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Abstract

This thesis presents a novel approach to design and implement a new channel
coding method combined with a Adaptive RIS (ARIS) to enhance Terahertz (THz)
communication in 6G networks. The research addresses the crucial requirements of
6G communication, including ultra-fast data transmission, minimal delay, extensive
connectivity, and optimal energy usage.

The innovative channel coding approaches, Polar Convolutional Serial Code (PCSC)
and Polar Convolutional Parallel Code (PCPC), are specifically designed to enhance the
reliability and data transfer rate of wireless communication systems operating at THz
frequencies. Their performance is rigorously evaluated in congested network conditions,
a common scenario in 6G applications, in conjunction with Non Orthogonal Multiple
Access (NOMA) strategies.

A key achievement in this research is the integration of ARIS into the commu-
nication system, leading to the development of a ARIS Decision Making Algorithm
(ARIS-DMA). This technology optimises signal strength and coverage by dynamically
adjusting surface reflection and transmission properties based on the user’s location
and network conditions. The ARIS-DMA effectively reduces power loss and latency,
providing comprehensive coverage and a 70% signal power loss reduction, instilling
confidence of users about the progress in the field.

In addition, the thesis investigates the application of Deep Learning (DL) methods
for decoding PCPC. It suggests a Deep Q Network (DQN) based Deep Q Network
ARISDMA (DQN-ARISDMA) to improve beamforming and increase spectral efficiency.
The findings exhibit significant enhancements in data transmission speeds, utilisation of
the frequency spectrum, and the ability of the system to respond promptly, all of which
are vital for time-sensitive applications in 6G networks.

The outcomes of this study contribute significantly to the development of communi-
cation systems that can meet the rigorous standards of future 6G networks while also
being scalable, energy-efficient, and reliable. This advancement creates opportunities
for progress in areas such as smart cities, autonomous vehicles, and augmented/virtual
reality experiences, demonstrating the practical implications of our research.
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1

Introduction

Over the past three decades, the consecutive generations of mobile communication
networks have facilitated significant advancements towards a more digitised society.
Every generations has included a comprehensive cellular network structure, encompass-
ing radio access technology, access and core network routing, and a range of associated
services such as authentication, access control, mobility management, data transmission,
voice and messaging services.

First Generation (1G), the very first generation of wireless communication, marked
the advent of mobile telephony and laid the foundation for the later development of wire-
less networks. Introduced in the early 1980s, 1G systems revolutionised communication
by enabling analogue voice transmission, thereby making mobile connectivity available
to the public for the first time. 1G networks were built upon analogue technology. 1G,
in contrast to subsequent digital systems, delivered voice conversations using analogue
signals. Consequently, the sound was transformed into electrical signals that exhibited
continuous variations in both amplitude and frequency.

The advent of the Second Generation (2G) witnessed the introduction of the first
completely digital mobile solution, which led to the emergence of the mobile phone as a
portable personal device and the popularity of text messaging. The Third Generation
(3G) and Fourth Generation (4G) facilitated the integration of multimedia services
in mobile devices. They opened the way for the emergence of the iPhone and the
entire digital sector and services that depend on smartphones, such as mobile Internet,
applications, and marketplaces. The advent of the Fifth Generation (5G) should coincide
with the increase of interconnected items and the introduction of new technologies
that facilitate augmented reality experiences, offered to both consumer and enterprise
markets. The deployment of 5G networks started in 2019, focusing on implementing the
radio element of 5G as a new access network. This was followed by the deployment
of standalone 5G networks which started in 2023, which also involved implementing a
new 5G core network.

It might seem strange to start working on the Sixth Generation (6G) of mobile
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communication networks when 5G is just beginning to be used worldwide. The big
difference between what people thought 5G networks could do and what the first 5G
products and solutions could actually do is the reason for this. Moreover, 5G sets itself
apart from previous versions of mobile networks by its technological progress, complex
structure, and extensive array of uses, such as energy-efficient expansive Internet of
Things (IoT), high-speed multimedia, and low-latency communication. Although 5G
provides significant performance enhancements compared to previous generations, it
has not yet met the necessary criteria for the highly anticipated IoT. In addition, some
applications anticipated for the 2030s necessitate a further 1000-fold rise in data speeds
and latency’s of less than 0.1 milliseconds.

Multiple variables, including enormous IoT, smart cities, and new Artificial In-
telligence (AI)/Machine Learning (ML) based distributed applications, are driving
the development of the new wireless generations and highlights the importance of
this technology. The advent of 6G technology is poised to bring a transformative era
characterised by the proliferation of interconnected entities, including humans, vehicles,
robots, and drones. This interconnectedness will result in the generation of vast amounts
of digital data, reaching the scale of Zettabytes [5, 6]. Additionally, establishing new Key
Performance Indicators (KPIs) is necessary to utilise the groundbreaking technologies
emerging in the coming decade effectively. These new applications and use cases
necessitate meeting many KPIs simultaneously, and the trade-offs acceptable in prior
generations may no longer be satisfactory [7, 8]. Therefore, it is reasonable to anticipate
a comprehensive transformation of the current wireless networks for the 6G, surpassing
the incremental enhancements seen in the current 5G systems, as discussed in Chapter 2.

The 6G wireless systems are expected to seamlessly support various use cases,
including, but not limited to, super-smart cities, holographic communication, wireless
brain-computer interactions, tactile/haptic-based communications, chip-to-chip commu-
nications, five-sensor information transfer, precision agriculture, connected autonomous
vehicles, the Internet of Everything (IoE), and telesurgery.

The potential benefits of 6G are extensive and diverse. 6G will support applications
that demand high accuracy and dependability, ranging from enhanced mobile broad-
band to Ultra Reliable and Low Latency Communication (URLLC). These encompass
self-driving cars, surgery performed from a distance, and fully immersive experiences
using Augmented Reality (AR)/Virtual Reality (VR). Furthermore, 6G seeks to expedite
the progress of smart cities, intelligent transportation systems, and enhanced healthcare
solutions.

In addition to the previously established requirements like data throughput, latency,
reliability, and connectivity, 6G applications are anticipated to have demanding stan-
dards for energy efficiency, because enhancing energy efficiency has typically been
associated with using energy conservatively, leading to compromising other perfor-
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mance measures such as throughput, reliability, coverage, and so on. However, 6G still
aims to find solutions that can ensure the energy-efficient functioning of devices and
applications while simultaneously meeting other performance objectives.

There are many methods, algorithms and techniques that could be implemented to
develop the current wireless generation 5G and moving towards 6G, which have been
discussed in detail in Chapter 2, Section 2.4, Section 2.5 and Section 2.6. In this study,
new methods, algorithms and techniques based on channel coding/decoding, AI/DL,
reconfigurable materials, signal redirection and beamforming are chosen to develop
wireless systems that aligns with 6G KPIs. The chosen approaches as indicated in
Chapter 2 Section 2.4 are utulised to answer the following questions:

• What are the potential benefits and challenges of incorporating sophisticated
channel coding algorithms into 6G networks?

• How can ML algorithms improve decoding in 6G communication systems?
• What novel channel coding techniques can be developed to support URLLC in 6G?
• What are the beneficial effects of new channel coding algorithms with Non

Orthogonal Multiple Access (NOMA) strategies in 6G?
• How might AI and ML be implemented into 6G networks to improve performance

and efficiency?
• What new technologies and techniques are required to utilise the Terahertz (THz)

frequency effectively?
• To what extent the current generation approaches can be modified to comply with

6G KPIs?
• How can 6G networks provide URLLC while allowing massive Machine Type

Communication (mMTC)?
• What developments are required in Reconfigurable Intelligent Surfaces (RIS) to

improve signal control and coverage?
• How can 6G networks be designed to be both sustainable and energy efficient?

1.1 Research Motivations

With the rapid growth in traffic demand and the ongoing development of 5G new
radio networks, experts from industry and academia are now focusing on the future
wireless network to be known as "sixth-generation (6G)". The primary objective of this
upcoming cellular network is to achieve universal and uninterrupted connectivity for all
devices "Connecting the unconnected" in response to the anticipated rapid expansion
of the IoE over the next ten years. The introduction of 6G is anticipated to greatly
improve current technologies and architectures or create new ones at the infrastructure,
spectrum, and protocol/algorithmic levels. This will result in improved services and
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complete coverage connections. Significant research initiatives are currently underway
worldwide to shape and build the vision of 6G, including but not limited to Smart
Networks and Services Joint Undertaking (SNS JU) , Nokia, SK Telecom, NTT, and
DOCOMO, 6G Hubs, 6G Flagship. To facilitate various IoT scenarios and meet the
demands of emerging applications, 6G must be capable of supporting a significantly
higher density of connectivity (estimated at 106 devices per 𝐾𝑚2). It should also provide
5 to 10 and 10 to 100 times greater spectral and energy efficiency, respectively, compared
to what is achievable with 5G. Additionally, it should offer a reliability of 0.9999999 and
support latency in the range of microseconds.

Therefore, in order to accomplish the aforementioned stringent goals, one of the most
fundamental issues is to design an enhanced coding and decoding techniques to ensure
higher reliability and throughput, along with relaxing the orthogonality limitations used
in previous generations as a multiple access techniques. Digital inclusion and global
service coverage are closely connected to reliability. The 6G architecture will facilitate
the provision of network coverage in remote locations, such as rural areas, and enable
communication over long distances, including over seas and large land masses. This will
open up opportunities for new services and enterprises, leading to economic growth
by bringing together diverse communication methods that were previously separate.
Providing the unlimited coverage and addressing problems as "zero coverage spots", is
a breaking system advancement that should be addressed, however this advancement
should not overload the current infrastructure in terms of cost and dependability, using
approaches that have the ability to reconfigure and redirect the signals towards users
effectively is a promising approach to achieve such goal.

6G is as likely to be a self-contained ecosystem of AI. The evolution will gradu-
ally shift from a focus on humans to a focus on both humans and machines. The
implementation of 6G technology will provide instantaneous and unfettered wireless
communication. 6G will enable convergence in connectivity, robotics, cloud, and safe
and trustworthy commerce, leading to a new landscape for organisations. This will
fundamentally transform the way enterprises function. The main characteristics of
6G will encompass intelligent, interconnected management and control capabilities,
programmability, integrated sensing and communication, energy efficiency, reliable
infrastructure, scalability, and cost-effectiveness.

The architecture of 6G must possess ample flexibility and efficiency to facilitate seam-
less integration of various components, such as networks, collaborative communication
and sensing, non-terrestrial networks, and terrestrial communication. This integration
should encompass innovative AI driven facilitators and local and distributed computing
capabilities. The notion of "AI everywhere" will be implemented in the network to
optimise performance and offer AI as a service in a federated network. AI and ML will
ensure the cost-effectiveness of advanced 6G services. These services include seamless
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interaction between humans, digital systems, the physical world, and the Internet of
Senses. AI and ML will automate decision making processes to some extent and enable
a zero touch approach.

1.2 Aim and Objectives
The main aim of this study is to create effective and dependable techniques that

can establish a communication system with superior reliability, higher data rate,
higher spectral and energy efficiency, elevated user density, unlimited coverage,
less delay, and lower energy consumption. These advancements are intended to
meet the requirements of the next wireless generation, 6G. This can be achieved by
proposing new channel coding approaches, automated fast decoding methods, adaptive
transmission algorithms, and programmable efficient signal redirection, for fair and
efficient utilisation and enabling wireless communication flexibility management with
high Energy Efficiency (EE), and Spectral Efficiency (SE).

The research aim is accomplished by achieving the following objectives:

1. Comprehensive Analysis of Emerging Technologies: Conduct an in-depth
examination of current programmable approaches, algorithms, and methodologies
across previous wireless generations to identify the essential KPIs defining 6G.
This involves assessing the capabilities and limitations of existing technologies and
evaluating the emerging techniques expected to transform wireless communication
by 2030.

2. Design of Novel Channel Coding Methods: Develop new channel coding
strategies specifically tailored to the requirements of 6G systems, aiming to
enhance data rate, reliability, and overall system performance. The proposed
designs will be evaluated in conjunction with advanced multiple access schemes
to ensure compatibility with the expected high user density of 6G networks.

3. Artificial Intelligence–Driven Decoding and Signal Optimisation: Design and
implement an artificial intelligence–based decoding mechanism to reduce decod-
ing latency and overall transmission time, thereby improving energy efficiency
and throughput while maintaining high system reliability in dense network
environments.

4. Reconfigurable Intelligent Surfaces (RIS) Assisted Communication for Coverage
and Efficiency Enhancement: Develop a Reconfigurable Intelligent Surfaces (RIS)
assisted communication framework capable of optimising spectral and energy
efficiency, minimising power loss, and ensuring seamless connectivity across all
coverage zones, including traditionally hard-to-reach or zero-coverage areas.

5. Real-Time Terahertz (THz) Transmission and Intelligent Signal Redirection:
Implement and evaluate a real-time wireless transmission system operating within
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the Terahertz (THz) frequency band, capable of simultaneously supporting a
large number of users. The system will employ advanced signal redirection and
intelligent beamforming techniques to achieve equitable resource distribution,
reduced latency, and enhanced spectral efficiency thereby demonstrating the
practical realisation of 6G performance metrics.

1.3 Novel Contributions to Science
This thesis explores several facets of the emerging 6G wireless generation, focusing

on the integration of novel channel coding, AI, and RIS. The contributions to knowledge
consist of four components, whereas the outcomes in the form of new solutions,
algorithms, and protocol modifications are outlined below:

1. Systematic Classification and Evaluation of 6G Technologies: Provides a compre-
hensive taxonomy and critical assessment of existing and emerging methodologies
relevant to 6G. This contribution identifies and analyses the KPIs, capabilities,
and technological limitations defining the transition from previous generations,
thereby establishing a clear foundation for subsequent developments within this
research (addressing Objective one in Section 1.2).

2. Development and Integration of Novel Channel Coding Schemes with Non
Orthogonal Multiple Access (NOMA): Two new channel coding frameworks
Polar Convolutional Serial Code (PCSC) and Polar Convolutional Parallel Code
(PCPC) are developed using concatenated serial and parallel architectures. These
codes are designed to meet the reliability and throughput requirements of THz
based multiuser 6G environments. Their integration with the Non Orthogonal
Multiple Access (NOMA) technique demonstrates improved system reliability,
fairness, and data rate under high user density conditions. Collectively, these
outcomes validate the potential of the proposed codes as efficient solutions for 6G
communication systems (addressing Objectives two, three and five in Section 1.2).

3. Artificial Intelligence (AI) Enabled Fast Decoding Framework: Develops an Arti-
ficial Intelligence (AI) driven decoding architecture for the proposed PCPC scheme,
significantly reducing decoding and transmission times while enhancing data rate
and energy efficiency. This contribution illustrates the potential of AI to accelerate
signal processing and enable adaptive, self-optimising 6G communication systems
(addressing Objective two and three in Section 1.2).

4. Design of ARIS Decision Making Algorithm (ARIS-DMA): A novel Adaptive
RIS (ARIS) assisted wireless communication framework, termed the ARIS Decision
Making Algorithm (ARIS-DMA), is developed to optimise beam redirection and
power utilisation. The algorithm employs user-location awareness to ensure
complete coverage, including previously unreachable zones, while reducing signal
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power loss by approximately 70% and lowering transmission delay. This contri-
bution demonstrates substantial improvements in energy and spectral efficiency
(addressing Objective four and five in Section 1.2).

5. Artificial Intelligence (AI) Deep Reinforcement Learning–Based Beamform-
ing: Building upon ARIS-DMA, this research introduces the Deep Q Network
ARISDMA (DQN-ARISDMA) framework, which incorporates deep reinforcement
learning to enable adaptive and intelligent beamforming. The results indicate sig-
nificant improvements in spectral efficiency reaching up to 20 Tbps/Hz alongside
reduced convergence time and enhanced network responsiveness, establishing the
feasibility of real-time, AI empowered 6G beamforming (addressing Objectives
three, four and five in Section 1.2).

1.4 In the Next Chapters

The following chapters will discuss this study in detail.
Chapter 1 establishes the context and framework for the entire thesis. It provides an

overview of the motivations, aim, and objectives of the research and emphasises the
unique and original contributions that this research brings to the field of 6G communi-
cation networks. This chapter also provides a concise summary of the organisation of
the thesis and enumerates the publications that have emerged from this research.

Chapter 2 comprehensively analyses the most recent literature about 6G commu-
nication networks. The discussion commences with the initial steps and progresses
from 5G to 6G, focusing on the essential KPIs required for 6G networks. The assessment
discusses evolutionary enabling technologies and other breakthrough technologies
anticipated to be widespread by 2030. The chapter ends by examining the gaps noted in
the existing body of literature, which this research intends to overcome.

Chapter 3 explores different forms of concatenated channel coding, specifically serial
and parallel concatenated codes. This chapter also covers integrating Non Orthogonal
Multiple Access (NOMA) with novel channel coding identified as Polar Convolutional
Serial Code (PCSC) and Polar Convolutional Parallel Code (PCPC). The performance
analysis starts by examining performance metrics such as Bit Error Rate (BER) and
throughput, followed by a comprehensive evaluation and performance discussion.

Chapter 4 examines the use of Deep Learning (DL) in channel decoding. This
chapter introduces Deep Learning PCPC (DL-PCPC) and comprehensively explains the
deep network decoding architecture and the sequential processes of data generation,
preparation, and validation for the system. The chapter discusses the training procedure
and performance measures, including the minimum decoding error and data rate. The
chapter ends with a thorough examination of performance and a discourse on the
outcomes.
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Chapter 5 explores the core principles of ARIS Decision Making Algorithm (ARIS-
DMA). It provides a comprehensive explanation of Simultaneously Transmitting and
Reflection RIS (STAR-RIS) organisation, categories, and capabilities and the system
modelling approach used for ARIS-DMA. It also examines different implementation sce-
narios and analyses performance indicators, including power loss, delay, user coverage,
and Packet Error Rate (PER). The chapter ends with a thorough performance evaluation
and a subsequent discussion.

Chapter 6 explores basic beamforming approaches for ARIS-DMA and the system
concept for Deep Q Network (DQN) to introduce Deep Q Network ARISDMA (DQN-
ARISDMA) beamforming. The chapter covers the system model, channel model, signal
model, problem formulation, and the network’s architecture and training for DQN-
ARISDMA. Performance measures such as fairness, spectrum efficiency, convergence
time, and latency are analysed, followed by a thorough examination and discussion of
the performance.

Finally, Chapter 7 presents a concise overview of the research discoveries, derives
logical inferences from the study, and proposes potential avenues for future investiga-
tion. Additionally, it examines the prospective influence of this research on industrial
procedures, highlighting the practical implementations and advantages of the created
technologies.



CHAPTER 2. LITERATURE REVIEW 10

2

Literature Review

In this chapter, we thoroughly explain the different fields of this study. In Section 2.1,
we explain the preliminaries of the new wireless generation. Then, we delve into the
discussion of the expectations of the transition from 5G to 6G in Section 2.2. Section 2.3
explains the key performance indicators that specify the working era for 6G. In the next
section, Section 2.4, we explain the key enabling technologies we use and target for 6G
in this research. Section 2.5 will provide a review of other enabling technologies that
researchers could use for 6G wireless communication. In Section 2.6, we will review
other methods and tools that researchers could have used for this study.

2.1 Preliminaries
The evolutionary history of mobile communication systems [9] can be traced back

to the 1980s when the First Generation (1G) analogue cellular system emerged. This
initial system, which relied on analogue technology, was eventually replaced in 1990 by
the Second Generation (2G) [10] digital network, commonly referred to as the Global
System for Mobile communications (GSM). This upgraded system introduced essential
features such as voice communication and text messaging, revolutionising the way
people communicated with one another. However, despite these advancements, the 2G
network still had limitations in data transmission speeds, prompting the development
of the Third Generation (3G) in 2001.

The introduction of 3G technology [11] marked a significant milestone in the evolution
of mobile communication systems. Unlike its predecessors, 3G offered significantly
higher data rates, enabling users to access the internet and other data-intensive services
more efficiently. This paved the way for the widespread adoption of the mobile internet
and the emergence of various applications and services that rely on high-speed data
transmission.

The Fourth Generation (4G), Long Term Evolution (LTE) networks were introduced
as technology advanced in 2009 [12]. The advent of 4G networks brought about a
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paradigm shift in the mobile communication landscape. With the inclusion of new
technologies such as Multiple Input Multiple Output (MIMO) and Orthogonal Frequency
Division Multiplexing (OFDM), 4G networks were able to deliver faster and more reliable
connections. This, in turn, led to a significant increase in subscribers for various services,
particularly internet-based services. The enhanced capabilities of 4G networks improved
the user experience and opened new possibilities for industries and businesses to
leverage mobile technology for their operations.

Building upon the success of 4G networks, the Fifth Generation (5G) was introduced
in 2019 [13]. This latest version of mobile communication systems represents a significant
leap forward, as it extends the reach of mobile services beyond just humans to include
various devices and objects in industries. With 5G, the Internet of Things (IoT) becomes
a reality, enabling seamless connectivity and communication between multiple devices.
This transformative capability has the potential to revolutionise industries and make
the world a more interconnected and efficient global village, Table 2.1 summarises the
differences between the different wireless generations.

The evolution of mobile communication systems has been a continuous process of
innovation and improvement. From the early days of analogue systems to the current
era of 5G networks, each generation has brought about new capabilities and expanded
the possibilities of mobile technology. As we look towards the future, it is clear that
mobile communication will continue to play a pivotal role in connecting people, devices,
and industries, driving further advancements and shaping how we live and interact
[14].

Figure 2.1: 6G wireless communication service targets

Sixth Generation (6G), the forthcoming mobile network generation, will be instru-
mental in addressing the challenges ahead for us in 2030 and beyond and accomplishing
the goals shown in Figure 2.1. As we witness the ever-increasing pervasiveness of mobile
communications, it becomes evident that they will assume an even more prominent
role in our day-to-day lives, surpassing their current significance.
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Consequently, 6G will accomplish many objectives beyond swift mobile Internet
access. These objectives can be summarised as follows [15]:

1. Convergence: the integration of physical, human, and digital realms in the context
of 6G will necessitate the provision of assistance for digital twinning, immersive
communication, cognition, and intelligence connection.

2. Programmable: in order to, provide a high degree of flexibility, programming
capabilities must be positioned as a fundamental aspect of the upcoming 6G
technology.

3. Deterministic: 6G must provide support for predictable end-to-end services.
4. Sensible: the integration of sensing and communication is a crucial requirement

for 6G, since it will facilitate the provision of services such as high-precision
localisation and high-resolution sensing.

5. Sustainable: the implementation of 6G technology is expected to significantly
contribute to sustainability efforts by minimising its impact on energy consumption,
resource utilisation, and emissions. Furthermore, it is anticipated to enhance
sustainability across various sectors of society and industry.

6. Reliable: establishing a reliable and dependable 6G infrastructure is vital to serve
as the foundational framework for future societies.

7. Inclusive: in order to, promote global inclusivity, it is imperative that the develop-
ment of 6G technology prioritises scalability and affordability.

8. Expandable: to meet the demands of 6G, it is necessary to substantially enhance
the KPIs currently achievable with 5G technology.

Standardisation efforts for the development of 6G are anticipated to commence in
the year 2030. However, it is worth noting that even in 2020, the ITU-T Focus Group on
Technologies for Network 2030 [16] had already released a series of forward-thinking and
visionary documents. Moreover, within the European Union, several associations are
working towards formulating a comprehensive understanding of what 6G truly entails.
One such association is NetworldEurope (ETP) [17], which has released a Strategic
and Innovation Research Agenda (SRIA) with a steadfast focus on the forthcoming 6G
era, akin to their efforts during the nascent stages of 5G [18]. This document serves as
the technological foundation for the objectives that will be implemented through the
Smart Networks and Services (SNS) Partnership [19], an alliance between the European
Commission (EC) and private entities within the European Union.

While the standardisation efforts for 6G are not projected to commence until 2030,
numerous organisations and associations across the globe, including those within the
European Union, United States, China, Japan, and South Korea, have already embarked
on their respective endeavours to conceptualise and shape the future landscape of
6G. These initiatives encompass strategic research agendas, research projects, private
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sector-led alliances, and substantial investments in research and development. Despite
this global momentum, it is essential to recognise that certain regions have yet to
disclose their comprehensive roadmaps for 6G. Nevertheless, the collective efforts
and collaborations forged within these diverse regions will undoubtedly contribute to
realising a genuinely transformative and groundbreaking 6G network.

2.2 5G to 6G transition

In the past ten years, there has been an annual increase of 50% to 100% in the volume
of mobile data traffic. Empirical evidence suggests that the rise of mobile data will
remain the same in the forthcoming decade. There is anticipated to be a sustained
growth in interconnected devices, encompassing sensors, linked autos, home gadgets,
body cameras, and other similar technologies. This growth will be accompanied by
escalating requirements from emerging applications and services [20]. This growth
suggests that the forthcoming 6G technology must accommodate a significantly greater
mobile data traffic flow, ranging from 100 to 1000 times larger than the current 5G
technology.

It should be noted that the increase in mobile data traffic volume does not necessarily
lead to a proportional increase in energy usage. To maintain energy consumption
levels between 6G and 5G, reducing the overall energy usage per user, base station,
and network node is imperative. Additionally, there is a need to enhance the Energy
Efficiency (EE) per performed and processed data, aligning with the increasing volume
of mobile data traffic [21].

One of the most significant prospects for the forthcoming decade is the potential for
immersive communication, holographic telepresence, and augmented reality/virtual
reality (AR/VR) to become the prevailing mode of interpersonal interaction. There
is a widespread consensus that achieving an optimal level of quality for immersive
experiences necessitates a video resolution of 8k per eye [22].

It is anticipated that 6G networks will need to provide end users with data speeds of
up to 10 Gbits/s, ensuring a satisfactory user experience to facilitate the new required
functionalities. The proliferation of mobile devices does not necessarily correspond to
an increase in mobile device density. However, it is anticipated that 6G networks would
employ smaller cellular structures, enabling a greater concentration of devices within
each cell.

6G expected to support peak densities up to 10 devices per 𝑚2. Moreover, as the
mobile data traffic for each device escalates, the capacity will have corresponding
augmentation. When individuals utilise AR glasses at a stadium or workstations, it will
be essential to accommodate the capabilities of 150 (𝑇𝑝𝑏𝑠/𝑘𝑚2). This capacity demand
is approximately ten times greater than that of 5G technology.
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2.3 6G Key Performance Indicators (KPIs)

Based on the overarching vision and the ambitious pursuit of a universal smart
Mobile Sphere, the forthcoming 6G technology will undergo substantial enhancements
and expansions, thereby facilitating a remarkable 10 to 100-fold surge in data throughput
while simultaneously bolstering system capacity, broadening coverage to encompass
wider and deeper geographical extents, optimizing resource utilization to unprecedented
levels, elevating spectrum efficiency, accommodating higher moving speeds effortlessly,
significantly reducing latency, and unequivocally propelling the seamless progression
of a fully-fledged universal smart Mobile Sphere.

As shown in Figure 2.2 6G is envisioned to be an all-encompassing and extensively
interconnected system that boasts broader and more extensive coverage compared to
its predecessors. This advanced network will incorporate a multitude of cutting-edge
capabilities, including terrestrial communication over short distances between devices,
as well as satellite communication, among other functionalities. 6G will have the ability
to operate seamlessly in various scenarios, encompassing the realms of airspace, land,
and sea. The result will be the establishment of a truly universal mobile broadband
communication system that leaves no corner untouched by its pervasive influence [23].

In order to achieve a significantly wider bandwidth, 6G is anticipated to operate at
higher frequencies compared to its predecessor, 5G. These frequencies may range from
300 to 800 Terahertz (THz), corresponding to the visible light spectrum. Additionally,
6G will utilize higher frequency radio bands spanning from 24GHz to 40GHz, also
known as millimeter wave (mmWave). Moreover, frequencies in the range of 100 GHz
to 10 THz will be harnessed by 6G for its operations. These higher frequencies, coupled
with innovative technologies, will enable 6G to achieve data rates that are up to 100
times faster than those of 5G, empowering it to attain peak data rates of Tbps and user
data rates of 10 Gbps. Furthermore, 6G will make diligent use of the reconfigurable
frequency sharing technique, thereby further enhancing the efficiency of frequency
reuse [24].

2.3.1 Data rate

Since the inception of wireless communication, there has been an increase in users’
demands for data rates. In the 1G era, data speeds were limited to a small number
of kilobits per second (Kbps), which then grew to 106 bits per second (bps) in the 5G
era. However, these data rates have proven to be insufficient for various applications.
To address this issue, the development of 6G aims to provide higher bandwidth by
operating at higher frequencies. By doing so, 6G has the potential to enhance data rates
by 10 to 100 times compared to 5G, enabling peak data rates of Tbps [25].
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Figure 2.2: 6G wireless communication KPIs goals

It is widely believed that in future smart cities, data rates will need to reach 1 Tbps to
enable the autonomous management of numerous operations. Furthermore, individual
data rates in upcoming 6G systems are predicted to increase from 1 Gbps in 5G to a
minimum of 10 Gbps for each user and up to 100 Gbps. Moreover, 6G can leverage
flexible frequency sharing technologies to improve frequency reuse efficiency further,
potentially allowing for downloading high-definition videos in a matter of seconds [26].

2.3.2 Spectral Efficiency

The measure of how effectively the assigned frequency spectrum is utilised by
wireless systems, specifically 5G or 6G, is commonly referred to as “spectral efficiency”.
This term denotes the extent to which spectral resources are optimally employed and can
be enhanced through various physical layer parameters such as modulation schemes,
MIMO, access techniques, and others. Spectral efficiency is quantified as the ratio of the
net data rate (in bits per second) to the channel bandwidth (in Hertz) and is typically
expressed as b/s/Hz. Notably, 6G wireless technology exhibits a spectral efficiency of
5-10 times greater than 5G wireless [27].

On the other hand, smart buildings will be utilised in the context of 6G to introduce
additional freedom to wireless networks, enabling them to deliver unprecedented
capacity. On a large scale, buildings will have intelligent surfaces that can reflect signals.
These surfaces which is known as RIS will effectively expand the antenna aperture,
allowing for collecting more previously inaccessible radio signals; this, in turn, will
result in improved energy and spectrum efficiency [28].
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2.3.3 Latency or Delay

The term “low latency” pertains to communication that is expeditious and efficient;
our objective is to transmit packets within a short duration, minimizing processing delay.
In the context of 6G, a maximum latency of 10 𝜇𝑠𝑒𝑐 is permitted. The forthcoming
network of intelligent mobile devices and robotics will necessitate high reliability and
ultra-low latency. Future cities will encompass intelligent automobiles, residences,
educational institutions, industrial facilities, as well, as transportation systems such
as bullet trains, ships, aeroplanes, and Unmanned Aerial Vehicles (UAV), where the
integration of self-driving cars is essential to ensure safety and avoid accidents [29].
Sectors such as defence, healthcare, surveillance, and monitoring will demand ultra-
reliable and low-latency connections; online gaming services also necessitate high
reliability and minimal latency. The Extremely high Reliability and Low Latency
Communication with Security (ERLLCS) feature in the 6G wireless system will be
integrated with the mMTC and URLLC of 5G, surpassing a reliability standard of 99.99%
[30, 31].

2.3.4 Mobility

A diverse range of radios with different characteristics will be supported in the up-
coming 6G devices. Rather than being connected to a single cell, users will be connected
to the network, enabling multi-connectivity techniques to expand the boundaries of the
cells. This seamless transition between various heterogeneous links, including sub 6
GHz, millimetre wave, THz, and Visible Light Communication (VLC), will finally be
possible without manual intervention or configuration [32]. Moreover, these devices
will ensure the QoS guarantees that fulfil the most demanding mobility requirements
anticipated by 6G, such as low latency even in ultra-high mobility scenarios, with speeds
of up to 1000 km/h [33].

2.3.5 Massive Connectivity/ Connection Density

Another application scenario for the next generation of wireless communication is
mMTC; this use case revolves around integrating Internet of Things (IoT) devices, where
communication occurs solely between machines and human involvement is absent.
These machines engage in calls, messages, and commands with one another, completely
devoid of human intervention. Consequently, it is the machines themselves that interact
and communicate with each other. Cooperatively, sensor networks and IoT devices
will be interconnected with multiple Base Station (BS). This collaborative connection
will facilitate seamless communication between various devices and applications,
including wearables, control and monitoring devices, self-driving cars, smart grids,
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industrial automation and control devices, and medical and health-related devices.
The communication between these devices can be either peer-to-peer or cooperative
multi-hop relay transmission.

In this essence, 6G, should support up to 107 devices per square kilometre to
accommodate this increased connectivity [34]. Given the diverse range of applications
and devices, in which each requiring its specific network infrastructure design for
content-driven applications or networks, a comprehensive and distinct approach to
planning and optimisation is imperative for 6G. Therefore, it is crucial to consider all
these requirements when devising strategies for the future of wireless communication.

