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Abstract—Background: 5G technology will revolutionize
wireless communications, emphasizing spectrum efficiency.
Pervasive device connectivity requires unprecedented spectrum
resources to allow flawless Internet of Things (IoT)
communication. Thus, dynamic spectrum sharing (DSS) is
essential for SG and IoT cohabitation without spectral congestion.

Objective: This study examines how DSS improves 5G
network speed and efficiency, especially in an IoT-dominated
context. The main goals involve developing strategies and methods
to maximize spectrum sharing among 5G and IoT devices,
ensuring resilient, scalable, and uninterrupted connectivity.

Methods: Using simulation and testing, this study assesses 5G
DSS algorithms and models for latency, throughput, and
reliability. In addition to standard scenarios, we included a high-
stress environment (Scenario F) designed to test the limits of DSS
algorithms under challenging conditions.

Results: 5G networks with DSS have improved spectrum usage
and performance. Optimized algorithms reduce latency and
increase throughput even in IoT-heavy situations.

Conclusion: DSS is vital to strengthening 5G networks for IoT
applications. DSS supports and expands IoT ecosystems by
reducing spectrum scarcity and improving network performance,
laying the groundwork for the 5G era's rush of connected devices
and applications. DSS algorithms need further research to meet
changing technology and application needs.

L.

The twenty-first century is marked by an unstoppable rise
towards ubiquitous connectivity and data-driven functions,
primarily manifested through the thriving world of the Internet
of Things (IoT). Many gadgets, ranging from the microscopic
sensors decorating smart homes to the massive equipment
powering businesses, continually interact within our digital
age's vast, invisible ether, creating a veritable flood of data and
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needing unprecedented communication capabilities. The
dominance of 5G technology, recognized for its incredible
speeds, low latency, and massive capacity, is critical in meeting
the rising needs of the IoT age [1], [2]. However, the quest for
effective and seamless connectivity is often hampered by the
persistent bottleneck of spectrum shortage, highlighting the
need for innovative spectrum management systems like
Dynamic Spectrum Sharing (DSS).

DSS has emerged as a crucial strategy for minimizing
spectral scarcity by allowing several technologies to inhabit a
single spectral band, maximizing its usage. Integrating DSS into
5G networks, particularly in an IoT-dominated environment,
offers fertile ground for study, offering a canvas on which
harmonizing connection, capacity, and efficiency may be
rigorously investigated and improved [3]. This study explores
the complexities of implementing DSS in 5G networks,
explaining its ramifications, methodology, and results relevant
to [oT applications.

The inclusion of 5G technology is more than just a linear
development from its predecessors; it represents a radical leap
in wireless communication, most notably in its ability to realize
the complete and powerful connection requirements of IoT
applications. The pervasive connectedness of the [oT paradigm
needs a resilient, scalable, and efficient network backbone
capable of supporting the numerous and often vital
functionalities of networked devices [4]. The inherent
voluminous and heterogeneous nature of IoT devices and
applications exacerbates the existing spectrum crunch,
necessitating sophisticated spectrum management strategies to
ensure the coexistence and optimal operation of numerous
devices within finite spectral resources [5].

Spectrum consumption and sharing have historically been
strictly controlled, with particular bands allotted to selected
services, resulting in inefficient spectrum utilization while
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assuring little interference [6]. On the other hand, DSS develops
an environment in which the hard boundaries designating
spectral allocations are made permeable, allowing for a
dynamic, flexible, and contextually aware spectrum usage
mechanism. DSS's inherent flexibility and adaptability have the
potential to dramatically improve spectrum usage, allowing for
the simultaneous operation of 5G and IoT services within the
same spectral band and, as a result, enhancing spectral
effectiveness and network performance.

The growth of IoT heralds an increase in the number of
connected devices and a shift in the type and criticality of
applications. IoT paradigm is gradually penetrating every
aspect of society and industry, from smart cities surrounding
inhabitants in a cocoon of networked services to industrial IoT
(IloT), driving enterprises toward more automation and
efficiency [7]. As a result, the network that supports such
ubiquitous connection must be capacious and provide
dependability, low latency, and resilience, all of which are
vitally reliant on effective spectrum usage [8].

This article takes an exploratory voyage into the domain of
DSS inside 5G networks, attempting to fathom the processes,
techniques, and effects of dynamic spectrum management,
particularly in an IoT-dominant setting. The goal is to
thoroughly investigate and articulate the potentialities and
challenges inherent in the integration of DSS in 5G, fostering a
deeper understanding and propelling further innovations in
ensuring the scalable, reliable, and efficient operation of 5G
networks in supporting the vast and diverse world of ToT.

A. Study Objective

This article is dedicated to elucidating the critical function
and effect of DSS in the context of 5G networks, focusing on
its critical implications for IoT applications. Within the vast
wireless communication landscape, the emerging convergence
of 5G and IoT represents a paradigm shift in which the high-
throughput, low-latency, and ultra-reliable communication
provided by 5G becomes critical for driving the increasingly
diverse and demanding IoT applications. Given the rapid
growth of ToT devices and applications, which has significantly
increased spectrum demand, there is an urgent need to manage
and use the existing spectral resources prudently. As a result,
this article aims to thoroughly investigate and assess DSS as a
sophisticated solution for optimizing spectrum consumption,
hence improving the coexistence and interoperability of 5G
networks and IoT applications without causing spectral
congestion.

The current study strives to dig into the many facets of DSS
in 5G, investigating its underlying algorithms, methodology,
and practices, particularly emphasizing its capacity to improve
network performance and reliability in IoT-centric scenarios.
The focus of this study is an in-depth examination of several
DSS techniques and algorithms, particularly their usefulness in
improving spectral efficiency, lowering latency, and increasing
throughput in various IoT situations. Furthermore, the study
provides a cohesive framework for elucidating the possible
obstacles, constraints, and future opportunities of integrating
DSS into 5G networks by combining theoretical foundations
with actual data.

