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Improving Energy and Capacity-Awareness of
Effective Satellite Communication in 6G
Heterogeneous Internet of Things

Ahmed Mahdi Jubair® * Khitam Abdulbasit Mohammed®, Fouad H. Awad

College of Computer Science and Information Technology, University of Anbar, Ramadi, Iraq

ABSTRACT

The spreading of Sixth Generation (6G) communication within the Internet of Things (IoT) is one of the recent
innovations in networking services. As the number of devices becomes increasingly connected through extensive
communication network connectivity, energy efficiency has become a significant concern with the widespread use of
massive IoT devices. While general lack of energy optimization can lead to several issues, including data loss, link failure,
and high-power utilization, directly affect the communication quality of the network. To address these challenges, it
is crucial to develop a model that combines effective optimization and resource allocation, based on both Quality of
Service (QoS) and energy efficiency. In this study, we propose an Energy with Capacity-Awareness Effective Satellite
Communication (ECESC) approach for 6G in an IoT environment. The network environment comprises Base Stations
(BS) and User Equipment (UEs), with devices equipped with data transmission models, energy consumption models,
and QoS-based service parameters. Our proposed technique is to enhance resource utilization and optimization among
devices using the Superior Hidden Markov Model (SHMM) and Improved Neighborhood Field Optimization (INFO)
Algorithm, significantly increasing energy and network utility. The ECESC approach was implemented using NS2 and
compared with EERS-IoT, SECA-IoT, and DATS-IoT. We evaluated results using varying number of nodes and speeds.
The performance metrics include end-to-end delay, throughput, packet delivery ratio, energy efficiency, packet loss,
and routing overhead. The experimental results demonstrate that our proposed method achieves significantly improved
outcomes in terms of packet delivery, throughput, and energy efficiency compared to earlier studies.

Keywords: Energy efficiency, Internet of Things, improved neighborhood field optimization algorithm, satellite communi-

cation, superior hidden Markov model, 6G technology

Introduction

In recent years the evolution of sensing technol-
ogy has resulted in Sixth Generation (6G) technology
creation which consists of highly innovative services
and applications that are more advanced than the 5G
technology, 6G supports massive Internet of Things
(IoT) devices that can interconnect to build an intelli-
gent application like creation of robots', Unmanned
Ariel Vehicles (UAVs), and smart cars?. 6G-enabled
IoT devices to support ultra-low power, ultra-low la-

tency, and low-cost communication systems®. The 6G
technology has become trending among the industrial
and academic sectors. Although the Fifth Generation
(5G) is implemented globally, it still needs improve-
ment because of various shortcomings in delivering,
inability, and minimum data that have forced the re-
searchers to come out with the (6G) technology. Due
to those drawbacks energy consumption is highly in-
creased reflected in the decrease of the battery power
in the IoT devices*. That provides a way to highly
seamless and intelligent connectivity among the
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Fig. 1. 6G Technology applications.

devices called (6G) technology >°. The applications of
(6G) technology is described in Fig. 1.

Working with ultra-dense networks creates new
challenges in IoT communication such as severe in-
terference during inter-beam communication, and as
well it creates backhaul burden and energy consump-
tion’. Providing proper upgrades in hardware and
infrastructure in the (6G) technology is highly com-
plicated and not a cost-effective process. A Certain
process like design, development, and maintenance
are highly complicated and consist of compatibil-
ity issues. The major concentration of this article is
all about the energy consumption. With the pres-
ence of numerous IoT devices, power utilization
is highly increased when accessing advanced IoT
capabilities. To get rid of this drawback effective
resource allocation model becomes highly essential
in (6G) technology. In earlier research, several meth-
ods were introduced to overcome this challenge such
as mmWave-permitted IAB design, and Markov pre-
cise size-aided subchannel distribute model which
achieves moderate performance in terms of latency
with congestion®°. The research contribution is out-
lined as follows.

i. To improve the efficiency and reduce the power
utilization of the (6G) technology in advanced
IoT, resource utilization and optimization are
concentrated which is termed as Energy with
Capacity Awareness Effective Satellite Commu-
nication (ECESC).

ii. To improve the quality of the network model
that includes the well-organized communication
and energy consumption model, effectual Base
Station (BS) and User Equipment (UEs) connec-
tivity, and qualified service parameters, and the
fitness analysis.

iii. To attain maximum resource utilization with the
best services to achieve high QoS, the SHMM
model is developed so that the network energy
efficiency is significantly improved.

iv. To transmit the data in the shortest path be-
tween the UEs and the BS which is effective
path that obtained using the Algorithm of INFO
Calculation. Along core assist about certain cal-
culations the lag, routing overhead, packet loss,
remain reduced which produce an expand in the
throughput along packet delivery ratio in mesh.

The structure of the paper is communicated in
such a way: The Section Two elaborates on the
associated study about the 6G technology and its
drawbacks. Section Three detailed the communica-
tion and energy consumption model, effectual UEs
and BS connectivity qualified service parameters, and
the fitness function. Section Four describes a detailed
elaboration of the resource utilization process and op-
timization process employed in the proposed ECESC
approach. Finally, section Five provides the results
and discussion in terms of NS2 implementation. The
conclusion and the future direction are given in sec-
tion Six.

Related work

In the related work section, various studies and
findings relevant to the topic are reviewed and dis-
cussed to provide context and highlight the existing
knowledge in the field. In'? the author Qiao, pre-
sented a joint beam-forming design algorithm for the
Base station and IoT to reduce the problems in the
sixth generation IoT. Though this method provides
better performance of energy consumption, data ag-
gregation, and data transmission, the coverage area
is not expandable.

Liao Zhuofan et al.'' proposed Distributed-Two-
Stage Offloading (DTSO) to provide solutions for
trade-off problems. In addition, Queue theory and
Sequential Quadratic Programming are used for op-
timization problems. However, this method enhances
the performance by minimizing latency and energy
consumption, but the computational process is com-
plex. Li et al.® developed a long preamble sequence
to prevent signaling overhead in Low-earth-orbit
Scenarios. In addition, Length-alterable Differential
Cross-Correlation (LDCC), is used for Carrier Fre-
quency Offset (CFO). This method increases the
performance of timing estimation accuracy, and nor-
malized access energy but the computational cost is
high.