2.3.6 Area traffic capacity

With the proliferation of connected devices per unit area, there has been a corre-
sponding surge in the demand for higher-capacity channels. An extensively deployed
network of sensors generates excess terabytes (TB) of data daily. To accommodate this
substantial data production, a backhaul channel with high capacity is required.

In previous wireless generations 1G-5G, wireless protocols were tailored to specific
applications. However, with the emergence of massive IoT or mMTC, there is a need for
power-efficient and cost-efficient approaches. This expansion of IoTs necessitates the
development of vehicular communication, such as Vehicle to infrastructure (V2X), for
autonomous driving. The vehicle must interact with other vehicles, pedestrians, and
numerous sensors within the vehicle. All these forms of communication must exhibit
exceptional reliability, low latency, and security. Another scenario that exemplifies
the need for reliable communication is industrial automation, where many sensors
communicate and generate vast amounts of data. The minimum area traffic capacity
limit for 6G is 1000 𝑀𝑏𝑝𝑠/𝑚2 [31].

2.3.7 Reliability

Incorporating high dependability is crucial for integrating mission-critical and safety-
critical applications in the use cases of 6G technology. The advent of 6G technology
represents a substantial advancement compared to its predecessor, 5G. The beginning of
6G technology enables the seamless integration of enhanced features into the former 5G
technology infrastructure. Introducing intelligence in all network segments, including
the core network, access network, and user equipment or connected IoT objects, is
expected to enhance performance objectives. The services offered by 6G technology
encompass a range of advanced features such as holographic communications, artificial
intelligence, high-precision manufacturing, and novel applications utilising VLC.

Reliability performance measurement in real-time applications is quantified with
Bit Error Rate (BER), Packet Error Rate (PER), Frame Error Rate (FER), and Symbol
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Error Rate (SER). It is anticipated that 6G will surpass its predecessor, 5G, in terms of
performance. Notably, 5G is known to approach the reliability upper limit of 1×10−5. It
is anticipated that 6G technology will surpass this limitation [35].

In order to quantify the reliability of a communication system, different metrics are
used as measures of the accuracy or reliability of a communication system. Still, these
metrics operate at different layers of the communication system and capture various
aspects of errors. The metric selection to utilise, is contingent upon the particular
context and the network layer in the communication system. In the context of analogue
or digital signal processing, BER is usually used, PER is commonly used in wireless
communication and networking, and FER is specific to the data link layer, SER is often
used in digital modulation systems, where the information is stored into symbols, and
the symbols are modulated to send the information.

2.3.8 Coverage

The primary objective of 6G networks is to effectively tackle the pragmatic obstacles
encountered by traditional networks. The primary objective of 6G communication
system is to enhance the connection and expand network capabilities to accommodate
the growing demand for data-intensive applications. Universal coverage eliminating
zero coverage spots in distant and isolated places can be obtained by the enhancement
of network coverage [36]. To meet the needs for connectivity and achieve comprehensive
coverage, it is necessary to implement solutions that are both practicable and cost-
efficient.

To accomplish these objectives, the development of 6G networks is envisioned to
follow a decentralised approach, incorporating the integration of diverse networks,
including terrestrial, airborne (aerial), marine, and undersea communications, as well as
satellite systems. This facilitates the creation of effective communication access platforms
and offers globally encompassing networks with exceptional precision and reliability
[22]. The integration of heterogeneous networks is a crucial factor in enhancing network
capacity and coverage [37].

2.3.9 Energy Efficiency

EE is an essential metric in the planning and execution of advanced wireless net-
works 6G, and serves as a vital KPIs. With the advancement of technology, there is an
increasing focus on developing communication systems that are both sustainable and
energy-efficient. A key objective is to develop 6G networks that prioritise environmental
sustainability and optimise energy use [38]. Green communication strategies strive
to decrease the ecological footprint of network operations. This may entail utilis-
ing sustainable energy sources, energy-efficient equipment, and sophisticated power
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management tactics. To attain EE in the context of 6G, promoting the advancement
and implementation of devices with high EE is crucial. This can be accomplished by
improving the design of devices, using components that consume less power, and using
energy-efficient communication protocols. Low-power modes, energy harvesting, and
optimisation of device power usage are key factors in attaining this goal.

Moreover, it is necessary to optimise the design and operation of network infras-
tructure to minimise energy usage. This encompasses base stations, data centres, and
additional components of the network. One can utilise strategies such as dynamic
resource allocation, sleep modes for idle components, and network virtualisation to
minimise energy usage. Likewise, it is crucial to effectively distribute network resources
according to demand, traffic patterns, and user specifications [39]. Adapting resource
allocation in real-time ensures that the network’s capacity aligns with the current
demand, preventing wasteful energy usage during periods of low demand. Dynamic
resource allocation is facilitated by adaptive modulation and coding, dynamic spectrum
allocation, and load balancing.

Furthermore, it is imperative to create communication protocols specifically designed
to maximise EE. This encompasses procedures for identifying devices, establishing
connections, and transmitting data. Efficiently implementing Medium Access Control
(MAC) protocols, adaptive transmission methods, and low-overhead signalling protocols
are key factors in achieving optimal communication.

It is necessary to optimise signal processing techniques to minimise computing com-
plexity and energy usage [40, 41]. These activities, including Massive MIMO, improved
beamforming, and RIS, are particularly important for processing-intensive operations in
6G networks. Energy-efficient signal processing is achieved using advanced algorithms,
machine learning for efficient processing, and hardware acceleration approaches. Also,
investigating incorporating energy harvesting devices into 6G networks to harness elec-
tricity from the surrounding environment. This feature can be especially advantageous
for devices situated in remote or inaccessible areas. Devices and infrastructure can
incorporate solar cells, kinetic energy harvesting, and other renewable energy sources.

EE in 6G encompasses various key performance indicators, including the optimisation
of devices, network infrastructure, communication protocols, and resource management
systems. Significant EE helps save operational expenses and supports worldwide en-
deavours to establish sustainable and environmentally aware communication networks.
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2.4 6G Chosen Evolutionary Enabling Technologies and
Related Work

This section and the following one examine the emerging technologies as facilitators
of the use cases and associated KPIs of the 6G network, as outlined in Section 2.3. Several
of these technologies have been evaluated for use in 5G networks. However, they are not
now accessible for commercial use in 5G networks due to either technology constraints or
market limitations. Breakthroughs in 6G can occur across several layers, such as Physical
Layer (PHY), network architecture, communication protocols, and network intelligence.
This section focuses on the evolutionary technologies of 6G. Evolutionary solutions
in the context of 6G networks involve utilising already established or implemented
technology, such as MIMO. On the other hand, revolutionary solutions strive to use new
and innovative technologies, such as THz communications, to cater to the needs of 6G.
The revolutionary technologies will substantially change various cellular network layers,
such as the PHY layer, compared to the 5G networks. It should be noted that numerous
parts of the ground-breaking technologies are still in the stage of scientific inquiry.

The progression of cellular networks from 1G to 6G is an ongoing process [42]; there
are now five distinct generations of mobile communication systems, each of which
adheres to a separate standard and comes equipped with a unique set of strategies and
capabilities. It is important to note that a new generation of mobile communications
networks has been developed approximately once every ten years.

The criteria for 6G can be met by utilising new, more advanced, and more intelli-
gent communication methods. For instance, RIS, extra-large MIMO, novel spectrum,
holographic radio communications, full-duplex wireless communications, multiple
access, and modulation are crucial for maximising the data rates. In addition, meth-
ods such as energy harvesting and communication via backscatter are beneficial and
necessary for improving EE. Ways that effectively increase connection and provide full
coverage include cell-free massive MIMO systems and the combination of terrestrial and
non-terrestrial communications. Quantum communication and blockchain technology
are two powerful strategies that can strengthen communication security, secrecy, and
privacy. Techniques such as holographic teleportation (also known as telepresence), as
well as edge computing, can be of great assistance in the pursuit of URLLC communica-
tion. Moreover, AI and ML are crucial tools for developing intelligence into wireless
generations.

The goal of 6G is to create an integration of many wireless networks that is transparent
to the user. This involves the integration of wireless networks that are both terrestrial
and non-terrestrial, such as those that are airborne, underwater, and those that utilise
satellite communications systems [24]. The seamless integration of networks enables
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a usable communication platform and provides high-speed broadband connectivity
with complete coverage. Tactile Internet, holographic teleportation, Internet of Smart
Things (IoST), which includes smart cities, smart radio environments, smart healthcare,
smart grid, smart transportation, smart factories, smart farming, and smart homes, and
multi-sensory Extended Reality (XR), which includes AR, Mixed Reality (MR), and VR,
are some examples of delay-sensitive applications that are anticipated to be supported
by 6G wireless communications networks more than previous wireless generations [43].

Research in 6G communication is a dynamic and multifaceted topic that involves a
wide spectrum of technological improvements and novel ideas. It is also a field that is
now experiencing rapid growth. The research into 6G, the successor to 5G, is motivated
by the ambition of offering connections and capabilities that have never been seen before,
thereby determining the future of wireless communication. The development of 6G
technologies presents a wide variety of benefits as well as obstacles, which has resulted
in the emergence of several important research fields.

A significant focus of current research is on developing methods to achieve extremely
high data rates. To allow data rates of one terabit per second and uncover potentially
game-changing possibilities for high-bandwidth applications and services, researchers
are investigating new modulation algorithms, sophisticated antenna technology, and
effective spectrum utilisation.

Another essential area of concentration is URLLC [44]. It is important for applications
such as driver less vehicles, industrial automation, and real-time mission-critical services
that 6G can deliver near-instantaneous communication with minimal latency. This is
the goal of 6G. There is still a great amount of difficulty in ensuring high reliability in
dynamic and diverse contexts.

The exponential increase in the number of connected devices in the IoT is something
that the idea of mMTC seeks to address. Researchers are looking at scalable and efficient
network architectures to support many simultaneous connections. They emphasise the
role that 6G will play in realising the potential of industrial IoT and smart cities.

There has been a recent increase in interest in integrated satellite communication
because 6G intends to combine terrestrial and satellite networks without any noticeable
break in service. This line of study intends to give worldwide coverage, improve
connectivity in remote places, and enable continuous communication in various settings.
When it comes to improving the performance of 6G networks, AI and ML play a vital
role [45]. Researchers are investigating AI-driven potential solutions for intelligent
resource allocation, network management, and predictive maintenance. AI technology
integration is necessary to adapt to complex and ever-changing network conditions
successfully. The development of communication at THz frequencies is a new horizon
for 6G research. THz frequencies are required to accomplish exceptionally high-speed
communication and enable applications such as extremely rapid wireless networks
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and high-resolution imaging. This is accomplished by leveraging these frequencies,
a primary focus is finding solutions to the technological issues associated with THz
propagation and device development [46].

Although higher carrier frequencies offer a wider bandwidth, the total sequential
accessible bandwidth for mmWave systems is still limited to less than 10 GHz, which
makes achieving Tbps data rates challenging [47]. THz band communication can
provide ultra-high-speed data rates of up to 1 Tbps and support bandwidth-intensive
applications. This makes it a promising enabler for 6G technology [36]. The THz band
spans from 0.3 THz to 10 THz [48] and is situated between the mmWave and Infrared
(IR) bands. It exhibits certain characteristics that are common to both of these bands.
The THz band, called sub-millimeter radiation, encompasses wavelengths starting at
1 mm and extending to shorter wavelengths [49]. The frequency range of 275 GHz to
300 GHz is classified as the mmWave band, while the range from 300 GHz to 3 THz
falls within the far IR spectrum band [39]. The (300 GHz - 3 THz) band, although in
the optical spectrum, shares similarities with the Radio Frequency (RF) band regarding
its electrical characteristics. This behaviour can be attributed to THz radiation occupy-
ing the region between the RF and optical frequency bands, as depicted in Figure 2.3 [50].

Figure 2.3: The electromagnetic spectrum and its diverse applications based on frequency[25]

The absence of feasible and small-scale methods for generating and detecting THz
signals has impeded the feasibility of utilising THz band communication for a significant
duration [51]. The inefficiency of semiconductor devices in converting electrical energy
into electromagnetic energy at THz frequencies has been a longstanding barrier for THz
communication [52]. Nevertheless, during the past 10 years, the disparity in THz tech-
nology has been considerably diminished as a result of major progress in semiconductor
technologies and the introduction of novel materials that present increased possibilities
for THz band communication [53].
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Standardisation efforts for THz wireless communications started back in 2008 when
the IEEE established an Interest Group on THz communications (IGTHz) under the
IEEE 802.15 standard [54]. After that, in 2014, the foundation for the IEEE Task Group
on 100G Wireless (TG100G, IEEE 802.15.3d) was founded. As a result, in 2017, IEEE
Std. 802.15.3d was issued as the first wireless communication standard in the 300 GHz
band to support 100 Gbps and above wireless point-to-point links. The development
of IEEE Std. 802.15.3d- 2017 has been based on the 2016 version of the International
Telecommunication Union (ITU) radio regulations which include an allocation of the
bands from (252 - 275) GHz for the use by land mobile and fixed service on a co-primary
basis [55–57].

The 6G network is expected to function over a broad spectrum of frequency bands,
with each band providing a distinct purpose to fulfil various communication require-
ments. While there is considerable discussion over the utilisation of THz frequency
bands for 6G, it is important to note that this will merely constitute a portion of the
overall solution. 6G will function across many frequency spectrums, but the main
expected band is the high-frequency bands as seen in Figure 2.4.

Figure 2.4: The spectrum of frequency bands available for 6G wireless communications[48]

Above 100 GHz (High-Frequency Bands), pushing the boundaries of the spectrum,
high-frequency bands hold the promise of ultra-fast data speeds and extremely low
latency. This range includes the W-band (above 75 to 110 GHz), D-band (110 to 175
GHz), bands between 275 and 300 GHz, and the THz range (0.3 to 10 THz). The W
and D bands are interesting for 6G access. However, they come with challenges, such
as shorter range and susceptibility to signal attenuation. These bands are critical for
applications that demand instantaneous communication, such as autonomous vehicles
and mission-critical systems.
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2.4.1 Channel Coding

The 6G network is anticipated to establish a comprehensive and uninterrupted
network infrastructure throughout all regions. It will operate at a data throughput of
100 Gbps, utilising a higher frequency band in the THz range, surpassing the 275 GHz
band. Additionally, the channel bandwidth will be in the GHz range. The circumstances
present novel obstacles for fundamental channel coding and multiple access techniques.
The objective of channel coding is to mitigate transmission mistakes, hence ensuring a
high level of reliability. Nevertheless, it is one of the most intricate baseband processing
components. Due to their exceptional performance characteristics, modern channel
coding methods, such as Turbo, Low Density Parity Code (LDPC), and Polar codes,
are widely adopted in various communication protocols, including 2G, 3G, 4G, and 5G
[58]. As an example, the 5G uses polar codes and can provide user experience with
maximum throughput of 20 Gbps and exhibiting a high level of reliability of 1 × 10−5.
The upcoming 6G KPIs and use cases necessitate the development of new code designs
to meet the higher reliability and throughput. This entails researching advanced channel
coding approaching the Shannon limit [59]. The objective is to achieve exceptionally high
throughput, reliability, power efficiency, and low encoding/decoding latency. Examples
of these requirements include the development of a Tbps throughput channel coding
and decoding techniques that eliminate shaping loss [60].

ElJabri and Moussaoui in their study [61], present an EE model for channel coding
in the THz band. Additionally, they explored channel modelling techniques utilising
capacity and EE as evaluation metrics. The authors present a channel coding strategy
known as Low Weight Coding (LWC) and Minimum Energy Code (MEC) to enhance
the EE of THz communication networks. The approaches suggested in the research aim
to enhance THz communications, including data rate, channel capacity, EE, spectral
energy, and the complexity of nanodevice design. The study examines the significant
obstacles posed by range limitation, molecular absorption, and attenuation in terahertz
transmission, which are crucial considerations for the advancement of nanoelectronics
in the future. However, the scalability or applicability of the offered methodologies in
real-world scenarios or realistic implementations needs to be applied [62].

The authors in [63] present two Joint Source Channel Coding (JSCC) schemes, namely
the double LDPC and double polar codes. They introduce a Joint Source-Channel
Decoding (JSCD) algorithm for double polar DPolar codes, specifically the Turbo Turbo
Like Belief Propagation (TLBP) decoder, to be applied to 6G networks. The TLBP decoder
is constructed by leveraging the Belief Propagation (BP) decoders used in polar codes.
However, the computational complexity, resource requirements, channel variations,
latency, EE, and system performance of the proposed JSCC schemes are not considered.
Additional investigation can be undertaken to examine, enhance the efficacy, and tackling
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various challenges to meet the requirements of forthcoming wireless communication
systems 6G. The exploration of incorporating JSCC with other cutting-edge technologies,
such as ML and AI, may be examined to enhance the effectiveness and productivity of
6G communications.

The authors in [64] examined and analysed various candidate decoding techniques
for URLLC in relation to their error-rate performance and computational complexity.
This study examines the utilisation of Ordered Statistics Decoding (OSD), Guessing
Random Additive Noise Decoding (GRAND), Successive Cancellation List (SCL), and
their respective modifications as the primary candidate decoding strategies for URLLC
in 6G. The authors provide evidence to support the efficiency of universal decoders
such as OSD and GRAND in achieving near ML decoding for both structured Bose,
Chaudhuri, and Hocquenghem (BCH) codes and unstructured random codes while
maintaining a comparable level of complexity. The SCL based sequential decoder has
been identified as optimal for the trade-off between performance and complexity. The
enhanced OSD decoder has the potential to be utilised in conjunction with binary linear
short codes such as 128 Cyclic Redundancy Check (CRC) polars to attain error correction
capability that is nearly optimal for URLLC. However, additional enhancements in
terms of complexity are still required. Also, Sequential Decoding (SQ) demonstrates an
exceptional trade-off for decoding short block codes.

The authors in [65] propose a JSCC scheme that utilises Quasi Cyclic LDPC (QCLDPC)
codes. This scheme is designed to achieve performance close to the capacity limit while
ensuring low complexity. In their research, they address the viability of employing a
semantic encoder/decoder that understands Unequal Error Protection (UEP), thereby
improving the safeguarding of semantic data within the JSCC system. The effectiveness
of the proposed system is assessed by conducting BER measurements, which provide a
fair evaluation of its performance regarding 6G communication and the framework of
future communication. However, the potential influence of channel conditions, noise
levels, scalability, and adaptability on the efficacy of the JSCC system needs further
analysis of various communication scenarios and network configurations.

The authors in [66] provide the idea of space-time exchanging theory, which proposes
that channel coding can be conducted in the spatial domain, yielding an equivalent
coding rate to that achieved in the time domain. Consequently, this approach signifi-
cantly reduces latency, rendering it a feasible strategy for the design of 6G URLLC. This
aligns with the objectives outlined by the third-generation partnership project (3GPP) to
minimise latency and guarantee low packet error rates. However, the authors have yet
to consider the practical considerations or challenges that may arise when implementing
the theoretical notions presented in their research to real-world 6G URLLC systems
[67]. Additional studies are required to examine the constraints and practicality of
incorporating channel coding with finite block length in the domain of 6G URLLC.
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In their study, Zhu and We, [68] investigated the encoding and decoding techniques
employed in 6G with Convolutional Code LDPC (CC-LDPC), block code LDPC (BC-
LDPC), and polar code. The authors compared these approaches in terms of their error
performance, decoding complexity, and latency. The research findings indicate that
CC-LDPC demonstrates notable benefits in terms of high reliability, low complexity,
and low latency when compared to BC-LDPC and polar code. Despite the promising
potential of CC-LDPC, numerous unresolved issues warrant additional investigation. A
main issue that arises is the suboptimal performance of the existing CC-LDPC codes
when employed for code lengths that are relatively short to moderate. It is postulated
that CC-LDPC codes exhibit more sensitivity to the minimum distance when compared
to BC-LDPC codes. It is necessary to suggest a specialised building approach to optimise
the minimal space of coding structured base matrices for code lengths that are short to
moderate. Alternatively, one may consider modifying the coupling structure to mitigate
sensitivity.

In their study, Agarwal and Mehta [69] integrated polar coding with convolution
coding in the context of MIMO systems, employing OFDM as a multiple access technique.
While their results demonstrated improved BER performance compared to other coding
schemes such as CC, Reed Solomon (RS) with CC, CC-LDPC, and turbo CC, they did
not address the issues of throughput and latency in the context of future communication
generations, specifically in the transition from OFDM to Non Orthogonal Multiple
Access (NOMA).

In their study, authors in [70] conducted a comparison between concatenated polar
codes and outer BCH codes, as well as concatenated LDPC codes and concatenated
Turbo codes. The researchers applied random and blind interleaving schemes to assess
the BER performance of the concatenated codes. The results indicated that the concate-
nated codes using blind interleaving outperformed those using random interleaving.
Additionally, the concatenation of polar codes with BCH codes demonstrated superior
performance. Nevertheless, a drawback of the used approach is the escalating decoding
complexity with larger packet sizes. However, to overcome that the decrease in the
decoding speed of their coding approach while raising the CRC length and keeping the
packet size constant, might be attributed to the reduction in code rate.

In [71] the authors introduced a hash-polar concatenated code as an alternative to the
concatenation of CRC polar codes. Their proposed code performs comparably to CRC
polar codes while outperforming parity check polar codes regarding FER. Moreover, the
proposed channel coding scheme considers the requirements beyond 5G communication
and potential future advancements in communication technology.

Li and He [72] introduced a novel coding and decoding approach for CRC concate-
nated polar codes in their work. This technique aims to maintain the proper paths
while promptly eliminating mistakes. Consequently, it enhances the block error rate
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performance without significantly escalating the complexity. The results obtained
from the simulation demonstrate that the suggested system is capable of considerably
improving the performance of the block error rate. Furthermore, it is seen that the
system has a more pronounced impact on code lengths that are shorter or medium
length compared to the currently available schemes.

As CRC polar concatenated codes are promising approach for the new wireless
generation 6G an improvement for the decoding process is presented by the authors in
[73]. The proposed CRC polar belief propagation decoding algorithm uses concatenated
factor graphs of polar codes and CRC to transfer extrinsic information between the two-
factor graphs. The proposed decoding algorithm significantly improves error correction
performance compared to a conventional belief propagation decoder. The decoding
method also assigns trainable weights to the edges of the CRC polar concatenated factor
graph. This improves the decoding algorithm’s error probability by giving the graph’s
edges trainable weights. The suggested proposal shows a small advancement in terms
of reliability with no latency overhead.

The authors in [74], introduces a spatiotemporal 2-D channel coding technique for
achieving highly reliable MIMO transmission with minimal latency. Computational
models have proven the superiority of this approach in terms of performance, latency,
and flexibility compared to existing methods. The proposed coding system exhibits excel-
lent adaptability and holds great potential for a wide range of applications. Subsequent
efforts will be focused on hardware implementations and systematic applications.

2.4.2 Non Orthogonal Multiple Access Technique

Regardless of the complexity and depth of communication technology, its fundamen-
tal purpose remains the transmission of symbols one-to-one manner. The determination
of sign information often relies on the pulse level of the rectangular, square wave that
corresponds to the Sinc function [75]. To ensure efficient transmission of symbols within
the atmosphere, wireless signals must possess the ability to withstand interference
caused by signal noise. Additionally, they should be capable of transmitting data at high
speeds, even in situations characterised by fading channels and multipath propagation.
OFDM has extensive cellular mobile communications and WiFi technology applications.
The Cyclic Prefix OFDM (CP-OFDM) waveform has been widely implemented in sev-
eral communication systems, such as, Wi-Fi, 4G, and 5G. To preserve orthogonality,
CP-OFDM necessitates the implementation of stringent synchronisation measures [76].

Nevertheless, the utilisation of OFDM in mobile communication fails to overcome
several constraints imposed by the new wireless generation. The square wave employed
in OFDM has significant side lobes and is highly susceptible to carrier frequency drift.
Additionally, mitigating the baseband waveform’s peak-to-average ratio is challenging,



CHAPTER 2. LITERATURE REVIEW 29

the synchronisation between a discontinuous spectrum and a carrier is not considered
suitable. In which the adaptability of OFDM technology to the forthcoming generation
of mobile communications is highly challenging [77].

The utilisation of non-orthogonal wireless communication technology has proven to
be a highly efficient, effective approach for achieving optimal spectrum efficiency and
favourable time-frequency domain features in mobile communication. An illustration of
this may be seen in using Filter Bank based Multi Carrier (FBMC) and NOMA technolo-
gies within the context of 5G/6G [78]. These technologies effectively integrate various
non-orthogonal transmissions and data across sub-carriers. Moreover, implementing
a filtering mechanism for user data has the potential to address numerous challenges
arising from the current orthogonal technology successfully. Using Rate Splitting
Multiple Access (RSMA) [79] technique can lead to increas achievable rates and offer
mechanisms for access without the need for explicit grants.

NOMA, is anticipated to emerge as the predominant access technique for the forth-
coming 6G mobile communication systems as it allows for the sharing of a single resource
among several different subscribers [80]. Integrating polarisation coding technology
into NOMA and optimising the channel polarisation decomposition scheme based
on generalised polarisation principles are crucial in advancing 5G/6G development.
Implementing the 6G network will facilitate developing and refining the polarisation
multiple access system’s architecture and optimisation.

To build and optimise the polarisation coding communication mechanism, it is
necessary to enhance the overall architecture and essential technologies of NOMA,
which is based on the idea of multiuser communication. NOMA offers concurrent
services for numerous users, simultaneously operating on several frequencies, codes,
and spatial domains. At the recipient’s side, technologies such as Successive Interfer-
ence Cancellation (SIC) or Multiuser Detection (MUD) have the capability to eliminate
interference, decode user signals, enhance network capacity, minimise communication
delays, and augment the number of connections. The technology known as NOMA
encompasses two primary domains: power domain NOMA and code domain NOMA
[81] (a complete description is provided in Section 3.3).

While the fundamental NOMA design may provide satisfactory performance for
many applications, modifying the basic NOMA structure might offer several extra
capabilities, especially concerning interference cancellation. Several proposed revisions
to NOMA specifically target signal design. In these techniques, the data symbols of the
users are altered before superposition to improve the interference cancellation process.
Such modifications include coordinate interleaving, phase rotation, asynchronous su-
perposition, and waveform domain NOMA. Various other alterations have primarily
concentrated on the practical elements of NOMA. For instance, in reference [82], dynamic
NOMA is introduced, wherein the power is adjusted based on the sent data. Additional
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enhancements were suggested in [83], in which they encompassed the refinement of
the user pairing procedure, the implementation of opportunistic techniques, and the
integration of cognitive NOMA.

A novel NOMA configuration, partial NOMA, was introduced in [84]. In this
configuration, the spectrum overlap can be reduced to a portion of the full spectrum.
The results demonstrate that partial NOMA can significantly enhance the sum rate
compared to the scenario when there is complete overlap. Another study proposed a
two-user paradigm for NOMA [85]. The researchers conducted link- and system-level
simulations to evaluate the performance of the NOMA downlink system. The findings
demonstrate that NOMA outperforms Orthogonal Multiple Access (OMA) in terms of
both the overall system throughput and the individual user throughput.

To assess the impact of user pairing in the two-user model of the NOMA system,
the authors utilised statistically allocated transmit powers among NOMA users [86].
Furthermore, the authors suggested both predetermined and spontaneous user pairing
methods. The authors in [87] examine the impact of power allocation on fairness. The
fairness index should approach a value of 1 to guarantee an equitable distribution of
system resources. The authors proposed a power allocation strategy to uphold the
fairness index. The authors in [88] employed the notion of user pairing to establish
a cooperative NOMA system. This involved matching users with strong and weak
channel conditions while considering imperfect Channel State Information (CSI) and
perfect CSI feedback. In their publication [89], the authors introduced NOMA aided
precoded spatial modulation NOMA-Precoded Spatial Modulation (PSM), a technique
that integrates NOMA with MIMO technology. The researchers in [90] examined the
static powers of multiple users and identified that a user may experience an outage if
the necessary data rate is not properly selected. In this study, the authors introduced an
adaptive power regulation technique for the uplink Power Domain NOMA (PD-NOMA)
system, which lets users dynamically modify their transmit power level to improve
their throughput or payoffs. The receiver utilises SIC for signal detection. In 2018, the
3rd Generation Partnership Project (3GPP) recognised NOMA as a research icon and
issued instructions to assist NOMA, comparing it to OMA [91] taking into account the
importance of bit level calculations in the evolving 6G considering new channel coding
and modulation approaches.

The authors in [92], introduced a way to enhance noise reduction in polar channel
coding used in 5G by implementing a straightforward adjustment utilising polar codes.
This alteration involves sorting the reliability of OFDM subcarriers in the physical
channel. The suggested method of adapting signals with polar codes to the channel
state exhibits superior efficiency compared to traditional solutions. It does not increase
the computing complexity of signal processing and decoding. The utilisation of the
adaption approach greatly decreases the BER, resulting in channel gain between 3dB and



CHAPTER 2. LITERATURE REVIEW 31

5dB. However, it introduces modulation and packet size limitations without considering
the increasing number of users that 6G planned to support. The proposed methodology
in [93] is a NOMA communication paradigm that aims to achieve highly efficient, reli-
able, and secure multi-user communications by utilising overlaid auxiliary signals and
precoded matrices approach. This approach enables higher data rates with lower power
ratios. In [94] the authors introduced the NOMA-LDPC model, showcasing improved
throughput and reduced BER compared to the NOMA-turbo system across various
Signal to Noise Ratio (SNR) ranges. The NOMA-LDPC system has a slightly better
throughput of 0.39 Mbps than the turbo system. Their solution accommodates a larger
user base, around 20-50 more than the conventional system, without compromising
performance. However, while utilising LDPC in conjunction with NOMA may be a
more optimal solution for 6G applications, it has limited potential without considering
other crucial KPIs for the emerging wireless generation.

Sarieddeen and his co-authors [95] suggested spatial tuning strategies to improve
channel conditions in THz-NOMA for multiuser systems. They introduced a set of data
detectors based on non-linear MIMO detectors named QR decomposition (QRD) and
WR decomposition (WRD) in which these detectors depend on low-complexity channel
matrix puncturing to retrieve overlapped data at the receiver side. These detectors
dynamically create more complex detectors by combining simpler component detectors.
Multiuser NOMA involves the grouping of randomly distributed users into small cell
sectors. These users are then assigned varying power levels based on the distance
between the user and the BS. While the employed technique effectively decreases the BER
at high SNR levels in typical THz settings, the applicability of these results to diverse
THz environments or real-life situations remains uncertain. Moreover, considering
various KPIs is crucial in 6G, as achieving a higher data rate is a significant KPIs.

In the last few years, a family of non-linear subset-stream MIMO detectors based
on QR decomposition (QRD) has been proposed. The least-complex member of this
family is the nulling-and-cancelation (NC) detector, and after that the chase detector
(CD) and the layered orthogonal lattice detector (LORD), were introduced respectively.
Furthermore, a less complex alternative of subspace detectors decomposes the channel
using a punctured QRD, namely, WR decomposition (WRD). These detectors provide a
range of performance and complexity trade-offs suitable for THz-NOMA scenarios.

Different research directions for 6G NOMA with channel coding were presented
by the authors in [96], the authors suggest utilising Grant Free Access with NOMA
(GFNOMA) transmission techniques to achieve 6G IoT connection. The authors intro-
duced a complex framework for energy-efficient communications in GFNOMA, which
tackles the problem of resource allocation and allows for compatibility with other
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methods. The team utilised BCH and Reed-Muller codes throughout their research,
demonstrating improved data reliability. However, they should have considered the
anticipated increase in the number of users accommodated in 6G networks. This
emphasises the necessity for self-adaptive coding techniques at the PHY to enhance
reliability and performance in GFNOMA systems. This can result in enhanced perfor-
mance and optimised network administration for facilitating extensive connectivity in
6G IoT frameworks. The authors of [97], showed that employing coded NOMA with
LDPC code can enhance the BER performance by up to 3dB channel gain compared to
uncoded NOMA. Although their findings are not directly applicable to the new wireless
generation, they indicate the potential of coded NOMA to offer increased data reliability
and throughput, leading to reduced energy and time consumption. The authors of
[98] suggest a new linear receiver that utilises the limitations of the Forward Error
Correcting (FEC) codes to reduce the error propagation caused by imperfect CSI at the
receiver. The channel frequency response is estimated by interpolating the responses of
the pilot subcarriers. The innovative receiver can be used for symbol and codeword level
SIC. The system is specifically developed to support a MIMO two user uplink NOMA
scheme. It operates based on the lowest output energy requirement and can handle
modest channel estimate errors. The consideration is focused on transmitting diversity
and capacity-achieving LDPC codes. An iterative receiver enhances performance by
recovering the Reed-Solomon coded data concatenated in series with an LDPC code.

