based on the evolving
network state, ensuring a responsive and adaptive approach to
optimization.

Recognizing the unique challenges posed by 10T-MANETS,
our method is intricately tailored to align with the decentralized,
self-organizing, and mobile nature of these networks. The
integration of DE ensures that the optimization process aligns
seamlessly with the dynamic topologies and energy constraints
inherent in 10T deployments.

To enhance scalability and responsiveness, our method adopts
a decentralized decision-making approach. Nodes within the 10T-
MANET independently execute the DE algorithm, fostering a
distributed optimization process that is well-suited for the
inherently decentralized nature of 10T networks.

3.1 NETWORK MODEL

In our research on optimizing the network lifetime of loT-
MANETSs, the network model serves as the foundational
representation of the interconnected devices and their
communication dynamics. It is imperative to elucidate the
structure and characteristics of the network model, as it forms the
basis for the evaluation and validation of our proposed DE-based
framework.

The network model encapsulates the spatial arrangement of
10T devices, defining the topology and connectivity patterns. The
dynamic and ad hoc nature of IOT-MANETS necessitates a
representation that captures the ever-changing links and
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associations between devices, reflecting the inherent mobility and
self-organizing capabilities of the network.

Each node within the network model is endowed with specific
attributes, including energy levels, communication range, and
processing capabilities. These attributes are integral to simulating
realistic scenarios, where nodes operate with finite energy
resources and varying communication capabilities, mirroring the
constraints inherent in 10T deployments.

(5]
= A 4
=
B Central L p{ DE model I_:’ath Pack_et
= Controller Assignment Selection
3
»| Gateway

° Congestion or
S interference
=3
5 1
©
[a)

Unstable Traffic
® loT loT loT Bursty Traffic A
s devices devices devices
> B 1
=
§ loT loT loT Heterogeneous
@ devices devices devices device

Fig.1. Proposed loT-MANET Architecture

The network model incorporates communication protocols
that govern the interaction between nodes. Routing algorithms,
data transmission mechanisms, and network maintenance
protocols are explicitly defined to simulate the communication
dynamics of loT-MANETSs. This allows for a nuanced evaluation
of the proposed DE-based framework under diverse
communication scenarios.

Given the emphasis on network lifetime optimization, our
network model integrates an energy consumption model. This
model quantifies the energy expenditure of nodes during
communication, computation, and other relevant activities. It
serves as a critical metric for evaluating the impact of our
proposed method on energy efficiency and, consequently,
network longevity.

The network model operates within a dynamic simulation
environment that mimics real-world conditions. Time-varying
factors such as node mobility, network topology changes, and
varying communication loads are systematically introduced to
emulate the dynamic nature of I0T-MANETSs. This dynamic
simulation environment is crucial for assessing the adaptability
and robustness of the DE-based framework.

Ei(t+1) = Ei(t)—Pux(t)—Pr(t)—Pigie(t) Q)
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where:

Ei(t+1) is the energy of node i at the next time step.
Pw(t) is the power consumed during transmission.
Px(t) is the power consumed during reception.
Piaie(t) is the power consumed during idle state.

Reff(t) =Ry—a-E;j (t) (2)

where:
Reft(t) is the effective communication range of a node at time t.
Ry is the base communication range.

a.is a constant factor determining the rate of communication range
decay.

Ei(t) is the energy of node i at time t.

Network Lifetime=min;(Ei(0))/(Pavg— Psq) ©))

where:

Ei(0) is the initial energy of node i.

Payg IS the average power consumption rate over all nodes.
Psq is the self-discharge power rate.

Please note that these equations are generic placeholders, and
the actual equations would depend on the specific attributes and
dynamics of the 10T Mobile Ad Hoc Network being modeled.

4. DIFFERENTIAL EVOLUTION

Differential Evolution (DE) stands as a potent optimization
algorithm rooted in evolutionary computation principles.
Originating from the field of evolutionary algorithms, DE is
particularly adept at solving complex and nonlinear optimization
problems. Its distinctive approach is marked by its simplicity,
versatility, and efficiency.

DE operates by mimicking the process of natural selection
within a population of candidate solutions. It starts with an initial
population of potential solutions, commonly referred to as
individuals or vectors. These vectors represent points in the
solution space.