Jia Ziye et al.'? developed a heuristic algorithm to
minimize the complexities using the Dantzig-Wolfe
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decomposition in the internet of Remote things of the
sixth-generation network. Though this reduces the
complexities and energy consumption, provides high
latency. Jia Ziye et al.'® suggested a restricted three-
sided matching algorithm to handle user, HAP, and
satellite matching in space air-ground networks. Ad-
ditionally, a two-tier matching approach to address
go-ahead links mediate rocket along HAPs brought
on through periodical moving along rocket. This pro-
cess provides reduced computational time but energy
consumption is high.*

Wan et al.'* proposed a Data-driven Fair-
Hierarchical Scheduling method for scheduling
the packets to reduce the delay time. In addition,
the Particle Swarm Optimization algorithm is
used for scheduling optimization problems. The
outcomes revealed that the delay time is reduced
but computational cost is increased. Liu et al.!®
developed an algorithmic improvement plan to
expand network coverage in the wide area of IoT
in 6G. Furthermore, time collaboration rest along
possible area rest models are used for optimization
problems. The network coverage area is expandable
but the computational time and cost are high.

Gustavsson UIf et al.'® outlined that communica-
tion of Satellites can be an essential component of the
beyond-5G and 6G communication structure. Huge
hardware synergies between tinge swell earthly along
rocket final, along amidst innovations in durable
rocket initiate manner, may pave path towards cost
reductions that would enable widespread implemen-
tation. Charbit Gilles et al.!” designed a revert-united
air combine amidst minimum modifications from
conventional terrestrial technologies is critical for
providing seamless mobility. Additionally, using the
3GPP Narrow-Band IoT (NB-IoT) air combine remains
a wireless communication system as an example ex-
plains major system elements. However, the Design
trade-off provides better performance but expanding
network coverage is limited.

Marcano Nestor J et al. '® developed a unique queu-
ing model that is utilized to enhance the end-to-end
delay in LEO satellite constellations for 5G and 6G. In
Addition, the Matrix Geometric Method is used for the
optimization method. It provides better end-to-end
delay with expandable network area but increases
computational complexities.

Deebak Bakkiam David et al.'° presented a dy-
namically driven congestion control and segment
re-routing to take into account network congestion
to enhance the quality metrics in the developing
IoT environments. Further, Deleroi used a forward-
backward interface and superimposed principles to
analyze the media access networks. The suggested
DD-CCSR is more effective in determining congestion,

but energy usage is high. Ansere et.al.?’ designed
resource allocation for energy efficient framework
to addressing the combined optimization of power
allocation, power allocation, subchannel allocation,
user selection and number of activated Remote Ra-
dio Units in dynamic large-scale 6G-IoT ecosystems.
The problematic is formulated as a nonconvex Mixed-
Integer Nonlinear Programming model, aiming to
enhance efficiency energy through the optimal allo-
cation of resources while considering the dynamic
nature of large-scale IoT networks.

Rajak et.al.?! proposed a hybrid relay-IRS-aided
IoT device network to achieve energy efficiency in
a Rayleigh fading domain. This hybrid relay-IRS-
assisted network is designed to achieve the high
reliability, data rate, bandwidth and data transfer re-
quests of 6G communications. Irshaid et al. % presents
novel energy-efficient multichannel framework with
a cross-layer MAC to exploits a non-persistent CSMA
protocol for cognitive radio 6G-enabled massive IoT
communication systems networks. By coordinating
the parameters of both layers physical and MAC,
the framework seeks to enhance energy-efficiency for
IoT networks. The authors specifically address the
energy efficiency maximization per bit, while con-
sidering several design constraints. Kouroshnezhad
Sahar et al.?® suggested SEDMAG, a truck-motion
rattle on a path preparing calculation, for locating
6th-generation IoT apparatus. In addition, a wise
pursuit calculation along with an inverse operation
method are used to minimize latency and energy
overhead. Though it provides lower localization la-
tency, but provides only a limited coverage area.

Lépez Onel LA et al.?* studied the CSI-free WET
technique to enhance the efficiency of the IoT de-
vices in 6G. To power complicated gadgets with
high power consumption requirements, however, this
approach can be the perfect solution. Mao et al.?®
proposed 6G communication IoT application in re-
mote zones, focusing on satellite-UAV- assisted IoT
systems. The study highlighted several key 6G tech-
nologies THz communication, energy efficient, edge
computing and discussing where the technologies
enhance the efficiency of satellite-UAV- assisted 6G
IoT systems. Rana et al.?® Suggested a network
intelligent solution aimed at improving energy effi-
ciency in 6G-enabled expanding IoT networks. This
approach leverages cell-free massive multiple-input
multiple-output technology and achieves optimal en-
ergy efficiency through effective network resource
allocation. By optimizing the pilot reuse factor and
access point density, while accounting for the num-
ber of users and antennas at each access point,
the proposed method seeks to maximize energy
efficiency.
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Table 1. Summary of related studies.

Reference  Approach Details Benefit Restriction

10 A joint beamforming design algorithm Maximum Energy Efficiency Minimum coverage area

1 Distributed-Two-Stage Offloading Minimum latency and final energy use High computational
(DTSO) complexities

6 Along preamble sequence Minimum Energy consumption High computational cost

12 A heuristic algorithm Minimal Energy consumption High Latency

13 A restricted three-sided matching Minimum computational time Higher Energy Consumption
algorithm

14 Data-driven Fair-Hierarchical Minimum delay time High computational cost
Scheduling (DFHS) method

15 Process-oriented optimization High network coverage area computational time and cost
framework are high

16 Satellite communication High network coverage area High Energy consumption

17 A backward-compatible air interface Better Design trade-off Minimum coverage area

18 A novel queuing model Minimum End-to-End Delay Higher Computation Cost

19 A dynamically driven congestion Minimum congestion Higher Energy Consumption
control and segment re-routing

20 Dynamic resource optimization maximize the lifetime of a radio Enhance the energy efficiency
framework for 6G-IoT ecosystems. subsystem of IoT networks

21 hybrid relay-IRS-aided wireless IoT Maximum energy consumption higher bandwidth and reliable
network for 6G communications data transmission.

22 A Joint cross-layer optimization for Maximum Energy Efficiency Improve energy efficiency
Cognitive radio

23 A semi-dynamic drone trajectory Minimum localization latency Minimum coverage area
planning algorithm

24 CSI-free WET technique Powering complex devices High Delay and Routing

Overhead
25 Satellite-UAV-served 6G IoT system reducing latency and energy consumed  high transmission efficiency

26 Cell-free mMIMO technology in

6G-enabled IoT networks
27 High-altitude platforms (HAPs) and
low-Earth orbit (LEO) satellites

Maximizes energy efficiency

Effective resource management

increased energy efficiency

Higher Energy Consumption

Jia et al.?” analyzed Space-Air-Ground Integrated
Network (SAGIN) arise to achieve global cover-
age and seamless service. To perform effective re-
mote area data transmission High Altitude Platforms
(HAPs) and Low-Earth Orbit (LEO) rocket remain
used which include time expanding graph (TEG)
to perform Capacity Aware effective resource man-
agement although failing towards transcend packet
delivery ratio and energy efficiency during com-
munication. Later dissecting existing research, to
appreciate this conveyed communication be effec-
tive in satellite-predicated IoT mesh is at rest the
field of study. Remains this general, explore work
Energy with Capacity aware effective satellite com-
munication is concentrated in the IoT environment.
A basically of previous research is construe in
Table 1.