The article aims to provide a solid foundation for
academicians, researchers, and industry practitioners by
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navigating the technicalities, outcomes, and challenges of DSS,
allowing them to gain nuanced insights into the application of
DSS in 5G and propelling further research and development
endeavors in engineering optimized, scalable, and efficient 5G
networks for the burgeoning world of IoT applications. The
study offers a comprehensive view of DSS in 5G networks,
combining both theoretical insights and practical implications.

B. Problem Statement

The constant expansion of IoT presents a paradigm in which
billions of devices, each sending and receiving data, demand
consistent and high-throughput connection, accelerating the
need for 5G technology deployment. Concurrently, given the
present and future wireless applications, spectrum resources,
acknowledged as the lifeblood of wireless communications, are
scarce and becoming more crowded. While 5G technology
introduces advancements such as higher data rates and lower
latency, the issue of efficiently managing limited spectral
resources to meet the rising demands of both 5G and IoT
applications remains a significant challenge, necessitating the
investigation and development of effective spectrum
management strategies such as DSS.

Given that traditional spectrum allocation methodologies,
characterized by their rigid and static nature, are increasingly
becoming unsustainable in the face of expanding wireless
applications, the importance of DSS, which provides a dynamic
and adaptable approach to spectrum management, becomes
critical. However, using DSS in 5G networks, especially in
supporting varied and dense IoT applications, raises many
concerns and challenges that need careful analysis and
resolution. The inherent complications associated with ensuring
low interference, maintaining good Quality of Service (quality
of service) for various applications, and realizing the successful
coexistence of several wireless technologies inside the shared
spectrum are complicated and need extensive investigation.

Furthermore, the proliferation of IoT applications, each with
unique operational needs and sensitivity to network
characteristics such as latency, dependability, and throughput,
adds complexity to DSS implementation in 5G networks. As a
result, developing a structured and efficient DSS mechanism
capable of balancing the spectrum efficiency, interference
control, and operational needs of different IoT applications
poses a substantial intellectual and technological challenge. As
a result, this article examines these complexities and problems
to chart a path toward overcoming the intertwined concerns
linked to the effective deployment of DSS in 5G networks for
strong IoT application support.

1L

The convergence of DSS, the IoT, and 5G technology has
created a triadic interaction that has become a focal point of
current wireless communications study. As we go through the
current body of knowledge, one recurring topic is the search for
optimum techniques for managing spectral resources,
especially in contexts enhanced by a proliferation of IoT
devices and apps [9].

LITERATURE REVIEW

The current study on DSS thoroughly investigates various
methods and techniques aimed at improving spectral efficiency
and minimizing interference amongst coexisting wireless
technologies. Significant research [10] has been performed to
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enhance and optimize DSS algorithms, focusing on various
topics such as detecting spectral gaps, allocating spectral
resources to diverse technologies, and mitigating interference
between coexisting services. Furthermore, the literature
explores different machine learning and artificial intelligence-
based ways to improve DSS systems' decision-making
capabilities, allowing them to adapt to dynamically shifting
wireless environments and application needs [11].

The current literature has extensively addressed the
advancement of 5G technology and its inherent capabilities of
high data speeds, ultra-reliable low-latency communication
(URLLC), and massive machine-type communication
(mMTC). One critical thread in these conversations is analyzing
and improving the compatibility of 5G technology with the
broad and ever-increasing needs of IoT applications. Extensive
research [12] has been conducted to evaluate the performance,
reliability, and scalability of 5G networks, particularly in
enabling [oT ecosystems, including a wide range of applications
such as autonomous cars, smart cities, industrial IoT, and e-
health.

Concurrently, the IoT sector has been examined from
several sides in academic literature, owing to its vast
applications, needs, and architectural paradigms. Several
studies have been conducted on various aspects, such as IoT
architecture, security, data management, and, most importantly,
communication demands and problems [13], [14] The
requirement for a strong, dependable, and scalable
communication backbone for IoT applications is a recurring
issue, driving research into how developments in wireless
technology, notably 5G, might be used to satisfy these
expectations.

This literature study includes a broad overview of the
primary topics and debates identified among academic research
connected to DSS, 5G, and IoT despite the need for more direct
citations. The intersection of these three sectors provides fertile
ground for study, accelerating inquiries into how DSS might be
efficiently merged into 5G networks to serve the expanding and
growing world of ToT applications. Nonetheless, a notable gap
that emerges and merits further investigation involves the
practical implementation and testing of DSS within 5G
networks, particularly in diverse, dynamic, and dense IoT
environments, thereby shaping the direction for future research
endeavors in this domain.

II1.

Navigating the convoluted regions of DSS inside 5G
settings, particularly for IoT applications, demands an adept
blend of theoretical, simulated, and practical research [15]. This
section systematically outlines the methodological framework,
incorporating technical challenges, tools, and empirical
measurements to establish a robust investigative approach.

METHODOLOGY

A. Technical Issue Enumeration

The following have been

addressed:

Investigating the enhancement of spectral utility without
causing negative interference in 5G and IoT installations [16].

technological challenges

Total Data Rate
BandwidthxTotal Time

Spectral Ef ficiency = (N
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The conducted comprehensive field measurements in urban,
suburban, and rural areas to assess spectral effectiveness We
gained insights into how effectively DSS can optimize spectral
utilization in real-world settings by analyzing spectrum
occupancy and consumption patterns across various contexts
[17]. The data revealed fluctuations in spectral efficiency,
implying that DSS algorithms must be adaptable to changing
environmental conditions.

Examining the implications of DSS for latency reduction
and throughput augmentation in various IoT scenarios inside
5G networks [8].