The authors of reference [99] suggest utilising probabilistic shaping in conjunction
with Quadrature Amplitude Modulation (QAM) for multiple NOMA users in Rayleigh
fading channels to enhance the SER. Probabilistic shaping is a technique that assigns
varied probability to constellation points, ensuring they are equidistantly spaced. Using
a constant composition distribution matcher approach, the source can output infor-
mation symbols with non-uniform probabilities. To maximise the ergodic restricted
capacity, a multi-step optimisation process is carried out to determine each user’s ideal
probability mass function. The optimisation order follows the inverse of the SIC order.
The receiver employs a Maximum Posteriori (MAP) based codeword level SIC technique,
where the large-scale path loss determines the cancellation order. In contrast to symbol
level SIC, codeword level SIC can effectively eliminate inter-user interference induced
by previously decoded signals. This is achieved by employing robust FEC codes and a
sophisticated soft channel decoder. Meanwhile, the remaining inter-user interference is
presumed to follow a Gaussian distribution. To assess the dependability of the suggested
approach, precise closed-form formulas for the average probability of error performance
are constructed. In addition, a design example integrates the proposed system with the
practical LDPC codes to analyse and assess the SER and BER performance.

The authors of [100] suggest a Transmission Control Mechanism (TCM) for two-user
downlink NOMA, where the symbols of each user are individually modulated and
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combined in the power domain. The detection is carried out simultaneously using the
Viterbi method, using the TCMNOMA as a conventional TCM with a trellis structure
produced by the tensor product. Choosing suitable power coefficients can guarantee
optimal decoding performance. The power coefficients that maximise the tensor product
trellis’ free distance are determined to get better performance at high SNR. The authors
of [101] suggest utilising polar codes for the two-user binary Gaussian multiple access
channel. This approach creates two blocks of polar codes for each user, with different
power levels. Optimal performance is achieved concurrently by optimising code creation
and power and rate allocation. A proposal is made to ensure fairness by implementing
a system of alternating power allocation between the two blocks. A hard-decision
SIC technique is proposed at the receiver side, which utilises adaptive list size for
cancellation. Block Error Rate (BLER) equations for the upper limit are obtained for the
regime of finite block length, assuming Binary Phase Shift Keying (BPSK) modulation.

The researchers in [102] developed a detector for two-user downlink NOMA that
does not require SIC. The detector employs turbo codes. The suggested detector utilises
log-likelihood ratios (LLRs) to analyse each bit of the NOMA symbol. The LLRs are
calculated analytically, considering Quadratic Phase Shift Keying (QPSK) modulation
for both users. The symbol level and codeword level SIC detectors serve as the standard
against which other detectors are measured. The authors of reference [103] provide
a simplified and organised coding technique for a two-user downlink NOMA system
using BPSK. The coding technique utilises repetition coding and parity check. In this
scheme, the symbol of the far user is repeated twice, while the 0 and 1 bits of the near
user are mapped to [0,1] and [1,0] correspondingly. This system takes advantage of
constructive interference to benefit the user who is far away while also getting rid of the
interference caused by the nearby user.

Integrating NOMA with other benchmark technologies holds promising future use
for 6G wireless generation. The authors of [104] allocate QPSK and BPSK to the near-
and far-users, respectively. The end-to-end channel’s Probability Density Function
(PDF), which encompasses the BS-RIS and RIS user links, is obtained by applying the
central limit theorem to approximate the sum of independent double Rayleigh random
variables. Nevertheless, this estimation is reliable when considering a substantial
quantity of metasurface components. Reference [105] tested the same performance for
Nakagami-fading channels. Bariah et al. [106] provide precise estimations for the BER
of both a single metasurface element and many metasurface elements (more than 10).
They construct the end-to-end channel’s PDF, which is based on Rayleigh fading and
includes the BSRIS and RIS user connections.

The researchers [107] investigated a multiuser system that uses RIS with NOMA for
the downlink transmission. The suggested method, quadrature NOMA, optimises the
diversity order by having the BS multiplex the odd users using the in-phase component.
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In contrast, the even users are multiplexed using the quadrature-phase components.
The researchers in [108] investigate using RIS-NOMA for indoor applications, the results
indicate that increasing the number of reflectors in RIS will improve the overall user
experience and QoS in terms of BER, SER, BLER. An analysis of the BER performance
of a network using Simultaneously Transmitting and Reflection RIS (STAR-RIS) in a
NOMA system has been conducted in reference [109]. A mode-switching protocol
enables the communication between a BS and numerous NOMA users situated on both
sides, and their research indicates that the farthest user is more sensitive to changes
in the power allocation over the change of numbers of RIS elements with overall BER
enhancement. Rito and Li [110] utilise alignment approaches for RIS based downlink
NOMA systems. The suggested interference cancellation technique improves the signal
quality for one user while maintaining the channel quality for the other user. In contrast,
the proposed interference alignment technique enables the occurrence of constructive
interference in the channel.

2.4.3 Reconfigurable Intelligent Surface Signal Utulisation

The radio building technology massive MIMO (mMIMO) has been established and
extensively investigated within 5G wireless communication systems. The notion of
mMIMO and ultra mMIMO (um-MIMO) has emerged primarily for higher frequencies
[111]. This is because the shorter wavelength allows more antennas to be densely
packed within a limited area. Additionally, mMIMO technology can be used at both
the BS and User Equipment (UE) levels, resulting in what is known as mMIMO double.
An additional method for enhancing wireless communication involves modifying
the propagation properties of wireless channels [112]. The existing strategy, which
prioritises cells and networks, can be transformed into a user centric approach. In
this approach, the cluster responsible for supporting a certain UE in which it can be
dynamically chosen by selecting a subset of Access Point (AP) nearby. Integrating
distributed mMIMO activities results in a concept known as cell-free mMIMO. This
idea enables the collaborative operation of AP in serving UE without any limitations
imposed by cellular boundaries. It allows for coherent transmission and reception,
providing nearly consistent services throughout the network. To effectively implement
distributed MIMO systems, it is imperative to tackle the challenges associated with beam
management, viable methodologies for non-coherent operation in higher frequency
bands, and the utilisation of full digital beamsteering techniques [113]. The deployment
of several antennas over a substantial area, such as the exterior of a building, gives rise
to the notion of extremely large mMIMO. However, numerous obstacles persist in this
field, including the need to develop accurate channel models, establish effective methods
for feeding and controlling each antenna element, implement real-time estimation and
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feedback for a significant number of channel elements, ensure synchronisation, devise
scheduling strategies for a large number of terminals, explore various architecture and
functional split options, integrate access, backhaul, and fronthaul in mesh configurations
[114].

5G enables the provision of services such as Enhanced Mobile Broadband (eMBB),
mMTC, URLLC, and their respective KPIs. Nevertheless, 6G networks are anticipated
to handle more demanding applications, such as holographic telepresence, and fulfil
significantly stricter criteria, including Terabits per second (Tbps) data throughput,
sub-ms latency to the networking layer, exceptionally high reliability with a packet
error rate as low as 10−8, increased device density, extreme energy efficiency/ultra-low
energy consumption, very high security, and cm-level accuracy localization. Utilising
more of the electromagnetic spectrum in the THz, subTHz, infrared, and visible light
bands could effectively address some of these difficulties. In addition, the millimetre
and centimetre spectrum now being used for 5G and other legacy systems need to
be re-farmed and exploited efficiently, and concerns of co-existence between mobile
and non-mobile systems must be properly addressed. It will be necessary to examine
waveform and modulation, radio channel characterisation, beamforming, and the
practicality of hardware together to design economically feasible 6GTHz communication
systems [115].

To fulfil the demanding specifications of the 6G standard, the radio building blocks
(waveform, modulation and coding, NOMA, full-duplex, and mMIMO need to undergo
more research and development). It is necessary to conduct research on a variety of topics,
including, but not limited to, RIS integrated location, sensing, and communications (for
purposes such as enabling broad use of robotics in industrial applications), random
access for enormous connections, wireless edge caching, and other similar topics. In
regards to spectrum reutilisation, 5G commonly employs "low-bands" (bands with a
frequency below 2 GHz) and "mid-bands" (bands with a frequency between 2-8 GHz) for
eMBB, mMTC, URLLC. "High-bands" (bands with a frequency above 24 GHz Milimeter
Wave (mmWave)) are utilised foreMBB and URLLC applications in specific high-density
urban areas where the limited coverage range is less of a concern. One of the most
important elements that influence the system’s capacity is the amount of frequency
spectrum that has been allocated and is available for each wireless generation [116].

When considering the comparison between mmWave communication and low- and
mid-bands, it is evident that mmWave offers a significantly larger accessible bandwidth.
This attribute has great value in the context of 6G technology. The utilisation of
mmWave frequencies, specifically those below 50 GHz, has been under consideration
for implementing 5G technology. Further, mmWave bands, such as those over 100
GHz, would be required to develop 6G networks. mmWave technology offers a viable
alternative for establishing backhaul, fronthaul, and access networks [117]. Due to its
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ability to facilitate high data transmission rates, mmWave technology finds practical
application in various domains, such as autonomous driving and smart factories.
Additional obstacles must be addressed in meeting the needs of 6G networks. These
include the development of effective designs for transmitting and receiving beamforming,
as well as the implementation of modulation coding schemes that are characterised by
low power consumption, affordability, and high data transfer rates. Lower frequency
bands are highly valued and governed by strict rules. To meet the high bandwidth
requirements of impending 6G systems, it is essential to effectively reutilise the existing
low-, mid-, and high-band spectrum resources (for example, by simultaneously utilising
licenced and unlicensed airwaves, utilising solutions such as cognitive radio-based
technologies) [118], only then will it be possible to satisfy these requirements. To fulfil
these challenges, there is a need to enhance wireless communication by the deployment
of passive reflecting devices, such as metamaterials and very large-scale antennas.
Multi-antenna technology, particularly the use of very large-scale antennas, is crucial for
enhancing the spectrum efficiency of wireless mobile communication systems. A high-
gain antenna is a vital tool for improving the spectral efficiency of the communication
system. Very Large-Scale Antenna (VLSA), also known as Large Intelligent Surfaces
(LIS) or Intelligent Reflecting Surfaces (IRS) or RIS, is indeed one of the emerging
technologies that researchers are exploring as a potential enabling technology for 6G.
These large surfaces consist of numerous low-cost and low-power reflecting elements
that can intelligently adjust the phase and amplitude of incoming signals to enhance
wireless communication. RIS is a form of metamaterials, (full description is provided in
Chapter 5) in which it can improve wireless communication through enhanced coverage
and connectivity. Strategic deployment of RIS can enhance wireless communication
and meet different 6G KPIs in demanding settings, such as densely built urban areas or
isolated locales through different areas:

(a) Coverage: Through the strategic configuration of the parts of the RIS, it is feasible
to manipulate the direction, phase, and amplitude of the signals, enabling the
customisation of the wireless communication environment. This feature can be
utilised to overcome barriers, reduce interference, and improve signal intensity
orientations. RIS can improve coverage by employing signal focusing. This means
that RIS may concentrate signals in specific directions, directing coverage to the
areas that want it the most. This can facilitate the expansion of wireless networks.
RIS can aid in surmounting impediments such as buildings or other barriers that
may obstruct or attenuate wireless signals. By manipulating signals using the RIS’s
reflective parts, it becomes feasible to reroute and enhance the signal to bypass
obstacles. Interference mitigation can be achieved by utilising RIS to manipulate
the phase and amplitude of the signal. This can be especially advantageous in
densely populated urban areas where many signals may potentially disrupt one
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another. RIS can adjust and modify its operations in response to fluctuations in
environmental circumstances and user demands, hence optimising the extent of
coverage according to real-time necessities.

(b) Energy & Spectral Efficiency: RIS can enhance energy efficiency by minimising
power usage in communication equipment by optimising signal routes. Spectral
efficiency can be improved by using RIS, as it helps reduce interference and
optimise signal quality. This can result in a more optimal utilisation of the
available frequency spectrum.

(c) Customisation and Adaptability: RIS have the capability to adapt dynamically in
response to changes in network conditions. This flexibility allows for improved
customization of the communication environment, supporting the specific needs
of users and applications.

(d) Security: RIS can reinforce the security of wireless communications by controlling
signal propagation and mitigating the possibility of eavesdropping.

(e) Low Latency: RIS can optimise signal routes and minimise communication delays
in applications with low latency, such as real-time communication for AR or
autonomous vehicles.

Authors in [119] proposed a hybrid relay RIS architecture in which several elements
serve as active relays. In contrast, the remaining parts merely reflect the incident signals.
Increasing the overall system coverage is one of the primary goals of 6G communication
networks. Conversely, this objective must be accomplished without increasing RIS
elements complexity. In [120] the authors used sub wavelength unit cells to gain
continuous or quasi-continuous apertures, which they claimed enabled holographic
communication and reaping the benefit of the diffracted signal by RIS, by combining it
with the reflected signal to implement a THz MIMO system. While this looks promising,
using the same reflective RIS as a mirror to combine the diffracted signals will increase
system interference and signal power loss. Reference [121] suggested a reconfigurable
holographic surface multi-user communication system embedded into the BS, providing
a holographic beamforming scheme that optimises digital signal transmission. Even
though this looks good from a 6G point of view, there needs to be more real time testing
in the THz frequency range. A hybrid beamforming approach to improve THz-band
coverage in multi-hop RIS assisted networks is presented in [122]. Multiple passive and
reflective controllable RISs are installed to aid BS and single-antenna user broadcasts.
Simulations suggest their proposed technique improves THz communications with
several hops by 50%. Practical phase-shift model that collects the phase-dependent
amplitude variation in the element-wise reflection coefficient for RIS to maximise its
achievable rate by jointly optimising the transmission and reflection beams is proposed
in [123]; while the authors achieved data rate improvement of 33%, system limitations
remain within a distance that did not meet 6G aspirations.
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A realistic assessment of how RIS technology can fill in coverage gaps is addressed
in [124] specific varactor diodes that let them change how they respond depending on
what is needed. Even though the performance of the work shown is promising, the
system is rearranged with a center frequency of 3.5 GHz, which is not a 6G perspective.
One form of hybrid RISs is presented in [125] by enabling the passive element to reflect
the impinging signal in a controllable manner, while simultaneously sensing another
rounded signal. The sensing capability of hybrid RIS makes it possible to facilitate
various functions related to network management, including the estimation of channels
and localisation. Even though this implementation introduces a new idea for RIS, it will
increase interference and power loss for signal reflection in the system without making
signal transmission more effective.

Reference [126] presented a reflecting meta-surface with integrated sensing capabil-
ities by changing the meta-surface tunable atoms to a couple of tiny segments of the
incident wave to an array of sensor waveguides. As an illustrative example, they used
the sampled incident wave to detect its angle of arrival. Since the basic principle of RIS
is to detect the incident signal and its angle, change the signal phase and send it to the
intended user, adding sensors to the system, will increase complexity and cost. In [127]
a new approach for beamforming design assisted by RIS for Integrated Sensing and
Communication (ISAC) systems is considered. This approach combines both active and
passive beamforming techniques. The main objective is to enhance the SNR at the UE
while ensuring a minimum level of detection probability. The proposed design seeks
to optimise the ability to identify targets by calculating the probability of detecting a
target and introducing the idea of Ultimate Detection Resolution (UDR). The proposed
strategy utilises a bisection search method to get users location and redirect the signals.

In reference [27] an assisted hybridRIS communication with index modulation using
space shift keying and spatial modulation to improve overall spectral efficiency and
reduce error rate is suggested. In contrast, the hybrid formulation of RIS should refer
to the functionality of the RIS itself, not the added system specifications. Two hybrid
transmission schemes combining a passive RIS with decode-and-forward relaying are
introduced in [128]. Their results, as expected, showed an enhancement in the achievable
error rate performance due to the use of relays, which adds another design complexity
to the communication system. Reference [129] investigated a beam training strategy
for RIS joint beamforming in THz communication, enhancing indoor coverage within
a limited distance. Conversely, whilst the process they followed looks promising for
indoor applications, it still requires increasing the transmission power to improve the
coverage, which is not a feasible real-time solution for outdoor 6G applications. The
researchers in [130] proposed a RIS assisted wireless network to facilitate communica-
tion between multiple RISs, with multiple single antenna users, a multi-antenna AP,
and a finite number of phase shifts being deployed at each element. Their goal was
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to minimise transmission power at the AP by jointly optimising the APs continuous
transmit precoding and the RISs signal reflection. The simulation results showed that
using RISs in a communication system improves the Signal to Interference Noise Ratio
(SINR) between AP and RIS regardless of the THz system frequencies.

In [131], the authors present a transmitter RIS architecture that enables efficient com-
munication with low power consumption and high-rate multi-streams. Their proposed
approach uses a joint optimisation technique that effectively combines difference-of-
convex programming and sequential convex approximation to address the non-convex
problem. They introduce a framework that examines the balance between EE and
Spectral Efficiency (SE) in a cognitive network. The results illustrate the capability of
the transmitter RIS architecture to achieve both low power consumption and high-rate
multi-stream transmission. Nevertheless, the complete consideration of the scalability
of the transmitter design and joint optimisation technique in 6G, especially in managing
bigger network sizes or more complex scenarios, needs to be improved. Reference [132],
introduced channel models for the near-field and far-field regions of STAR-RIS. It also
obtained closed form formulas for the channel gains of users who receive both the
transmission and reflection signals. The study in [133] examined the basic coverage
characterisation of STAR-RIS aided two user communication networks. Formulations
for maximising the coverage range were developed for both NOMA and OMA systems.
In a previous study [134], the researchers investigated the difficulties of minimising
power consumption in STAR-RIS assisted unicast and multicast systems. They focused
on optimising both active and passive beamforming for various operating protocols of
STAR-RIS. In a study conducted in [135], the researchers examined the usage of IRS in an
indoor multi-user downlink communication system. They constructed an optimisation
problem involving analogue and digital beamforming for tiny BS. The objective was to
maximise the sum rate of the system. The analysis in [136] focused on optimising the
phase shifts of an IRS. To do this, a branch and bound based method was suggested for
designing the IRS phase shifts inside a limited set.

In a study published in [137], the authors examined the effectiveness of a 60 GHz
reconfigurable surface with 224 reflecting elements for indoor mobile mmWave com-
munications. The study assumed that direct links were prevented, and the authors
managed to minimise the outage probability by determining the ideal location of the
user from RIS and BS. Furthermore, in [138], the authors examined the optimisation of
channel capacity for indoor mmWave communication with the assistance of RIS. They
also put forward methods with low complexity to optimise the phase shifts of RIS and
the transmit phase precoder. Furthermore, the authors in [139] examined the combined
optimisation of transmit beamforming and RIS phase shifts to maximise the received
signal power in single and multi RIS assisted systems. Their results indicate a substantial
enhancement in average received SNR by utilising RIS, as evidenced by the number of
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significant performance improvements in RIS elements. In their study [140], the authors
examined the combined optimisation of RIS position, RIS phase shifts, sub-channel
allocation, and power regulation to maximise the total data transmission rate in a THz
communication system assisted by RIS. The authors suggested a Block Coordinate
Searching (BCS) based technique to tackle the non-convex problem for the generalised
number of users. In addition, the authors in [141] developed a solution to maximise EE
in the RIS assisted THz communication system. They utilised the covariance matrix
adaptation evolution strategy to optimise the transmit beamforming,RIS phase shifts,
and power allocation.

In [142] authors present a framework for allocating resources in multi-cell NOMA
networks with RIS. The framework aims to maximise the sum rate and formulates
it as a problem to be solved. To tackle this complex problem involving integers and
non-linear functions, their approach is to break the problem into two separate problems:
an optimisation problem (P1) with continuous variables and a matching problem (P2)
that involves integer variables, and an iterative algorithm are proposed for solving P1.
These algorithms include allocating transmit power, designing the reflection matrix, and
determining the decoding order. They utilise relaxation methods such as convex upper
bound substitution, successive convex approximation, and semidefinite relaxation. Swap
matching-based algorithms are presented for P2 to attain a two-sided exchange-stable
state among users, BS, and subchannels. Numerical studies demonstrate that the sum
rate of the NOMA networks can be improved using the RIS. In this work [143], they
investigate a RIS assisted NOMA system, in which a BS transmits aggregated downlink
signals to multiple users. The proposed method implements a user ordering system
that relies on the combined channel strength approach. In order to optimise the rate
performance and ensure equitable treatment of all users, the objective is to maximise
the minimum decoding SINR for each user. This is accomplished by optimising the
power allocation at the BS and the phase changes at the RIS in a synchronised fashion.
The simulation results indicate that the downlink NOMA system, when assisted by RIS,
significantly enhances the rate performance compared to traditional NOMA systems
without RIS and traditional OMA systems with or without RIS.

In [144], a traditional Block Coordinate Descent (BCD) algorithm was used to solve
the sum rate optimisation problem in STAR-RIS aided MIMO networks for both unicast
and broadcast communications. The authors in [145] obtained an expression for the
coverage probability of a large MIMO system with STAR-RIS assistance, considering
correlated fading and phase-shift faults. In addition, [146] introduced strategies for
acquiring uplink CSI for the Time Switching (TS) and Energy Splitting (ES) protocols.
Multiple investigations have demonstrated that STAR-RIS is well-suited for NOMA to
fulfil the demanding future 6G criteria. NOMA enhances the efficiency of transmitting
and receiving signals across different frequencies, while STAR-RIS expands the coverage
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area and supports the fundamental idea of NOMA. The channel gains can be modified
using TS and ES protocols to provide for adaptable decoding orders based on the needs
of the transmitter and receiver. The transmission design of a coordinated multi-point
system, specifically a STAR-RIS NOMA system, was discussed in [147]. The objective
was to remove inter-cell interference and enhance the intended signal simultaneously.

The problem of maximising EE in a STAR-RIS NOMA network was addressed in
[148] using ML. The study focused on utilising a deep reinforcement learning technique
known as Deep Deterministic Policy Gradient (DDPG). Furthermore, a STAR-RIS NOMA
system was suggested to have linked transmitter and receiver phase shifts. The study
also computed the outage probability and power scaling law for this system in [132].
This research [149] aims to achieve the advantages of both cascaded and parallel network
typologies by implementing a hybrid RIS networking structure. The cascade topology
reduces path loss and increases multiplicative gain, whereas the parallel topology en-
hances scattering signatures in the specific region (cluster). Initially, cascaded grouping
is addressed by utilising an optimal routing strategy that considers consecutive channel
attributes. Also, they consider a scenario where active and passive beamforming is used
on parallel lines clustered together, which shows an increase in the total possible sum
rate and examine the impact of receiver mobility on location shift sensitivity.

The research [150] examines a mmWave NOMA system that is assisted by a RIS.
Specifically, the research examines a mmWave NOMA downlink system that uses RIS
technology and incorporates a hybrid beamforming architecture. A higher rate and
higher coverage are the aims while maintaining minimum power consumption. This
problem involves joint optimisation of RIS phase shifts, hybrid beamforming, and
power allocation. To convey these aims, they have devised an alternating optimisation
technique. To be more precise, they convert the aims into non-convex problems and
divide them into three subproblems: power allocation, combined phase shifts and
analogue beamforming optimisation, and digital beamforming design. Next, they
address the power allocation issue by maintaining the phase shifts of the RIS and the
hybrid beamforming at a constant value. Finally, the power allocation matrix employs
an alternating manifold optimisation approach and a sequential convex approximation
method for designing the phase shifts, analogue beamforming, and transmit beamform-
ing.

The study in [151] examined an architectural framework for mmWave um-MIMO
systems with RIS assistance. The researchers utilised the sparsity of mmWave channels
to develop two highly efficient precoders. In a study conducted by the authors in [152],
they examined the hybrid beamforming and phase shift design formmWave systems
assisted by RIS. They put forward an iterative approach that is characterised by its low
complexity. The challenge of optimising joint transmit beamforming and phase shift for
multi RIS aided mmWave systems was investigated in [139]. The manifold optimisation
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method addressed the optimisation problem in RIS- aided NOMA systems [153]. In
reference [154], the allocation of resources for a multi-channel RIS NOMA system was
examined, an algorithm was developed to determine the power allocation, subcarrier
assignment, and phase shifts simultaneously. In addition, various other research issues
related to RIS aided wireless communications have recently been explored which include
the maximisation of data rate in [155–157], channel estimation in [158], and robust
optimisation in [159, 160].

2.4.4 Artificial Intelligent

Based on the 5G-Advanced transformative technical development strategy, industry
and academia collaborated to focus on evolution in the first five years while creating 6G
requirements. The first test platforms can be expected after 2025. Everyone agrees that
the new architecture will be entirely software-based and flexible. 6G communications
networks will be the first to include native AI. AI will be more than just an application
tool; it will be an essential component of infrastructure, network management, and
operations. AI technology contributes significantly to solving problems caused by
a high degree of complexity in network operation and maintenance, a high level of
adaptability, and a wide range of network conditions. Enhanced mobile application
performance and flexibility lead to increased network complexity, posing new problems
for operation and maintenance. The realisation of deep integration of AI and 5G creates
new network structure and unified planning requirements at many levels, including
terminal, network element, network management, AI mechanism, and capabilities [161].

ML enables systems to create models from enormous volumes of data. Key func-
tionalities include Deep Learning (DL), Reinforcement Learning (RL), and Federated
Learning (FL). In the past decade, DL has made significant progress and is now widely
used for training with massive amounts of data. FL is a learning strategy in which
numerous clients with local models work with a data centre to integrate and build
a global model, subsequently broadcast to all user devices. RL involves a recursive
learning process where an agent interacts with its environment and learns how to take
action. ML is generally effective when an accurate mathematical model of the system is
unavailable. Still, sufficient training data is available, the system changes slowly over
time, and numerical analysis is adequate [162–166]. It is important to note that, there is
an endless research efforts on AI different approaches, and there use cases in 6G, an
analysis on the amount of AI researches in 6G revels that their is an increased amount of
research’s taken place as shown in Figure 2.5. However, their is only limited researches
that integrate AI with channel coding or decoding [167–181] as shown in Figure 2.6.
To be more precise, polar code is expected to be an important component of the 6G
standard, due to the fact that it has played a significant role in 5G.
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Figure 2.5: Researches that Contribute to the 6G on AI base by year

Figure 2.6: Researches that Contribute to the 6G on AI Channel coding/decoding



CHAPTER 2. LITERATURE REVIEW 44

Additionally, in the earlier generations, the use of LDPC code provide a resilient
message transmission techniques that achieve almost ideal error-rate decoding [182].
However, polar codes possess the distinct capability to approach the Shannon capacity as
the code length approaches infinity, thanks to the Superposition Coding (SC) decoding
algorithm [183], while LDPC is decoded using the BP algorithm.

Ongoing research in both SC and BP decoding is centred on achieving a trade-off
between error-rate performance and complexity. This aims to enhance the efficiency and
effectiveness of these communication systems. The authors enhanced the BP decoding
technique for LDPC codes using DL, as mentioned in [184]. A Tanner graph was
employed, and the weights were trained using stochastic gradient descent, resulting
in a notable decrease in the BER. In the study cited as [185], a Deep Neural Network
(DNN) is employed to calculate the minimum number of iterations required. The
study’s simulations show that the DNN can accurately forecast the number of iterations
needed, particularly in cases with a high SNR. The paper proposes using an iterative
BP Convolutional Neural Networks (CNN) decoder to address the issue of correlated
noise, as mentioned in reference [186]. This entails incorporating the output of the
BP decoder into a feed-forward CNN to determine the associated noise across several
channels. Another approach involves using neural networks as a direct replacement for
the decoder.

A study [187] utilises a neural network decoder to decode unstructured LDPC
and structured polar codes. The simulations demonstrated that the neural network
decoder can achieve MAP performance for structured and unstructured codes, even
with low block lengths. Expanding on the discoveries of [187], a subsequent study, [188],
advanced the topic even further. The researchers in this paper devised a technique to
decompose a lengthy polar code with a large block length into smaller, more manageable
sub-blocks. Subsequently, each of these smaller components is deciphered using a
condensed neural network decoder, enhancing the training procedure’s practicality. The
outcomes derived by the neural network decoder are then sent using a conventional BP
framework.

On the other hand, Figure 2.7 shows the main research approaches related to the
application of ML in RIS assisted wireless systems. The most reported frameworks
are based on beamforming, channel estimation, signal detection, and federate learning
applications. In Table 2.2 we show the latest research conducted to deploy ML in RIS
aided communication systems.



CHAPTER 2. LITERATURE REVIEW 45

ML Research
Approaches

for RIS

Beamforming

Phase
Shift

Selection

CSI
Estimation

Federated
Learning

Signal
Detection

Modulation
Classifier

Demodulation

Spectrum
Sensing

Figure 2.7: ML Research Approaches for RIS

Table 2.2: ML approaches on RIS aided communications

Reference Contribution
[189] DL dual CNN-based architecture for CSI estimation
[190] Combined DL and compressive sensing to estimate the CSI utilising only the RIS’s

active reflective parts
[191] A DL approach for CSI estimation and symbol detection in RIS wireless systems

from the received signals
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[192] DL based estimation of channels from UE to RIS that operates at varying SNR
levels and number of multipaths. The model can achieve a high normalisedMSE
performance by activating a limited number of elements during the training phase

[193] Two DL architectures are proposed to estimate CSI by leveraging channel low-rank
sparsity. The proposal’s efficacy can be enhanced by increasing the density of sensing
devices

[194] It proposed channel estimation as an image noise reduction problem based on CNN
architecture. As numerical results show, the proposed model’s performance is
comparable when the system possesses complete channel knowledge

[195] Distributed ML based technique for CSI estimation in which the BS and users train
together is presented. The idea can improve estimation accuracy when the pilot
overhead is lowered to 1/8

[196] A deep unfolding network was suggested for accurately predicting the downlink
channel of a wireless system with RIS. The approach surpasses the least-squares
estimator in performance and has a reduced level of complexity, resulting in a lesser
training overhead

[197] The proposed method uses DL to estimate CSI for systems incorporating RIS and
massive MIMO technology. The process focuses on extracting the correlation features
of subcarriers. The proposal exhibits superior spectrum efficiency while maintaining
a reduced signalling burden.

[198] A DL based approach is used, where the RIS learns the most effective way to interact
with the incident signal. Only the channels at the active elements are considered. The
approach can obtain data rates that are close to ideal, even without prior knowledge
of the geometry of the RIS array

[199] A DL based method is employed to reconfigure the phase at the RIS by utilising
the local propagation environment. The model surpasses the classical least-squares
estimator in performance while requiring minimal training time

[200] An unsupervised DL based method was introduced to predict the phase shift of
reflecting elements in a RIS. The model can dynamically adjust its setup in real time
while maintaining an acceptable data rate

[201] The optimisation of beamformers at the BS and reflective coefficients at the RIS is
performed using a downlink DL scheme. The suggestion can optimise a rate or
minimise a target with a small number of pilots

[202] A DL based method optimises the active beamforming from the BS to users and
the passive beamforming for RIS. The proposed method can attain superior BER
performance compared to a traditional system

[202] The ML technique used optimises the weighted sum-rate in RIS aided system by
leveraging the product’s characteristics. The suggestion surpasses the performance
provided by the block coordinate descent method
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[203] Investigate the joint design of the transmit beamforming matrix at the BS and the
phase shift matrix at the RIS, taking advantage of recent breakthroughs in DRL,
in which the joint design is obtained through trial-and-error interactions with the
environment while monitoring predetermined rewards, all within the framework of
continuous state and action

[204] DRL approach for designing transmit beamforming and phase shifts at the RIS in
a multiuser MISO system. The idea addresses hardware limitations for RIS aided
wireless systems

[205] DRL based method for real-time phase control at the RIS, independent of CSI. The
proposal outperforms model-free RIS control without sub channel CSI

[206] DRL approach for jointly designing the phase shift at the RIS and controlling UAV
trajectory.The concept enhances the energy efficiency of a RIS assisted UAV system

[207] A DRL based method for energy harvesting and phase shift control in a RIS-assisted
UAV system is proposed. The proposal is efficient and practical, outperforming
other options

[208] DRL technique for optimising a UAV trajectory and active/passive RIS beamforming.
The approach improves performance in terms of energy savings and total achived
rate

Additionally, in [209], the authors present an AirCom-based FL model that optimises
device selection, beamformer aggregation at the BS, and phase shifts at the RIS to
maximise the number of devices participating in model aggregation while meeting
MSE criteria. In [210], an Offline AirComp improvement of the RIS FL system is
proposed. FL is deconstructed using look-ahead data and a Lyapunov framework. A
transceiver-decoupled BCD method tunes phase shift. A low-complexity approach
based on element-wise successive refinement is used to implement an RIS with a discrete
shift constraint. By combining local training with model uploading, [211] proposes
an iterative resource allocation approach to reduce energy consumption, where FL
applications have been employed in RIS assisted UAV communications. The [212]
architecture proposes an FL network using over-the-air communications for high-quality,
ubiquitous, privacy and low-latency network coverage. Using UAV power and trajectory,
optimise the RIS phase shifts and noise factor for noise suppression to minimise the
worst-case MSE.