The major drawbacks that are analyzed from
the earlier research are high computational cost
and high-power utilization at the time of pro-
cessing on advanced IoT devices. Mainly to re-
duce energy consumption effective optimization and
resource allocation among the IoT devices are
concentrated.

Fig. 2. lllustration of network model?8.

Preliminaries

Considering a downlink packet transmission in the
IoT networks, consisting of Base Station (BS) and
User Equipment (UEs), as shown in Fig. 2. Sensors
are installed in the UEs to improve the reliability
of data transmission through sub-channels. Further-
more, UE uses BS to strategically utilize sub-channels;
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each UE is only permitted to communicate with
one BS. Considering the neighboring UE has the
best signal strength between the broadcasting BS
and UE receiver, the BS transmits an energy sig-
nal toward the UE. To temporarily store energy for
data transmission to the target, each UE individu-
ally detects accessible sub-channels. The distributed
UE and BS sets are described as ne {1, 2,..., N}
also m m €{1, 2,..., M}, accordingly. It is ex-
pected that during convergence, the UEs and BS
operate on a time-division-duplexing protocol. g, =
[qmin - Quanml’ € CY™N is considered a com-
pact fading channel matrix from m™ BS to n™ UE.
Let oy, denotes the channel’s large-scale fading co-
efficient. So, the n* UE and m™ BS’s communication
channel, hy,, thematically expressed in Eq. (1).

hnn = v %m.n qu.n ¢9)]

The minimum mean-square error (MMSE) calcu-
lated by g, of n™ UE in Eq. (2),

G = knpn vV kapn 2)
" kaPn+1"  knpa+1 "

In Egs. (1) and (2) the terms g, implies maximal
ratio transmission using the precoding vector, k;, im-
plies the number of pilot symbols required for each
coherence interval and where p, implies transmit
power which is the energy flow from the m™ BS to the
n" UE. The values of q,,, have Gaussian noise power,
which is individually and similarly distributed.

Data transmission model

Each BS in the IoT network transmits packets to
the linked UEs during the transmission period. Let’s
assume that each UE links to a single BS, and indicates
Im as the set of UEs assist by the mth BS, the packets
broadcast from the mth BS is expressed as Eq. (3)

Im
Xm = Z ~/Pm.n 9m,n Zmn 3
n=1

In Eq. (3) the terms z,, , implies the broadcast sym-
bol. So, the packet transfer signal received from m™
BS to nth UE is mathematically expressed in Eq. (4)

M
_ T hT
Ymn = xmhm,n + Xm m,n + Wm.n
i=1, i#m
I M In
_ 5 1T o 1T
- Z Pm’[ h-"l-n Amt Zmt + Z Z Pl’t hi’nqivt it
t=1 i=1, i#m t=1

+ Wmn @

It is significant to observe that, from the right side
of Eq. (4), the desired signal is represented by the
first term, and interference and effective noise are
represented by the other terms. The acceptable data
rates of m™ BS to n™ UE is mathematically expressed
in Eq. (5)

'mn = 10g2 (1 + Vm,n) (5)

In Eq. (5) the term r,, implies the signal-to-
interference-plus-noise ratio and optimal achievable
rate during the packet broadcast from m™ BS to nt
UE is mathematically expressed in Egs. (6) and (7).

2

] T
Ztm=l pm’t hman Amt Zmt
'mn = " P P} 2 (6)
T
Dim1, igm 2t Pie| i, qemd T (Wnn |

R, = EM Xmn logy [ 1+ Epnatmn
n — m,n
2 S SN Piettin + 02,

m=1
7)

In Eq. (7) the term Apnimplies the distribution
function in hp,. According to these calculations,
the data transmission model is described in the IoT
environment.

Energy consumption model

As the total power consumption Pr, which consists
of circuit energy usage, power efficiency, and power
amplifier during the packet transmission process from
the BS to UEs, is mathematically expressed in Eq. (8):

M N M 1
Pr =P, +P +P Zk:PC,jLZZ;Pm_n
m=1

n=1 m=1
M
+P Y L (®)
m=1

In Eq. (8) the term P, implies energy consumption
of the circuit, b =Y~ ™ ¢ B,, implies the
power transmission, £ implies the number of enabled
BS antennas, P; implies the amount of energy used
to serve a BS antenna and ¢ implies the amplifying
devices drain efficiency accordingly.

UE and BS connection

To achieve the accessible sub-channel for packet
transmission in IoT networks, the UE is linked to
the BS using a collection of integer binary variables.
Since there is only one BS that UE connects to, the
connection variable x;,,, between nth UE and the mth
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BS is mathematically expressed in Eq. (9).

1, if nUE connects tom BS
Xmn = 9

0, otherwise

QoS-based service parameters

A QoS describes non-constructive characteristics
along with benefits such as reaction time, accessi-
bility, cost, and so on. Components that need to
be minimized are cost, energy consumption, and re-
sponse time. Maximizing availability and reliability is
also necessary.

Response time, which is determined using Eq. (10),
is the service’s ability towards carrying out its activ-
ities in predetermined circumstances for a specified
timeframe.

(10

InEq. (10) theterm K =1, 2, ..., mimplies amount
along with jobs deferred towards that repeat in cele-
brated time, and refers to the amount of appeal. The
number of jobs RESk sent to RK that were repeated
during the specified period and RECk relate to the
total number of requests. IoT service availability is de-
fined as being accessible and functional when needed.
It is a relationship between time anywhere the service
is accessible along a specified time that is necessary
or quantifiable for effort. Using Eq. (11), it can be
mathematically expressed.

A
AVrg = o2
Sny

(an

In Eq. (11) the terms imply the assets and for each,
where m implies a total number of services, implies
an amount of jobs yield; along with implies a number
of jobs accept. Cost is amount of money paid for
the requirement for IoT nods, based on bandwidth,
recollection, and processes that are used. The cost
calculation is mathematically expressed in Eq. (12).

k
Cost = Z (A; = UAT, ) x UAS;
i=1

(12)

In Eq. (12) the term k implies the capacity of the
concrete service, implies the number of nodes as-
signed to each user’s request, implies the duration of
the user’s access to the nodes, and implies the speed of
user’s access to nods. The possibility of a network pro-
cessing the necessary tasks in a time frame without
error is demonstrated by reliability. The reliability

calculation is mathematically expressed in Eq. (13).