Latency = B0 + 1 X Device Density + 2 X
Network Traffic+e (2)

The stressed-tested DSS in several simulated IoT scenarios
to quantify latency and throughput. In high-density
metropolitan areas, for example, we observed a significant
increase in latency and a fall in throughput, implying that DSS
algorithms must be especially resistant in such contexts. These
real experiments were essential in understanding DSS's realistic
limitations and capabilities in terms of latency and throughput
in IoT applications.

Design and testing of techniques for negotiating and
alleviating interference in shared spectral environments [18].

Interference Level = a X
Number of Overlapping Channels + y X Signal Strength + &

3)

The collected data from numerous IoT implementations,
focused on locations with a high concentration of wireless
signals, to better understand interference concerns. This
empirical study found complicated interference patterns,
particularly in metropolitan locations with overlapping network
coverage. The study of this data has aided in the development
of more effective interference mitigation algorithms for DSS,
providing dependable network performance even in the most
difficult conditions.

These empirical data points give a practical foundation for
understanding the technical complexity of implementing DSS
in 5G networks for IoT applications. This method not only
deepens the theoretical parts of the study, but it also assures that
the findings and suggestions are based on real observations and
measurements. As a result, the research gains validity and
application, making it a useful contribution to the area.

B. Instrumental Framework

1) Simulation Apparatus

Network Simulator-3 (NS-3): Used to design and test DSS
algorithms in 5G settings for IoT applications [15]. This
simulation tool is critical for simulating DSS algorithms in 5G
frameworks. We may use NS-3 to develop virtual environments
similar to real IoT applications and network situations. We get
insights into the performance of DSS algorithms under various
simulated scenarios by modifying factors such as device
density, network traffic, and interference levels. NS-3 scenarios
are built using actual data acquired from real network settings.
It assures that the simulations are theoretically correct and
represent real scenarios.
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2) Hardware Infrastructure:

Used for empirically assessing DSS algorithms in a strictly
regulated environment [19]. SDRs are an important tool for
empirically evaluating DSS algorithms. They allow us to
simulate real spectrum circumstances by replicating and
modifying radio signals in a controlled setting. We can use
SDRs to see how DSS algorithms function in different spectrum
settings, which is really useful for developing these algorithms.

A diversified set of IoT devices that evaluate theoretical and
simulated results in installations [20]. To evaluate the practical
use of DSS algorithms, a wide set of IoT devices is used. This
covers devices with varying data requirements, ranging from
sensors that gather minimum data to devices that demand large
bandwidth, such as video cameras. Testing across this range of
devices offers detailed insights on how DSS operates in a real
IoT ecosystem [7].

Fig. 1. DSS Algorithm Deploymen

3) Software and Algorithmic Architecture:

TensorFlow and Scikit-learn are used to create adaptive
DSS algorithms [21]. These programs are used to create
adaptive DSS algorithms. We can train algorithms that are not
only theoretically resilient but also highly adaptable to shifting
real situations by feeding empirical data acquired from actual
IoT settings into these machine learning models.

Python, enhanced with Pandas and NumPys, is used for data
processing and statistical analysis [22]. These programs are
required for data processing and statistical analysis. They let us
handle and analyse massive volumes of data gathered from
simulations and real tests, allowing us to make meaningful
conclusions regarding the performance and usefulness of DSS
algorithms.

Every component in this instrumental framework is chosen
and used with the goal of ensuring that our study on DSS for 5G
IoT scenarios is both theoretically solid and experimentally
proven. A full examination is possible thanks to the
combination of simulation tools, hardware infrastructure, and
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modern software, which allows for everything from conceptual
algorithm creation to real performance testing. This method
assures that our findings are transferable and relevant to real 5G
IoT installations.

C. Simulative Paradigm

1) Simulative Construct

The Network Simulator-3 (NS-3) is used to create a
simulated 5G network environment. We may use this simulator
to add DSS mechanisms and test their performance under
various scenarios. To replicate real circumstances, key variables
like as IoT device density, spectrum availability, and
interference levels are painstakingly modelled [23].

Simulated IoT applications range from modest sensors to
high-data-demand devices such as security cameras. This
variety guarantees that the DSS algorithms are evaluated over a
broad range of data needs and communication patterns,
simulating the heterogeneity of real IoT networks.

2) Algorithmic Examining

The integrated DSS algorithms in the modelled 5G network
are rigorously tested. We evaluate their performance using
measures like as spectral efficiency, latency, and throughput,
which are crucial for the proper operation of IoT applications in
5G networks [24].

Within the simulator, many situations are created to test the
resilience and flexibility of DSS algorithms. These scenarios
involve various levels of network congestion, various
environmental circumstances, and various amounts of spectrum
sharing. We may assess the algorithms' applicability and
efficiency in practical applications by analysing their
performance across different circumstances [25], [26].

D. Statistical Illustrations

Statistical approaches examine critical metrics such as
spectral efficiency, latency, and throughput across diverse
circumstances [27].

TABLE I. COMPREHENSIVE CHARACTERISTICS AND

PARAMETERS FOR DSS
Parameter Descrintion Measurement Relevance to
P Technique DSS
Type and
intensity of
Interference signal Spectrum Key for
. . . optimizing DSS
Patterns interference in Analysis aleorithms
different &
environments
Strength of the Crucial for
. 5G signal in Field determining
Signal Strength various Measurements DSS
conditions effectiveness
Density and Impacts the
IoT Device types of [oT Network performance and
Density devices in the Monitoring requirements of
network DSS
Geographic and Essential for
Environmental | structural factors Geospatial understanding
Factors impacting signal Analysis real DSS
propagation application
Patterns and Helps in
Network volumes of data e
. Traffic optimizing DSS
Traffic traffic in : :
. Analysis for efficiency
Patterns different
. and throughput
scenarios
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E. Empirical Investigation

A sophisticated testbed incorporating SDRs and IoT devices
under a regulated situation would duplicate simulation models,
assuring diverse interference and device densities [28]. Special
care is taken to guarantee that the testbed accurately mimics
various everyday life conditions, ranging from heavily
populated metropolitan regions with considerable network
traffic to rural settings with sparse IoT device deployment [29].
This variety is critical for evaluating DSS adaptability and
performance under varying settings.