A RIS assisted system’s transmission error and efficiency are improved by optimum
signal decoding at the UE device using AI approaches. In [213], the authors proposed
demodulating OFDM signals for CNN based RIS MIMO systems. The model trained
to produce synthetic channel realisations was tested with BS transmitted data. For
Rayleigh fading channels, the Saleh–Vanenzuela model was used. The architecture
included a CNN with two hidden layers, Adam optimisation, ReLU activation function.
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The output layer outputs were determined by softmax activation. A hybrid CNN-
Gated Recurrent Unit (GRU) architecture produced RIS assisted communication system
signal detection is presented in [214]. Simulating OFDM data over the channel trained
the combined network offline. The CNN architecture included 64 3x3 filters and a
pooling layer. The GRU network had four layers, including Tanh activation for hidden
levels and sigmoid activation for output layers. The probability of class membership
was shown in the output layer. The architecture used cross-entropy loss and Adam
optimisation.

The development of tools for simulating RIS assisted communication systems paves
the way for researchers to understand better how RIS surfaces interact with networks. For
example, open-source channel modelling tools have been developed for indoor/outdoor
scenarios, including the physical features of wireless propagation in the presence of an
RIS in [215]. The authors of [216] employ ML to construct RIS assisted communication
contexts, modelling wireless as a custom interpretable back propagation neural network.
The Neural Networks (NN) learns and configures the propagation parameters to allow
users to communicate in the vicinity. Each RIS element is configured as a neuron or
node, with weight corresponding to the power distribution. The proposed NN reduces
the number of tiles necessary for effective communication.

It is important to note that, there is an increased number of researches that summarise
the ongoing advancements on merging RIS with AI different approaches [217–257]. In
conclusion, the quantity of research undertaken literature surveys on the upcoming
wireless generations 6G and AI is summarised in Figure 2.8.

Figure 2.8: The number of Literature Reviews Conducted on AI in regards to 6G
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2.5 Other 6G Evolutionary Enabling Techniques

2.5.1 Non-Terrestrial Technologies

The current cellular networks, which rely on outdated land-based technology, have
successfully addressed the difficulties of offering widespread wireless coverage in
rural regions and the issues of limited availability, reliability, and susceptibility to
natural and human-made disasters. To overcome these difficulties, the 6G networks
will use non-terrestrial technologies such as UAV assisted wireless communications and
satellite connectivity, Figure 2.9 provides a general overview showing the connectivity
of non-terrestrial networks. This integration will ensure comprehensive coverage and
high-capacity connectivity [258, 259].

Figure 2.9: Connectivity of non-terrestrial networks[260]

UAV assisted wireless communications involve UAV that can fly at altitudes higher
than 100 metres. These UAV have gained significant attention due to their simplicity and
cost-effectiveness in providing extensive wireless coverage during emergencies or as
relay nodes for terrestrial wireless communications. UAV assisted communications have
the potential to be used in 6Genabled IoT networks, which is a promising application.
UAV can surpass the geographical and environmental constraints that affect wireless
communications. This includes ships in the ocean, sensors deployed in remote or
isolated areas, and areas not covered by terrestrial networks.

Two scenarios can be envisioned for integrating UAV into current and upcoming
cellular networks [261]. In the initial scenario, UAV can be integrated into the existing
cellular network as a type of UE that receives services while in flight, known as Aerial
Users (AU). AUs are anticipated to be a mutually beneficial solution for UAV technology
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and cellular networks due to their cost-effectiveness. Moreover, AUs can utilise several
existing cellular BS without constructing additional essential infrastructures.

In the 6G future, AUs will bring forth numerous novel use cases of UAVs, including
urban/road traffic management, search & rescue operations in remote regions, and
environmental photography.Additionally, AUs can be a supplementary instrument to
enhance the accuracy of positioning systems that rely on cellular networks.

In the second scenario, UAVs can function as aerial BS or relay nodes, assisting with
existing terrestrial wireless communications by establishing connectivity from the sky.
Non-terrestrial BS/relay nodes offer significant advantages over terrestrial BS/relays at
stationary locations [262]. For example, airborne BS or relays can be constructed rapidly
if desired. This capability is of utmost importance for use case scenarios, particularly
in crises, unforeseen calamities, and search and rescue operations. In addition, aerial
BSs/relays have a higher probability of establishing a radio link with terrestrial UEs than
terrestrial BSs/relays because they are positioned above the earth. Therefore, they can
establish more dependable connections and offer multi-user scheduling and resource
allocation for radio access.

Why Not Non-Terrestrial?
UAV based communications present various important challenges. These include the

need for different QoS requirements for UAV command/control signals and payload data,
the occurrence of severe interference in air-ground communications (uplink/downlink)
caused by Line of Sight (LoS) dominant channels, and the difficulties related to the size,
weight, and power constraints of UAV [263–266].

(a) Restricted Payload Capacity:UAVs often have limited capabilities to carry payloads,
which might impose limitations on the communication equipment and antennas
they can transport. This constraint could hinder the UAVs capacity to facilitate
sophisticated communication technologies in the context of 6G.

(b) Restricted Duration of Flights: UAVs frequently face limitations due to their
restricted battery life or fuel capacity, leading to brief flight durations. This
constraint could impact the duration of UAVs communication services in a 6G
network.

(c) Interference and signal attenuation: interference and signal attenuation can
occur during communication between UAVs and ground stations owing to many
factors, such as buildings, vegetation, and atmospheric conditions. In the context
of 6G, using high-frequency bands and novel communication technologies may
exacerbate these difficulties.

(d) Regulatory and Legal Challenges: UAV operations face regulatory and legal
challenges due to different legislation and limits. Incorporating UAVs into 6G
networks may necessitate resolving legal and regulatory obstacles to airspace
administration, privacy apprehensions, and safety mandates.
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(e) Security Risks: UAVs in communication networks are susceptible to cyber security
vulnerabilities, including hacking and jamming. Addressing these challenges
becomes crucial for the dependable operation of UAVs in 6G, where there is a
greater focus on security and privacy.

(f) Network slicing complexity: 6G networks are anticipated to facilitate network slic-
ing, enabling the formation of numerous virtual networks with distinct attributes
to fulfil varied demands. Introducing and overseeing network slices for UAVs in
the broader 6G infrastructure may bring about intricacies.

(g) Integration with Pre-existing Infrastructure: Incorporating UAVs into current
communication infrastructure presents difficulties. Achieving smooth commu-
nication transitions and compatibility with terrestrial networks may necessitate
significant endeavours.

(h) Cost Considerations: Deploying and maintaining UAV network can incur signifi-
cant expenses. It is crucial to thoroughly evaluate the costs of procuring, operating,
and upkeeping UAVs for 6G communication services.

2.5.2 Visible Light Commucniaton / Optical Wireless Communication

VLC operates throughout the frequency spectrum ranging from 400 to 800 THz.
Unlike RF systems operating in the lower THz range, which use antennas, VLC uses
illumination sources, particularly Light Emitting Diodes (LED), image sensors, or
photodiode arrays, to establish the transceivers as shown in Figure 2.10 [267]. These
transceivers enable a large bandwidth while consuming little power (100 mW for 10
Mbps to 100 Mbps), all while avoiding the production of electromagnetic or radio
interference [268].

Because standard LED have a long lifespan (up to ten years), are inexpensive, and have
unrestricted access to spectrum, VLC is a desirable option for use cases where battery
life and access costs are important considerations. Furthermore, VLC outperforms RF
technologies regarding propagation performance in certain non-terrestrial environments,
such as aerospace and underwater.

Compared to RF, VLC MIMO gain is weaker, particularly indoors. The high coherence
among propagation channels leads to limited spatial diversity. Although spacing LED
arrays can reduce coherence [269], VLC MIMO faces receiver design and implementation
challenges in which the non-imaging receivers are sensitive to spatial alignments with
transmitters, while imaging receivers are too expensive for cost critical use cases [270].
On the other hand, VLC beamforming, unlike RF MIMO beamforming, uses a distinctive
optical component called a Spatial Light Modulator (SLM). On the other hand, and like
mmWave and THz technologies, VLC likewise depends on LoS channels, as it cannot
pass through obstacles or effectively diffract around them [271, 272].
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Figure 2.10: A schematic of a VLC System (Tx: Transmitter; Rx: Receiver; DAC/ADC:
Digital/Analog converter; TIA: Transimpedance amplifier)[273]

The term Optical Wireless Communication (OWC) refers to wireless communications
that utilise IR or UV as transmission. It is a potentially advantageous supplementary
technology for conventional wireless communications that operate inside RF bands. The
utilisation of OWC in the IR and UV spectrum, has the potential to mitigate challenges
and enhance conventional RF communications, particularly in densely populated indoor
environments. Additional benefits of OWC include the integration of illumination and
data communication, the availability of readily available optical devices, the absence of
multipath fading, and the potential to achieve centimetre level positioning in indoor
situations, among others [274]. The primary obstacles encompass issues such as light
transmission obstruction caused by the proximity of the LoS, the need for interference
reduction to enable UE to attain a high SINR, and the development and integration of
OWC networks into the 6G of wireless communication technology. Light communication
can be utilised to establish connections between the core network using wireline/optical
fibre and wireless backhauling, cable TV networks, free-space optical networks, and
non-terrestrial networks (such as interconnections based on airborne or spaceborne
vehicles) [275].

Why Not Visible Light Communication / Optical Wireless Communication?
VLC systems often need directed antennas with narrow beams to mitigate nearby

cell interference and environmental light noise. VLC systems are sensitive to user
position and mobility, requiring precise beam tracking. However, this characteristic
can be utilised for advantages like improved indoor location accuracy and reduced
interference in vehicular communications. VLC systems face a technical challenge due
to their unregulated access to the visible light spectrum, which increases security risks
and requires stricter security requirements than licensed RF bands [276–282].
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(a) Restricted Range: VLC generally exhibits a constrained transmission distance
compared to alternative wireless technologies. Various elements, such as sunlight,
weather conditions, and barriers, influence the range in outdoor environments.

(b) LoS requirement: VLC often necessitates an unobstructed path between the
transmitter (LED light source) and the receiver (photodetector), known as the
line-of-sight requirement. This limitation can restrict its usefulness in situations
when direct communication is difficult.

(c) Interference: ambient light interference can affect VLC systems, making them
vulnerable to disruptions caused by sunlight and artificial lights. Such interference
could impact the dependability and efficiency of the communication connection.

(d) Data Rate: Data rate challenges arise in VLC because of factors such as modulation’s
complexity and channel defects, making achieving high data rates reliably in real-
world applications difficult.

(e) Indoor Deployment Limitations: VLC is typically better appropriate for indoor
settings where there is the ability to regulate lighting conditions. Outdoor
installations may encounter obstacles due to the fluctuation of ambient light and
the issue of sustaining unobstructed visibility.

(f) Scalability: Implementing VLC on a big scale may need to be improved in terms
of scalability. Managing a network of VLC devices to ensure extensive coverage
and smooth transitions between devices could be complicated.

(g) Security Considerations: VLC communications are more secure than radio
frequency transmissions due to their confinement inside physical boundaries,
which reduces the risk of eavesdropping. Nevertheless, the need to guarantee the
security of VLC transmission by avoiding unauthorised access and interference
remains a crucial factor to consider.

(h) Energy Consumption: although VLC devices may exhibit reduced power con-
sumption compared to certain wireless technologies, it is still important to prioritise
energy efficiency for both the light sources and the receivers, particularly in battery
powered devices.

(i) Integration with Existing Infrastructure: incorporating VLC into preexisting com-
munication infrastructure may necessitate substantial modifications and enhance-
ments. It is important to consider the compatibility with different communication
technologies and devices.

(j) Deployment Costs: setting up VLC infrastructure, which includes installing
LEDs and related communication devices, may require an initial investment. The
cost-effectiveness of VLC solutions with other wireless technologies is a crucial
factor to consider.
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2.5.3 Extended Reality / Holographic Communication

XR is a developing technology that combines physical and virtual worlds through
wearables and computers to create interactions between humans and machines [283,
284] as indicated in Figure 2.11 [285]. The emerging technologies, AR, VR, and MR
employ distinct sensors to gather precise information about the position, alignment, and
speed.

Figure 2.11: XR concept[286]

As AR, VR, and MR are crucial components of 5G technology. The primary deter-
minants influencing the evolution of AR, VR, and MR technology and its applications
are the mobility and autonomy of users, meaning that users will not be constrained
by their physical location. The evolution of XR will eventually lead to the implemen-
tation of holographic communication systems and, ultimately, wireless holographic
communication. Users can experience the advancements of holographic communication
and holographic displays at any time and in any location. XR technology will have
the capability to activate and engage the senses of sight, hearing, touch, smell, taste,
and even emotions. Users can partake in education, games, sports, artwork, concerts,
and other immersive holographic activities without any restrictions on time or location
[37, 287]. Building virtual environments that are realistic and interactive requires
the development of holographic display technologies as well as the optimisation of
communication protocols [288]. Another potential direction of investigation is the
creation of digital twins of physical items, such as networks and devices [289]. Creating
both exact and dynamic digital copies makes it possible to do enhanced monitoring,
predictive maintenance, and optimisation on 6G networks, which emphasises faster
data rates, lower latency, better security, sustainability, and creative applications that
will characterise the next era of wireless connectivity.
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Why Not Extended Reality / Holographic Communication?
XR and holographic communication are cutting-edge technologies designed to de-

liver immersive and interactive experiences. Although 6G is currently in its first phases
of advancement, certain overall drawbacks and constraints linked to XR and holographic
communication exist that could be pertinent to its integration into 6G [290–294].

(a) High Bandwidth Requirements: XR and holographic communication necessitate
substantial data rates to convey intricate 3D material and provide a smooth user
experience due to their high bandwidth requirements. 6G networks need help
providing extensive data throughput to meet these applications.

(b) Delay Sensitivity: XR applications, particularly those that involve real-time
interactions and holographic communication, exhibit a strong sensitivity to delay.
6G networks must have extremely low latency to guarantee a seamless and prompt
user experience.

(c) Device Compatibility: XR devices, such as AR glasses or VR headsets, may vary
in their characteristics and capabilities. Ensuring interoperability and a uniform
user experience across a diverse range of devices may provide a problem for 6G
networks.

(d) Energy Consumption: XR and holographic applications frequently operate on
devices that require significant resources, resulting in elevated energy consumption.
When designing 6G networks, it is important to consider the energy efficiency of
devices to facilitate extended XR experiences without rapidly depleting device
batteries.

(e) Infrastructure Requirements: The widespread implementation of XR and holo-
graphic communication may necessitate substantial changes to the existing infras-
tructure. This entails the implementation of sophisticated sensors, cameras, and
processing capabilities to facilitate XR applications without disruptions effectively.

(f) Privacy Concerns: Using XR and holographic communication may entail collecting
and analysing delicate data regarding the user’s surroundings. Ensuring user
privacy and mitigating security risks are paramount in 6G networks.

(g) Content Quality and Standardisation: To ensure the delivery of superior 3D
information and holographic experiences, it is essential to establish standardised
formats and compression techniques. 6G faces the issue of maintaining content
consistency and compatibility across several platforms.

(h) Interference and Environmental Factors: XR and holographic communication
systems are susceptible to interference and environmental factors, including
lighting conditions, impediments, and interference. To ensure a robust and
dependable communication environment, 6G networks must consider these
characteristics.

(i) User Acceptance and Behaviour: User acceptance and behaviour play a crucial
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role in determining the success of XR and holographic communication in the
context of 6G. Widespread acceptance may be influenced by factors such as social
conventions, cultural considerations, and potential discomfort with prolonged XR
experiences.

(j) Regulatory and Ethical Challenges: With the advancement of XR and holographic
communication technology, there may be new regulatory and ethical issues to
address. It is crucial to tackle concerns regarding content control, user safety, and
ethical utilisation of XR technologies to ensure the effectiveness of 6G networks.

2.5.4 Mobile Edge Computing

The term Mobile Edge Computing’s (MECs) refers to a network concept established
by the European Telecommunications Standards Institute (ETSI), as shown in Figure 2.12
[295] it involves implementing and operating distributed computing capabilities, content
caching, network data analytics, and network decision-making at the network edge [296]
(refer to [297] for more standards). MECs will emerge as a key participant in the 6G
networks by serving as an intermediary layer that facilitates real-time data analytics at
the source of data generation. This paradigm is paramount for services/applications
with limited resources [298]. Various developing services, such as AR/VR and Vehicle
to infrastructure (V2X), require minimal end to end latency. MECs has the potential to
significantly reduce this latency by implementing data processing and analytics methods
at the edge.

Figure 2.12: Mobile Edge Computing Architecture[295]
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In addition, MECs’s localised data preparation capabilities can minimise the require-
ment for transmitting a substantial volume of redundant or superfluous data to the
cloud data centres. MECs is anticipated to be utilised to manage network resources,
such as computing and communication resources, efficiently [299]. To be more precise,
the implementation and functioning of edge servers, also known as MECs servers, at
the network’s edge can enable semi-centralised resource allocation methods. These
methods utilise centralised resource allocation techniques to assign network resources to
a group of edge devices, even when limited CSI is available and with minimal complexity.
Edge computing technologies will evolve on 5G networks using various computing
platform technologies created for open and cloud computing environments. In the real
world, this translates into adopting virtualization technologies such as containers and
container orchestration and service composition models such as (Software as a Service)
and (Function as a Service) [300].

On the other hand, edge computing, particularly far-edge computing, calls for
improved management of heterogeneous resource and service instance locations. In
addition, constrained resources at the network’s edge and the requirement for enhanced
energy economy necessitate using lightweight virtualization and more specific orchestra-
tion techniques. This indicates that additional enhancements and updates to the existing
cloud-specific procedures may be required, and it is not apparent that everything can be
brought under the same orchestration efficiently using this evolutionary approach [301].
It is anticipated that computing and networking resources (in-network computing) will
eventually combine to form a single computing continuum that will span from user
devices and IoT devices to centralised cloud storage. In such a scenario, all services
and resources would be naturally managed in a single, integrated manner. This would
include not only the application, service, and data plane resources and functions but
also the control plane functionalities of the telecommunications system [302, 303].

Why Not Mobile Edge Computing?
Although the benefits mentioned above are significant, several unresolved constraints

remain in implementing MECs in 6G mobile networks. Some main challenges include
ensuring data consistency across all edge devices, dealing with data scarcity at the
edge, addressing the limited adaptability of statically trained models, and addressing
concerns regarding data privacy and security, which will impact the effective utilisation
of 6G KPIs [304–314].

(a) Challenging Implementation: The implementation of MECs in a 6G environment
can be complicated, necessitating substantial upgrades and investments in infras-
tructure. Some networks or organisations may avoid the complexities of deploying
and managing edge computing nodes.

(b) Resource Intensiveness: Edge computing entails the deployment of computational
resources in proximity to the network’s edge. Depending on the magnitude and
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characteristics of the applications, this can require a significant amount of resources
and may only be justifiable in some situations.

(c) Global Standardisation Challenges: Attaining worldwide uniformity for MECs
can pose difficulties, and complications related to compatibility may emerge.
Varied criteria among different regions and vendors may impede the smooth
incorporation of MECs within a 6G network.

(d) Issues regarding security and privacy: Edge computing gives rise to security
and privacy concerns, particularly when handling sensitive data near the data
source. Certain organisations may resist adopting MECs due to vulnerabilities in
a distributed computing environment.

(e) Backhaul Limitations: The efficiency of MECs is frequently contingent on the
capacity and dependability of the backhaul network that connects edge nodes to
the core network. MECs’s advantages may be compromised when the backhaul
network is constrained.

(f) Alternative Architectures: Certain use cases or industries may adopt alternative
architectures that more effectively meet their specific requirements. For instance,
a centralised cloud-based approach may be favoured in certain scenarios over a
distributed edge computing model.

(g) Limited Application Relevance: In specific situations, the advantages of decreased
latency and enhanced performance provided by MECs may be insignificant.
Applications that do not depend heavily on immediate processing or minimal
delay may not experience significant benefits from implementing MECs.

(h) Cost Considerations: Implementing and sustaining MECs infrastructure can incur
substantial expenses. Organisations can evaluate the advantages and drawbacks
and conclude that alternative solutions are more economically efficient.

(i) Network Congestion: In networks with a high level of congestion, the benefits of
MECs, such as decreased latency and enhanced performance, may be decreased.
The efficacy of edge computing solutions can be affected by network congestion.

(j) Regulatory and Compliance Challenges: Various geographical areas may impose
distinct regulations and compliance obligations concerning the processing and
storage of data. Complying with these regulations while implementing MECs
worldwide can present difficulties.

(k) Limited Resources at the Edge: Edge computing resources, such as processing
power and storage capacity, are generally more limited than centralised cloud
infrastructure. The restriction could impact the range and intricacy of applications
that can be effectively hosted at the edge in 6G.

(l) Scalability: Scalability is of utmost importance in 6G as the number of connected
devices and the demand for edge services grow. Ensuring that the MECs infras-
tructure can handle this increased load is imperative. Expanding the capacity of
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edge resources to accommodate increasing demand while maintaining optimal
performance poses a significant challenge.

(m) Interoperability: Ensuring compatibility between different MECs systems and
devices from diverse suppliers can be intricate. Seamless interoperability is crucial
in the 6G era, as it encompasses a wide range of applications and services, ensuring
a unified edge computing ecosystem.

(n) Latency Variation: Latency fluctuations may arise in MECs despite its objective of
minimising latency through computing proximity to the edge. These fluctuations
can be attributed to network conditions and the workload on edge nodes. Meeting
stringent latency requirements for specific applications in 6G may be problematic.

(o) Data transfer overhead: Depending on the specific demands of the application, it
may be necessary to transfer data between the edge and centralised cloud services.
Efficiently managing data transfer to minimise latency and optimise resource use
is crucial for developing 6G technology.

(p) Energy Consumption: Edge devices may possess restricted energy resources,
particularly those utilised in mobile settings.

2.5.5 Blockchain

Blockchain is mostly recognised as the technological infrastructure supporting Bitcoin
[315]. The fundamental concept behind a blockchain is the distribution of authority
and control across multiple nodes, resulting in a decentralised system. Consequently,
the database of this system is not centralised but rather spread throughout a network
of participants, specifically computers. The decentralised nature of this approach as
shown in Figure 2.13 [316] ensures a high level of resilience and security for databases
kept on the blockchain, eliminating the risk of a single point of failure. Crucially, the
blockchain is accessible to every participant in the network [317]. This is facilitated via a
system known as consensus, which consists of rules designed to guarantee unanimous
agreement among all participants regarding the state of the blockchain ledger.

A blockchain is a decentralised and transparent digital record shared among all
participants, usually in a peer-to-peer network [317–319]. The genesis block is the
initial block from which a series of blocks is derived. A new block is added to the
chain by generating a hash value based on the information of its parent block. A
block generally comprises two components: the block header and transaction data.
Specifically, the title mostly includes the following details: the block version, which
indicates the validation rule; the hash of the parent block; the timestamp, the number of
transactions; and the MerkelRoot, which combines the hash values of all transactions in
this block. The blockchain user base expands incrementally as transactions are executed.
A miner compiles and organises transactions into a block by resolving a computationally
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challenging issue known as proof of work. Once the newly mined block is created, it is
disseminated to the whole blockchain network. All nodes in the network participate in
the consensus process to verify its authenticity and incorporate the new block into the
chain.

Figure 2.13: The concept of blockchain operation[320]

Why Not Blockchain?
While blockchain technology has various advantages, its limitations and disad-

vantages in the context of 6G KPIs can be analysed based on the requirements and
expectations of 6G networks [311, 321–332]. Here are some considerations regarding
blockchain limitations in alignment with 6G KPIs:

(a) Scalability: The capacity and throughput of a blockchain network may be affected
by scalability difficulties, particularly when the number of transactions grows.
This could impede the ability of 6G networks to manage many devices and data
transactions effectively.

(b) Excessive Energy Usage: The energy-demanding consensus processes employed
by certain blockchains, such as Proof of Work, may contradict the energy efficiency
objectives of 6G. The increasing importance of energy consumption in developing
environmentally friendly and efficient communication networks may give rise to
sustainability problems.

(c) Throughput and Latency: Blockchain networks may face challenges in meeting
the low-latency demands of 6G applications, especially when rapid response times
are essential. The consensus methods and block confirmation timings can cause
delays. Some blockchain networks may have limitations on their throughput,
which refers to the amount of transactions completed within a given time period.
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This constraint could hinder the effectiveness of real-time applications and high-
frequency transactions.

(d) Storage and Bandwidth Requirements: The significant storage and bandwidth
requirements of blockchain networks may impede the efficiency of 6G. Managing
extensive blockchain data negatively influences network resources and restricts
the efficient transmission of data.

(e) Integration with Legacy Systems: Integrating blockchain technology with the
current 6G network architecture and outdated processes may provide challenges
due to its complexity. The compatibility demands of 6G may conflict with the
intricacies of incorporating blockchain into long-standing communication.

(f) Privacy and Security: Although blockchain technology improves security, the
openness of certain blockchains may not meet the privacy needs of 6G networks.
Ensuring a harmonious equilibrium between exposure and safeguarding user
privacy is paramount, particularly in applications where data confidentiality is
essential.

(g) Smart Contract Vulnerabilities: Security vulnerabilities in smart contracts can
jeopardise the security of 6G networks. Given that 6G encompasses essential apps
and services, any weaknesses in smart contracts could be exploited, resulting in a
risk to network integrity.

(h) Development and maintenance expenses: The expenses related to the creation
and upkeep of blockchain networks may hinder the attainment of cost-effectiveness
in 6G. The allocation of funds for blockchain infrastructure must be carefully
weighed against the cost-effectiveness objectives of 6G networks.

(i) User Education and Adoption: The intricate nature of blockchain could poten-
tially hinder user experience and the widespread acceptance of this technology.
Streamlining interfaces and improving user education may be necessary to ensure
widespread user adoption of blockchain capabilities in 6G applications.

(j) Regulatory Compliance: The decentralised nature of blockchain and the difficul-
ties in meeting regulatory compliance may conflict with the legal and regulatory
obligations of 6G networks. It is essential to address regulatory obstacles while
preserving the decentralised advantages of blockchain technology.

2.6 Revolutionary Technologies to be Conducted by 2030

2.6.1 Quantum Communication

In light of the fast technological progress, there has been a significant surge in the
need for highly dependable, fast, energy-efficient, and secure communication. As a
result, researchers have shown a strong interest in the developing subject of Quantum
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Communication (QC) because of its ability to do complicated computations reliably and
efficiently. QCis expected to play a crucial role and have a strong impact in decreasing
computing complexities and improving the security of 6G and future communication
systems. Researchers are looking into Quantum Key Distribution (QKD) and quantum-
safe cryptography algorithms to make communication networks more secure and
adaptable to the current network infrastructure [333]. Several research studies addressed
different QC objectives like quantum optical communications, quantum optical twin,
data quantum communication [334–343].

2.6.2 Digital Twin

Currently, digital technology is primarily utilised to detect common indications and
prevent serious diseases by analysing the human body structure within the limits of the
existing network capacity. The real time availability and accuracy of the system require
enhancement. By harnessing the advancements in 6G technology and integrating several
scientific fields, including bioscience, materials science, and bioelectronic medicine,
it becomes possible to generate digital replicas of the human body known as digital
twins. To create a comprehensive virtual representation of the human world and achieve
real-time monitoring of personalised health data, the digital twin replicas of the human
body will utilise a multitude of intelligent sensors (more than 100 devices per person).
These sensors will accurately and instantaneously reflect the condition of vital organs,
the mental system, the respiratory system, the urinary system, the musculoskeletal and
emotional state. Moreover, the 6G technology will enable the integration of MRI, CT,
colour Doppler ultrasound, blood routines, urine biochemistry, and other specialised
images and biochemical examination results. This will allow individuals to receive
a precise evaluation of their health status and prompt intervention when necessary.
Furthermore, AI can be incorporated into professional medical institutions to offer
accurate diagnostics and references for customised surgical treatment [344, 345].

2.6.3 Device to Device Communication

Device to Device (D2D) communication [346] is the direct exchange of information
between two or more user devices without relying on an intermediate network infras-
tructure. This mode of communication facilitates local D2D communication, improving
efficiency and enabling diverse applications. Although D2D communication has been
present in previous generations of wireless communication, it is anticipated to undergo
further development and have a substantial role in 6G technology. D2D communication
can offer 6G network infrastructure for various technologies such as NOMA, network
slicing, and MECs to achieve this objective. In addition, it is anticipated that fast and
low-delay D2D communication will be crucial for 6G networks [136, 277, 347–349].
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There are significant challenges in the 5G D2D connection [350–354], that require
standardisation to address the restrictions related to the KPIs of the upcoming 6G
wireless generation, Table 2.3 illustrates a brief description of the challenges of D2D
related to the 5G and their impact over the 6G KPIs.

Table 2.3: D2D challenges and effect of 6G KPIs
KPI restrictions Challenge Impact on KPI

Interference and Spectrum
Management

large number of devices are
communicating in close

proximity

spectral efficiency,
throughput, and reliability

Security and
Confidentiality Issues

difficulties in monitoring
and controlling

transmission

reliability and credibility

Allocation and
management of resources

Optimising resource
allocation

network efficiency and
dependability

Coordination and
synchronisation

high user mobility latency, diminished
reliability, and lower QoS

Energy Consumption higher energy usage network’s sustainability
and efficiency

Integrating with cellular
networks

handover mechanisms and
coordination

communication disruptions
and network reliability

2.6.4 Grant free Transmission

Grant free transmission technology has been identified as a key trend in upcoming
mobile networks. Undoubtedly, this technology has been categorised as a crucial
medium access control technique for facilitating extensive IoT connectivity across mobile
networks; in the context of 5G networks, many grant free transmission strategies have
been implemented for mMTC and URLLC services. However, the capacity provided
by these techniques still needs to be improved [355, 356]. In light of the continuous
expansion in the quantity of smart physical devices and the widespread use of these
services, developing more effective grant free transmission solutions for the 6G networks
is imperative. The combination of NOMA and grant free transmission, known as
GF-NOMA, is a highly promising solution for 6G enabled IoT systems due to NOMA
ability to minimise delays [357].

Most typical NOMA solutions employ a centralised scheduling scheme, where
IoT devices are already connected and many network parameters, such as spreading
sequences and power control, are predetermined. However, the performance of typical
NOMA algorithms might be significantly deteriorated due to the special characteristics
of mMTC traffic. These characteristics include mass uplink communication, tiny size and
periodic data transfer, and diverse QoS requirements. This type of traffic might result in
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signalling overhead and increase the delay of the centralised scheduler. To address this
difficulty, one possible option is to use grant free transmission. This approach allows
devices to communicate their data in an automated way using randomly selected time
or frequency resources. This enables low latency access and reduces the signalling
overhead associated with scheduling requests.

2.6.5 Sparse Signal Processing

Sparse sampling, sometimes referred to as compressive sensing, is a signal processing
approach that makes the best use of signal sparsity to efficiently and accurately recon-
struct signals using a reduced number of samples. The applications of this paradigm
have been examined in several parts of 5G and beyond 5G networks, such as MIMO
random access, embedded security, Cloud Radio Access Network (CRAN), and channel
and source network coding based on the compressive paradigm. The utilisation of
sparse signal processing algorithms enables the precise and efficient identification of
active IoT devices in the grant-free transmission methodology [358–360].

An important obstacle in grant-free transmission, particularly in facilitating extensive
IoT connectivity, is identifying the operational IoT devices for data decoding [360]. The
utilisation of sparse signal processing is crucial to achieving THz communications in the
6G networks. Compressive sensing techniques can recover sparse channel information
in THz channels, which are characterised by low density. The compressive sensing
paradigm effectively utilises the sparsity feature to greatly enhance future wireless
networks’ spectrum and energy efficiency and IoT devices [361].

2.6.6 Holographic MIMO Surfaces

Holographic MIMO surface (HMIMOS) is a crucial technology that enables 6G.
mMIMO systems, which consist of BSs equipped with enormous antenna arrays, are
employed in 5G networks to meet the high data transfer demands. However, the
complete implementation of large MIMO systems is challenging because of factors like
energy consumption and the high expenses associated with fabrication and operation.
With the impressive progress in programmable metamaterials, RIS have great potential
to address the significant challenges of mMIMO systems and achieve the ambitious
goal of 6G networks. This is achieved by enabling seamless connectivity and control of
the environment in cellular wireless networks through intelligent software. HMIMOS
is anticipated to enhance mMIMO technology by changing the wireless network
environment into a reconfigurable intelligent entity, resulting in size, cost, weight,
and energy usage improvements [362–366]. HMIMOS can fulfil three distinct roles:
receiver, transmitter, and reflector, to achieve this objective. The unique attributes
of HMIMOS, namely intelligence and reconfigurability, position it as a promising
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technology to meet the many demands of 6G, such as low latency, low power, and
high-throughput communications. When discussing communications, there are two
primary categories of applications for HMIMOS: outdoor and indoor. HMIMOS outdoor
applications encompass energy efficient beamforming, establishing connections between
users and BS, PHY layer security, and wireless power transfer. On the other hand, indoor
applications focus on precise indoor positioning and coverage augmentation within
indoor environments.