FDD
REL, = opf un
t

(13)

In Eq. (13) the terms imply reliability which rep-
resents the possibility of operating in time t, implies
operating time, along with implies defeat probabil-
ity function. The impact of power consumption on
devices supporting IoT candidate services is out-
standing. Each potential service must then provide a
parameter to indicate its energy usage. That melodist
barrel then chooses a benefit with optimal power
conservation based on this parameter. The energy
calculation is mathematically expressed in Eq. (14).

Eep + Ezig

(14)
Dca Btime ZVﬂiev )\i

Energy =

* UAT; * UAS;

In Eq. (14) the terms imply the power consump-
tion of the entry point, ZigBee energy usage, data
packet capacity, beacon broadcast interval, and im-
plies data arrival rate of a node. Fig. 3 demonstrates
a three-layered architecture to illustrate a circum-
stantial representation of IoT benefit composition.
Initially, clients’ forward services. The request is then
sent to the edge layer, which will find service opera-
tions depending on the most frequent QoS variables.
The service revelation process is initiated when the
set of requested services is received by the service co-
ordinator flow. To secure a Service-Level Agreement,
reasonable services are also picked from the list of
available services. Hence, the model selects the best
QoS as the ultimate optimum service composition
option for users. Due to their ability to operate in di-
verse distributed situations, service-oriented systems
are particularly significant. These services are offered
in various locations and have various QoS parameter
values.

Fitness function

The provision of amount of conscious benefit to
satisfy changeable limitations along with improve
wellness purpose is a fundamental objective of ser-
vice composition. The values of the QoS parameters
should be optimized through the fitness function. Pos-
itive and negative parameters prefer to have opposite
effects on their evaluation functions. To solve this
issue, all QoS should assimilate appropriately (using
the next section) so that all their combined negative
and positive aftermath meet to one side. The wellness
province calculation is mathematically expressed in
Eq. (15) where W; implies the weight factor and the
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Fig. 4. ECESC-loT approach workflow.

Q; implies the quality factor.

5
Fitness = Z Wi Q;
i=1

(15)

Proposed ECESC-loT approach

The proposed ECESC-IoT approach is developed
mainly to improve the 6G communication in IoT. To
improve the quality the network model is constructed
in an effective way that includes the well-organized
communication and Energy Consumption model, ef-
fectual UEs and BS connectivity qualified service
parameters, and the fitness function. Followed by that

to achieve maximum resource utilization and opti-
mization in the proposed approach Hidden Markov
Model (SHMM) and Neighborhood Field Optimiza-
tion (INFO) Algorithm is used. The proposed work-
flow of the ECESC-IoT approach is described in Fig. 4.

In the realm of 6G Assisted Heterogeneous IoT,
the concept of intelligently integrating energy with
capacity-aware satellite communication aims to opti-
mize IoT device performance in diverse network set-
tings. The approach can involve efficiently managing
energy consumption and harnessing the potential of
satellite communication within 6G networks. Further-
more, it incorporates energy optimization techniques
to decrease energy usage, capacity-aware commu-
nication strategies to maximize satellite capacity,
and robust routing and scheduling mechanisms for
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Table 2. A comparison of the ECESC-loT proposed model with existing methods.

Approach Advantages Disadvantages Parameters Used Future Uses

ECESC-IoT  Enhanced network performance Complexity in Communication, Smart cities, IoT
through improved energy implementation, energy consumption, networks,
efficiency, packet delivery ratio, resource-intensive UE, BS connectivity, Autonomous vehicles,
reduced consumption and delay, optimization algorithms, SHMM, INFO Urban infrastructure,
dynamic adaption to network potential overhead from parameters environmental
changes, and scalability and SHMM and INFO algorithm monitoring
flexibility in management.

EERS-IoT Energy-efficient routing strategies  Limited coverage area Network topology Healthcare

applications
SECA-IoT Secure communication protocol Increased computational Security Protocols Industrial automation
overhead

DATS-IoT  Real-time data aggregation and Complexity in data fusion Data aggregation Agricultural

processing and analysis algorithm monitoring

dependable and low-latency communication. With
the applying these strategies within 6G networks, IoT
devices can experience enhanced performance, im-
proved reliability, resource efficiency, and scalability.

The technique allows for fluency in the integration
of energy management and satellite communication,
thus showing the full potential of IoT within het-
erogeneous environments. Moreover, Self-SHMM is
a promising tool for capturing complex network
dynamics, since future states can be predicted know-
ingly based on the current state estimation and
observations made of it, enabling efficient resource
allocation decisions and facilitating optimal device
use. To enable efficient resource allocation in device
neighbourhoods, INFO Algorithm is presented which
embodies cooperative aspects and certain of the op-
timisation algorithms, which will allow for efficient
resource allocation through continued adaptability to
the network efficiency. By continuously refining and
adjusting strategies in real-time, the model maximizes
efficiency and effectiveness in heterogeneous IoT en-
vironments. Table 2, discusses the proposed model
with an existing model.

Superior hidden Markov model

A Markov cycle with undiscovered (covered up)
states is assumed to be the shown system in an ac-
tual MM known as the SHMM. A state is apparent in
MM, and famous criteria are achievable accordingly
between states. The model is hidden in an SHMM, but
the output is determined by the mode. A predictive
method that is widely used is MM. Many Markov
designs, such as the HMM and the semi-Markov,
have effectively been derived from MM. Functional-
ity modelling and functionality-forecast analysis have
both been done using the SHMM. Using the current
state as a starting point, the HMM may read the future
state of the desired mechanism. In an SHMM, we are

unable to witness the states, but as you can see, an
observation is recorded as the state’s anticipation un-
derlings. Each state in group has been given a specific
observation as in Egs. (16) to (21).

Vi}: bj(m) £ P (O =Vnlg: =S;). (16)

where b; (m) displays possible observational radia-
tion Additionally, hold considered a uniform design
among which potential outcomes are sovereign of t.
Thus, an observation sequence O is established by the
observed amounts. Despite being hidden, the state
sequence q can be inferred from the observation se-
quence O. The SHMM’s observable model, in which
bj (m) =1,if m = 0 and m = 0. The ensuring element
assist us summarise and validate the

SHMM : S = {S1, Sa2...Sn} a7
V: count of separate study symbols in alphabet,

SHMM :V = {Vl, Vz VN} (18)

A is state transfer achievable

SHMM : A = (a;j) , where a;j =P.(q: +1=S;lq:

(19)
Study probabilities,
SHMM : B = (bj (m)) , where
bj (m) = P(O; = Vin |q: = ) (20)
Chief state possibilities,
SHMM : IT = (), where m; = P, (q; +1) 21D

The other variables implicitly determine S and M,
A = (A, B, ) as the SHMM boundary. Assuming
A, the model can produce an arbitrary number of
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examination succession. While assuming a sequential
exercise state, focus is typically on approximating the
design features.