Additionally, use spectrum analyzers and SDRs to conduct
thorough assessments of spectrum utilisation and efficiency.
This includes determining how successfully DSS algorithms
can detect and exploit available spectrum gaps without causing
harmful interference [30].

To evaluate the impact of DSS on latency and throughput,
we simulate actual IoT applications such as real-time data
transmission and streaming. These tests are crucial for
measuring DSS's overall performance and providing insight
into its practical implications for IoT operations [31].

Simulate various interference scenarios inside the testbed to
see how DSS algorithms respond to and minimize interference
in shared spectrum environments.

F. Analytical Procedures

1) Descriptive Examination

Analyzing core trends will provide typical performance
measures across many settings [32]. Begin by looking at the
core trends (mean, median, mode) of our important
performance measures including spectral efficiency, latency,
and throughput. This gives a foundational grasp of normal
performance results in various contexts.

To determine the distribution and consistency of the data,
variance and standard deviation are calculated. This
examination is critical for determining the dependability of DSS
algorithms in a variety of settings and scenarios [33].

2) Inferential Analysis

Regression analysis is used to investigate the correlations
between several variables, for example, device density and
latency. This aids in understanding the effect of various factors
on DSS performance and may be used to assist algorithm
optimization [34].

It is thoroughly verified using statistical tests such as t-tests,
chi-square tests, and ANOVA based on theoretical
understanding and simulation results. This procedure helps test
or reject assumptions regarding DSS performance under
different scenarios [35].

3) Predictive Modeling

Predictive models are created based on the regression
analysis. These models are intended to estimate how changes in
network circumstances or IoT device behaviours may affect
DSS performance, offering valuable insights for network design
and management.
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Advanced machine learning approaches, utilising
algorithms such as decision trees, random forests, or
neural networks, are used data to identify complicated patterns
and correlations that classic statistical methods may not
reveal.

4) Cross-Disciplinary Correlation

Data insights are also associated with results from allied
domains such as telecommunications engineering, computer
science, and Internet of Things applications. This
multidisciplinary approach broadens the investigation, offering
a more complete picture of DSS in 5G networks.

G. Validity and Reliability Articulation

Cross-validation is used in the study to ensure the reliability
and validity of findings by comparing simulation results with
measurements from the testbed, offering a comprehensive,
holistic perspective of the DSS algorithms' performance and
implications in 5G networks hosting IoT applications [36].

The methodology attempts to interweave theoretical
constructs with practical manifestations, ensuring that the
findings are theoretically powerful and empirically validated,
providing a comprehensive, multifaceted perspective on the
application and implications of DSS in 5G networks for IoT
applications. This methodological path, which intertwines
theory with practical practice.

IV. RESULTS

The article combined simulated scenarios with concrete,
empirical observations to determine the practical and theoretical
efficacies of Dynamic Spectrum Sharing (DSS) in 5G networks
amid IoT installations. This section explains the outcomes of
the rigorous technique, effortlessly integrating simulated
forecasts with data, with no commentary or interpretive
analysis.

A. Simulation Outcomes

1) Spectral Effectiveness

The DSS algorithms demonstrate a strong capacity to
maximize spectrum use across different settings. Their

effectiveness in minimizing spectral waste while safeguarding
against harmful interference was particularly impressive.

TABLE II. SIMULATED SPECTRAL EFFICIENCY ACROSS

SCENARIOS
Spectral Avg. Device
Scenario | Environment | Efficiency | Interference Density
(%) Level (dB) (Devices/km?)
Al Urban 78 -105 1000
A2 Urban 76 -107 1500
Bl Suburban 75 -108 500
B2 Suburban 73 -110 800
Cl Rural 80 -103 200
C2 Rural 82 -102 300
D1 Industrial 77 -106 1200
D2 Industrial 79 -104 1600
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2) Throughput and Latency

Latency and throughput, both critical for ensuring the utility
of IoT applications, displayed varying results depending on the
context. DSS algorithms could meet latency requirements while
increasing throughput, particularly in high-device-density
situations.

TABLE III. SIMULATED LATENCY AND THROUGHPUT ACROSS
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DSS methods exhibited a considerable decrease in
interference in both urban and industrial contexts
(approximately 10.7%). This degree of efficacy is critical in
places with complicated signal environments and large device
density.

The algorithms consistently reduced interference in
suburban (approximately 9.2%) and rural locations (around
9%). This demonstrates the capacity of DSS algorithms to adapt

SCENARIOS to less congested areas while remaining efficient in a variety of
ircumstances.
Mean Peak Network cireumstances
Scenario | Environment | Latency Thrl\‘jl‘:)ghp‘“ TL“‘fﬁlc The DSS algorithms efficiently decreased interference
Al Urban (llnls ) ( Szgs) H?glfl across all conditions, suggesting their stability and adaptability
A2 Urban 13 310 Very High for a wide range of 5G [oT applications.
Bl Suburban 15 500 Medium
(Bj S”l:’”rbf‘“ }(7) ‘5‘28 E‘gh TABLE VI. ALGORITHM PERFORMANCE UNDER DIFFERENT
ural OW
2 Rural 9 540 Medium TRAFFIC LOADS
g; }ngustrTa} }2 z (1)8 v Hl%_lh. h Traffic Average Spectral Average Tlﬁ— \(f)e:lral:geu "
ncusira ey e Load Level Efficiency (%) Latency (ms) shp
(Mbps)
Low 82 9 540
An essential component of our study in understanding the Medium 78 12 510
practical uses of Dynamic Spectrum Sharing (DSS) inside 5G High 73 15 480
Very High 69 18 450

networks, particularly for IoT contexts, was analysing the
efficacy of DSS algorithms in minimising interference.
Interference control is critical to ensuring dependable and
efficient network performance in shared spectrum
environments.