2.6.7 Three Dimensional Network Architecture

The existing cellular network architectures, both current and past, have been specifi-
cally built to provide connectivity between network access points and ground based
UEs in a Two Dimensional (2D) manner. On the other hand, it is anticipated that the
6G network will combine terrestrial and non-terrestrial technologies to provide Three
Dimensional (3D) network coverage [367, 368]. The 3D strategy is significantly more
timely and economically efficient than fixed 2D infrastructures. Telecommunications
operators must incur the cost of deploying dense mobile networks to ensure extensive
connectivity. This is particularly advantageous when operators aim to rapidly deliver
uninterrupted and dependable services in rural areas or during natural disasters. 3D
coverage will facilitate the establishment of communication systems for deep sea and
high altitude environments. Although the benefits mentioned above are substantial,
implementing 3D network architecture will present numerous obstacles before this
technology can be effectively utilised in practical cellular networks. These challenges
include developing channel models for air-to-ground communications, optimising
trajectories, managing resources, and establishing new topologies.

2.6.8 Cell Less Architecture

The cell less communication architecture, sometimes referred to as cell free, has
been suggested as a solution to address the decline in performance caused by the
handover process in cellular networks [369–372]. In this design, a UE has the ability
to establish communication with several BSs or APs using coordinated multipoint
transmission and reception protocols rather than being limited to connecting with just
one BS. Implementing cell free communications can improve connection and reduce
the latency caused by the handover procedure. In the era of 6G, rapidly deploying
diverse communication systems and utilising several frequency bands will make cell
less communications unavoidable. UEs can seamlessly shift from one network to
another without needing a changeover process and will autonomously select the optimal
connection among a variety of heterogeneous networks, such as THz, mmWave, and
VLC. As a result, the typical handover process concerns, such as data loss and handover
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delays/failures, can be relieved and achieve higher QoS. Cellular communications
without the need for physical cells will enable mobile devices to move smoothly without
any additional burden caused by transferring connections.

2.7 Discussion
In this chapter, the preliminaries of 6G wireless communication along with the

important KPIs for the transition from 5G to 6G were discussed. Three types of reviews
were presented in the literature background: one for the enabling technologies used
in this thesis to achieve the aim and objectives. The second one addresses the other
possible techniques along with their limitation regarding the aim and objectives of this
work. The last one addresses the revolutionary technologies to be conducted by 2030.
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3

Channel Coding

This chapter introduces two new channel coding techniques: serial and parallel
concatenation. Section 3.1 comprehensively explains the foundation of concatenated
codes. Next, in Section 3.2, the principles of Non Orthogonal Multiple Access (NOMA)
are described. The subsequent Section 3.3, presents the serial and parallel concatenated
codes with the integration of NOMA. Section 3.4 comprehensively describes the perfor-
mance indicators that validate the superiority of the novel channel coding techniques.
In Section 3.5, the performance evaluation and comparison of the new channel coding
for 6G will be discussed in relation to the existing state of the art for 5G.

3.1 Concatenated Channel Coding
In recent years, there has been a notable and substantial expansion in the realm of

digital communications, particularly in the realms of cellular, satellite, and computer
communication. These domains have experienced significant growth and development.
Within the intricate and complex networks of communication that exist within these
domains, the information is meticulously and precisely encoded as a series of binary
digits, which are the fundamental building blocks of digital communication.

Figure 3.1: Communication System with Coding

The binary digits serve as the foundation upon which the entire communication
system is built. They carry and transmit the crucial and vital information across the
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various communication channels. As the binary bits are transmitted, they undergo a
process of source encoding, channel encoding and modulation, as shown in Figure 3.1,
which involves the transformation of these digital signals into analogue signal wave-
forms. This transformation allows for the effective and efficient transmission of the
signals across the communication channel.

However, this transmission process has challenges. The communication channel
introduces various forms of noise and interference, which can lead to the corruption
and distortion of the transmitted signal. This distortion and corruption can significantly
impact the information’s accuracy and integrity. At the receiving end of the communi-
cation channel, the distorted and corrupted signal is converted back into binary bits
through a process known as demodulation. This conversion process aims to recover
and reconstruct the original transmitted binary information. However, it is important
to note that the binary information received only approximates the original binary
data. This approximation is due to the inherent limitations and challenges posed by the
transmission process.

The transmission of the binary bits can lead to errors, commonly referred to as bit
mistakes. The occurrence and quantity of these bit errors are contingent upon the
level of noise and interference present within the communication channel. Channel
coding is employed to address and mitigate the impact of noise and interference on
the accuracy of the transmitted information, which represents a common technique in
digital communication systems. Channel coding serves as a safeguard for digital data,
protecting it from the disruptive effects of noise and interference. By strategically adding
extra bits to the transmitted information stream, channel coding enhances the resilience
and robustness of the communication system. These additional bits are supplementary
components that identify and rectify problems within the received data stream. As a
result, the transfer of information becomes more dependable and reliable. However,
it is important to note that channel coding implementation does come with certain
trade-offs. The addition of extra bits to the transmitted information stream leads to a
decrease in the overall data rate. This decrease is necessary to ensure the integrity and
accuracy of the transmitted information. Additionally, channel coding may also result
in an increase in bandwidth requirements. The introduction of extra bits necessitates
a greater allocation of resources, such as bandwidth, to accommodate the enhanced
communication system. Despite these trade-offs, the implementation of channel coding
remains a crucial and effective technique in safeguarding digital information within
digital communication systems.

There are two primary classifications of channel codes, specifically block codes and
convolutional codes, which exhibit numerous distinctions. Block codes adopt a rigorous
approach that relies on finite field arithmetic and abstract algebra. These codes possess
the capability to detect or correct errors. Block codes involve the acceptance of a block
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comprising 𝑘 information bits and the generation of a block containing 𝑛 coded bits. The
𝑛 coded bits are formed by adding 𝑛 − 𝑘 redundant bits 𝑟 to the original 𝑘 information
bits according to predetermined regulations. These codes are commonly referred to
as (𝑛, 𝑘) block codes as shown in Figure 3.2. Within this category there is a selection
of frequently employed block codes, including Hamming, Golay, BCH, and RS (which
utilize nonbinary symbols). The decoding of block codes and the estimation of the 𝑘
information bits are accomplished through various techniques.

Figure 3.2: Block Coding Structure

On the other hand, convolutional codes are extensively employed as channel codes
in practical communication systems. These codes are formulated with a distinct, robust
mathematical framework and are primarily utilized for real-time error rectification.
Convolutional codes transform the complete data stream into a one stream codeword.
The encoded bits are depends not solely upon the present 𝑘 input bits but also upon
preceding input bits as shown in Figure 3.3. The primary decoding approach for
convolutional codes is grounded on the widely employed Viterbi algorithm [373].

Figure 3.3: Convolutional Coding Structure

Concatenated codes are an effective means of acquiring lengthy and potent codes by
utilising uncomplicated constituent codes. The initial category of codes falling under
this classification are referred to as product codes. They were initially introduced by
Elias in his work [374]. At their most basic level, product codes can be represented as a
collection of matrices, where each row within these matrices represents a codeword in
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one constituent code, while each column represents a codeword in another constituent
code. These codes have played a significant role in establishing numerous theoretical
findings within coding theory. The concept of product codes was subsequently expanded
upon to form the notion of concatenated codes, as introduced by Forney [375]. Although
the minimum distance of product codes is considerably smaller than that of optimal
codes of comparable length, the error correction capability of product codes is quite
extensive. To demonstrate this aptitude, we examine certain characteristics of product
codes. One noteworthy attribute of product codes is their capacity to correct burst errors.
All error patterns confined to a number of rows that is less than half the minimum
distance of the column code or a number of columns that is less than half the minimum
distance of the row code can be rectified.

Concatenated codes can be created by combining two or more codes in a serial
or parallel manner. In essence, concatenated codes are highly effective in wireless
communication channels due to two primary factors. The initial factor pertains to
their possession of comparatively elevated minimum distances, and the other factor
is the utilization of interleaving. Interleaving is typically employed to convert burst
errors into random ones, allowing for correction via forward error control codes. In
contrast, concatenated codes possess the appropriate framework for correcting burst
errors without the additional requirement of interleaving.

3.1.1 Serial Concatenated Channel Coding

A serial concatenated error control system, as exemplified in Figure 3.4 consists of
two distinct sets of encoders and decoders. A data block of length 𝑘 is first encoded
by an (𝑛1, 𝑘) encoder to produce 𝐶1 codeword as a result of applying the outer code;
the resulting vector 𝐶1 is then processed by an interleaver of size 𝐶1. The interleaved
data block is then encoded by an (𝑛2, 𝐶1) encoder, which represents the inner code and
produces the final codeword 𝐶2.

Serially concatenated or famously known as turbo codes, represent a powerful class of
error-correcting codes that have gained prominence in modern communication systems.
Developed in the early 1990s, these codes have mitigated errors during data transmission
over unreliable channels. The fundamental concept behind serially concatenated codes
involves using two or more constituent codes. In a serial concatenated code, the data
stream is first encoded by the first constituent encoder, and the resulting codeword
is then interleaved before being fed into the second constituent encoder, creating an
iteratively refined and concatenated codeword. This iterative process can be repeated
multiple times, enhancing the overall error-correction capabilities of the code.

The interleaving step is crucial in breaking up burst errors, where consecutive bits may
be corrupted together due to the nature of the channel. By interleaving the codewords,
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Figure 3.4: Serial Concatenated Code Structure

the errors become distributed across different parts of the codeword, allowing the
constituent codes to address and correct them effectively. The iterative decoding process
involves exchanging information between the constituent decoders, contributing to the
code’s remarkable error-correcting performance. Serially concatenated codes are used
extensively in various communication systems, including but not limited to satellite
communication, wireless communication, and digital storage devices. Their ability to
achieve near-Shannon limit performance, which is the maximum theoretical limit for
error correction, has made them indispensable in ensuring reliable and robust data
transmission in the presence of noisy channels. As technology advances towards 6G,
serially concatenated codes play a key tool in pursuing more efficient and resilient
communication systems to comply with 6G KPIs.

Figure 3.5: Parallel Concatenated Code Structure
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3.1.2 Parallel Concatenated Channel Coding

In parallel concatenation as first introduced in [376], the encoders work synergistically
in parallel for the same information data set, as illustrated in Figure 3.5. This is in
contrast to serial concatenated codes, in which the information bits are fed into the
encoders that are employed one after the other. In parallel concatenation, the first
encoder is responsible for generating a codeword 𝐶1 from the (𝑛1, 𝑘) first encoder, which
is based on an information dataset of size 𝑘. In the meantime, the identical information
dataset of size 𝑘 is interleaved and fed into the second encoder (𝑛2, 𝑘) to generate the
second codeword 𝐶2. To generate the codeword 𝐶, it is necessary to multiplex 𝐶1, 𝐶2,
and the initial information dataset; this is considered the final stage in the process of
producing the resultant codeword 𝐶 which will be transmitted across the channel.

3.2 Non-Orthogonal Multiple Access (NOMA)

NOMA has been proposed as a promising option for future wireless networks to
enhance network performance by leveraging its potential advantages, such as improved
SE, compatibility, fairness, flexibility, and extensive connection. Unlike the traditional
OMA scheme, NOMA allows multiple users to be served using the same orthogonal
radio resources, such as time and frequency. This is achieved by utilising power domain
Superposition Coding (SC) at the transmitter and SIC at the receiver. Specifically, the SC
method encodes messages for different users by varying the power levels, a technique
known as power domain multiplexing. At the receiver, the SIC approach decodes the
signals meant for weaker users before decoding their signals, specifically targeting
stronger users. NOMA has been recognised as a feasible technology for enabling the
widespread use of IoT devices in future wireless networks, as it provides extensive
connectivity. As explicated in Section 2.4.2, numerous researchers have demonstrated
the effective utilization of NOMA to meet the data rate requirements of both network
and user level regarding 6G technologies.

SC has been recognised as a means to enhance the capacity of broadcast channels
and the SE in wireless systems. This enables the transmitter to simultaneously transmit
signals from numerous users, in which the SC is employed at the transmitter to effectively
combine signals from numerous users. In NOMA system, where two users and one BS
is considered, the signal transmitted from the BS to the users is addressed by:

𝑥 =
√
𝑃𝑇𝛼1𝑠1 +

√
𝑃𝑇𝛼2𝑠2 (3.1)

where 𝛼1, 𝛼2 are user specific power factor and must satisfy the condition 𝛼1+𝛼2 = 1,
𝑃𝑇 is the total transmit power, and 𝑠1, 𝑠2 denotes the intended users signal.

During the decoding process at the receiver, users near the BS can extract their signal
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from other users because of the more favourable channel conditions [377], whilst users
farther away from the BS can only extract their signals due to less favourable channel
conditions. The fundamental concept of the SIC technique employed at the receiver is to
decode distinct user signals sequentially and progressively reduce inter user interference.
The incoming signal is first demodulated and decoded to identify the signals intended
for individual users. Upon decoding a user signal, the related interference is subtracted
from the other received signals. The second multiplexed signal can be demodulated
and decoded without interference from the first detected signal. Thus, the received
signal for the system is as in Equation 3.2

𝑦 = ℎ
(√
𝑃𝑇𝛼1𝑠1 +

√
𝑃𝑇𝛼2𝑠2

)
+ 𝑛𝑜𝑖𝑠𝑒 (3.2)

consequently, the received signal at each user can be expressed as follows:

𝑦1 = ℎ1
√
𝑃𝑇𝛼1𝑠1 + 𝑛𝑜𝑖𝑠𝑒 (3.3)

𝑦2 = ℎ2
√
𝑃𝑇𝛼2𝑠2 + ℎ2

√
𝑃𝑇𝛼1𝑠1 + 𝑛𝑜𝑖𝑠𝑒 (3.4)

Figure 3.6: Downlink NOMA System

In this thesis, we consider the use of PD-NOMA with the novel concatenated channel
coding described in Section 3.3, the layout for the downlink transmission system is
shown in Figure 3.6. In our demonstration, we assume that there is one BS and 𝑀 users
randomly distributed in each 𝑁𝑐 cell. BS and users are equipped with a single antenna.
The total system bandwidth 𝐵𝑊𝑇 is equally distributed for the 𝑁𝑐 cells as subchannels
each has a bandwidth of 𝐵𝑊 = 𝐵𝑊𝑇/𝑁𝑐 . Let’s consider the number of users on a
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subchannel to be equal to 𝑀𝑛(𝑛 = 1, 2, . . . , 𝑁𝑐),𝑀 =
∑𝑁𝑐

𝑛=1 𝑀𝑛 , the power of the 𝑚𝑡ℎ user
in the 𝑛𝑡ℎ subchannel is 𝑝𝑛,𝑚(𝑚 = 1, 2, . . . , 𝑀𝑛). The BS sends a superposition coded
signal on the 𝑛𝑡ℎ subchannel generlised form of Equation 3.1 as in Equation 3.5, where
𝑥𝑛,𝑚 is the transmitted signal of the 𝑚𝑡ℎ user in the 𝑛𝑡ℎ subchannel.

𝑥𝑛 =

𝑀𝑛∑
𝑚=1

√
𝑝𝑛,𝑚 · 𝑥𝑛,𝑚 (3.5)

The received signal at the 𝑚𝑡ℎ user is affected by the channel coefficient ℎ𝑛,𝑚 which
represents the link from the BS to the 𝑚𝑡ℎ user as follows:

𝑦𝑛,𝑚 = ℎ𝑛,𝑚 · 𝑥𝑛 + 𝑤𝑛,𝑚 = ℎ𝑛,𝑚

𝑀𝑛∑
𝑖=1

√
𝑝𝑛,𝑖 · 𝑥𝑛,𝑖 + 𝑤𝑛,𝑚 (3.6)

where, 𝑤𝑛,𝑚 denotes the Additive White Gaussian Noise (AWGN) with zero mean
and 𝜎2

𝑛 variance, (i.e. 𝑤𝑛,𝑚 ∼ 𝐶𝑁𝑐

(
0, 𝜎2

𝑛

)
). Equation 3.6 can be generalised as in

Equation 3.7, where the received signal includes the original user signal and the other
user signals which are treated as the interference signals (i.e. ℎ𝑛,𝑚

∑𝑀𝑛

𝑖=1
√
𝑝𝑛,𝑖 · 𝑥𝑛,𝑖 is the

inter user interference signal on the subchannel 𝑛).

𝑦𝑛,𝑚 = ℎ𝑛,𝑚
√
𝑝𝑛,𝑚 · 𝑥𝑛,𝑚 + ℎ𝑛,𝑚

𝑀𝑛∑
𝑖=1,𝑖≠𝑚

√
𝑝𝑛,𝑖 · 𝑥𝑛,𝑖 + 𝑤𝑛,𝑚 (3.7)

In PD-NOMA, users are allocated varying power levels according to their channel
conditions. Generally, users experiencing superior channel conditions are assigned less
power, whilst those with inferior conditions are assigned increased power, 𝑝1 < 𝑝2 <

· · · < 𝑝𝑚𝑛 , therefore the 𝑚𝑡ℎ user can successfully extract their signal and remove the
inter-user interference from the other users. The base station emits a composite signal
encompassing all users’ data. Based on that and using SIC, each user decodes signals in
a specific order based on power levels. A strong user first decodes the weaker user’s
signal (which has higher power) by treating its own signal as noise. Once decoded, the
strong user reconstructs and subtracts the weaker user’s signal from the received signal.
After cancellation, the remaining signal primarily contains the intended lower-power
signal, which the strong user can decode easily. A weak user only decodes its own
signal directly because the strong user’s signal is much weaker (due to lower power
allocation). The interference from the strong user’s signal is typically minimal and can
often be treated as noise, making direct decoding feasible.

It is important to note that SIC operation does not need prior knowledge of other
users’ exact signals; it only requires knowledge of their power allocation and channel
conditions. It relies on the fact that high-power signals are easier to decode, allowing
them to be subtracted from the total received signal. As long as the receiver knows
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the power levels and modulation schemes assigned to different users, it can iteratively
cancel out signals without explicit knowledge of the data content of other users. SIC in
PD-NOMA depends on the power difference among users and the ability to iteratively
subtract already-decoded signals.

The receiver now processed SIC operation were the rate of the 𝑚𝑡ℎ user expressed as
in Equation 3.8, and the sum rate is expressed as in Equation 3.9, which follows Shannon
theorem:

𝑅𝑛,𝑚 = 𝐵 log2

(
1 +

|ℎ𝑛,𝑚 |2𝑝𝑛,𝑚
|ℎ𝑛,𝑚 |2

∑𝑚−1
𝑖=1 𝑝𝑛,𝑖 + 𝜎2

𝑛

)
(3.8)

𝑅𝑛 =

𝑀𝑛∑
𝑚=1

𝑅𝑛,𝑚 (3.9)

To enhance the precision of the SIC at the receiver and minimise the delay in
separating signals, we grouped the users in the cells based on their channel gain.
The channel gains of all users are arranged in increasing order based on the user’s
instantaneous CSI collected by the BS. As 𝑀 is an even number of users, the process
of user grouping includes segregating the users with the greatest disparity in channel
gain in one cell. Specifically, the user with the highest channel gain is paired with the
user with the lowest gain. In contrast, the user with the second highest channel gain is
grouped with the user having the second lowest channel gain, and so forth. In case of
an odd number of users, the middle user will be grouped with the user of the highest
channel gain since it will have the largest difference in the cell.

3.3 Polar Convolutional Serial Code and Polar Convolu-
tional Parallel Code (PCSC and PCPC)

Two concatenated formulas for channel coding are proposed and compared, and
the coding formula is tested with PD-NOMA system transmission in this thesis as a
first contribution. As shown in Figure 3.7, a serial concatenation formula for channel
coding is proposed using polar code as the outer code and convolutional code as the
inner code, in which the code is named as Polar Convolutional Serial Code (PCSC).

The second channel coding formulation proposed is the parallel concatenation of
polar code and convolutional code named Polar Convolutional Parallel Code (PCPC).
The information data bits are coded first by polar code as the first encoder, and an
interleaved version of the data is encoded by convolutional code as the second encoder.
The last step to produce the output data stream is to multiplex the output of two encoders
and the original data stream as shown in Figure 3.8.



CHAPTER 3. CHANNEL CODING 76

The subsequent sections describe the polar encoder, convolutional encoder, po-
lar decoder, and convolutional decoder, in which they are used directly for PCSC. On
the other hand, in PCPC, we deployed the encoders as stated afterwards; meanwhile,
the decoding process uses an iterative algorithm that consists of multiple steps ahead of
obtaining the decoded data information bits.

Figure 3.7: PCSC Block Diagram

Figure 3.8: PCPC Block Diagram

3.3.1 Polar Encoder

As depicted in Figure 3.7, we used polar code as the outer code and convolutional
code as the inner code. Polar codes, which were first introduced by Arikan [183], a type
of capacity-achieving linear block code, are built around the channel polarisation. The
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polarisation effect describes the phenomena in which certain equivalent bit channels
become almost noiseless while others become worthless as the code length approaches
infinity. An (𝑁, 𝐾) polar code is a block code that takes 𝐾 information input data bits
and produces 𝑁 output bits.

For polar codes with a length of 𝑁 = 2𝑛 (i.e. 𝑛 is a positive number), polar encoded
data information can be obtained by having 𝑁 polarised channels {𝑊1

𝑁
,𝑊2

𝑁
, . . . ,𝑊𝑁

𝑁
},

when the number of 𝑁 tends towards infinity; some polarised channel capacities tend
to value one to form the reliable channel. These channels typically convey information
with an extremely low likelihood of mistake, closely resembling a perfect channel with
the capacity value of one.

In contrast, another percentage of channels become practically ineffective for de-
pendable information transfer. The capacity of these channels approaches zero as 𝑁
approaches infinity, usually known as the frozen bits. From a practical standpoint, these
channels have a high susceptibility to errors, rendering them unsuitable for dependable
data transfer.

The polar code word construction used is obtained from Equation 3.10, where the
used encoding structure for 𝑁 = 16 is shown in Figure 3.9. 𝐺 is the generator matrix
and 𝑢 is the information data bits {𝑢1, 𝑢2, . . . , 𝑢𝑖}, 𝑁 is the code word length, the code
word 𝑋 is {𝑋1, 𝑋2, . . . , 𝑋𝑖}, this code has frozen bit of value 𝑁 − 𝐾.

𝑋 = 𝑢 × 𝐺 (3.10)

The generator matrix 𝐺 is designed as in Equation 3.11, where 𝑅𝑁 is an 𝑁 × 𝑁 bit

reversal permutation matrix and ⊗ is the Kronecker product [378], and 𝐺2 =

[
1 0
1 1

]
.

𝐺𝑁 = 𝑅𝑁 × 𝐺⊗𝑛2 (3.11)

There are two stages in obtaining the received data: channel combining and splitting.
First, in the channel combining process, two copies of the channel𝑊 are combined to
generate a channel𝑊2 as follows:

𝑊2(𝑦2
1 |𝑢

2
1) =𝑊(𝑦1 |𝑢1 + 𝑢2)𝑊(𝑦2 |𝑢2) (3.12)

Then, the combined channel is split into two different channels, which follow the
transform as in Equation 3.13 and Equation 3.14, in which (𝑊,𝑊) ↦→ (𝑊1

2 ,𝑊
2
2 ) and

𝑊1
2 : {0, 1} ↦→ 𝑦2,𝑊2

2 : {0, 1} ↦→ {0, 1} × 𝑦2:

𝑊1
2 (𝑦2

1 |𝑢1) =
∑
𝑢2

1
2𝑊2(𝑦2

1 |𝑢
2
1) =

∑
𝑢2

1
2𝑊(𝑦1 |𝑢1 ⊕ 𝑢2)𝑊(𝑦2 |𝑢2) (3.13)

𝑊2
2 (𝑦2

1 , 𝑢1 |𝑢2) =
1
2𝑊2(𝑦2

1 |𝑢
2
1) =

1
2𝑊(𝑦1 |𝑢1 ⊕ 𝑢2)𝑊(𝑦2 |𝑢2) (3.14)
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Having that, the combined channel is represented by:

𝑊𝑁 (𝑦𝑁1 , 𝑢
𝑁
1 ) =𝑊𝑁 (𝑦𝑁1 , 𝑢

𝑁
1 𝐺𝑁 ) (3.15)

Now after having the vector channel𝑊𝑁 , the next step is to split𝑊𝑁 back to a set of
𝑁 binary input as in Equation 3.16, where (𝑦𝑁1 , 𝑢

𝑖−1
1 ) represents the output of𝑊 𝑖

𝑁
and

𝑢𝑖 is it is input:

𝑊 𝑖
𝑁 (𝑦

𝑁
1 , 𝑢

𝑖−1
1 |𝑢𝑖)

Δ
=

∑
𝑢𝑁
𝑖+1∈𝑋𝑁−𝑖

1
2𝑁−1𝑊𝑁 (𝑦𝑁1 |𝑢

𝑁
1 ) (3.16)

Figure 3.9: Encoding Structure of N=16 Polar Code

3.3.2 Convolutional Encoder

Back in 1955, Elias introduced a new channel coding scheme [379]; the new coding
scheme depends not only on the present state of the data information sequence to be
encoded but also on previous states of the data information sequence. This means
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that convolutional code contains memory elements known as shift registers, and the
encoded data information sequence depends on the current input block and previous
input blocks.

In our approach, we used a systematic convolutional code. Three parameters are
used to define convolutional codes, which are (𝑁, 𝐾, 𝐷) where 𝑁 is the output bits, 𝐾 is
the information input data bits, and 𝐷 is the number of memory stages in the encoder
also known as constraint length. Generally, in convolutional codes, it is preferred to
select small integers for 𝑁 and 𝐾, while 𝐷 is preferred to be large to gain lower error
probability. As depicted in Figure 3.10, the convolutional encoder has 𝑁 value of three
and 𝐾 value of one with three shift register 𝐷 with modulo-2 adders represented by
exclusive OR gates for output calculations.

In the field of coding theory, a systematic code refers to an error-correcting code where
the input data is directly included in the encoded output. In contrast, a non-systematic
code does not include the input symbols in the output.

Figure 3.10: Convolutional Code Block Diagram

The code word is obtained by applying the information sequence 𝑢𝑖 = 𝑢1𝑢2 . . . 𝑢𝑘

into several finite shift registers equals 𝐷. The codeword vector for each shift register is
calculated using Equation 3.17, Equation 3.18, and Equation 3.19 respectively. The final
codeword vector is obtained using Equation 3.20.

𝑋1 = 𝑋
(1)
1 𝑋

(2)
1 . . . 𝑋

(𝐾)
1 (3.17)

𝑋2 = 𝑋
(1)
2 𝑋

(2)
2 . . . 𝑋

(𝐾)
2 (3.18)

𝑋3 = 𝑋
(1)
3 𝑋

(2)
3 . . . 𝑋

(𝐾)
3 (3.19)

𝑋𝑁 = 𝑋
(1)
1 𝑋

(1)
2 𝑋

(1)
3 𝑋

(2)
1 𝑋

(2)
2 𝑋

(2)
3 . . . 𝑋

(𝐾)
1 𝑋

(𝐾)
2 𝑋

(𝐾)
3 (3.20)
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3.3.3 Polar Decoder

The decoding of polar code in PCSC is processed in a recursive manner; this is
based on Successive Cancellation Decoding (SCD) [380]. The used algorithm, namely
Successive Cancellation List Decoding (SCLD), as we deploy a list of parallel successive
decoders. The SCLD is done by aligning two consecutive SCD of 𝑁 = 8. The decoding
butterfly diagram is shown in Figure 3.11, the Likelihood Ratios (LRs) is calculated from
right side to left side. The decoded data stream is performed by calculating the LRs at
each node in the graph. The decoder block diagram for 𝑁 = 16 is shown in Figure 3.12,
where we used two decoders in parallel. The calculation of likelihoods is done in a
reverse direction of the encoding, in which it is done from right to left; at first the LRs is
calculated as follows:

𝐿
(𝑖)
𝑁
(𝑦𝑁1 , 𝑢

𝑖−1
1 ) =

𝑊
(𝑖)
𝑁
(𝑦𝑁1 , 𝑢

𝑖−1
1 |𝑢𝑖 = 0)

𝑊
(𝑖)
𝑁
(𝑦𝑁1 , 𝑢

𝑖−1
1 |𝑢𝑖 = 1)

(3.21)

At this stage, the decoder has the knowledge of the output from the previous stage
𝑢 𝑖−1

1 in order to decode 𝑢𝑖 ; additionally, the decoder in advance knows the values of
frozen bits {𝑢 𝑓 , 𝑓 ∈ 𝐴𝑐} in which 𝐴𝑐 is the frozen bit set. In the decoding process we
consider four parameters (𝑁, 𝐾, 𝐴, 𝑢𝐴𝑐 ), in which 𝑁 is the code word length, 𝐾 is the
number of information bits, 𝐴 is the information set, and 𝑢𝐴𝑐 is the frozen bits vector
stream. The decoder needs to retrieve the information recursively and generate an
estimate of 𝑢̂𝑁1 to obtain 𝑢𝑁1 from Equation 3.21 as the LRs.

At first, the frozen bits are set to 0 then the SCLD is performed by the following steps:

• If 𝑖 ∈ 𝐴𝑐 , 𝑢𝑖 = 𝑢𝑖
• If 𝑖 ∈ 𝐴, calculate the LRs from Equation 3.22 and Equation 3.23
• make the decision as in Equation 3.24

𝐿
(2𝑖−1)
𝑁

(
𝑦𝑁1 , 𝑢̂

2𝑖−2
1

)
=

𝐿
(𝑖)
𝑁/2

(
𝑦
𝑁/2
1 , 𝑢̂2𝑖−2

1,0 ⊕ 𝑢̂
2𝑖−2
1,𝑒

)
𝐿
(𝑖)
𝑁/2

(
𝑦𝑁
𝑁/2+1, 𝑢̂

2𝑖−2
1,𝑒

)
+ 1

𝐿
(𝑖)
𝑁/2

(
𝑦
𝑁/2
1 , 𝑢̂2𝑖−2

1,0 ⊕ 𝑢̂
2𝑖−2
1,𝑒

)
𝐿
(𝑖)
𝑁/2

(
𝑦𝑁
𝑁/2+1, 𝑢̂

2𝑖−2
1,𝑒

) (3.22)

𝐿
(2𝑖)
𝑁

(
𝑦𝑁1 , 𝑢̂

2𝑖−1
1

)
=

[
𝐿
(𝑖)
𝑁/2

(
𝑦
𝑁/2
1 , 𝑢̂2𝑖−2

1,0 ⊕ 𝑢̂
2𝑖−2
1,𝑒

)]1−2𝑢̂2𝑖−1
𝐿
(𝑖)
𝑁/2

(
𝑦𝑁
𝑁/2+1, 𝑢̂

2𝑖−2
1,𝑒

)
(3.23)

𝑢̂𝑖 =

{
0, if L(i)N (y

N
1 , u

i−1
1 ) ≥ 1

1, otherwise
(3.24)
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Figure 3.11: Polar Code Decoder for 𝑁 = 8

Figure 3.12: Polar Code Decoder for 𝑁 = 16
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As mentioned earlier, the value of LRs is calculated recursively and traced back until
the code length equals one (i.e. 𝑁 = 1), in which the last LRs value to be calculated is
𝐿
(1)
1 (𝑦𝑖) =𝑊(𝑦𝑖 |0)/𝑊(𝑦𝑖 |1) · 𝐿

(1)
1 (𝑦𝑖).

We stated that the LRs values is conducted from right to left in Figure 3.11, where
the values of 𝑓 and 𝑔 is calculated as in Equation 3.25 and Equation 3.26. The 𝑜 value
represents 𝐿(𝑖)

𝑁/2

(
𝑦
𝑁/2
1 , 𝑢̂2𝑖−2

1,0 ⊕ 𝑢̂
2𝑖−2
1,𝑒

)
, and 𝑝 value represents 𝐿(𝑖)

𝑁/2

(
𝑦𝑁
𝑁/2+1, 𝑢̂

2𝑖−2
1,𝑒

)
𝑓 (𝑜, 𝑝) =

1 + 𝑜𝑝
𝑜 + 𝑝 (3.25)

𝑔(𝑜, 𝑝, 𝑢̂𝑠𝑢𝑚) = 𝑜1−2𝑢̂𝑠𝑢𝑚𝑝 (3.26)

3.3.4 Convolutional Decoder

The convolutional code is decoded using the Viterbi algorithm [381], a maximum
likelihood decoding method. This process utilises a trellis diagram to select the shortest
path and recover the original information. The Viterbi method is a decoding technique
used for convolutional codes. It aims to discover the path with the highest likelihood
by comparing the metrics of all possible paths in a trellis. This comparison is made
iteratively, using the path metric entering each state and the received vector 𝑦.