Background of neighborhood field optimization
(NFO) algorithm

An investigative technique for resolving global
optimization issues is the neighborhood field opti-
mization (NFO) method. Wu and Chow proposed
the concept?’. The NFO method leverages a species’
local cooperative behavior to identify the location
of a global optimal. The genetic algorithm, an
investigative machine learning technique, is well rec-
ognized®’. The GA technique employs a random
search process to determine the most optimal so-
lutions. Similarly, the NFO method also utilizes a
randomized search approach®'. However, the NFO
differentiates itself from the GA by implementing a
gradient descent strategy for its search mechanism.
This allows for smoother convergence in a local re-
gion compared to the GA method. The NFO approach
utilizes two neighboring solutions - an inferior one
(xw) and a superior one (xc). The current solution
is assigned to x, while xc and xw are designated as
the superior and inferior neighbors, respectively. The
following calculation is made:

XV =X+ ary (xc — x) + ars (xc — xw)

+ ars (xc — xwy) (22)
In Eq. (22) the term « implies the learning rate, and,
implies two vectors with random numbers.

Improved neighborhood field optimization (INFO)
algorithm

Learning might be considered a specific form of op-
timization. The purpose of machine learning is to find
the best possible hypothesis. Mitchell observed that
the GA approach is appropriate for the challenging
hypothesis task. It should be noted that the NFO ap-
proach outperforms other methods while being newer
than the GA approach. To complete the optimization
goal, this paper attempts to integrate the AdaBoost
and NFO approaches. The (INFO) approach is the
name of the suggested technique. Fig. 5 contains a
flowchart of the approach. Three NFO approaches are
combined linearly in the INFO algorithm, as can be
seen in Fig. 5. The goal of the INFO method is to
combine three weak solvers to develop a powerful
solver. A beginning process with a population size N.
Deceitful pursuit, usual search, and deceitful search
make up an INFO algorithm’s main cycle. The main

Initial N Solution

i 4
H Candidate Solution Creation Eq (23)

Y

New Candidate Solution are created Using N/2
good and Candidate Solution Creation Eq (25)

Y

New Candidate Solution are created Using N/2
good and Candidate Solution Creation Eq (26)

Fig. 5. Flowchart for improved INFO.

cycle is repeated unless the algorithm satisfies the
termination requirements in which case it terminates.
Exploitative search seeks optimal results about best
result with a combination of the AdaBoost model. The
Eq. (23) is:

xv = (x +arn (xbes‘ - x) +ary (xbes‘ - xw)

+ars (xbesf —xw2)> % f () (23)

In Eq. (23) the terms imply the best solution. The
area around be found using the search Equation to
guide the search where f(x) implies the Ada-Boost
method with the linear combination which is mathe-
matically expressed in the Eq. (24).

N
fOO = ai#Ci(x) (24)
i=1

In Eq. (24) the term implies the classifier’s (x)
weight, and x implies the used sample. Similar to the
original NFO method, the common search Equation
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Algorithm 1. ECESC-loT Approach.

Input: communication, energy consumption model, UE, BS connectivity parameters.

SHMM parameters: S, V, A, B, I1

INFO Algorithm parameters: &, Xpesr, Xw, Xc, &, G

Output: Optimized resource utilization and network performance

Step 1. Initialize SHMM, INFO algorithm parameters

Step 2. Construct a network model incorporating a communication and energy consumption
model, UE, BS connectivity, and fitness function.

Step 3. Implement SHMM to predict future states based on current observations.

Step 4. Utilize INFO algorithm for optimization with Exploitative Eq. (23), Common Eq. (25),
Explorative Eq. (26),

Step 5. Repeat 3 and 4 steps until conditions are met.

Step 6. Evaluate optimized solutions.
Step 7. Output performance metrics.

is mathematically expressed below in Eq. (25).

xv=x+ar; (xc—x)+ary (xc—xw)

+ ars (xc —xwy) * f (x) (25)

The neighborhoods of both superior and inferior
neighbors can be searched using the search Equation.
Exploratory search is intended to locate the unex-
plored surrounding area of search space. A search
Equation is:

XV =x+ ar (xworst _ X) + ary (xworst _ XW)

+arsg (X — xwy) * f (x) (26)

In Eq. (26) the terms imply the worst solution. The
neighborhood of be found using the search Equation.
Since parameter « implies a hyper-parameter, it must
be defined previously. At each iteration, the parame-
ters are generated again.

These are the processes that are involved in the
proposed ECESC-IoT approach and the leader purpose
of proposed model is towards improve throughput,
packet delivery ratio, energy efficiency, and network
by reducing power consumption, routing overhead,
delay. The implementation is performed using the
networking software NS2 and a detailed evaluation
is given in the upcoming sections. Algorithm 1, as
described about the parameters of the ECESC-IoT pro-
posed model.

Simulation environments

The principles defined in the suggested approach
ECESC-IoT are applied in NS-2 network simulation
to evaluate the performance of the nodes. The setup
involves defining placements of the nodes, mobility
models and communication protocols in the simu-
lation. The evaluation is done in terms of varying

Table 3. Simulation parameters for the generated results.

Parameters Values
Implementation Tool NS2

Simulation Duration 500 ms

Coverage Density 2000m*2000m
Nodes Count 500 Nodes

Radio Model IEEE 802.14.5%!
Antenna Model Omni-directional Antenna
Nodes Mobility Random Waypoint
UMTS Threshold -94 dBm

Queue Type DropTail

Node Speed 3Km/hr to 30Km/hr
Initial Power 10002

number of nodes and varying speeds, Key parame-
ters such as energy consumption models and routing
algorithms are designed to align with the proposed
model of ECESC-IoT. The matrices that are considered
for varying nodes from 50 nodes to 500 nodes are
throughput, packet loss, end-to-end delay, routing
overhead, packet delivery ratio, and energy effi-
ciency. The matrices that are calculated for varying
speeds from 3 km/Hr to 30 km/Hr are throughput,
packet loss, routing overhead, and packet delivery
ratio. An measured outcomes are compared with
the baseline methods like EERS-IoT2°, SECA-IoT?2°,
and DATS-IoT?. By analyzing the results, insights
are gained into the strengths and limitations of the
ECESC-IoT model. The essential parameters needed
for the implementation are discussed in Table 3.