TABLE IV. METRIC ANALYSIS OF ALGORITHMIC

PERFORMANCE
Mean .
. Spectral Throughput Environment
Scenario . Latency
Efficiency (ms) (Mbps) Type
A 73% 12 450 Urban
B 68% 15 420 Suburban
C 76% 11 465 Rural
D 70% 14 430 Urban (High
Interference)
E 72% 13 440 Suburban (Low
Density)

We rigorously assessed the interference levels before and
after using DSS algorithms under different settings to achieve
that goal. These measurements were taken in various contexts,
including urban, suburban, rural, and industrial settings, each
with signal interference issues.

TABLE V. INTERFERENCE MITIGATION EFFECTIVENESS

Pre- Post-
e e N Interference
. . Mitigation Mitigation .
Scenario | Environment Reduction
Interference | Interference (%)
Level (dB) Level (dB) °
Al Urban -95 -105 10.5%
A2 Urban -93 -103 10.8%
Bl Suburban -98 -107 9.2%
B2 Suburban -97 -106 9.3%
Cl Rural -100 -109 9.0%
C2 Rural -101 -110 8.9%
D1 Industrial -94 -104 10.6%
D2 Industrial -92 -102 10.9%

200

The Table VI shows that as traffic load grows, spectral
efficiency declines from 82% to 69%, highlighting the impact
of network congestion. Latency increases inversely with traffic,
from 9 ms in low traffic situations to 18 ms in high traffic
scenarios, exposing DSS issues. With increasing traffic,
throughput drops from 540 to 450 Mbps, showing the
algorithm's varied effectiveness under different loads.

The Table VII demonstrates a strong connection between
simulated and empirical throughput, suggesting that accurate
simulation models closely mimic real circumstances. Variations
are modest, within 2%, indicating that the DSS algorithm
performs consistently in both contexts. This consistency
highlights the models' accuracy in forecasting DSS
performance in real 5G IoT networks.

TABLE VII. COMPARISON BETWEEN SIMULATED AND

EMPIRICAL THROUGHPUT
Scenario Simulated Peak Empirical Peak Difference
Throughput (Mbps) | Throughput (Mbps) (%)
A 520 515 -0.96%
B 500 505 +1.00%
C 530 525 -0.94%
D 510 520 +1.96%
E 480 475 -1.04%
F 550 545 -0.91%

The simulated throughput in the Comparative Line Graphs
accurately matches to the actual data in all situations. In case
'A', the simulated throughput is 520 Mbps, whereas the
empirical throughput is 515 Mbps. In scenario 'D', the simulated
throughput is 510 Mbps, and the empirical throughput is 520
Mbps, suggesting that the simulations correctly depict real
conditions. Scenario F illustrates the performance of DSS
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algorithms in a high-stress environment, where challenging
conditions are used to test the system's limits.

Comparison of Simulated vs. Empirical Throughput Across Scenarios

o

Throughput (Mbps)

Scenario

Fig. 2. Comparative Analysis of Simulated and Empirical Throughput Across
Scenarios

Scenario E (Suburban Low Density) exhibits a lower
empirical throughput of 475 Mbps compared to Scenario C
(Rural Ultra-Low Density), which may seem unexpected given
the generally better infrastructure in suburban areas (Fig. 2).
This could be attributed to stronger interference from adjacent
urban areas, heavier network traffic in a more sparsely
populated area, due to which the signal quality can deteriorate,
with environmental factors like buildings and trees playing
another part. Furthermore, the DSS algorithms might also be
suboptimal for suburban environments compared to rural areas.
This suggests, that there is a necessity for tailoring the
implementation of strategies in different environments to
maximize the benefit of DSS.

Understanding and conveying the efficiency of DSS in a
variety of environmental settings is a vital part of its application
in 5G IoT networks (Table VIII).

TABLE VIII. ENVIRONMENTAL IMPACT ON DSS PERFORMANCE

PROCEEDING OF THE 36TH CONFERENCE OF FRUCT ASSOCIATION

The role that Dynamic Spectrum Sharing algorithms play in
the resulting performance of 5G networks, and even more so
precisely for such wireless IoT settings with varying
appearances is significant. The relationship between these DSS
metrics (output) and how they interact across different scenarios
offer points of insight as to the actual performance fitness for a
given algorithm. Fig. 3 represents these metrics in three-
dimensional space to demonstrate how each relates to various
cases.

3D Surface Plot of DSS Performance Metrics

Fig. 3. Three-Dimensional Representation of DSS Performance Metrics Over
Diverse Scenarios

The 3D Surface Plot displays the intricate interaction
between spectral efficiency, latency, and throughput data in
different scenarios. The spectral efficiency of DSS ranges from
70% to 90%. The latency of DSS varies between 5 and 20
milliseconds, while the throughput ranges from 400 to 600
megabits per second. These differences provide a complex but
interrelated performance environment for DSS.

The performance of Dynamic Spectrum Sharing algorithms
is affected by the density of IoT devices. This Table IX is
critical for comprehending DSS's scalability and resilience in

. Average Mean Peak . X ; .
E“V‘Tm“me“t Spectral Latency Throughput contexts with varying degrees of device concentration.
ype Efficiency (%) (ms) (Mbps)
Urban 74 14 505
TABLE IX. DEVICE DENSITY IMPACT ON DSS PERFORMANCE
Suburban 78 12 515
Rural 81 10 525 Device Densit Average Mean Average
Industrial 72 16 500 (Devices /kmz)y Spectral Latency Throughput
High Altitude 79 11 520 Efficiency (%) (ms) (Mbps)
Coastal 77 13 510 100 32 9 540
500 80 11 530
1000 76 14 510
Due to greater device density and complicated interference, 1500 72 17 490
urban and industrial contexts have poorer DSS spectral 2000 69 20 470
2500 67 23 450

efficiency and higher latency, making DSS implementation
difficult. Suburban and rural locations, on the other hand, have
more excellent DSS performance, with higher spectral
efficiency and lower latency, indicating good resource
management in less crowded situations.
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Fig. 4 provides a scatter plot matrix, that exposes the
relations between the density of devices and different DSS
performance metrics, thus pinpointing those critical parameters
that contribute significantly to network efficiency.
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Fig. 4. Scatter Plot Matrix: Correlation Between Device Density and DSS
Performance Metrics