In order to conduct the decoded data information stream, the decoding starts by
finding the lowest Path Metric (PM) from the trellis representation as in Figure 3.13 by
comparing all paths branch metrics at each node in the trellis; the search procedure is
done level by level. The PM at every level is calculated and compared with other trellises
PMs; the decoder remembers the path with the least metrics value and eliminates all
other paths. The remembered paths are called the survivor paths, whereas reaching the
end of the transmission sequence, there is only one survivor path, which represents the
maximum likelihood path for the codeword.

The trellis figure depicts states using nodes and illustrates transitions between states
using arrows. Each arrow contains the annotation of the input bit that triggers the
transition and the output bits. Each iteration of the stages displays all potential transitions
during a specific processing period, originating from all states at the beginning of that
period (arranged in a column on the left side of the stage).

The diagram shows the sequence of states that follows from a sequence of input
bits as a path through the trellis. This idea is exploited in the design of the decoder
since this operation can be thought of as estimating the path through the trellis given a
sequence of received bits. Once the path is known (or estimated), the original sequence
of encoded bits is the one that created the path. This decoding idea was formalised in
the form of Maximum Likelihood (ML) decoding and efficiently implemented using
Viterbi algorithm. The retrieved data bits are obtained by the following steps:
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1. Initialisation: Initialise each state’s PM and surviving path history. Set the PM
value to zero for the first state. Construct the trellis diagram in Figure 3.13 to
represent the convolutional code.

2. Transition Metrics: Compute the transition metrics by analysing the given
sequence and comparing it to the predicted transmitted bits.

3. Survivor Paths: During the forward pass in survivor paths, the PM is updated,
and the survivor paths are chosen based on the transition metrics at each time
step. Revise each state’s PM by considering the incoming branch metric and the
accumulated PM of the previous state.

4. During the backward pass (decoding): one should initiate the final time step and
retrace the steps through the trellis by following the surviving paths. Select the
path with the lowest PM as the decoded path. Retrieve the deciphered binary
digits from the trellis diagram.

Figure 3.13: Trellis Diagram for Convolutional Decoder

3.3.5 Parallel Concatenation Decoding

The decoding process for PCPC is slightly more complicated than the decoding
process of PCSC structure. In order for the received data to be correctly decoded, a
more powerful decoding algorithm is suggested based on the Soft Input Soft Output
(SISO) segment principle. The decoding is being processed serially, as described in
Algorithm 1.
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Algorithm 1 Decoding for Parallel Concatenation
𝑟𝑒𝑐𝑖𝑣𝑒𝑑𝑑𝑎𝑡𝑎 → 𝑟𝑑, 𝑑𝑎𝑡𝑎1 + 𝑝𝑎𝑟𝑖𝑡𝑦1→ 𝑑𝑝1, 𝑝𝑎𝑟𝑖𝑡𝑦2→ 𝑑𝑝2, 𝑚𝑎𝑥𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 → 𝐼𝑀𝑎𝑥

for i=1:L do ⊲ L=length of received data bits
𝑑𝑝𝑖 = 𝑟𝑑𝑖 : 𝑟𝑑𝑖+1, 𝑑𝑝2𝑖 = 𝑟𝑑𝑖+2 : 𝑟𝑑𝑖+3

end for
for iteration=1:𝐼𝑀𝑎𝑥 do

for k=1:K do ⊲ K=length of information data bits
for 𝑗 = 1 : 𝑙𝑒𝑛𝑔𝑡ℎ(𝑑𝑝1) do

𝑏 𝑗(𝑥 𝑗) =
∑
𝑚 𝑗(𝑥 𝑗) ⊲ compute a belief

if 𝑏 𝑗(𝑥 𝑗) = 𝑚𝑖𝑛(𝑏 𝑗(𝑥 𝑗), 𝑏 𝑗+1(𝑥 𝑗+1))𝑜𝑟𝑖 = 𝑀𝑎𝑥 then
𝑚 𝑗(𝑥 𝑗) = 𝑏 𝑗(𝑥 𝑗), 𝑑𝑎𝑡𝑎𝑏𝑖𝑡𝑠(𝑛) = 𝑚(𝑛)

else
recompute the belief

end if
end for

end for
𝐼𝑛𝑡𝑒𝑟𝑙𝑒𝑎𝑣𝑒𝑟(𝑑𝑎𝑡𝑎𝑏𝑖𝑡𝑠(𝑛)) ⊲ Start Interleaver
𝑆𝑒𝑡𝑀 = 4, 𝑁 = 4, 𝑏𝑙𝑜𝑐𝑘𝑠𝑖𝑧𝑒 = 16
for 𝑡 = 1 : 𝑙𝑒𝑛𝑔𝑡ℎ(𝑑𝑎𝑡𝑎𝑏𝑖𝑡𝑠) do

for 𝑖 = 1 : 𝑏𝑙𝑜𝑐𝑘𝑠𝑖𝑧𝑒 do
𝑑𝑎𝑡𝑎𝑏𝑖𝑡𝑠 = 𝑟𝑒𝑠ℎ𝑎𝑝𝑒(𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒(𝑑𝑎𝑡𝑎𝑏𝑖𝑡𝑠), 𝑀, 𝑁)
𝑑𝑎𝑡𝑎𝑏𝑖𝑡𝑠 = 𝑟𝑒𝑠ℎ𝑎𝑝𝑒(𝑑𝑎𝑡𝑎𝑏𝑖𝑡𝑠, 1, 𝑏𝑙𝑜𝑐𝑘𝑠𝑖𝑧𝑒)

end for
end for ⊲ End Interleaver
𝐷𝐵(𝑛) = 𝑑𝑎𝑡𝑎𝑏𝑖𝑡𝑠

𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒𝑥𝑒𝑟(𝐷𝐵, 𝑑𝑝2) ⊲ Start Multiplexer
𝑑𝑏(1 : 2 : 𝑒𝑛𝑑) = 𝐷𝐵, 𝑑𝑏(2 : 2 : 𝑒𝑛𝑑) = 𝑑𝑝2 ⊲ End Multiplexer
𝑉𝑖𝑡𝑒𝑟𝑏𝑖(𝑑𝑏, 𝑙𝑒𝑛𝑔𝑡ℎ(𝑑𝑏) ⊲ Start Viterbi
𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑝𝑎𝑡ℎ𝑙𝑒𝑛𝑔𝑡ℎ ← 𝑐𝑝𝐿 , 𝑠𝑡𝑎𝑟𝑡𝑖𝑛𝑔𝑠𝑡𝑎𝑡𝑒 ← 𝑐𝑚 = 0
for 𝑗 = 1 : 𝑙𝑒𝑛𝑔𝑡ℎ(𝑑𝑏) do

for 𝑚 = 1 : 6 do
𝐹𝑖𝑛𝑑𝑐𝑝𝐿𝑐𝑚+1

= 𝑚𝑖𝑛(𝑐𝑝𝐿𝑐𝑚 , 𝑐𝑝𝐿𝑐𝑚+1
)

𝑃𝑐𝑚+1 = 𝑐𝑝𝐿𝑐𝑚+1
end for

end for ⊲ End Viterbi
𝐷𝑒 − 𝐼𝑛𝑡𝑒𝑟𝑙𝑒𝑎𝑣𝑒𝑟(𝑑𝑏) ⊲ Start De-Interleaver
for 𝑡 = 1 : 𝑙𝑒𝑛𝑔𝑡ℎ(𝑑𝑏) do

for 𝑖 = 1 : 𝑏𝑙𝑜𝑐𝑘𝑠𝑖𝑧𝑒 do
𝑑𝑏 = 𝑟𝑒𝑠ℎ𝑎𝑝𝑒(𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒(𝑑𝑏), 𝑀, 𝑁)
𝑑𝑏 = 𝑟𝑒𝑠ℎ𝑎𝑝𝑒(𝑑𝑏, 1, 𝑏𝑙𝑜𝑐𝑘𝑠𝑖𝑧𝑒)

end for
end for ⊲ End De-Interleaver
if 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑀𝑎𝑥 then

𝐷𝑒𝑐𝑜𝑑𝑒𝑑𝐷𝑎𝑡𝑎 = 𝑑𝑏

end if
end for
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The first decoder depends on the BP algorithm [382], the factor graph representation
of polar codes in Figure 3.11 is used when decoding PCPC. In the decoding process,
each node of the factor graph has two probabilities and receives computational results
from the left- and right-side nodes to detect their node values.

The BP decoding includes passing the Log Likelihood Ratio (LLR) through the factor
graph from right to left and from left to right. Each node in the graph is associated with
two values of LLR, one is from left-to-right (𝑅𝑖 , 𝑗) and the other from right-to-left (𝐿𝑖 , 𝑗)
in which (𝑖) represents the rows at each stage (𝑗) on the factor graph. The decoding
process involves calculating (𝑅𝑖 , 𝑗) and (𝐿𝑖 , 𝑗) as follows:

𝑅𝑖 , 𝑗+1 = 𝑓 (𝑅𝑖 , 𝑗 , 𝑅𝑖+2𝑗 , 𝑗 + 𝐿𝑖+2𝑗 , 𝑗+1), (3.27)

𝑅𝑖+2𝑗 , 𝑗+1 = 𝑓 (𝑅𝑖 , 𝑗 , 𝐿𝑖 , 𝑗+1) + 𝑅𝑖+2𝑗 , 𝑗 , (3.28)

𝐿𝑖 , 𝑗 = 𝑓 (𝐿𝑖 , 𝑗+1, 𝐿𝑖+2𝑗 , 𝑗+1 + 𝑅𝑖+2𝑗 , 𝑗), (3.29)

𝐿𝑖+2𝑗 , 𝑗 = 𝑓 (𝑅𝑖 , 𝑗 , 𝐿𝑖 , 𝑗+1) + 𝐿𝑖+2𝑗 , 𝑗+1, (3.30)

𝑓 in Equation 3.27,3.28,3.29, and 3.30 is obtained as an approximate as
( 𝑓 (𝑥, 𝑦) ≈ 𝑓 (𝑥, 𝑦) = sgn(x)sgn(y)min(|x|, |y|) )

where (sgn) function returns the sign of the input value; in case the input is a positive
number, the function returns (1); if the input value is negative, the function returns (-1);
lastly, if the input value is zero the sign function returns (0). Also, the function returns
the minimum value between (x,y).

BP algorithm performs the iterative update from right to left and left to right proba-
bilities for maximum iteration of 𝐼𝑀𝑎𝑥 = 25, to determine the LLR as in Equation 3.31
and make the output decision using Equation 3.32

𝐿𝐿𝑅
(𝐼𝑀𝑎𝑥)
𝑁

(𝑢) = ln
(
𝑃𝑢
𝐿→𝑅(1)
𝑃𝑢
𝐿→𝑅(0)

)
+ ln

(
𝑃𝑢
𝑅→𝐿(1)
𝑃𝑢
𝑅→𝐿(0)

)
(3.31)

𝑢̂𝐼𝑀𝑎𝑥 =

{
1, if LLR(IMax)

N (uIMax) > 0

0, otherwise
(3.32)

The output decision from BP decoder is the input for the interleaver; the interleaved
information data bits are multiplexed with the second encoder parity bits denoted as
𝑑𝑝2. The multiplexed information data bits are next to be decoded using the Viterbi
decoder in Section 3.3.4. The resultant information data bits are deinterleaved first
before obtaining the received information data bits if the maximum iterative range is
met.



CHAPTER 3. CHANNEL CODING 86

3.4 Performance Indicators

As mentioned in Section 2.3, the new wireless generation, 6G, is expected to overcome
the limitations of the current generations. In order to comply with 6G and in the channel
coding context, performance indicators are measures that are utilised to evaluate the
coding scheme’s efficiency in enhancing the reliability, data rate, and coverage of
communication across a channel.

3.4.1 Bit Error Rate (BER)

Bit Error Rate (BER) is the rate at which errors occur in a data stream due to noise,
interference, distortion, or synchronisation problems in a communication channel. It is
an essential measure utilised to assess the precision of data transmission. Precision and
dependability are crucial in digital communication and data transmission. Ensuring
data integrity is essential for tasks such as downloading files, streaming films, and
exchanging information over the internet. BER quantifies the ratio of incorrect bits
received to the total bits supplied in a data transmission system. It measures the precision
of data transport and offers information on the effectiveness of a communication channel
or digital link. The sender transmits a predetermined pattern or sequence of bits to
the receiver to ascertain the BER. The recipient then contrasts the received bits with
the initial broadcast pattern and detects any inconsistencies. BER is calculated as the
ratio of the number of bit errors to the total number of transferred bits over a specified
time period. BER is commonly quantified as a ratio or percentage that indicates the
likelihood of bit errors happening while data is being transmitted.

Understanding BER values relies on the particular application and the expected
performance level. Lower BER numbers often signify superior transmission accuracy
and greater data integrity. A BER of 10−6 indicates that a one-bit mistake happens
statistically for every one million bits sent. A BER of 10−9 indicates a one-bit error in
every billion transmitted bits, representing a highly dependable system. Precision in
data transfer is essential in fields including telecommunications, networking, wireless
communication, and digital storage. BER is a key measure used to assess the quality
and efficiency of communication systems. Engineers and researchers can evaluate
the efficiency of error correction systems, modulation schemes, channel coding, and
system architecture by analysing the BER. Reducing the BER typically involves higher
complexity, greater bandwidth usage, or increased power consumption. Engineers and
designers must find an equilibrium among BER, system specifications, and available
resources.

Various applications have distinct BER objectives that must be achieved to guarantee
dependable data transfer. High-speed optical fibre networks require very low BER
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values, usually between (10−9 to 10−12). Still, wireless communication systems can
handle slightly larger error rates of (10−3 to 10−6) due to signal propagation difficulties.
Advanced wireless communication systems like cellular networks or Wi-Fi attain BER
levels ranging from (10−6 to 10−9). These statistics demonstrate a greatly decreased error
rate and guarantee more dependable data delivery. As mentioned in Section 2.3.7 6G is
anticipated to outperform 5G reliability. Polar code, which is used in 5G have the range
of reliability between (10−4 and 10−6) in the ideal transmission conditions.

In a noisy channel, the uncoded BER is commonly represented as a function of the
normalised carrier-to-noise ratio, known as SNR and calculated as in Equation 3.33,
where (𝐸𝑏) is the average signal energy per data bit and (𝑁◦) is the single-sided power
spectral density of the additive white Gaussian noise, and (𝑒𝑟 𝑓 𝑐) is the complementary
error function.

𝐵𝐸𝑅 =
1
2erfc

(√
Eb
N◦

)
(3.33)

In QAM, the energy per data bit (𝐸𝑏) is related to the signal constellation and the
symbol energy (𝐸𝑠), which is given by:

𝐸𝑠 =
𝐴2

2 (3.34)

where, (𝐴) is the amplitude of each QAM symbol, then the energy per data bit (𝐸𝑏)
is given by Equation 3.35, where (𝑀) is the number of constellation points in the QAM
modulation scheme.

𝐸𝑏 =
𝐸𝑠

log2 𝑀
(3.35)

Calculating the coded BER on the other hand depends also on the minimum
Hamming distance 𝑑𝑚𝑖𝑛 [383], total number of information bits associated with the
minimum weight codewords 𝐴𝑑𝑚𝑖𝑛 , number of information bits 𝐾, and the overall code
rate 𝑅𝑐 as in Equation 3.36.

𝐵𝐸𝑅 =
1
𝐾
𝐴𝑑𝑚𝑖𝑛𝑄

(√
2𝑑𝑚𝑖𝑛𝑅𝑐

𝐸𝑏
𝑁◦

)
(3.36)

3.4.2 Throughput

Throughput is the volume of data that can be sent and received during a certain
time frame. Throughput is the average speed at which messages reach their intended
destination successfully. Throughput offers a practical measurement of actual packet
delivery, as opposed to the theoretical measurement provided by packet delivery.
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Network throughput provides users with information about the rate at which packets
are delivered to their intended destination. Throughput is quantified in bits per second
(bps). This term can be used interchangeably with data packets per second, indicating
network throughput. Network throughput is typically measured by calculating the
average, which is seen as a reliable indicator of the network’s overall performance. If a
network administrator observes low throughput, it could indicate a packet loss problem.

The general definition for throughput is the ratio of the number of correct received
bits (or packets) divided by the interval of the whole transmission. Equation 3.37
represents throughput in terms of bit per second, where (𝐾𝑐𝑜𝑟𝑟𝑒𝑐𝑡) is the total number of
correctly received bits, (𝐾𝑡𝑜𝑡𝑎𝑙) is the total number of transmitted bits, and (𝑅) is the bit
rate. In 6G, the throughput is expected to hit the target of Tbps.

𝑇ℎ𝑟 =
𝐾𝑐𝑜𝑟𝑟𝑒𝑐𝑡

𝐾𝑡𝑜𝑡𝑎𝑙
× 𝑅 (3.37)

3.5 Performance Analysis

In this section, as depicted in Figure 3.14 to Figure 3.21, we characterise the error
correction and throughput performance associated with the new channel coding
techniques in Section 3.3. As illustrated in Section 2.3, the performance measures
must adhere to the requirements of the new wireless generation 6G. The performance
evaluation process considers different sets of code lengths, modulation index for a
specified number of PD-NOMA users and different numbers of communication cells as
illustrated in Table 3.1.

Table 3.1: Performance evaluation parameters
Parameter Name Parameter Symbol Value
Number of users 𝑀 10 × 106

Number of cells 𝑁𝑐 500
Number of BS 𝐵𝑆 1

Message length 𝑘 1
528

Shift registers 𝐷 3
Code length 𝑁 2048

4096
8192

Modulation approach BPSK 2
QAM 16

64
256

Data length 𝐿 1(𝑇𝑒𝑟𝑎)
Frequency 𝐹 300 𝐺𝐻𝑧
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As an initial stage, validating the performance of PCSC and PCPC in accordance
with error correction capability BER and data throughput is shown in Figure 3.14 and
Figure 3.15. First, the PD-NOMA architecture deployed without any channel coding
is analysed to evaluate the efficiency of the suggested concatenated structure within
the context of 6G data rate transmission. At the same time, performance evaluation
for the same PD-NOMA architecture is compared with Polar Code (PC) as the channel
coding approach utilised in 5G with the maximum channel capacity-achieving code.
This comparison is made to determine whether the PCSC and PCPC techniques are
superior. It is well-established that channel coding is essential for data transmission in
any communication system.

Figure 3.14: BER Performance Comparison, 𝑁 = 1024

Figure 3.14 compares the BER performance of the PCSC and PCPC with PC for BPSK
and QAM, employing 𝑁 = 1024, 𝑘 = 528 for polar code, and 𝑁 = 3, 𝑘 = 1, 𝐷 = 3 for
convolutional code for both BPSK and QAM, as these parameters are the test-line which
is deployed in the current wireless generation 5G. Looking into the results, it can be
noticed that the performance of all the tested channel coding techniques outperformed
the uncoded transmission system. This is due to the error that can affect the reliability
of the transmission, resulting in a very high error range. The channel coding gain can
reach 6.5dB achievement between PCSC and the uncoded system transmission and
approximately 5dB for PCPC. Additionally, a channel coding gain of approximately
1.4dB with an error rate of 10−3 is achieved while deploying PCSC compared to PC
using BPSK modulation. While this indicates a better error correction behaviour for
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PCSC, the performance of error correction for PCPC is convergent to PC performance.
As real-time communication scenarios are working under higher modulation levels, the
proposed coding techniques must be tested and validated to serve the same concept.
As an initial testing step, PCSC and PCPC are tested with 4 QAM modulation; for the
same error rate of 10−3 the channel coding gain achieved is 0.75dB for PCSC. In the
case of PCPC, when the error rate is moderate from 10−1 to 10−2, the channel coding
gain ranges from 2dB to 1dB. On the other hand, both PC and PCPC have the same
performance only at 10−3 error rate.

Figure 3.15: Throughput Performance Comparison, 𝑁 = 1024

In order to have a full understanding of the behaviour of the developed channel
coding, throughput data transmission is considered in terms of bit per second. The
target of 6G is to reach the terahertz data rate throughput. As shown in Figure 3.15,
PCSC with BPSK modulation shows very promising results in which it outperforms the
5G coding technique PC and PCPC, at the initial testing stages PCSC achieves 100 Gbps
difference against its superiors. As the validation process continues to achieve higher
data rates with BPSK, the performance of PCSC with QAM outperforms PC by 200 Gbps
for PCSC and 150 Gbps data rate achievement for PCPC. As these promising results are
achieved, the need to test PCSC and PCPC for higher codeword length is encouraging.

As the new generation 6G is expected to work with real-time IoT and VR applications,
the communication system will require higher data processing and modulation rate
starting from 16 QAM to 256 QAM for information exchange between the transmitter
and receiver through the communication channel.
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Figure 3.16: BER Performance Comparison for 16 QAM

Figure 3.16 shows the results of PCSC and PCPC with different codeword length
(𝑁 = 2048, 4096, 8192) with 16 QAM modulation. Starting from 10−1 error rate and
𝑁 = 2024, the channel coding gain when compared to PC reaches 0.75dB. As the
codeword length goes up to𝑁 = 4096, the channel coding gain shows better performance
and reaches 1dB. This performance reaches a 1.5dB channel gain when the codeword
length 𝑁 = 8192, PCSC performance with 16 QAM gives a clear indication for the
achievement upon PC that has a limited codeword length in 5G. On the other hand,
the performance of PCPC with 16 QAM matches the performance of PC with a small
amount of channel coding gain enhancement does not go higher than 0.25dB, where the
difference between PCSC and PCPC is not more than 0.75dB as shown in the zoomed
part of Figure 3.16. This gives us an indication that there is a possibility to enhance
the performance of PCPC by developing the encoding part or decoding part as will be
described in Chapter 4.

The throughput performance as in Figure 3.17 achieves a higher data rate by 100
Gbps at 8 SNR, it can be noticed that the performance of PCSC where 𝑁 = 8192 shows it
is best performance against PC with 400 Gbps data rate at 5 SNR. As noticed again the
performance of PCPC matches the performance of PC for some values of SNR 1, 2, 6,and
7, while for the other values of SNR the performance of PCPC achieves less throughput
than PC. However, at the highest value of SNR, which equals 8, the minimum data rate
achieved using PCPC with the lowest value of 𝑁 = 2048 is 700 Gbps, which motivates
this study to further improve this channel coding technique.
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Figure 3.17: Throughput Performance Comparison for 16 QAM

This performance highlights the superiority of PCSC over PC and PCPC in regards
to 6G KPIs, and the wide range of the future applications hightailed in Chapter 2
that requires high data rate with lower error rate. As QAM is a digital modulation
technique commonly employed in communication systems to send digital information
across analogue channels. Increased modulation levels in QAM involve utilising larger
constellation sizes, with each symbol representing a greater amount of information.
For example, a 16 QAM utilises a constellation consisting of 16 distinct points, each
symbolising a specific combination of amplitude and phase. As 5G networks frequently
employ advanced QAM techniques like 64 QAM or 256 QAM, which are more complex
than those used in previous generations. Utilising higher-order QAM to validate the
superiority of PCSC and PCPC is mandatory.

Figure 3.18 depicts PCSC and PCPC BER performance for a higher level of modulation
with 64 QAM. As the modulation level goes higher, the performance of PCSC conveys
better performance than PC. This performance ranges from 2.5dB to 1.5dB channel
coding gain, having compared PCSC with PC used in 5G, PCSC achieves 2.5dB channel
coding gain at 10−1 error rate and 1.5dB gain at 10−3 error rate; this performance can
be noticed for the higher level of code word length 𝑁 = 8192. Having said that, it is
important to highlight the advantageous performance that PCSC shows over PC even
with a lower codeword length. For 𝑁 = 4096 PCSC attains 2dB and 1.25dB channel
coding gain for 10−1 and 10−2 respectively. Using lower level of code word length for
PCSC with 𝑁 = 2048 outperform PC with 𝑁 = 8192, PCSC achieves 1.65dB coding



CHAPTER 3. CHANNEL CODING 93

gain for 10−1, 1dB and 0.75dB for 10−2 and 10−3 respectively. This behaviour gives an
indication of how powerful PCSC is in breaking the limitations that previous wireless
generations might put on 6G expectations.

Figure 3.18: BER Performance Comparison for 64 QAM

Unfortunately, PCPC shows different behaviour than PCSC, firstly the performance
of PCPC for the different levels of 𝑁 is identical to each other. The second thing to
notice is that PCPC performance is inferior to PC by 0.5dB; we believe that this is due
to the time-consuming decoding algorithm which is commonly used for this type of
concatenated codes as depicted in Section 3.3.5.

The performance evaluation in Figure 3.19 for PCSC and PCPC in terms of throughput
is not different from the BER performance discussed earlier. As the modulation index
goes higher, the performance of PCSC shows remarkable behaviour with a 740 Gbps
data rate compared to 375 Gbps for 16 QAM. As the new coding technique is suggested
as a promising channel coding to be operated with the new wireless generation 6G, it
must be validated against 5G channel coding PC. PCSC succeed to achieve Tbps data
rate throughput with the low value of SNR equals to 3, where PC manage to deliver only
600 Gbps data rate. PCSC preserves its stable performance as SNR goes higher even
with the lowest value of code word length 𝑁 = 2048. On the other hand, PC failed to
match PCSC performance in achieving Tbps data rate transmission, where the data rate
gradually increases; however, it does not correspond to the high-demand communication
service and applications for 6G. PCPC BER performance is reflected in the data rate
efficiency; it can be noticed that the amount of successively received data through system
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transmission ranges from 400-800 Gbps. As these data rate efficacy sounds promising,
however, in the context of 6G it is still under the required performance.

In order to have a practical point of view for the operation system using PCSC and
PCPC, the performance must be addressed for higher modulation level where 256 QAM
is used. In 5G PC moderate between 64 to 256 QAM depends on the channel conditions,
thus PCSC and PCPC effectiveness must be verified with 256 QAM as well.

Figure 3.19: Throughput Performance Comparison for 64 QAM

Figure 3.20 and Figure 3.21 shows the performance of PCSC and PCPC BER and
throughput respectively. As a start, let us consider the behaviour of PCSC with the range
of code word length 𝑁 = (8192, 4096, and 2048). Comparing PC with PCSC for different
error rates 10−1, 10−2, and 10−3, PCSC achieves 2.75dB, 2dB, and 1.75dB respectively.
Moreover, the performance of PCPC is observed as well; there is not much noticeable
achievement; in fact, PC performs better than PCPC under the same testing conditions.

As mentioned earlier, the error rate performance is reflected in the data rate achieved
from Figure 3.21, 800 Gbps is accomplished at the start of the transmission process
where the Tbps data rate is achieved at 2 SNR with a stable performance during the full
transmission process. However, as expected from the BER observation, the efficiency
of PCPC is not promising to be conducted at its stage for 6G communication system.
It is noticed that PCPC conducts better performance than PC at some stages of the
transmission, nonetheless fails to deliver Tbps throughput and PC might have better
performance at some stages. The varying efficiency gives an indication that one of the
stages for conducting PCPC is working as a drawback for the channel coding process,
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in which it must be improved in order to be valid and considered as a channel coding
technique for the 6G communication system.

Figure 3.20: BER Performance Comparison for 256 QAM

Figure 3.21: Throughput Performance Comparison for 256 QAM
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3.6 Discussion
Channel coding is a vital component of communication systems, essential for

guaranteeing reliable as well as efficient data transfer. One of the important reasons
to have powerful and reliable channel coding within the communication system is
the error detection and correction capability to improve the overall reliability of the
communication system. Another important factor is the support for higher data rates
by compensating the errors that might arise in the next wireless generation 6G. These
two important measures allow the communication system to mitigate channel noise
and interference, increase communication range, improve signal quality, ensure data
integrity, and adapt to channel conditions.

In this chapter two novel channel coding techniques namely PCSC and PCPC are
presented to work with 6G communication networks [4]. The substantial achievement
of up to 3dB channel coding gain and Tbps data rate is a promising approach to be
conducted with the new wireless generation 6G. The presented channel coding efficiency
approves its superiority through the different validation processes, with different coding
rates, codeword lengths, and modulation approaches.

The validation process considers 1𝑘𝑚2 area divided into 500 PD-NOMA with
10 × 106 total users, although the network is under high-density level the performance
of PCSC proves it is advantageous efficiency in meeting the 6G KPIs. Moreover, PCSC
demonstrates stable performance with different testing properties, in which it has the
potential to achieve the high demand applications for 6G.
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4

Deep Learning for Channel Decoding

This chapter introduces deep learning polar convolutional parallel concatenated
(DL-PCPC) decoding. Section 4.1 comprehensively explains the decoding process for
PCPC in relation to Chapter 3. Next, in Section 4.2, the methodology and modelling
of DL-PCPC are described. The subsequent Section 4.3 comprehensively describes the
performance indicators that validate the superiority of the novel DL-PCPC approach.
In Section 4.4, the performance evaluation and comparison of DL-PCPC for 6G will be
discussed in relation to the existing state of the art for 5G.

4.1 Decoding of Parallel Concatenated Codes
Over the past few years, there has been a rapid expansion in wireless communication

technology, which has gained substantial interest from a variety of governments
and organisations [384]. The upcoming wireless generation, 6G, is anticipated to
provide support for several networking paradigms, such as heterogeneous networks,
satellite networks, and carrier networks. This support aims to enhance the strength
and dependability of transmissions. Considering that most existing communication
channels include support for Wireless Fidelity (Wi-Fi) and cellular technologies with
certain restrictions, it is essential to incorporate 6G performance indications to enhance
the user experience successfully [385–387].

As discussed in Chapter 3, an essential factor in wireless communication to meet 6G
requirements is an error-free transmission with minimum delay and minimum energy
consumption. In Chapter 3, we successfully introduced two different channel coding
techniques that provide higher data reliability and throughput. It is noticed that PCSC
surpasses PCPC in performance for different performance analyses; this is because the
long iterative decoding process for PCPC as it is the main drawback noticed during
the evaluation of this work. Consequently, integrating AI-based methods with new
developed techniques is of the utmost importance in terms of their ability to enhance
6G techniques to achieve 6G KPIs.
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Figure 4.1: Successive Cancellation Decoding (SCD) for PCPC
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Deep Learning (DL) is introduced as a subset of ML, which has recently become
known as a robust set of methods that can produce impressive results in many research
areas. DL is based on the architecture of neural networks and employs multiple layers
(“deep”) of artificial neurons [184, 388–392].

Deep learning techniques have recently been used to create channel coders and
decoders, resulting in outstanding performance across different communication channels.
Research has demonstrated that employing feed-forward deep learning can yield to
better results compared to channels that use standard techniques spacially for high-
interference communication channels [65, 393–397]. Nevertheless, prior studies have
demonstrated that the existing wireless generations are unable to deliver the sufficient
bandwidth capacity that is anticipated from 6G. However, researchers have specifically
concentrated on utilising deep learning techniques for channel coding in earlier wireless
generations. The polar code, which is known for its superior performance in the context
of deep learning, has been extensively studied [398–402].

As detailed in Section 3.3.5, the decoding process for PCPC is based on SISO segment
principle and can be summarised in Figure 4.1, in which this decoding process known
as Successive Cancellation Decoding (SCD). In Section 3.5, the performance analysis
shows that PCSC outperforms PCPC, after extensive research to differentiate the main
reason for the contrast in the results between PCSC and PCPC; and a step by step
analysis for the proposed system, we conclude that the decoding process for the parallel
concatenation is the distinguishing factor between the two distinctive channel coding
presented here.

4.2 Deep Learning PCPC Decoding

In this section, the newly established DL decoding method network model, as well
as the training process and the requirements, are discussed. According to the newly
developed deep learning method, the coded data blocks are processed as a single block
for the total number of network neurons. This approach allows the decoding process to
perform a greater number of bps than its iterative counterpart.

4.2.1 Deep Network Decoding Design Architecture

The decoding process maps the received (coded) data, which is (𝑟𝑑) in Algorithm 1,
to an original message estimation using the decode function (𝐹 : 𝑐 → 𝑚̂). The received
signal passes through a series of transposed convolutional layers and Rectified Linear
Unit (ReLU) activation function. The decoding function is designed to minimise the
average distribution between the original message and the reconstructed (estimated)
message by introducing a minimum average function 𝐹𝜔𝑙 as defined in Equation 4.1:
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𝑀𝑖𝑛𝑎𝑣𝑔 = arg E𝑝(𝑚𝑙 ,𝑚̂𝑙) [𝑑 (𝑚𝑙 , 𝑚̂𝑙)] (4.1)

The minimum average function parameters are, 𝑑 (𝑚𝑙 , 𝑚̂𝑙)which is the distribution
measurement and the probability distribution for the original and the reconstructed
messages 𝑝 (𝑚𝑙 , 𝑚̂𝑙). In the training process, the decoder will update the minimum
average function iteratively and use the received coded signal. The decoding function
will perform multiple iterations; each iteration will use the total codeword length into
the DL network block parametrised by the weights 𝜔𝑙 , where the network function has
132 weighted neurons. The weighted inputs (output sequent) 𝑞𝑙 = 𝑐.𝜔𝑙 are added with
a bias 𝑏 where at the final stage, the result is filtered with a ReLU as in Equation 4.2.