Results and discussion

Results of number of nodes concerned

Implementation outcomes stay calculated concern-
ing amount along with node and outcomes remain
observed graphically for methods like EERS-IoT,
SECA-IoT, DATS-IoT, and ECESC-IoT. The matrices
used in these calculations are throughput, packet loss,
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Fig. 7. Packet delivery ratio calculation concerned with the number of nodes.

end-to-end delay, routing overhead, packet delivery
ratio, and energy efficiency.

Energy efficiency calculation

The remaining energy is determined after the simu-
lation is finished for different quantities of nodes. the
energy efficiency is illustrated in Fig. 6 which shows
that ECESC-IoT has the most efficiency in compari-
son to other methods in the literature like EERS-IoT,
SECA-IoT, and DATS-IoT. On the other hand, this
method has two major shortcomings: it expends a lot
of energy to communicate in an efficient manner, and
it poorly manages the allocation of resources. There-
fore, the proposed method emphasizes optimization

and resource allocation which has shown to improve
efficiency over previous methods considerably.

Packet delivery ratio calculation

The delivery ratio is defined as the ratio of the data
received by the recipient with respect to the data sent
by the originator of the information. In the graph-
ical representation of the data provided in Fig. 7,
the ECESC-IoT model achieves greater performance
over the other methodologies including EERS-IoT,
SECA-IoT, and DATS-IoT. This novel methodology
integrates a proficient soft and hard cooperative strat-
egy with a High-Quality Hidden Markov Model to
allow optimal distribution of resources between the
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Fig. 9. End-to-end delay calculation concerned with the number of nodes.

user equipment and the base stations in a manner
that achieves disruption-free data transfer. The result
shows the ECESC-IoT achieves a higher packet deliv-
ery ratio than previous studies.

Routing overhead calculation

The evaluation also considered routing overhead
the process of determining the total amount of in-
formation transmitted by the sender and received by
other nodes is known as routing overhead. Accord-
ing to Fig. 8, the ECESC-IoT method produces lower
overhead compared to alternative methods such as

EERS-I0T, SECA-IoT, and DATS-IoT. The INFO algo-
rithm effectively decreases the data forwarding ratio
between UEs and BS, resulting in a decrease in routing
overhead in the IoT network. This improvement in
routing overhead has a significant impact on reducing
network delay and energy consumption.

End-to-end delay calculation

The process of determining the time it takes for a
node to generate information for a successful packet
collection response is known as delay calculation. As
shown in Fig. 9, this research compares the delay
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calculations of different methods, and it has been
found that ECESC-IoT has a lower end-to-end de-
lay compared to other methods such as EERS-IoT,
SECA-IoT, and DATS-IoT. This can be attributed to
the fact that earlier methods lack efficient routing
utilization during communication, leading to longer
delays. To address this issue, the researchers utilized
a hidden Markov model for effective resource allo-
cation and monitored network congestion. Through
optimization, the best solution was then applied to
each destination from the source UEs.

Packet loss calculation

The concept refers to the amount of information
that is no longer available after data is sent between
different nodes in the diverse IoT network. In
Fig. 10, it is shown that the ECESC-IoT method
has a lower rate of lost packets compared to
other methods such as EERS-IoT, SECA-IoT, and
DATS-IoT. Studies indicate that failure to manage
resources appropriately causes packet loss, routing
delays, and a subsequent rise in energy utilization.
To address these and improve performance, the
proposed approach uses more efficient hidden
Markov models and selects the shortest path using
the INFO algorithm. This method also demonstrated
considerably less packet loss than other techniques.

Throughput calculation

The initial step involves calculating the highest
volume of data that can be communicated be-
tween nodes. The ECESC-IoT method achieves higher
throughput as shown In Fig. 11 as compared to
EERS-IoT, SECA-IoT and DATS-IoT. This is due to the
proposed network model’s improved resource distri-

bution and optimization, which translates to lesser
energy use, delay, and routing overhead. Conse-
quently, the throughput during any transmission pe-
riod between any UE and BS is significantly improved.

Results and discussion concerned with the number
of nodes

This section focuses on the outcomes of the imple-
mentation concerning the total count of evaluated
nodes to measure the performance of the current
techniques beside the ECESC-IoT strategy. The met-
rics applied for the evaluations are energy efficiency,
packet delivery ratio, routing overhead, end-to-end
delay, packet loss, and throughput. The correspond-
ing values for the parameters of these metrics are
included in Table 4 and Table 5, respectively.

In the term of energy efficiency, ECESC-IoT achieve
a surprising 93.86%, followed by DATS-IoT at
85.91%, SECA-IoT at 81.95%, and EERS-IoT at
78.48%. ECESC-IoT further cements its affirmation
in energy efficiency by outperforming EERS-IoT by
15.38%, SECA-IoT by 11.91%, and DATS-IoT by
7.95%. This only goes to prove how the ECESC-IoT
system utterly surpasses its competitors in energy
savings. With regards to Packet Delivery Ratio,
ECESC-IoT is ahead of the rest with an impressive
packet delivery ratio of 93.27%, thus ensuring ef-
fective and efficient delivery of data packets within
the network. Following ECESC-IoT in position is
EERS-IoT with 79.36%, while SECA-IoT with 82.85%,
and DATS-IoT with 87.94% boast a relatively lower
packet delivery ratio. Still, it is only ECESC-IoT that
dominates the competition with EERS-IoT by 13.91%,
SECA-IoT by 10.42%, and DATS-IoT by 5.33%. With
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Table 4. Calculation of the parameters include energy efficiency ratio, packet delivery ratio, and routing overhead ratio
concerning the number of nodes.

EERS- SECA- DATS- ECESC- EERS- SECA- DATS- ECESC- EERS- SECA- DATS- ECESC-

No of IoT IoT IoT IoT IoT IoT IoT IoT IoT IoT IoT IoT
Nodes Energy Efficiency (%) Packet Delivery Ratio (%) Routing Overhead (PACs)
50 3.57 4.89 6.04 9.46 75.87 7853 83.89 87.58 1258 1025 864 125

100 11.72  19.74 2241 29.14 76.14 78.85 84.27 88.16 1487 1248 925 174
150 16.24 34.87 41.52  46.85 76.48 79.15 84.75  88.97 1649 1475 1027 205
200 25.74 46.21 54.86  59.67 76.62 79.64 85.16 89.25 1857 1604 1287 238
250 35.28 51.79 5894 64.82 77.28 79.91 8547 89.76 1984 1748 1497 267
300 44.17  58.27 65.27 72.85 77.61 80.17 85.97 90.28 2487 2018 1672 345
350 52.94 65.89 7217 76.94 77.92 80.54 86.19 90.87 2974 2648 1845 386
400 61.75 71.85 7852  83.27 78.29 80.75 86.52 91.37 3287 2987 2014 425
450 69.47 77.42 82.64 87.92 78.67 81.64 86.84 92.68 3854 3240 2248 494
500 78.48 8195 8591 93.86 79.36 82.85 87.94 93.27 4262 3568 2475 658