TABLE X. SPECTRAL EFFICIENCY OVER TIME

Time Average Spectral Peak Spectral NS[;::::;‘:;T
Interval Efficiency (%) Efficiency (%) Efficiency (%)
000 ¢ = i
0100 v 86 "
0600 = i "
o500 0 " "
000 7 © -
100 i i "
Va0 " » .
160 1 " ”
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Fig. 4 provides a detailed analysis of device density and the
corresponding spectral efficiency with latency constraints while
achieving target overall throughput for DSS algorithms as
shown. Here, the data shows that as device density increases to
2500 devices/km?, or so spectral efficiency tends downward but
in a very clearly positive direction peaking perhaps between
around ~60-80% and then dropping quite sharply with higher
densities. Reduced spectral efficiency is further compounded
through latencies that range from 5 to over 20 ms, illustrating
more devices result in longer delays which makes real-time
applications performance questionable. Overall, device density
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linked to throughput declines inevitably so that less than 600
Mbps is available above denser volumes where it was still more
or decreased levels. More spectral efficiency corresponds to
higher throughput, showing that as the network scales in terms
of being more spectrum efficient and utilizing available
frequencies, having a lot of denser constellation points or lower
error floor, overall performance improvement. The results
emphasize the necessity of improving DSS algorithms in high-
density environments so that 5G networks are adequately
prepared for performance-critical events derived from densely
populated IoT scenarios. Addressing these concerns is critical
for the successful roll-out of 5G technologies in increasingly
urbanized cities.

The data in Table X above depicts changes in efficiency
over time, emphasising the influence of network utilisation and
environmental conditions on DSS performance. Efficiency is
highest during off-peak hours, most likely due to lower
congestion and device activity, with a substantial fall during
peak hours (08:00-18:00), indicating greater network demand.
Despite these fluctuations, DSS maintains consistent
performance, demonstrating its robustness and flexibility.

Time-Series Analysis of Spectral Efficiency Over 24 Hours

o

Spectral Eficiency (%)

Fig. 5. Time-Series Line Graphs for Spectral Efficiency Over Time

The Time-Series Line is a graphical representation of data
points plotted across time. The graphs depict the variation in
spectral efficiency across 24 hours, reaching its highest point of
87% during the early hours (4:00-6:00) and dropping to 75% at
peak periods (12:00-14:00). The temporal fluctuation seen is a
result of DSS's capacity to adjust to the changing needs of the
network throughout the day.

The data below will demonstrate how latency is distributed
among several types of Internet of Things (IoT) applications in
a 5G network using Dynamic Spectrum Sharing (DSS). This
table may be used to evaluate DSS's ability to serve a number
of IoT applications with various latency requirements.
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TABLE XI. LATENCY DISTRIBUTION FOR IOT APPLICATIONS
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Conversely, 'Rural’ environments have a minor departure of

ToT Application Type | . v 6.1 Mbps wit.h a variance of 1.2%, indigating that the speed of
atency Range (ms) | Frequency (%) data transfer is affected by the surrounding surroundings.
0-10 40%
. o 10-20 35% B. Empirical
R . Empirical Results
Real-Time Monitoring 2030 15% D o
>30 10% 1) Spectral Exploitation
0-10 25% e e . .
] ) 10-20 30% Actual spectral utilization was determined using SDRs and
Video Streaming 20-30 20% spectrum analyzers in a controlled testbed. The DSS algorithms
>30 5% efficiently distributed spectrum resources with low interference
0-10 30% in settings with different device densities and interference levels
Smart Home Applications ;8?3 ;gof’ while also dynamically responding to changing conditions.
= 0
>30 10%
0-10 50%
- 0,
Autonomous Vehicles ;8 §g ?(5) ;1 TABLE XIII. SPECTRAL EFFICIENCY AND INTERFERENCE
- o ACROSS SCENARIOS
>30 5%
0-10 35% Spectral Measured Observed
. . 10-20 40% Scenario | Environment | Efficiency Interference Device
Industrial Automation 2030 15% (%) Level (dB) Density
>30 10% Al Urban 76 -104 950
A2 Urban 74 -106 1450
. ) . Bl Suburban 74 -107 480
Dynamic Spegtrum Sharlng .(DSS), focuses on apalyzmg B2 Suburban E%) 2109 780
performance consistency in a variety of network scenarios. This Cl Rural 79 102 190
research is crucial for assessing how consistent and reliable 2 Rural 81 -101 290
throughput is in a 5G IoT environment, which is critical for DI Industrial 75 -106 1150
maintaining service quality in a variety of applications. D2 Industrial 77 -105 1550

TABLE XII. THROUGHPUT CONSISTENCY ANALYSIS

S . Standard Deviation Coefficient of Variation

cenario of (%)

Throughput (Mbps) °

Urban High o
Load 12.5 2.4%

Urban Low N
Load 7.2 1.4%
Suburban 8.6 1.7%
Rural 6.1 1.2%
Industrial 10.0 2.0%
Coastal 9.3 1.8%

The Heat Map for Throughput Consistency exhibits diverse
patterns (Fig. below). During instances of 'Urban High Load',
the throughput experiences a standard deviation of around 12.5
Mbps, with a variance of 2.4%.
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Fig. 6. Heat Map Analysis of Throughput Variability in Different Environments
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2) Protocols Employed

Multiple protocols were established to authenticate findings
and maintain consistency in DSS performance.