Re𝐿𝑈(𝑞𝑙) = max{0, 𝑞𝑙} (4.2)

As shown in Figure 4.2, the first decoder function 𝐹𝜔𝑙 takes the codeword 𝑐1, a
demultiplexed version of the codeword 𝑐2, and a prior version of the predicted original
message 𝑚̂; the first iteration initial value of the original message is set to 0. The first
decoder output is the sequent 𝑞1, which will be the input for the second decoder block.
The last iteration output from the decoder stage will feed into the ReLU function to
predict the final message.

The Rectified Linear Unit (ReLU) or rectifier activation function adds nonlinearity to a
DL model and resolves the problem of disappearing gradients. The function interprets
the positive component of its input.
The activation function is highly favoured in the field of deep learning. Within artificial
neural networks, the activation function of a node determines the output of that node
based on a specific input or combination of inputs. ReLU is the predominant activation
function employed in DL models. The function returns 0 for any negative input; for any
positive number 𝑥, it returns 𝑥.

4.2.2 Data Generation and Network Specification

The deep network model is tested and validated to extract the data stream features
with a 200,000 binary stream codeword dataset for PCPC decoding. Each code word 𝑐 is
processed by decoding blocks 𝐹𝜔 with the parameters 𝑐1, 𝑐2 and 𝑚̂. In other words, we
decode 𝑐 for a known coding scheme with the abovementioned initial parameters.

Each block represents one of the predictions in the prediction stream. The average
value for each prediction is calculated as in Equation 4.1, and the one with the minimum
average distribution is the most accurate prediction.
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Figure 4.2: Deep Learning Decoding Function

4.2.3 Data Preparation and System Validation

After code word generation is completed, the generated dataset is split into three
parts, 20% for validation data, 20% for test data, and 60% as network training data. The
decoding data is tested with the 6G terahertz frequency range. The training procedure
optimises the weight of the trainable network parameters using back-propagation, and
the optimisation technique used is the Nesterov accelerated adaptive moment estimation
(Nadam) algorithm [403]. The Nadam algorithm quickens the learning process by
combining mini-batch gradient descent with Nesterov momentum [404]. To correspond
to our activation function, the weights of the hidden layers are initialised using the lecun
normal initialiser [405].

Moreover, we employ Binary Cross Entropy Loss (BCE) as our loss function [406]. BCE
is a loss function employed in ML and DL to quantify the discrepancy between projected
binary outcomes and actual binary labels. It measures the dissimilarity between
probability distributions, which helps in training models by penalising erroneous
predictions. It is commonly employed in tasks such as binary classification, which
involves categorising data into two types. BCE evaluates the expected probabilities by
comparing them to the actual class output, which can only be either 0 or 1. Subsequently,
it computes a score that imposes penalties on the probabilities depending on their
deviation from the anticipated value. That refers to the proximity or distance from the
true value.

BCE = − 1
𝑁

𝑁∑
𝑖=1

[
𝑦𝑖 log(𝑝𝑖) + (1 − 𝑦𝑖) log(1 − 𝑝𝑖)

]
(4.3)

where, 𝑁 is the number of data samples (observations), 𝑦𝑖 is the actual binary label
(the true class) for the 𝑖-th observation (0 or 1).
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4.2.4 Training Process

The training parameters are configured to operate for a number of epochs, during
which the training dataset is randomly shuffled and fed into the model at each epoch. If
the minimum average function does not change for a period of at least 25 consecutive
epochs, then the training process will be considered complete. The maximum iteration
value is similar to the iteration limit that we previously set for the decoding method used
in Section 3.3.5. The DL-PCPC network, consists of six layers to form a fully connected
Convolutional Neural Networks (CNN). The first five layers are convolutional, fully
connected function layers with activation layer. The last layer utilises ReLU as a final
activation function and batch normalisation layer, which enhances the system’s overall
performance and lowers the number of internal multivariable shifts.
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Figure 4.3: DL-PCPC Design Architecture

Figure 4.3 illustrates the DL-PCPC network, where the codeword data is sent through
a demultiplexer and then fed into the iterative blocks of the deep learning network,
which is shown in Figure 4.2. The output from the deep network will be multiplexed
before the final estimation of the original data is determined based on Equation 4.1.
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4.3 Performance Indicators

This section illustrates the performance metrics that we utilised to evaluate the
differences between the performance of DL-PCPC and SCD.

4.3.1 Minimum Decoding Error

Minimum Decoding Error is commonly known as a criterion utilised in decoding
algorithms, particularly in error-correcting codes or the decoding of encoded communi-
cations. Error-correcting codes are employed to identify and rectify problems that may
arise during the transmission or storage of data.

Decoding algorithms aim to determine the most probable original message or signal
based on the received input, which may be distorted. The "Minimum Decoding Error"
criterion seeks to decrease the probability of decoding mistakes, guaranteeing that the
decoded message closely approximates the original message. The minimum decoding
error is calculated for each iteration, where the decoding error is the difference between
the original data and received decoded data using the maximum likelihood [407] as in
Equation 4.4.

𝑚̂ = arg max
𝑚

𝐿 (𝑚 |𝑟 ) (4.4)

4.3.2 Data Rate of Correct Data

The speed at which accurate or mistake-free data is sent via a communication link
is known as the data rate of correct data. It measures how quickly and error-free
accurate data is delivered. In practice, the transfer rate of correct data is controlled by
the communication channel’s capacity, the dependability of the transmission medium,
the effectiveness of error detection and correction systems, and the quality of the
encoding/decoding scheme utilised.

For example, in a digital communication system, if a specific channel has a data
rate of 1 Mbps and 99% of the data transmitted over this channel is error-free, the data
rate of correct data would be 0.99 Mbps, indicating that 99% of the transmitted data is
successfully received without errors. The data rate of correct data is an important metric
in assessing the performance and reliability of communication channels, especially in
applications where data integrity is critical, such as telecommunications, networking,
and data storage.
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4.3.3 Energy Efficiency

The energy efficiency of data transmission in high-speed data transmission systems
is measured in Terabit per Joule (Tb/J), particularly in the context of communication
networks; it represents the amount of data (terabits) that can be transmitted or processed
per unit energy (joule) consumed.

The calculation of Tb/J involves dividing the total amount of data transmitted or
processed measured in terabits by the total energy consumed measured in joules as in
Equation 4.5 [408].

𝑇𝑏/𝐽 =
𝑇𝑜𝑡𝑎𝑙 𝑑𝑎𝑡𝑎 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑡𝑡𝑒𝑑 𝑜𝑟 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑 (𝑇𝑏)

𝑇𝑜𝑡𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑 (𝐽) (4.5)

Systems with higher Tb/J values are considered more energy-efficient because they
can transmit or process more data per unit of energy consumed, leading to lower energy
costs and reduced environmental impact.

4.3.4 Delay

An important metric in communication is the time required to transmit the entire
message or data packet from the sender to the receiver, known as delay. This time
includes the time consumed in the decoding process known as the processing delay
which is the time it takes to process the entire packet (error check and decoding). In
order to prove the superiority of DL-PCPC over SCD without increasing the delay, we
calculated the time required by the two decoding algorithms for each iteration for the
25 iterations to decode the received data as shown in Section 4.4.

4.4 Performance Analysis

In this section, as depicted in Figure 4.4 to Figure 4.9, we characterise the minimum
decoding error, data rate, energy efficiency, and delay in relation to DL-PCPC and
SCD. In order to have a clear view of the performance evaluation of DL-PCPC, the test
parameters are implemented in relation to the decoding process parameters used in
Section 3.5, which is illustrated in Table 4.1 for 300 and 400 GHz.

Table 4.1: DL-PCPC Performance evaluation parameters
Parameter Name Parameter Symbol Value
Number of users 𝑀 10 × 106

Message length 𝑘 528
Code length 𝑁 8192

Modulation approach QAM 256
Data length 𝐿 1(𝑇𝑒𝑟𝑎)
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Figure 4.4: Minimum Decoding Error for DL-PCPC

Figure 4.4 and Figure 4.5 shows the performance of DL-PCPC and SCD measuring
the minimum decoding error achieved at each iteration. At the simulation’s beginning,
the recorded decoding error value shows a high error value of 0.35Tbps.

Figure 4.5: Performance of SCD Decoding Error

DL-PCPC in Figure 4.4, shows similar behaviour under the tested frequencies, where
the decoding error value starts to drop at iteration six to reach the minimum value
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of 0.01Tbps at iteration number ten. With negligible variations in the performance,
the stability of the deep learning network starts at iteration number 14, where the
minimum decoding error reaches zero value. On the other hand, looking at Figure 4.5
the performance of SCD shows higher decoding error values for both tested frequencies.
The minimum decoding error that SCD can achieve is 0.28Tbps at iteration number 15.
When the maximum iteration is reached, the minimum decoding error is 0.31Tbps with
operation frequency 400GHz, while at the operation frequency 300GHz, the minimum
decoding error doesn’t go lower than 0.3Tbps.

Figure 4.6: DL-PCPC Data Rate of Correct Data

The second important metric is the data rate, as it is a measure of how much data
can be transferred over a period of time, which is shown in Figure 4.6, the results are
shown for an operating frequency of 400GHz in which at the test time the results of 300
and 400 GHz were identical. The performance results of DL-PCPC show a 95% data
rate on the fifth iteration, and as the number of iterations goes higher, a 99% data rate is
achieved. Comparing DL-PCPC with SCD in Figure 4.7 shows an overall more than
70% improvement in data rate, which means faster data transmission, which is essential
for tasks such as video streaming, VR, XR, VLC and much other application that 6G
should support. As discussed in Section 2.3.1 6G is anticipated to enhance the data rate
by 10 to 100 times, DL-PCPC proves its superiority to support 1Tbps transmission.

In regards to the performance indicator stated in Section 4.3.3, the EE of DL-PCPC
and SCD are shown in Figure 4.8. DL-PCPC manage to reach a 99.948% EE, which
means the ability to process higher data rates and reach the 6G rate of Tbps with lower
energy consumption.
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Figure 4.7: SCD Data Rate of Correct Data

Figure 4.8: Performance of DL-PCPC Energy Efficiency
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DL-PCPC at both frequencies outperform SCD by 40%, we can start to notice this
behaviour at iteration six after DL-PCPC gradually shows a higher level of EE, where
DL-PCPC shows stable performance of 99.9% EE, while the performance of SCD starts
to drop gradually with unstable behaviour at some points.

In general SCD fails to show an EE level higher than 60% for the full transmission
period. Overall, DL-PCPC shows approximately 60% improvement in EE than the
traditional method when decoding parallel concatenated codes which makes DL-PCPC
an energy-efficient channel decoding approach for 6G, which is meant to lower the
energy consumption by at least three times, as discussed in Section 2.3.

Figure 4.9: System Delay for DL-PCPC and SCD

System delay is a significant performance indicator for validating deep learning
design efficiency. Figure 4.9 shows the massive difference in system delay using DL-
PCPC compared with SCD. The new deep learning design managed to minimise the
system delay to 0.003𝜇s for the overall decoding process at the last iteration. On the
opposite of that, SCD, where the delay goes no under 1.45𝜇s for the full decoding time
in each iteration. This improvement can be stated as a nearly 100% improvement in the
consumed time for the decoding process.
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4.5 Discussion
In this chapter, we have developed and suggested a novel channel decoding method

for 6G communication, building upon our prior concatenated channel coding approach
in Chapter 3.

The effectiveness of DL-PCPC decoding technique, which integrates deep learning
into the decoding process, has been demonstrated in the frequency range of the 6G
communication system while achieving THz data rates [3]. DL-PCPC achieves maximum
EE of 100%, surpassing the commonly employed iterative decoding techniques. The
performance indicators demonstrate that DL-PCPC can achieve error-free channel
decoding and a system accuracy of 99.8%. The system architecture ensures the highest
achievable data rate while minimising the workload and requiring only 14 iterations to
achieve that.

Furthermore, the system delay remains at a low level compared to the often employed
iterative decoding SCD. Moreover, system delay maintains to remain at a deficient level
compared with frequently used iterative decoding.

Nevertheless, the outcomes are anticipated to enhance as the data block’s length rises;
moreover, this can only be verified once it is tried on the system. Additionally, neural-
assisted codes must be taught how to use memory throughout encoding and decoding
to achieve superior performance for extended data block lengths. We provide evidence
showing how deep learning can improve the decoding process for the performed code
word data length, which is expected to deliver the same promising performance for
greater code word lengths.
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5

Adaptive Reconfigurable Intelligent
Surface

This chapter introduces Adaptive RIS (ARIS), which is implemented for THz 6G
communication system to enhance the reliability, coverage, latency, and minimise power
loss. Section 5.1 comprehensively explains the fundamentals of RIS in communication
system. Next, in Section 5.2 the novel ARIS modelling methodology is described. The
subsequent Section 5.3 thoroughly describes the ARIS Decision Making Algorithm
(ARIS-DMA). In Section 5.4, the implementation scenarios used to test ARIS-DMA
in accordance with 6G KPIs are described. Section 5.5 comprehensively clarifies the
performance indicators that validate the superiority of ARIS-DMA. Next, in Section 5.6,
the performance evaluation and comparison of ARIS-DMA for 6G is discussed in relation
to the existing state of the art.

5.1 Reconfigurable Intelligent Surface Fundamentals
RIS, or reconfigurable intelligent surface, is a two-dimensional structure that can

be programmed to have specific electromagnetic properties using metamaterial tech-
nology. Metamaterials are synthetic materials designed with unique structures and
characteristics that enable the exact regulation and manipulation of electromagnetic
waves. In addition, metamaterials typically comprise minuscule structural components
with diameters significantly smaller than the wavelength of electromagnetic waves.
Metamaterials can achieve exact control over electromagnetic wave refraction, reflection,
and transmission by carefully engineering their constituent elements’ geometric configu-
ration, spatial organisation, and material characteristics. As a result, they exhibit unique
characteristics that are not naturally present in materials, such as negative refraction,
perfect lensing effects, and cloaking ability [409].

Metasurface technology has developed alongside the generalised Snell’s law, en-
abling precise customisation of interface phase distributions to regulate electromagnetic
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waves. Metasurfaces can be systematically designed with specific capabilities like
focusing, polarisation conversion, and absorption using the generalised Snell’s law. The
fundamental principles of refraction and reflection, known as Snell’s laws, can be stated
as follows: 

sin (𝜃𝑡) 𝑛𝑡 − sin (𝜃𝑖) 𝑛𝑖 =
( 𝜆

2𝜋
) (

Δ𝜙
Δ𝑥

)
sin (𝜃𝑟) − sin (𝜃𝑖) =

(
𝜆

2𝜋𝑛𝑖

) (
Δ𝜙
Δ𝑥

) (5.1)

where the refractive indices of two signals are denoted as 𝑛𝑖 and 𝑛𝑡 . 𝜃𝑡 , 𝜃𝑟 , and 𝜃𝑖
represent the angle of refraction, the angle of reflection, and the angle of incidence signal.
𝜙 and Δ𝜙 denote the phase-discontinuity points of the two paths at the interface of the
medium in Equation 5.1. The variable Δ𝑥 denotes the distance between the intersecting
points, and𝜆 represents the wavelength of the electromagnetic wave. Equation 5.1 shows
that we can manipulate the design of the reflection and refraction of the electromagnetic
waves on the metasurface by varying the parameter Δ𝜙

Δ𝑥 [410]. In Equation 5.1, 𝑛𝑖 , 𝑛𝑡 , and
𝜆 are constants. In RIS, the value of 𝜃𝑡 and 𝜃𝑟 is controlled to determine the direction of
the reflected and refracted waves by adjusting Δ𝜙

Δ𝑥 .

5.1.1 RIS Structure

RIS is usually built comprising three different layers, as shown in Figure 5.1, to
facilitate the control of the propagation environment.

1. First layer: consists of a two-dimensional array of RIS elements that interact
directly with incident signals.

2. Second layer: is a copper plate that is capable of preventing the signal energy
from escaping.

3. Third layer: is a printed circuit linked to the RIS controller and capable of
controlling the phase shifts of the RIS elements.

RIS, as stated earlier, is a two-dimensional artificial surface made up of numerous
sub-wavelength elements. It can be used to cover various surfaces such as walls,
ceilings, buildings, and even traffic tools. The RIS can control and program the pa-
rameters of the electromagnetic waves that come into contact with it. Thus, it can
be inferred that the key characteristics of RIS are reconfigurability, programmability,
and discretisation, with reconfigurability being the dominant feature. Initially, RIS
is considered as a 1-bit digital coding meta-surface. RIS consists of 𝑀 × 𝑁 elements,
where each element is encoded as either ’0’ or ’1’ with a phase difference of 𝜋. It is pos-
sible to control the states of elements in real time by using tunable devices such as diodes.
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Figure 5.1: Components of an RIS

RIS comprises multiple passive reflective elements that can reflect the signal to the
user. These RIS elements are made up of Positive Intrinsic Negative (PIN) diode, which
have ON and OFF states that can control the direction of the incidence signal. The
ON and OFF states are controlled by changing the biasing voltage through a small gap
(hole), resulting in a different ElectroMagnatic (EM) field for the outgoing signal in the
direction of the desired user; this in fact is affected by how permeable (𝜇) and permissive
(𝜀) the RIS elements are.

Figure 5.2: RIS Working Principle

Applying Snell’s law of signal reflection emphasises that whenever a wave packet
reaches an interface, it bounces back in the same direction it originated. The distinctive
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features of RIS are due to its design characteristics. In the normal state without using
RIS, the angle between the unit vector that hits any surface and the unit vector that
bounces back in the same direction as the impact vector stays the same for both incoming
and outgoing beams, as shown in Figure 5.2a. So that 𝜃𝑖 = 𝜃𝑟 , where 𝑖 and 𝑟 stand for
the incoming and outgoing signal phase shift, respectively. In contrast, applying Snell’s
law to the RIS will reflect the incident signal in the desired direction for the user, thus
resulting in different incoming and outgoing beams, which means 𝜃𝑖 ≠ 𝜃𝑟 , as shown in
Figure 5.2b.

5.1.2 RIS types and Functionality

Dividing RIS into many categories enables a more accurate and efficient selection
process that can be customised to meet different communication needs and situations.
Categorisation facilitates tailored applications to optimise system performance and
achieve a more efficient balance between cost-effectiveness and resource utilisation.

Passive RIS and Active RIS

Passive RIS is composed of EM metamaterials, artificially created materials with
distinct structures and properties to enable the exact regulation and manipulation of EM
waves. They typically comprise minuscule structural components with diameters far
smaller than the wavelength of EM waves. Metamaterials may exert remarkable control
over EM waves refraction, reflection, and transmission by accurately manipulating their
structural units’ shape, arrangement, and material properties.

Passive RIS is more environmentally sustainable than standard communication
relay systems since it uses reflective elements to change the input signal without
power amplifiers. In addition, passive RIS is used just for signal reflection, giving it
the properties of simultaneous two-way communication and transmission across the
whole spectrum. The passive RIS element also consists of a phase-shift circuit that
does not require direct-current power. However, despite offering an extra means of
communication, passive RIS has limited capacity improvements because of the influence
of double fading or multiplicative fading effects [411].

On the other hand, the active RIS incorporates an amplifier circuit that uses more
power [412]. The Active RIS can increase the intensity of the incoming signal for each
reflection component, hence improving the receiver’s SNR. Active RIS has a greater
system power consumption and a more complex hardware structure than passive RIS.
This is because active RIS integrates power amplification components. Although active
RIS has some disadvantages, its potential for application remains optimistic. Researchers
have suggested active RIS [413–416] as a potential way to mitigate the negative impact
of multiplicative fading effects and solve the issue of limited capacity in passive RIS.
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Reflective RIS, Transmissive RIS and STAR-RIS

Three operating modes of RIS: transmissive RIS, reflective RIS, and STAR-RIS, have
been extensively studied to accommodate different wireless communication systems
and applications. This section examines how well RIS works in these three operating
modes and compares and contrasts their advantages and disadvantages [417–420].

The reflective RIS has been subject to the most comprehensive research among the
three options [125, 421–434]. By strategically deploying reflective RIS in an optimal
site, we may create an extra line-of-sight connection that can intelligently reorganise
the electromagnetic surroundings, enhance signal integrity, boost system capacity, and
reduce energy usage. Moreover, implementing the reflective RIS can effectively increase
the disparity in channel quality between authorised users and potential eavesdroppers,
enhancing the system’s overall security performance. Nevertheless, the reflective RIS
is only operational when both the BS and the user are positioned on the same side;
consequently, its working range angle is restricted to 180 degrees.

When the communication link between the BS and the user is obstructed, such as in an
outdoor to indoor communication setting, and high-frequency transmissions encounter
obstructions; relying alone on reflective RIS cannot provide an effective communication
environment. To overcome this restriction, the concept of transmissive RIS has been
introduced and has garnered significant interest [435–448]. In communication scenarios
from outdoor to indoor in the millimetre-wave frequency band, the signal attenuation
via walls is substantial, and the utilisation of reflective RIS is inadequate to redirect
signals around obstacles [449, 450].

(a) Energy Splitting (ES) (b) Mode Switching (MS) (c) Time Switching (TS)

Figure 5.3: Three Practical Protocols for Operating STAR-RIS

In real-life communication, users are commonly positioned on both ends of the
RIS. Relying solely on either reflective RIS or transmissive RIS is inadequate in such
instances. As a result, researchers have proposed the concept of STAR-RIS to overcome
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this constraint [451–467]. STAR-RIS possesses distinctive attributes that provide a
comprehensive 360-degree coverage range, giving it more flexibility than traditional
RIS in modifying the electromagnetic environment. STAR-RIS functions in three
unique modes: Energy Splitting (ES), Time Switching (TS), Mode Switching (MS), as
demonstrated in Figure 5.3.

In the ES mode, all components of STAR-RIS are expected to function simultaneously
in both transmission and reflection modes, providing significant design adaptability with
modifiable coefficients for each component. Nevertheless, the abundance of components
in this arrangement leads to higher expenses. For ES, as shown in Figure 5.3a, all
elements of the STAR-RIS are assumed to operate in the transmission and reflection
mode, where the energy of the signal incident on each element is generally split into
the energies of the transmitted and reflected signals with an energy splitting ratio of
𝛽𝑡𝑚 : 𝛽𝑟𝑚 , where 𝛽𝑡𝑚 , 𝛽

𝑟
𝑚 ∈ [0, 1] and 𝛽𝑡𝑚 + 𝛽𝑟𝑚 = 1. ES RIS technology, although showing

potential in various areas, still exhibits limitations and drawbacks. Here are a few
possible disadvantages:

1. Complexity and Cost: Implementing ES RIS systems can be complex and costly
due to the requirement for multiple energy sources, such as solar panels or power
grids, to supply energy for each component. The system’s complexity can lead to
higher implementation and maintenance expenses, thereby limiting its suitability
for specific applications or settings.

2. Energy Efficiency: Although ES RIS has the ability to adapt its configuration to en-
hance signal propagation, the energy splitting process may generate inefficiencies,
resulting in energy loss. This can diminish the system’s overall EE, particularly in
situations where energy resources are limited or expensive to sustain.

3. Limited Flexibility: ES RIS depends on ES techniques to generate power for
certain components, which could restrict its adaptability in some scenarios. In
dynamic systems characterised by fluctuating or unexpected energy availability,
ES may face challenges in maintaining optimal performance due to limitations on
energy allocation.

4. Reliability and Robustness: Using many energy sources and intricate ES tech-
niques in ES RIS systems can create possible vulnerabilities and diminish their
reliability and resilience. In situations where continuous communication is of
utmost importance, such as emergency response or operations that are crucial to
the mission, these weaknesses may present substantial difficulties.

5. Environmental Effect: The choice of energy sources for ES RIS elements may have
significant environmental implications that need to be considered. For example,
if non-renewable energy sources like fossil fuels or grid electricity are used, the
environmental consequences of ES RIS implementation may be greater when
compared to other options.



CHAPTER 5. ADAPTIVE RECONFIGURABLE INTELLIGENT SURFACE 116

6. Regulations and Standardisation: ES RIS deployment may encounter regulatory
obstacles concerning energy use, spectrum allocation, and compliance with
environmental rules. Overcoming these regulatory obstacles can be a lengthy
process and may restrict the extensive implementation of ES RIS technology in
specific geographical areas or sectors.

Within the MS mode, STAR-RIS is again classified into two distinct modes: transmis-
sion mode and reflection mode. For MS, as shown in Figure 5.3b, all elements of the
STAR-RIS are divided into two groups. Specifically, one group contains 𝑀𝑡 elements
that operate in the transmission mode, while the other group contains 𝑀𝑟 elements
operating in the reflection mode, where 𝑀𝑡 + 𝑀𝑟 = 𝑀. The MS mode is a fusion of
standard RISs that only carry out reflection or transmission. This mode achieves its
functionality by optimising the selection of modes and phase shift coefficients for both
transmission and reflection on an element-wise basis. Nevertheless, the MS mode only
employs a limited number of elements for transmission and reflection, preventing it
from attaining the same gain level as the ES mode.

The MS RIS technology has notable benefits in wireless communication systems but
has several downsides and restrictions. Here are a few possible drawbacks:

1. Switching Time and Latency: MS RIS effectively adjusts to varying communication
conditions by using mode switching or configuration changes. Nevertheless,
transitioning between modes might cause latency, resulting in delays in data
transfer. Delays in time-sensitive applications, such as real-time communication
or high-frequency trading, can negatively impact performance.

2. Complexity and Overhead: Integrating MS RIS systems can introduce complexity
and overhead to communication networks. The requirement for advanced control
algorithms and coordination methods to handle mode switching raises the system’s
complexity and computing overhead. This complexity can affect the system’s
ability to handle an increased workload and efficiently use resources, especially
when the technology is deployed on a broad scale.

3. Limited Spatial Resolution: MS RIS functions by regulating the phase and
amplitude of reflected signals to modify the way signals propagate through the
environment. However, MS and RIS elements may not be able to resolve very well
in terms of space, especially when there are a lot of multipath environments or
complicated propagation channels. This constraint can impact the precision and
efficiency of beamforming and signal handling.

4. Sensitivity to Channel Variability: Changes in the communication channel, such
as signal weakening, fading, and interference, can affect MS and RIS performance.
Variations in channel conditions can influence the effectiveness of MS decisions
and reduce the system’s overall performance. Adapting MS and RIS to dynamic
and unpredictable channel environments might present considerable difficulties.
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5. Energy Consumption: Although MS and RIS have the potential to increase
EE through signal propagation optimisation, the gains made might outweigh
the higher energy required for mode switching and control operations. The
continuous transition between modes and the fine-tuning of parameters requires
energy, especially in active MS and RIS setups. Ensuring the sustainability of MS
and RIS systems requires a careful balance between energy usage and performance
optimisation.

6. Deployment and Integration Challenges: Implementation and integration prob-
lems may arise when implementing MS and RIS in real-world settings because
of issues with integrating them into existing infrastructure, ensuring compliance
with regulations, and managing the logistics of implementation. Managing MS
and RIS deployment across several nodes or locations while ensuring compati-
bility with legacy systems and regulatory requirements may be a complex and
time-consuming task.

7. Cost: Implementing and deploying MS and RIS technology may require substantial
initial expenses, such as acquiring hardware, installing it, and maintaining it.
Furthermore, continuous operational costs such as power usage, system monitoring,
and optimisation may add to the total cost of ownership.

Unlike the MS and ES modes, the TS mode entails the cyclic transition of all elements
between transmission and reflection modes. Different from ES and MS, the TS STAR-RIS
exploits the time domain and periodically switches all elements between the transmission
mode and the reflection mode in different orthogonal time slots, where the transmission
and reflection period must follow Λ𝑡 +Λ𝑟 = 1, as in Figure 5.3c. This method streamlines
modifying coefficients using temporal intervals to determine reflection and transmission
coefficients. However, frequent switching between modes requires expensive and high
specifications hardware capable of perfect time synchronisation. The TS RIS technology
brings new and innovative features to wireless communication systems but also has
certain limitations and drawbacks. Here are a few possible disadvantages:

1. Complexity and Implementation Challenges: Implementing TS RIS systems
can be complex because accurate synchronisation and coordination of time-
switching activities across numerous surface elements are required. The level of
complexity rises as the deployment size and the number of components increases,
presenting difficulties in system architecture, synchronisation protocols, and
hardware integration.

2. Limited Adaptability: TS RIS uses TS methods to dynamically modify the phase
and amplitude of reflected signals. Nevertheless, TS RIS versatility might be
constrained compared to alternative reconfigurable surfaces like phase-shifting or
hybrid surfaces. TS procedures can be limited in adapting to changing communi-
cation conditions due to fixed or predefined setups.
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3. Sensitivity to Time Variability: Time variations, such as signal propagation
delays, synchronisation faults, and fluctuations in communication channels, can
affect TS RIS systems’ performance. Time variability can negatively impact the
precision and efficiency of TS processes, resulting in inefficient signal processing
and decreased system performance.

4. Time Resolution: TS RIS functions by utilising TS schedules to regulate the charac-
teristics of signal reflection across time. Nevertheless, the ability to switch between
different time intervals in TS activities may be restricted due to limitations in
hardware capabilities, the accuracy of synchronisation, and the delay in processing.
A sufficient time resolution can impact the level of control and the capacity to
adjust to rapidly changing communication settings.

5. Energy Consumption: While TS RIS has the potential to optimise signal propaga-
tion and improve EE, TS operations may consume additional energy resources.
Continuous switching between different time slots or configurations and associated
control and synchronisation overhead can increase overall energy consumption.
Balancing EE with performance optimisation is crucial for sustainable TS RIS
deployment.

5.2 System Modelling Methodology

Instead of relying on the standard STAR-RIS feature to split the system resources
between the reflected and transmitted signal, in this thesis we implemented a novel
decision-making algorithm that optimises the signal power to redirect the signal towards
their intended user. The merging of ARIS Decision Making Algorithm (ARIS-DMA) in
the wireless network system to target users in zero coverage spots, remarkably increasing
area coverage and density. On the other hand, using STAR-RIS will not increase network
coverage or density because zero coverage spots will remain without coverage, as will
be validated.

5.2.1 Adaptive Reconfigurable Intelligent Surface Decision Making
Algorithm (ARIS-DMA) Mutual Design Parameters

Figure 5.4 shows an illustration of the collaborative transmission system similar to
that used in this thesis with the aid of the ARIS Decision Making Algorithm (ARIS-DMA).
In this network, we consider an ARIS-DMA-aided downlink communication system
operating over a THz frequency, where the 𝑝𝑡ℎ antenna of BS1 communicates with
multiple single-antenna users with the aid of an ARIS-DMA that consists of 𝑀 elements.
In this thesis, we assume that obstacles block the direct links between the BS and the
users, as this is the most challenging scenario in conventional communication systems.
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To ensure simplicity of presentation and reveal the fundamental design properties,
in accordance with the network shown in Figure 5.4, first we demonstrate the network
system that considers four blocked users UE𝑛 , one BS, and one ARIS-DMA located on
top of building number one B1, all users are blocked from the BS by obstacles.

Figure 5.4: Illustration of an ARIS-DMA Aided Downlink Communication System

In Figure 5.4 LOS –> line of sight, RLOS –> redirected line of sight, NLOS –> no line of
sight

As a start, we perform an initial test to check the signal redirection in means of
transmission and reflection with full power for different angles, indicating different
users’ locations using MATLAB2024b. As demonstrated in Figure 5.5, where the signal
transmission has full signal power with a full beam directed towards the user in the
transmission area with different angles and different user locations. Instead of relying
on the STAR-RIS feature that splits the system resources between the reflected and
transmitted signal, the implemented novel ARIS-DMA directs the signal power in one
way towards the intended user. This process allows ARIS-DMA to target users in zero
coverage spots, remarkably increasing area coverage and density. On the other hand,
using STAR-RIS will not increase network coverage or density because zero coverage
spots will remain without coverage as will be seen in Section 5.6.
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The new signal redirection, as shown in Figure 5.5, keeps the signal power focused in
one direction towards the intended user and does not split the system resources between
the transmitted and reflected signal as in the case of STAR-RIS. In order to focus on
the maximum performance improvement offered by ARIS-DMA, it is anticipated that
the BS will have access to the instantaneous and statistical channel state information
CSI𝑖𝑛𝑡𝑠,𝑠𝑡𝑎𝑡 for all channels.

Figure 5.5: Redirecting User Signal with Focused Beamforming

The next step is to optimise the ARIS-DMA, which is designed and controlled by an
ARIS-DMA controller to transmit or reflect the incident signals simultaneously based
on user location in the network system.

The network in Figure 5.4 shows that the ARIS-DMA is located on top of 𝐵1, and
it is designed with 𝑀 patches, each of which has a 100𝑐𝑚2 patch size, with 0.01𝑚𝑚
of air space between them. Additionally, the mutual ARIS-DMA design parameters
which are fixed through the testing process are: the ARIS-DMA element response,
|Γ𝑚 | = 0.9; signal power, 𝑃𝑠 = 45dBm; wavelength, 𝜆 = 0.001m; ARIS-DMA antenna
gain, 𝐺𝐴𝑅𝐼𝑆 = 1; and power radiation parameters, 𝜀𝑟 = 𝜀𝑡 = 0.99.