Table 5. Measurement of end-to-end delay, packet loss, and throughput for concerned with number of nodes.
EERS- SECA- DATS- ECESC- EERS- SECA- DATS- ECESC- EERS- SECA- DATS- ECESC-

No of IoT IoT IoT IoT IoT IoT IoT IoT IoT IoT IoT IoT
Nodes E2E _Delay (ms) Packet Loss (PACs) Throughput (Kbps)
50 85.86  41.96 29.29 1539 65 35 25 15 38.48 4578  61.84  89.37
100 92.15 6248 3548 2248 127 72 47 22 97.82  147.52 167.85 200.25
150 98.56 81.47 42.89 27.94 176 94 81 48 148.95 164.85 184.56 256.32
200 11845 95.86 54.85  36.82 224 128 104 64 184.62 204.96 249.67 385.64
250 134.89 113.25 63.25 48.25 264 174 147 81 225.97 248.63 297.68 435.26
300 17452 13543 85.67 6897 327 207 176 94 276.48 297.85 337.84 554.63
350 192.56 157.89 118.94 87.25 385 264 194 124 318.94 34256 386.25 645.85
400 205.74 178.56 143.85 114.89 457 308 237 146 376.52 397.15 436.89 794.56
450 265.89 205.85 175.89 121.75 524 374 284 165 425.14 476.23 524.98 864.52
500 298.53 258.53 198.36 139.57 589 417 312 178 499.35 578.73 648.25 936.35
respect to routing overhead, ECESC-IoT has 658 pack-  management. Here too, ECESC-I0T is the clear winner

ets while EERS-IoT, SECA-IoT, and DATS-IoT have  with EERS-IoT, decreasing the Routing Overhead by
4262, 3568, and 2475 packets respectively. This is 3,604 packets and completing SEP by 2,910 packets,
clear and convincing evidence of efficient resource ~ and DATS-IoT by 1,817 packets.
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Fig. 12. Packet delivery ratio calculation concerned with varying speed.

The End-to-End Delay remains an important metric
for the EERS-IoT which records an End-to-End Delay
of 298.53 ms while SECA-IoT seems to perform better
with an End-to-End Delay of 258.53 ms. DATS-IoT
records 198.36 ms. On the other hand, ECESC-IoT
seems to perform very well for minimising delay with
an ECESC-IoT End-to-End Delay of only 139.57 ms.
ECESC-IoT, with an improvement of 159.96, outper-
formed EERS-IoT while SECA-IoT was outperformed
with an improvement of 118.96 ms. DATS-IoT was
outperformed with an improvement of 58.79 ms.

In the metric of Packet Loss, the proposed method
ECESC-IoT achieves the highest optimized result,
demonstrating a considerably low 178 total packets
lost. While the other described methods DATS-IoT,
SECA-IoT, and EERS-IoT lost 312, 417, and 589 pack-
ets respectively, the ECESC-IoT method demonstrates
a 411 packets advantage, which clearly demon-
strates dominance over the other methods. In terms
of throughput, EERS-IoT remains the lowest in this
category with a throughput of 499.35 Kbps, while
ECESC-IoT showcases the highest throughput of the
methods proposed, totaling 936.35 Kbps and surpass-
ing EERS, SECA, and DATS IoT by 437, 357.62, and
288.1 Kbps respectively. All other methods DATS-IoT,
SECA-IoT, and DATS-IoT followed respectively with
648.25 Kbps, 578.73 Kbps, and 936.35 Kbps demon-
strating a significant increase.

Results concerned with varying speed

The implementation of Varying Speed results is cal-
culated to number of nods and overcome are observed

graphically for the methods like EERS-10T, SECA-IoT,
DATS-I0oT, and ECESC-IoT. The matrices used in these
calculations are throughput, packet loss, end-end de-
lay, packet delivery ratio, energy efficiency,

Packet delivery ratio calculation

In this metrics, the Fig. 12 indicates the graph of
delivery ratio concerned with varying speed from
3Km/Hr to 30Km/Hr from that it is shown that
ECESC-IoT attains maximum results than the baseline
methods like EERS-IoT, SECA-IoT and DATS-IoT. The
exchange of information between the user equipment
and base station is achieved through the use of effi-
cient factors such as the data transfer method, power
usage, and quality of service offerings.

Packet loss calculation

According to Fig. 13, the packet depicting speed
ranging from 3Km/Hr to 30Km/Hr, the ECESC-IoT
has demonstrated lower packet loss compared to
other methods such as EERS-IoT, SECA-IoT, and
DATS-IoT. The achievement of lower packet loss in
high-speed communication is a challenging task that
requires concentrated efforts in resource utilization
and optimization. The proposed model is designed
to improve performance and has shown significantly
lower packet loss compared to previous research.

Routing overhead calculation

The movement in routing overhead costs in relation
to speed from 3Km/Hr to 30Km/Hr are illustrated
in the Fig. 14. ECESC-IoT shows much lower over-
head costs than other proposed methods EERS-IoT,
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Fig. 14. Routing overhead calculation concerned with varying speed.

SECA-IoT, and DATS-IoT. All other factors being
equal, and with the increased speed there is increased
routing overhead; however, the optimisation model
addressed in this paper reasonably minimises the
costs of routing overhead and improves enhanced
network performance compared to other studies in
the current research for all ranges of speeds.

Throughput calculation

To assess the Throughput, Fig. 15 displays the cal-
culation of throughput for speed ranges of 3Km/Hr
to 30Km/Hr. The results reveal that ECESC-IoT yields
greater throughput compared to other methods such
as EERS-IoT, SECA-IoT, and DATS-IoT. Typically, an

increase in speed leads to a decrease in through-
put during UE-BS communication. However, with
efficient resource utilization in our proposed work,
we achieve high throughput in all speed variations.
This is evident in the maximum data transmission
achieved in the network, surpassing previous re-
search efforts.

Results and discussion concerned with varying
speed

The implementation outcomes are deliberated to
varying speeds to analyze the performance of baseline
works and ECESC-IoT. The matrices used in these
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Table 6. Measurement of the parameters such as packet delivery ratio and packet loss concerned with varying speed.