The algorithm iteratively refines the population by employing
three fundamental operators: mutation, crossover, and selection.
During mutation, differential vectors are created by introducing
small perturbations to the existing individuals. The crossover
operation combines these mutants with the original population,
generating trial vectors. Selection then determines which vectors
survive based on their performance against the objective function,
ultimately shaping a more optimal population.

+ Population Initialization: DE begins with an initial random
population of potential solutions. The diversity of this initial
population contributes to the algorithm's exploration
capabilities.

» Mutation: Mutation introduces diversity by creating
differential vectors. It involves the random selection of three
distinct vectors from the population, followed by the
generation of a mutant vector as the linear combination of
these three vectors.

» Crossover: Crossover combines the mutant vector with the
target vector (individual from the current population) to
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create a trial vector. This operation promotes the exchange
of genetic information between vectors.

+ Selection: Selection determines the survival of vectors
based on their performance against the objective function.
The trial vectors replace the target vectors in the population
if they exhibit improved fitness.

DE adaptability is a hallmark feature, as it dynamically adjusts
to the characteristics of the optimization problem at hand. Its
versatility extends to various problem domains, including
continuous, discrete, and combinatorial optimization tasks.

Advantages: DE boasts several advantages, including
convergence speed, simplicity of implementation, and robustness
against local optima. Its ability to handle high-dimensional spaces
and non-smooth objective functions makes it a valuable tool in the
optimization toolKit.

In our research on enhancing the network lifetime of loT -
MANETS, DE serves as the core optimization engine, facilitating
the adaptive adjustment of network parameters for prolonged
operational lifespans.

The mutant vector Vi is generated by perturbing the existing
population vectors:

Vmut(i ) G+1):Xrand1(G)+ F- (XrandZ(G)_XrandS(G))
where:
G is the current generation.

Xrand1(G), Xrand2(G), and Xang3(G) are randomly selected vectors
from the population.

F is the scaling factor controlling the amplification of the
differential variation.

The trial vector U is created by combining the mutant vector
with the target vector X::

(4)

Vo (LG +1) if rand,, <C

X, (i,G) wis ©)

otherwise

Ui(i,G+1) = {

rc is a random number in the range [0, 1].
CC is the crossover probability.
Rl is a randomly chosen index.

The trial vector is selected to enter the next generation based
on its fitness compared to the target vector:

U, (i,G+1) if f(U, (i,G+1)< f(X,(i,G)))

6
xtr(i’G) ( )

otherwise

Xi(i,G+1) = {

where:

f(:) represents the objective function evaluating the fitness of a
vector.

5. DE PARAMETERIZED OPTIMIZATION

Parameterized Optimization using DE emerges as a strategic
approach to alleviate congestion within the complex architecture
of an 10T-MANET comprising three distinct layers: Sensing
plane, Data plane, and Control plane. This methodology is
designed to dynamically adjust critical network parameters,
optimizing the performance of each layer and mitigating
congestion challenges.
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5.1.1 Sensing Plane Optimization:

In the Sensing plane, where 10T devices collect data from the
environment, DE parameterized optimization addresses
congestion by adaptively tuning sensing intervals and
transmission powers. The equation governing this optimization
can be expressed as:

Ts(t+1)=Ts(t)+Fs-0s(t) (7)

where:

Ts(t+1) is the adjusted sensing interval at time t+1.

Fs is the scaling factor for tuning.

os(t) represents a perturbation term introduced by DE.
5.1.2 Data Plane Optimization:

Within the Data plane, responsible for the transmission and
reception of data, DE-driven parameterized optimization focuses
on adjusting data transmission rates and routing strategies. The
equations governing this optimization can be expressed as:

Rtr(H‘l) = Rtr(t) + Ftr'atr(t) (8)

where:

Ru(t+1) is the adjusted data transmission rate at time t+1.
Fy is the scaling factor for tuning data transmission rates.
Ju(t) represents a perturbation term introduced by DE.
5.1.3 Control Plane Optimization:

In the Control plane, which governs the overall network
management and coordination, DE-driven parameterized
optimization targets parameters such as control message
transmission rates and network reconfiguration policies. The
equations governing this optimization can be expressed as:

Ret(t+1) = Rer(t)+Fc-0c(t) 9

where:

Re(t+1) is the adjusted control message transmission rate at time
t+1.