IEEE 802.11ax: As a standard for WiFi interactions, it
improves the validity of IoT application measurements,
especially in non-5G situations.

5G New Radio (NR): Used as a backbone to test DSS
algorithm effectiveness in true 5G spectrum, guaranteeing that
5G features, including enhanced Mobile Broadband (eMBB)
and ultra-reliable and Low Latency Communications
(URLLC), were fully leveraged.

3) Throughput and Latency in Actual Deployments

Empirical testing on IoT applications revealed DSS
algorithms' realistic capability in 5G networks.

TABLE XIV. MEASURED LATENCY AND THROUGHPUT ACROSS

SCENARIOS
Mean Peak Network
Scenario | Environment Latency Throughput Traffic
(ms) (Mbps) Level
Al Urban 12 515 High
A2 Urban 14 505 Very High
Bl Suburban 16 505 Medium
B2 Suburban 18 495 High
Cl Rural 11 525 Low
C2 Rural 10 535 Medium
Dl Industrial 15 520 High
D2 Industrial 17 510 Very High




ISSN 2305-7254

Throughput Variability Across Different Environments and Traffic Loads

Urban High Load 2443 2606 1837 0.4936
Urban Low Load 2893 1.158 1.309
2 Suburban 1.186 2444 0.1887 1677
3
15
8
s
o Rural 2294
Indu: 06828
Coastal 2734 1978

Medium High
Traffic Loads

Very High

Fig. 7. Heat Map of Throughput Variability Across Different Environments and
Traffic Loads

The 'Industrial' environment has the most significant
variability under 'Low" traffic load, with a throughput of 4.815.
This indicates a notable variance in data transfer, perhaps due
to the intricate and changeable nature of industrial data
requirements. Conversely, suburban regions experiencing high
levels of traffic have the least amount of variation, with a value
of 0.1887, suggesting a consistent flow of data despite the
increasing volume of traffic. The stability seen might be
attributed to efficient traffic control or lower network
complexity in suburban environments. The 'Rural' environment
experiences a variability of 4.426 under 'High' traffic
circumstances, indicating a very high level of fluctuation. This
suggests that rural networks, while often less crowded, may
need help maintaining constant throughput during periods of
peak demand. The 'Coastal' environment exhibits a steady rise
in variability as traffic load increases, reaching a high of 3.606
under the 'Very High' load. This suggests that there may be
difficulties in effectively regulating network performance in
situations where environmental variables are influential.

C. DSS Algorithmic Efficacy

The DSS algorithms effectively reduced interference in both
simulative and empirical paradigms, guaranteeing that
concurrent activities across shared spectra did not negatively
influence each other.

DSS algorithms efficiently supported IoT applications
ranging from real-time sensor data streaming to video
surveillance, demonstrating their capacity to dynamically and
adaptively distribute spectrum resources.

D. Varying loT Application Efficacy

Latency, crucial in real-time applications, was constantly
kept below the threshold, ensuring that latency-sensitive
applications ran smoothly even in high-interference, high-
density situations.

Throughput was increased, guaranteeing that data-intensive
applications like video streaming and huge IoT data transfers
were continually handled, showcasing the DSS algorithms'
ability to manage spectral resources even under heavy load

properly.
This thorough portion separated results from interpretations

to guarantee that the reader could internalize the raw data,
which would be reviewed and debated in the next sections of
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the academic exposition. The empirical and simulated findings,
supported by strict procedures and thorough implementation,
provide a strong platform for following analytical and
interpretive discourses.

V. DISCUSSION

This article critically reviews and compares the findings on
Dynamic Spectrum Sharing in 5G networks, specifically for IoT
applications. Even if particular references are not used here,
understanding the intricacies, consequences, and variations
becomes critical, particularly when seen through the prism of
previous literature and studies [37].

The spectral efficiency results in both simulation and
contexts demonstrate the robustness of the applied DSS
methods. Their capacity to dynamically assign resources,
assuring little waste while minimizing interference, is a
significant advancement above previous research. While prior
studies have highlighted the potential of DSS in enhancing
spectrum use, our results provide empirical support for this
theoretical hypothesis, especially within a 5G context. Earlier
stories in the literature alluded to the underlying problems of
regulating interference, particularly in denser IoT contexts. This
article not only recognizes these challenges but also provides
answers [38].

Latency and throughput, the two pillars on which the
usefulness of IoT applications is often based, were addressed
with nuanced accuracy in our results. DSS has shown great
flexibility in environments with varying device density and
interference levels. Prior articles have highlighted the
complexities of balancing latency and throughput, especially
given the rigorous requirements of IoT operations [39]. The
findings of this study, particularly in high-device-density
scenarios, highlight the DSS's ability to walk this tightrope with
admirable agility. Compared to our data, the striking
discrepancies in latency and throughput in earlier studies
highlight the quantum leaps achieved in this sector.

The protocols, particularly IEEE 802.11ax and 5G New
Radio (NR), served as a solid foundation, ensuring that our
studies were grounded in practical applications rather than mere
speculation. While the promise of these protocols, particularly
5G NR, has been lauded in previous academic debates, there
has been a perceptible gap in fusing them into practical,
investigations with DSS in the IoT arena [37]. This article
bridges that gap by highlighting the potential and specific
roadmaps for realizing that promise.

The results underscore the significant ability of DSS
algorithms to effectively minimize interference. Previous
discussions have been suspicious about DSS's capacity to
traverse the interference labyrinth, particularly given the
complexities and dynamism of 5G networks [3]. Our findings
assuage such fears, demonstrating that interference, although
difficult, with intelligent algorithmic interventions, is not
insurmountable. The transition from skepticism in earlier
literature to empirical confirmation in the current study
represents a watershed moment in the DSS discourse.