EERS-IoT  SECA-IoT DATS-IoT ECESC-IoT  EERS-IoT  SECA-IoT DATS-IoT ECESC-IoT

Speed

(Km/Hr) Packet Delivery Ratio (%) Packet Loss (PACs)

30 3.56 5.89 9.46 12.44 156 92 86 56
60 11.25 15.24 18.56 22.54 164 124 105 78
90 21.45 26.42 32.47 39.56 205 148 124 96
120 29.65 34.89 40.68 46.23 234 174 146 121
150 35.48 42.96 48.23 52.47 268 197 167 148
180 43.26 48.32 54.96 58.94 297 218 186 162
210 49.87 56.74 62.57 66.34 345 238 204 179
240 53.47 59.74 65.89 72.87 387 267 237 194
270 60.23 66.23 76.23 86.45 408 315 282 224
300 67.42 73.59 83.84 91.57 425 365 301 245

calculations are packet delivery ratio, routing over-
head, packet loss, and throughput. The calculated
measurements of those matrices are given in Tables 6
and 7.

In terms of packet delivery ratio, the EERS-IoT
achieved a Packet Delivery Ratio of 67.42%, while
SECA-IoT demonstrated a slightly higher ratio
of 73.59%. DATS-IoT performed as superiority,
with a Packet Delivery Ratio of 83.84%. However,
the Proposed framework where emerged as the
top performer with 91.57%. This exceptional
performance indicates that the ECESC-IoT better
than EERS-IoT by 24.15 %, SECA-IoT by 18.9 %, and
DATS-IoT by 7.73%.

The effects of network packet losses, the EERS-IoT
recorded 425 packets lost, while SECA-IoT reported
slightly less with 365 packets lost. DATS-IoT, on the
other hand, recorded a Packet Loss of 301 packets,

however, the Proposed ECESC-IoT where the most
successful with 245 packets lost. This suggests ECESC-
IoT framework performed 180 packets better than
EERS-I0T, 120 packets better than SECA-IoT, and 56
packets better than DATS-IoT.

In performance of routing overhead, the EERS-IoT
established routing overhead of 965 packets, while
SECA-IoT, demonstrated lower routing overhead of
852 packets. In addition, DATS-IoT exhibited routing
overhead of 625 packets. On the other hand, the Pro-
posed ECESC-IoT exhibited routing overhead of only
356 packets and recorded the lowest routing over-
head against the baseline. However, the Proposed
ECESC-IoT routed 609 packets less than EERS-IoT,
496 packets less than SECA-IoT, and 269 packets less
than DATS-IoT. Regarding throughput, the EERS-IoT
recorded a throughput of 402.98 kbps, while SECA-
IoT recorded 498.675 kbps. Furthermore, DATS-IoT
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Table 7. Measurement of the parameters such as routing overhead and throughput concerned with varying speed.

Speed EERS-IoT SECA-IoT DATS-IoT ECESC-IoT EERS-IoT SECA-IoT DATS-IoT ECESC-IoT
(Km/Hr) Routing Overhead (PACs) Throughput

30 356 203 156 96 459.98 538.97 689.24 819.35
60 394 264 185 124 448.23 532.48 681.45 812.45
90 447 328 203 167 442.17 527.46 679.46 806.34
120 485 397 247 204 432.19 521.48 673.82 804.92
150 527 449 289 238 427.63 515.79 669.76 801.56
180 568 485 327 279 418.59 512.63 665.97 797.29
210 648 549 386 292 412.78 508.92 661.81 794.85
240 724 628 449 310 408.97 504.19 659.27 792.68
270 825 708 518 335 405.86 501.28 658.23 789.25
300 965 852 625 356 402.98 498.675 656.89 785.97

recorded 656.89 kbps. Congruent with the others,
the Proposed ECESC-IoT method achieved the highest
throughput and recorded 785.97 kbps. Hence, EERS-
IoT was surpassed by 383.99 kbps, while SECA-IoT
and DATS-IoT were surpassed by 287.295 kbps and
129.08 kbps, respectively.

Study limitation

« Exploitation of complex models such as SHMM
and INFO algorithms has complexity, potentially
hindering straightforward implementation and re-
quiring significant computational resources.

+ Assumptions made regarding network behaviour

and energy consumption patterns may not always

accurately reflect real-world scenarios, leading to
discrepancies between expected and observed per-
formance.

The scalability factor lags behind in regard to

numerous large scale IoT deployments. Parameter

sensitivity and the demand of fine tuning in re-
lation to the environment outlined directly affect
the lacking efficiency.

Conclusion

This research proposes the Energy with Capacity
aware Effective Satellite Communication (ECESC) ap-
proach to improve the performance of 6G technology
in IoT. In this work, the network communication
models like the data transmission model, energy
consumption model, UE and BS Connection, and
QoS-based service parameters are intelligently devel-
oped and as well to achieve effective communication
SHMM model and INFO Algorithm are introduced.
Simulation of proposed ECESC model was full filled
in NS2 along overcome among compared with earlier
works such as EERS-IoT, SECA-IoT, and DATS-IoT.
The overcome calculation is executed in two di-
vision like change number of nods and change

speed. The matrices that are afford in phrase of
change numbers of nods are throughput, packet
loss, packet delivery ratio, routing overhead, energy
efficiency, packet delivery ratio, end-to-end delay.
The matrices that afford to change speed among
throughput, packet loss, packet delivery ratio, routing
overhead.

The analysis of results proved the superiority of
the proposed ECESC approach for nodes and speed.
Initial in terms of the nodes number the ECESC which
achieves 7.95% to 15.38 % better energy efficiency,
5.33% to 13.91% higher delivery ratio, 1817 to 3604
packets lower overhead, 58.79 ms to 159.96 ms lower
delay, 172 packets to 411 packets lower packet loss,
288.1 Kbps to 437 Kbps higher throughput compared
to baseline methods. Secondly, in terms of speed,
the ECESC achieves a 7.73% to 24.15% higher de-
livery ratio, 56 packets to 180 packets lower packet
loss, 269 to 609 packets lower overhead, and 129.08
Kbps to 383.99 Kbps higher throughput than baseline
works.

The use of complex models such as the SHMM and
INFO algorithms can be very complex, which can im-
pact ease of implementation and the computational
resources required. the assumptions made regarding
the network behavior and energy consumption para-
doxes do not mirror the true situation, which causes
the expectations and the results obtained to be at
loggerheads. In regards to the ability to scale, there
are severe limitations which arise with the IoT as
the scale and cover increases. In regards to dynamic
setting, the concerns raised of tuned parameter sen-
sitivity and precision can impact the performance,
which can be substantial.

In the future scope, to expand the network den-
sity with lower overcrowding and data loss, effective
security needs to be focussed. The massive machine-
type communication with Artificial Intelligence can
be integrated with the (IoT) environment with the
presence of certain technologies like edge computing
and edge Al in the (6G) heterogeneous network.
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