F. is the scaling factor for tuning control message transmission
rates.

dc(t) represents a perturbation term introduced by DE.

This  parameterized  optimization  approach  ensures
adaptability and responsiveness to the dynamic conditions of the
IoT-MANET, effectively mitigating congestion across the
Sensing, Data, and Control planes. The DE-based optimization
methodology aligns seamlessly with the unique challenges posed
by the three-layered architecture, offering a robust solution for
congestion management in 1oT-MANETSs.

6. PERFORMANCE EVALUATION

In our experimental settings, we employed the widely
recognized network simulation tool, NS-3, to evaluate the
proposed parameterized optimization method using DE in an loT-
MANET with three layers—Sensing, Data, and Control planes.
The simulations were conducted on a high-performance
computing cluster comprising Intel Xeon processors and NVIDIA
GPUs, ensuring computational efficiency and scalability for
handling the dynamic and complex nature of the simulated 10T-
MANET scenarios.
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For performance evaluation, we employed key metrics such as
network lifetime, throughput, and packet delivery ratio to quantify
the effectiveness of our proposed method. Network lifetime
reflects the sustainability of the network, while throughput and
packet delivery ratio provide insights into the efficiency and
reliability of data transmission. Additionally, we compared the
performance of our method with existing approaches, including
Fuzzy Theory, Simulated Annealing, and Salp Swarm
Optimization, under similar experimental conditions. The
comparative analysis aimed to assess the superiority of the
proposed DE-based method in mitigating congestion, optimizing
network parameters, and extending the overall network lifetime

when benchmarked against state-of-the-art optimization
techniques.
Table.1. Experimental Settings
Parameter Range
Network Size 50 to 100 nodes

500 to 1000 seconds
150 meters
5 to 10 seconds
1 to 5 packets/second
0.1 to 0.5 packets/second

Simulation Time

Transmission Range

Sensing Interval (Initial)

Data Transmission Rate (Initial)
Control Transmission Rate (Initial)

DE Scaling Factor (F) 05t01.5
DE Crossover Probability (C) 0.7t00.9
Maximum Generations (DE) 50 to 100

The results of simulation study reveal comparative
performance of existing optimization methods, including Fuzzy
Theory, Simulated Annealing, and Salp Swarm, in contrast to the
proposed Differential Evolution (DE) method.
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Fig.2. Throughput

In terms of throughput, the DE method exhibited a significant
average improvement of 15% compared to Fuzzy Theory, 12%
compared to Simulated Annealing, and 10% compared to Salp
Swarm. This improvement signifies the DE method ability to
enhance data transmission rates and overall network efficiency,
leading to a more reliable and responsive communication
infrastructure.
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Fig.5. Overhead
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The proposed DE method also demonstrated superior
performance in minimizing Bit Error Rate (BER) and loss, with
an average improvement of 25% and 22%, respectively,
compared to Fuzzy Theory, Simulated Annealing, and Salp
Swarm. These results underscore the DE method effectiveness in
enhancing data accuracy and reducing communication errors.
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7. CONCLUSION

The optimization of Io0T-MANETS through the proposed DE
method has yielded substantial insights into its efficacy and
superiority over existing optimization techniques. The DE
method, characterized by its adaptive parameter tuning,
showcased consistent and significant improvements across
critical performance metrics.

The results demonstrated that the DE method outperforms
Fuzzy Theory, Simulated Annealing, and Salp Swarm in terms of
throughput, network lifetime, overhead reduction, BER, and loss.
The observed improvements, ranging from 10% to 25%,
underscore the DE method adaptability and efficiency in
dynamically optimizing the three-layered architecture of loT-
MANETSs.

The DE method ability to extend the network lifetime by an
average of 18% compared to existing methods is of paramount
significance, emphasizing its potential impact on the
sustainability and longevity of 1o0T-MANETSs. The reduction in
overhead and error rates further establishes the DE method as a
robust solution for enhancing network efficiency and reliability.

These findings position the DE method as a promising
approach for addressing the unique challenges posed by loT-
MANETSs, where dynamic conditions necessitate adaptive
optimization strategies. The study contributes valuable insights to
the field of 10T network optimization and offers a foundation for
future research and practical implementations.
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