Recent advancements in Dynamic Spectrum Sharing (DSS)
have indicated a significant progress in maximizing spectrum
usage in the wider scope of 5G and IoT networks. The progress
made, as exemplified by Wu et al. and Verma et al., has centered
on enhancing algorithmic efficiency, increasing real-time
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adaptability, and incorporating machine learning methods to
optimize spectrum resource management [3], [9]. For example,
Wau et al. discuss growing use of machine learning in predicting
and dynamically distributing spectrum to improve spectrum
congestion and interference management. Nevertheless, even
with these improvements, there are still major obstacles to
overcome.

DSS has the potential to enhance spectrum efficiency in 5G
networks, but it encounters various obstacles in different IoT
settings. In densely populated urban regions, there can be over
thousands of devices per square kilometer causing substantial
interference. The decrease in spectral efficiency and throughput
due to interference is illustrated by a drop from 600 Mbps to
450 Mbps as the number of devices increases (Fig. 4). While
DSS algorithms have improved in reducing interference, they
frequently do not fully tackle the difficulties in these settings.
This is a major issue for real-time IoT applications that depend
on low latency, as latency can increase from 5 ms to more than
20 ms, leading to a decline in performance [30].

Unique challenges are also present in suburban settings.
Despite having lower device densities than urban regions,
suburban areas frequently experience mixed interference
because of their close proximity to urban centers. This could
lead to decreased throughput compared to what was anticipated,
as evidenced in the empirical data, with suburban areas showing
lower performance compared to rural regions. This difference
indicates that current DSS algorithms may be sub optimally
designed for environments with intermediate densities and
mixed interference sources, resulting in less-than-ideal
performance [18].

Furthermore, the performance of DSS may decline notably
in dynamic and unpredictable settings, seen in high-stress
situations such as Scenario F. In these instances, although DSS
algorithms can uphold throughput, they encounter challenges
with heightened latency and interference control, demonstrating
their constraints in swiftly evolving circumstances. The
necessity for more sophisticated and flexible DSS algorithms is
highlighted by these challenges in order to guarantee strong
performance in different IoT environments [15]

In the future, it is important to research DSS performance in
diverse IoT environments, especially those with dynamic
changes in device density and interference. Moreover,
incorporating state-of-the-art machine learning methods into
DSS algorithms may provide answers to these difficulties
through facilitating more flexible and anticipatory spectrum
management [13]. By tackling these areas, the performance of
DSS in 5G networks can be greatly improved, leading to more
robust and productive IoT ecosystems.

Eventually, the DSS algorithms' success across various [oT
applications, whether latency-sensitive real-time operations or
data-intensive jobs, reflects the flexibility and adaptability
inherent in the solutions investigated. This adaptability
contrasts with previous research that, while verifying DSS's
promise, also pointed to potential limitations in its versatility.
Using empirical and simulated narratives, the current study
provides a counterbalance, broadening the frontiers of what
DSS may genuinely do when used appropriately.
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Exploration has established a separate trail through the thick
forest of academic and practical inquiries that has characterized
this subject by embarking on a rigorous and systematic
investigation of Dynamic Spectrum Sharing (DSS) in 5G
networks, with a special focus on aiding IoT applications. The
academic journey detailed here does not just replicate the
echoes of earlier scholarly discussions. However, it adds a
unique, resonant voice to the symphony of knowledge around
the application and usefulness of DSS in 5G networks for [oT.

CONCLUSION

The study exposed various features of DSS, ranging from
spectrum efficiency and interference mitigation to detectable
effects on throughput and latency inside IoT applications via a
painstaking merging of theoretical, simulated, and empirical
data. The sine qua non of 5G networks, particularly in the
context of [oT, has always been to find a harmonic balance
between effective spectrum use, reduced interference, and
improved performance across latency and throughput.
Navigating through the frequently contradicting demands of
these dimensions, the study presented here explored and
confirmed the potential of DSS in achieving these goals.

This study promoted a narrative that aligns theoretical
potential with actual measurable outcomes, building upon and
expanding the rich body of existing literature and research on
the subject. The spectral efficiency results, both in controlled
simulations and real-world scenarios, are more than just
statistics. They confirm the effectiveness of DSS in managing
spectrum resources and ensuring the operational integrity of [oT
applications. A convergence of theory and practice provides a
pragmatic window through which future research and practical
implementations may be envisioned and evaluated.

Significantly, the latency and throughput findings provide a
narrative that is not only supported by previous theoretical
postulations but also sheds light on the crucial route that must
be followed to maximize DSS for various IoT applications in
the constantly pulsing environment of IoT applications, where
data flows with unrelenting intensity. Real-time processing,
latency, and throughput measurements provide more than just
statistical insights; they offer practical understanding of system
performance. The verifying of theoretical principles that have
long characterized academic and practical conversations about
DSS, providing a solid empirical framework on which future
innovations and explorations in this domain may be safely
anchored.

When we include the protocols used in this article, namely
IEEE 802.11ax and 5G New Radio (NR), in conclusion, it
becomes clear that the results are not isolated islands of data In
the complex environment of 5G networks and IoT applications,
these protocols and their outcomes guide practical
implementations and future research, helping to navigate the
challenges of spectral demands, interference, and application-
specific requirements.

The article presented here serves as a bifocal lens through
which the potentials and difficulties of adopting DSS in 5G
networks for IoT applications are evaluated with clarity
supported by data, analysis, and thorough research
methodology. It accepts echoes from previous studies, travels
through current discoveries, and shines a light into the future,
where the possibilities are limitless and the problems, although
considerable, are not insurmountable.
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Although the study closes here, it is critical to recognize that
it does not represent the conclusion of learning, inventing, and
verifying DSS in 5G and IoT. Therefore, the data, conclusions,
and tales offered here serve as a stepping stone, encouraging
and motivating future researchers, academics, and practitioners
to go on their travels, questioning, validating, and expanding on
the information shared here.
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