All the parameters that are not defined inside the text are identified in Table 5.1, which
illustrates the mutual design parameters.
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Table 5.1: Mutual model design parameters
Parameter Definition
𝑀=15 Number of ARIS elements
𝑙𝑀 10𝑐𝑚

𝑁𝜃
Number of phase shifts, where 𝑁𝜃 =

{0, . . . , 2𝑛𝜋/𝑁𝜃 , . . . , 2(𝑁𝜃 − 1)𝜋/𝑁𝜃}, 1 ≤ 𝑛 ≤ 𝑁𝜃 − 1
𝑈𝑛
𝐴𝐺

User antenna gain
𝑆 Power density
𝑍𝑎𝑖𝑟 Air impedance
𝐸𝑟 Electric field
𝐴𝑒 Effective aperture

𝐴𝐴𝑅𝐼𝑆 ARIS-DMA effective aperture
𝑃𝑠 Signal power
𝑙𝑈
𝐴𝑅𝐼𝑆

Distance between ARIS-DMA and user
𝑙𝐵𝑆
𝐴𝑅𝐼𝑆

Distance between ARIS-DMA and BS
𝑁𝑃𝐵𝑆 BS normalised power radiation
𝑁𝑃𝑈 User normalised power radiation

𝑁𝑃𝐴𝑅𝐼𝑆,𝐵𝑆 ARIS-DMA normalised power radiation from BS
𝑁𝑃𝐴𝑅𝐼𝑆,𝑈 ARIS-DMA normalised power radiation to the user
𝐴𝑟,𝑡 Signal amplitude response

𝐶𝑆𝐼𝑖𝑛𝑠𝑡 Instantaneous channel state information
𝐶𝑆𝐼𝑠𝑡𝑎𝑡 Statistical channel state information
𝐼𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 Impulse response
𝐷𝐹 Digital filter
𝐹𝐷 Fading distribution

𝐶𝐻𝑔𝑎𝑖𝑛 Channel gain

𝑅𝑀
Reflection/transmission coefficient, which equals
|𝑅𝑀 |𝑒𝑥𝑝(−𝑗𝜙𝑀)𝑒𝑥𝑝(−𝑗 2𝜋

𝜆 (𝑙𝐵𝑆𝐴𝑅𝐼𝑆 + 𝑙
𝑈
𝐴𝑅𝐼𝑆
))

5.2.2 Signal Model

To elaborate on the concept of STAR-RIS, Figure 5.6 shows that the wireless signal
incident on the STAR-RIS is divided into transmitted and reflected signals. To characterise
the ARIS-DMA features, let 𝑆𝑚 denote the signal incident on the𝑚𝑡ℎ element of the ARIS-
DMA, where 𝑚 ∈ 𝑀 ≜ 1, 2, . . . , 𝑀. The signals transmitted and reflected by the 𝑚𝑡ℎ

element is modelled in Equation 5.2 and Equation 5.3, where
√
𝛽𝑡𝑚 ∈ [0, 1] , 𝜃𝑡𝑚 ∈ [0, 2𝜋]

and
√
𝛽𝑟𝑚 ∈ [0, 1] , 𝜃𝑟𝑚 ∈ [0, 2𝜋] are the amplitude and phase shift response of the 𝑚𝑡ℎ

element’s transmission and reflection coefficients, respectively. In the practical scenario,
the phase shifts (i.e.,𝜃𝑡𝑚 and 𝜃𝑟𝑚) can be chosen independently of each other.

𝑥𝑡𝑚 = (
√
𝛽𝑡𝑚𝑒

𝑗𝜃𝑡𝑚 )𝑆𝑚 (5.2)

𝑥𝑟𝑚 = (
√
𝛽𝑟𝑚𝑒

𝑗𝜃𝑟𝑚 )𝑆𝑚 (5.3)
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(a) Reflective RIS (b) Transsmisive RIS (c) STAR-RIS

Figure 5.6: Reflection and Transmission Areas

On the other hand, the adjustments for the amplitude coefficient (i.e.,
√
𝛽𝑡𝑚 and

√
𝛽𝑟𝑚)

for STAR-RIS are coupled. Thus, the sum of the transmitted and reflected signal powers
must be equal to the power of the incident signal, which should satisfy each element’s
condition in Equation 5.4.

𝛽𝑡𝑚 + 𝛽𝑟𝑚 = 1, ∀𝑚 ∈ ℳ (5.4)

Accordingly, the conventional operating protocol for a STAR-RIS splits the power
of the incident signal between the transmitted and reflected signals, with a splitting
ratio of 𝛽𝑡𝑚 : 𝛽𝑟𝑚 . In this case, the transmission and reflection coefficient matrices
are given as in Equation 5.5 and Equation 5.6, respectively, in which 𝛽𝑡𝑚 , 𝛽

𝑟
𝑚 ∈ [0, 1],

and 𝜃𝑡𝑚 , 𝜃
𝑟
𝑚 ∈ [0, 2𝜋] ,∀𝑚 ∈ ℳ. As can be noticed, both coefficients can be optimised,

resulting in a higher degree of flexibility in the communication system’s design. However,
the conventional protocol wastes half of the signal power, resulting in less coverage and
higher power loss.

𝚯ES
𝑡 = diag

(√
𝛽𝑡1𝑒

𝑗𝜃𝑡1 ,

√
𝛽𝑡2𝑒

𝑗𝜃𝑡2 , . . . ,

√
𝛽𝑡
𝑀
𝑒 𝑗𝜃

𝑡
𝑀

)
(5.5)

𝚯ES
𝑟 = diag

(√
𝛽𝑟1𝑒

𝑗𝜃𝑟1 ,
√
𝛽𝑟2𝑒

𝑗𝜃𝑟2 , . . . ,
√
𝛽𝑟
𝑀
𝑒 𝑗𝜃

𝑟
𝑀

)
(5.6)

5.2.3 Channel Model

As mentioned in Section 5.2.1 and illustrated in Figure 5.6, the utilisation of the
standard STAR-RIS in its present state inevitably leads to a 50% loss in signal power,
reducing the coverage area during transmission. This is in contrast to the ARIS-DMA
technique presented in this thesis. To provide a clear and concise explanation of the new
ARIS-DMA, the channel model must be clarified first. This channel model adjustment is
crucial for assessing the effectiveness ARIS-DMA network.
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Let 𝐻 be the channel matrix between the BS and the users, and [𝐻]𝑛,𝑝 ≜ ℎ(𝑛,𝑝)

be the gain from the BS 𝑝𝑡ℎ antenna to the user 𝑛. Path loss, fast fading, and ARIS-DMA
responses are considered when modelling the channel. Then, the single channel model
between the 𝑚𝑡ℎ ARIS-DMA element and the BS 𝑝𝑡ℎ antenna and user 𝑛 is given by:

ℎ̂
(𝑛,𝑝)
𝑚 =

√
𝛼
(𝑛,𝑝)
𝑚 𝑔

(𝑛,𝑝)
𝑚 Γ𝑛𝑚 (5.7)

where 𝛼
(𝑛,𝑝)
𝑚 represents path loss, 𝑔(𝑛,𝑝)𝑚 is the fading coefficient with zero mean and

independent unit variance for different ARIS-DMA channels, and Γ𝑛𝑚 represents the
ARIS-DMA element response.

The path loss 𝛼
(𝑛,𝑝)
𝑚 , on the other hand, is modelled as in Equation 5.8, where 𝜆

is the wavelength, 𝐺 represents BS antenna gain, 𝛾 is the path loss exponent, 𝐹𝑝𝑚 is
the radiation power at the 𝑚𝑡ℎ ARIS-DMA element which is received from the 𝑝𝑡ℎ BS
antenna, 𝐹𝑛𝑚 is the signal power radiation from the 𝑚𝑡ℎ ARIS-DMA element to the user
𝑛, 𝐺𝐴𝑅𝐼𝑆 is the ARIS-DMA antenna gain, and 𝐷

𝑝
𝑚 is the distance between the BS and

ARIS-DMA, and 𝐷𝑛
𝑚 is the distance between the ARIS-DMA and user.

𝛼
(𝑛,𝑝)
𝑚 =

𝜆2𝐺𝑙𝑀
2

𝑀

𝐺𝐴𝑅𝐼𝑆𝐹
𝑝
𝑚𝐹

𝑛
𝑚

(𝐷𝑝
𝑚𝐷

𝑛
𝑚)

𝛾 (5.8)

The effect of user location and angle with respect to the BS and ARIS-DMA is
elucidated by modelling and measuring the signal power radiation as in Equation 5.9
and Equation 5.10, respectively. In Equation 5.10, determining the 𝜀 value depends on
the user’s location in the transmission or reflection area.

𝐹
𝑝
𝑚 = cos2𝜃

𝑝
𝑚𝐺𝐴𝑅𝐼𝑆 (5.9)

𝐹𝑛𝑚 = cos2𝜃𝑛𝑚𝜀(𝑡 ,𝑟) (5.10)

Accordingly, by aggregating the effect of all 𝑀 ARIS elements we can separate the
average path loss as a common factor from the channel effects, thus, Equation 5.7 can be
expressed as in Equation 5.11, with an average value of path loss and summation of the
channel effects.

ℎ(𝑛,𝑝) =
𝑀∑
𝑚=1

ℎ̂
(𝑛,𝑝)
𝑚 =

√
𝛼̂𝑛

𝑀∑
𝑚=1

𝑔
(𝑛,𝑝)
𝑚 Γ𝑛𝑚 (5.11)
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5.3 Adaptive Reconfigurable Intelligent Surface Decision
Making Algorithm (ARIS-DMA)

In this section, we describe the decision-making algorithm introduced into the
ARIS-DMA controller to enable the adaptive ability of ARIS elements to transmit and
reflect the incident signal simultaneously. This algorithm models the incident signal
moving towards the intended user without wasting 50% of signal power. The details
of the developed algorithm are summarised in Algorithm 2, where the user location
𝑑𝑢𝑒 from the BS is the main factor determining the allocated power of transmission
or reflection in this thesis. Accordingly, this decision will be affected by the user’s
location according to the ARIS-DMA, defined as 𝐷𝑝(𝑡𝑟𝑎𝑛𝑠,𝑟𝑒 𝑓 ). As the targeted validation
specification for network communication in this thesis is to provide a higher coverage
area, including the zero coverage spots users. Referring to the network in Figure 5.4, it
can be noticed that the communication link between U1, U3, U4, and BS1 is obstructed
by different types of obstacles.

Algorithm 2 Proposed ARIS-DMA function decision making
Determine 𝐶𝑆𝐼𝑖𝑛𝑠𝑡 and 𝐶𝑆𝐼𝑠𝑡𝑎𝑡 for the network between 𝐵𝑆𝑛 and𝑈
𝐶𝑆𝐼𝑖𝑛𝑠𝑡 = 𝑣𝑒𝑐(𝐼𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 , 𝐷𝐹, 𝑑𝑢𝑒)
𝐶𝑆𝐼𝑠𝑡𝑎𝑡 = 𝑣𝑒𝑐(𝐹𝐷, 𝐶𝐻𝑔𝑎𝑖𝑛 , 𝑑𝑢𝑒 , 𝐿𝑜𝑆)
if𝑈 in reflection area then

while 𝐷𝑝𝑟𝑒 𝑓 = 1&𝐷𝑝𝑡𝑟𝑎𝑛𝑠 = 0 do
calculate 𝑃𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒

Ensure: 𝑃 = 𝑃𝑟
𝑥𝑟 = 𝑃𝑟𝐴𝑟 .𝜂𝐴𝑅𝐼𝑆𝑒 𝑗𝜃𝑟𝑥𝑛

end while
else𝑈 in transmission area

while 𝐷𝑝𝑟𝑒 𝑓 = 0&𝐷𝑝𝑡𝑟𝑎𝑛𝑠 = 1 do
calculate 𝑃𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒

Ensure: 𝑃 = 𝑃𝑡
𝑥𝑡 = 𝑃𝑡𝐴𝑡 .𝜂𝐴𝑅𝐼𝑆𝑒 𝑗𝜃𝑡𝑥𝑛

end while
end if

At first, CSI𝑖𝑛𝑡𝑠 and CSI𝑠𝑡𝑎𝑡 are shared between the BS and ARIS-DMA controller,
in which the CSI𝑖𝑛𝑡𝑠 , contains the exact user location in regard to the continuous
movement from the BS and ARIS-DMA. In the communication system network, the
BS and ARIS-DMA are always fixed, resulting in direct calculation of the user exact
location in reference to the ARIS-DMA at the ARIS-DMA controller (i.e.,𝐷𝑝(𝑡𝑟𝑎𝑛𝑠,𝑟𝑒 𝑓 )).

On the other hand,𝐶𝑆𝐼𝑠𝑡𝑎𝑡 , known as the long-term CSI, will always share information
with the ARIS-DMA controller about the possibility of the existence of an LoS with the
ARIS-DMA in order to update the decision process.



CHAPTER 5. ADAPTIVE RECONFIGURABLE INTELLIGENT SURFACE 125

Based on the information shared between the BS and the ARIS-DMA controller and
the user location data obtained from both, the signals received by the user can be written
as in Equation 5.12 and Equation 5.13, in which they depend on the user being in the
transmission or reflection area, respectively.

𝑥𝑡 = 2𝑃𝐴𝑡𝜂𝐴𝑅𝐼𝑆𝑒 𝑗𝜃𝑡𝑥𝑛 (5.12)

𝑥𝑟 = 2𝑃𝐴𝑟𝜂𝐴𝑅𝐼𝑆𝑒 𝑗𝜃𝑟𝑥𝑛 (5.13)

The x𝑛 represents the intended signal for the user 𝑛, where, for simplicity of
clarification, 𝑛 = 1 : 4, referring to the network in Figure 5.4.

The characteristics of the redirected signal for transmission and reflection are
modelled in accordance with ARIS-DMA space wave impedance 𝜂𝐴𝑅𝐼𝑆 and the user
location from the BS 𝑑𝑢𝑒 as in Equation 5.14, where 𝜃𝑖 , 𝜃𝑟,𝑡 are the incident and reflected
or transmitted signal phase shifts, respectively, and 𝜂0 is the space wave impedance
constant.

𝜂𝐴𝑅𝐼𝑆 = 𝑗
𝜂0

cos𝜃𝑖
cot

(
(sin𝜃𝑖 − sin𝜃𝑟,𝑡)

2

)
.𝑑𝑢𝑒 (5.14)

As indicated in Equation 5.12 and Equation 5.13, the signal delivered to the user
is associated with the power value 𝑃; modelling this value is the most important part
of the ARIS-DMA’s functionality. As in the conventional STAR-RIS, the power term is
divided into two parts, one for transmission and the other for reflection, and as stated in
Equation 5.4, this means 𝑃 can be rewritten as in Equation 5.15.

𝑃 = 𝑃𝑡 + 𝑃𝑟 (5.15)

To model the signal power in an adaptive manner, the location of the user in
regard to the ARIS-DMA is considered in the power calculation; thus, Equation 5.15 is
recalculated as in Equation 5.16, where the value of the factors 𝐷𝑝(𝑡𝑟𝑎𝑛𝑠,𝑟𝑒 𝑓 ), depends on
the user location derived from the ARIS-DMA, will set one of the equation parts to zero.
Substituting these values in Equation 5.15 and Equation 5.16 and extracting the second
term power signal on the opposite side to 𝑃𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 , which equals (𝑆𝐴𝑒𝐴𝑡) in the case of
reflection and (𝑆𝐴𝑒𝐴𝑟) in the case of transmission.

𝑃 = (𝑆 ×A𝑒 × 𝐷𝑝𝑡𝑟𝑎𝑛𝑠 × 𝐴𝑡) + (𝑆 ×A𝑒 × 𝐷𝑝𝑟𝑒 𝑓 × 𝐴𝑟) (5.16)

𝑃𝑡 = (𝑆 ×A𝑒 × 𝐷𝑝𝑡𝑟𝑎𝑛𝑠 × 𝐴𝑡) + 𝑃𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 (5.17)
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𝑃𝑟 = (𝑆 ×A𝑒 × 𝐷𝑝𝑟𝑒 𝑓 × 𝐴𝑟) + 𝑃𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 (5.18)

As a result of remodelling the signal power using the suggested power allocation,
the power for transmission and reflection will follow Equation 5.17, and Equation 5.18,
in which the full signal power will be allocated for either the transmitted or reflected
signal simultaneously, keeping in mind the fact that the transmitted and reflected
signals are calculated in accordance to Equation 5.12 and Equation 5.13 respectively, will
direct the signal for the intended user depending on 𝜃𝑡 and 𝜃𝑟 , where 𝑆 =

|𝐸𝑟 |
2Z𝑎𝑖𝑟

2
, and

𝐴𝑒 = 𝑈𝐴𝐺
𝜆2

4𝜋 , in which the signal electric field 𝐸𝑟 and the normalised radiation power
𝑁𝑃 are calculated in Equation 5.19 and Equation 5.20, respectively.

𝐸𝑟 = 𝑁𝑃𝑅𝑀
√

2𝑍𝑎𝑖𝑟𝑃𝑠𝑈𝑛
𝐴𝐺
𝐴𝐴𝑅𝐼𝑆𝐺𝐴𝑅𝐼𝑆 (5.19)

𝑁𝑃 =

√
𝑁𝑃𝐵𝑆𝑁𝑃𝐴𝑅𝐼𝑆,𝐵𝑆𝑁𝑃𝐴𝑅𝐼𝑆,𝑈𝑁𝑃𝑈

4𝜋𝑙𝐵𝑆
𝐴𝑅𝐼𝑆

𝑙𝑈
𝐴𝑅𝐼𝑆

(5.20)

5.4 Implementation Scenarios

For ease of explanation, the downlink communication network in Figure 5.4 is
explained first for three performance evaluation scenarios:

1. zero to a few obstacles
2. few to moderate obstacles
3. moderate to many obstacles

The communication network consists of four users referred to as U1, U2, U3, and U4,
one BS referred to as BS1, and one ARIS-DMA located on top of a building referred to as
B1. As the network experiences different obstacle densities, users’ locations are set in
accordance to represent the three scenarios; U3 is considered as the first scenario, U4 is
considered as the second scenario, and U1 and U2 are considered as the third scenario.

It is important to note that the actual performance test results used Table 5.2 parameters
and are compared against STAR-RIS and BS handover in this thesis, as it is demonstrated
in Section 5.6.

5.4.1 Zero to a Few Obstacles

In this scenario, there exists a LoS between BS1 and U3 but with few obstacles; in the
case of fast movement or high winds, the network will suffer from high interference
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and attenuation of the downlink signal. Although the BS’s signal provide high signal
quality and minimal latency, optimising the signal routes through the ARIS-DMA on
top of B1 will increase communication reliability with respect to higher interference and
attenuation. However, using the STAR-RIS will provide the user with the signal but at
the cost of signal quality and latency overhead. This is because STAR-RIS can only serve
one user at a time to transmit or reflect the signal efficiently. In the current example,
there is only one user, but in the case of multiple users, this will result in a higher delay
time. On the other hand, using the current BS handover mechanism will generate 10%
higher delay as discussed in Section 5.6.

5.4.2 Few to Moderate Obstacles

The effect on downlink communication becomes more noticeable when moving
to locations with more obstacles or obstacles of intermediate height. Barriers such as
buildings or trees cause signal reflections, diffraction, and partial obstructions. In this
scenario, U4 is located in a zero-coverage spot, where there is NLoS with respect to
BS1. The first solution comes to the mind in order to provide U4 with coverage is to use
BS handover to do that. While adopting BS handover will provide the user with their
intended signal providing coverage, the transmission delay will be extremely high; this
is because finding a different BS with a LoS with U4 will cause extra overload in the
network in terms of time, power loss, and signal error rate .

On the other hand, using the STAR-RIS holds the possibility to provide U4 with
their intended signal. However, there is a high level of power loss with moderate
coverage, due to the fact that STAR-RIS as shown in Figure 5.3 is operating in either
of the three protocols, which as a result will cause higher resources degradation in
time and energy. Additionally, the long distance between the user and the STAR-RIS
is causing a higher concern about signal degradation because signal diffraction and
scattering. Alternatively, the continues movement of the user will make it harder for the
STAR-RIS to adopt the synchronisation in a proper way to provide the user with their
intended signal; as a result, this will affect the coverage area and reduce it.

During such situations, the ARIS-DMA adapts its surface configuration in real-time to
minimise the impact of obstacles, optimising the transmission routes and compensating
for any signal degradation. The new decision making protocol will enable the ARIS-
DMA to transmit and reflect the incident signal simultaneously without any power loss.

Notably, the ARIS-DMA successfully remodels the signal power and phase and then
redirects the signal to U4 while the user is in the transmission area. It can be noticed
here that the main focus is on the transmission area because the current state-of-the-art
system splits the signal power in the STAR-RIS, which is the main drawback. The
ARIS-DMA solves this drawback effectively and surpasses the STAR-RIS, especially in



CHAPTER 5. ADAPTIVE RECONFIGURABLE INTELLIGENT SURFACE 128

accordance with the new wireless communication generation, 6G KPIs. Notwithstanding
the difficulties, the system consistently sustains dependable downlink transmission,
utilising the ARIS-DMA adaptability to improve the signal’s strength and overcome
insignificant obstacles.

5.4.3 Moderate to Many Obstacles

The last and most realistic wireless communication system scenario is an area with
a high density of obstacles; downlink communication faces increased complexities in
environments characterised by dense obstacles, such as urban areas with tall buildings
or densely wooded regions featuring reflections, shadowing, and multipath fading
impeding the signal propagation.

In accordance with the described area in Figure 5.4, U1 and U2 are located in highly
obstacle-dense area with NLoS between users and BS1. In the downlink scenario,
BS1 fails to send the signals to their intended users; instead, BS1 sends the signals
to the ARIS-DMA element on top of B1; the ARIS-DMA controller will analyse the
incident signals using Algorithm 2 and redirect the signals towards U1 and U2 with full
transmission power, resulting in a 100% coverage area.

The ARIS-DMA employs the novel iterative algorithm to actively and simultaneously
reconfigure the incident signal, creating focused signal paths and minimising the
impact of obstacles on signal strength. By adopting the ARIS-DMA, the downlink
communication remains robust, ensuring effective data delivery to the user devices
despite the challenges posed by the obstacle-dense environment. As the stated examples
mention only four users, the real-time test and performance analysis, which are shown
in Section 5.6, prove the superiority of the proposed ARIS-DMA approach using the
performance evaluation test parameters in Table 5.2, with higher and different density
levels and a varied range of THz frequencies, making it a promising approach for
deployment in 6G networks with THz applications.

5.5 Performance Indicators
This section provides an illustration of the performance metrics that we utilised in

order to evaluate the differences between the performance of ARIS-DMA, BS handover,
and STAR-RIS.

5.5.1 Power Loss

In communication networks, power loss refers to the reduction in signal power as
it propagates through the network components, such as cables, connectors, splitters,
amplifiers, and other devices. The power loss is quantified in (dBm) which represents
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power levels relative to one milliwatt (mW) and can occur due to various factors
including attenuation, dispersion, impedance mismatches, scattering, and packet loss.
To calculate power loss in a communication network, we need to know the, total power
𝑃, the initial power for the transmitted signal 𝑃𝑡𝑠 , and the power for the received signal
𝑃𝑟𝑠 at the user. First, we calculate the power loss in dB as follows:

𝑃𝐿 (𝑑𝐵) = 10 × log
(
𝑃𝑡𝑠

𝑃𝑟𝑠

)
(5.21)

then the power loss in dBm is calculated in respect to power loss in dB as in
Equation 5.22.

𝑃𝐿 (𝑑𝐵𝑚) = 𝑃𝐿 (𝑑𝐵) + 𝑅𝑒 𝑓 𝑒𝑟𝑒𝑛𝑐𝑒 𝑃𝑜𝑤𝑒𝑟 𝑙𝑒𝑣𝑒𝑙 (𝑑𝐵𝑚) (5.22)

given that the reference power level for dBm is 0 dBm, Equation 5.22 is rewritten as
in Equation 5.23.

𝑃𝐿 (𝑑𝐵𝑚) = 𝑃𝐿 (𝑑𝐵) (5.23)

5.5.2 Delay

Delay in communication network systems refers to the duration required for data
packets to travel from a source node to a destination node. This measure is crucial
and significantly impacts the performance and user experience of several network
applications, such as real-time communication, multimedia streaming, and data transfer.

In order to calculate the total delay in the communication network system there are
four types of delay that must be taking into consideration.

1. Queuing Delay (𝑄𝐷): Queueing Delay depends on factors such as network
congestion, packet arrival rate, and queue management policies and is measured
empirically using network simulation.

2. Processing Delay (𝑃𝑟𝐷): Processing Delay depends on the processing capabilities
of network devices and the complexity of packet processing tasks. It is typically
measured in microseconds or milliseconds

3. Transmission Delay (𝑇𝐷): 𝑇𝐷 = 𝑃𝑎𝑐𝑘𝑒𝑡 𝑆𝑖𝑧𝑒
𝑇𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑅𝑎𝑡𝑒

4. Propagation Delay (𝑃𝐷):𝑃𝐷 = 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒
𝑃𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛 𝑆𝑝𝑒𝑒𝑑

Thus the overall system delay is calculated as follows:

𝐷 = 𝑄𝐷 + 𝑃𝑟𝐷 + 𝑇𝐷 + 𝑃𝐷 (5.24)
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5.5.3 User Coverage

User coverage in a communication network corresponds to the degree to which users
inside the network area possess dependable access to the network services or resources.
Network connectivity success rate is a metric that quantifies the percentage of users who
are able to establish a connection to the network and have adequate communication
performance. Calculating user coverage involves assessing the spatial distribution of
users within the network coverage area and determining whether each user can establish
a connection with sufficient signal strength, quality, and no packet loss.

The user coverage is calculated as in Equation 5.25

𝑈𝑠𝑒𝑟 𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 (%) =
(
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜 𝑓 𝑈𝑠𝑒𝑟𝑠 𝑤𝑖𝑡ℎ 𝑅𝑒𝑙𝑖𝑎𝑏𝑙𝑒 𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜 𝑓 𝑈𝑠𝑒𝑟𝑠

)
× 100 (5.25)

5.5.4 Failed Signal Rate (FSR)

FSR is a quantitative metric employed to assess the dependability of a communication
system, specifically in signal-switched networks. It denotes the likelihood that a trans-
mitted signals would be received with errors or lost during the process of transmission.
In this thesis our main focuses is to calculate the FSR in regards to the lost signal during
the transmission process.

To calculate the FSR, we typically need to know two main parameters: the number
of transmitted signals 𝑁 and the number of lost signals 𝐸, so the FSR is calculates as in
Equation 5.26.

𝐹𝑆𝑅 =
𝐸

𝑁
(5.26)

5.5.5 System Efficiency

In order to conduct the ARIS-DMA efficiency in this thesis we conduct a set of
replicated tests with identical operating settings and features to assess the accuracy of
the ARIS-DMA results.

5.6 Performance Analysis

In this section, as depicted in Figure 5.7 to Figure 5.12, we characterise the FSR, power
loss, user coverage, delay, and system efficiency associated with the new ARIS-DMA
in Section 5.3. As illustrated in Section 2.3 the performance measures must adhere to
the requirements of the new wireless generation 6G. The performance analysis process
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considers the implantation scenarios in Section 5.4 with the validation parameters as
illustrated in Table 5.2.

Table 5.2: Performance evaluation test parameters
Parameter Name Value

3 × 106

User density (𝑘𝑚2) 9 × 106

16 × 106

300
THz frequency (GHz) 400

500

We initially analysed the performance of cooperative STAR-RIS and BS-BS handover
systems before investigating the performance of the ARIS-DMA and comparing the
three. The performance analysis considers a highly dense user area, with 80% of the
users having NLoS with respect to the BS.

As one of the objectives in this thesis is to provide a convenient solution for the
power loss problem caused by the STAR-RIS in the previous wireless generation 5G. In
order to comply with the KPIs in Section 2.3, we characterised the THz frequency band
(300-500) GHz for the evaluation process, because 6G is anticipated to work with this
range of frequencies as shown in Figure 2.3.

First, lets examine the amount of signal power loss with 300 GHz and variation of
user density with of 16×106. As shown in Figure 5.7. It can be seen that as the number of
users goes higher, ARIS-DMA shows a stable performance with a maximum loss of 1.71
dBm at 7 × 106 user density while at the same density level the power loss in STAR-RIS
equales to 16 dBm, a result that fits perfectly with the objective in this thesis. To be
more precise, ARIS-DMA performs better than the STAR-RIS as the tested area becomes
denser, when the simulation reaches the maximum user density, the ARIS-DMA shows
only 0.33 dBm signal power loss. On the contrary, using the STAR-RIS shows 10.95 dBm
power loss. On the other hand, BS-BS handover performance shows relatively better
results than the STAR-RIS at first, since the handover process does not split the signal
power between two signals. However, as the user density gets higher the power loss
can reach 24 dBm when the user density is approximately 9 × 106. The BS-BS handover
shows an incremental power loss performance. The power loss in BS approach can result
from degradation, scattering, diffraction, and signal reflections. Table 5.3 summarises a
comparison of power loss for different user density levels with 300 GHz.

As the frequency goes to higher level of 400 GHz and 500 GHz, the ARIS-DMA
approach exhibits a consistently low power loss across all user densities and frequency
bands. Even at increased user densities 16 × 106 users, power loss stays under 5 dBm,
indicating exceptional energy efficiency. As can be noticed, the STAR-RIS exhibits power
loss variations between 5 dBm and 25 dBm at 300 GHz as user density increases.
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Figure 5.7: Power loss comparison levels

At 400 GHz, power loss exceeds to an average of 37 dBm in high-density conditions.
This performance stays consistent, at 500 GHz the power loss ranges between 5 dBm to
30 dBm at lower densities, but escalates significantly to 44 dBm with high user density.

Additionally, BS-BS direct transmission has the lowest efficiency. The BS-BS approach
demonstrates the most power loss of the three approaches. At 300 GHz, power loss
ranges from 5 dBm to 45 dBm, while BS-BS approach shows better performance with
lower user density the power loss escalates with higher user density. At 400 GHz and 500
GHz, power loss often exceeds 40 dBm in areas with high user density, where the losses
are inconsistent, ranging from 20 dBm to 45 dBm, rendering it the least power-efficient
alternative.

Table 5.3: Power loss comparison in (dBm)
Density ARIS-DMA STAR-RIS BS-BS
3 × 106 0.13 3.94 5.14
6 × 106 0.76 9.45 14
9 × 106 0.64 8.1 23.5
16 × 106 0.33 10.95 27.26

The second performance metric used in this thesis is the delay, an important factor
that affects the communication system very badly when introducing new approaches.
In any communication system the newly introduced approach should not put an extra
burden than the current used approaches.
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Figure 5.8 shows a comparison between the ARIS-DMA presented in this thesis,
STAR-RIS and BS-BS handover transmission approaches. The conducted results is for
the maximum user density of 16 × 106 with the three set of frequencies 300 GHz, 400
GHz, and 500 GHz for maximum of 100 transmissions.

Figure 5.8: System delay comparison

As noticed, all three tested approaches shows steady performance for time usage,
however there is a remarkable performance difference achieved by ARIS-DMA. ARIS-
DMA minimised the latency by 45% compared to STAR-RIS and 47% for BS-BS handover,
respectively for 300 GHz. While STAR-RIS and BS handover can provide relatively low
delay level working with 6G wireless communication, ARIS-DMA outperform this level
by 0.16𝜇𝑠 in case of BS handover, and 0.15𝜇𝑠 in STAR-RIS case.

Another objective in this thesis as illustrated in Section 1.3 is to solve the current
problem of zero coverage spots that all wireless generations still affected by them, which
as a result still causing limited coverage services. Figure 5.9 shows a comparison in
terms of the coverage area between ARIS-DMA, STAR-RIS, and BS handover for three
different THz frequencies as the tested area experiencing different user density levels.

If we took the chance first to stop over the performance of ARIS-DMA at the frequency
of 300 GHz. It is noticed that ARIS-DMA successfully provide 100% coverage, it is
important to remark that all the users were randomly distributed and 80% of the users
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have NLoS with the BS. ARIS-DMA analysis the user location and redirect the signal
towards the user, this will provide users with NLoS with full coverage. Comparing the
obtained results from ARIS-DMA with the results obtained from BS handover, there is
an enhancement in coverage area by 26%. Defiantly the BS handover can provide high
level of coverage, however this approach can only provide a maximum 74% coverage in
highly dense area. As we were observing the test we noticed that signal congestion in
this case is high which as a result leads to high level of diffraction and signal fading.

Figure 5.9: Comparative analysis of coverage area

Moving to the STAR-RIS performance for the same operating frequency, it is evident
that the maximum coverage area that STAR-RIS can provide is only 26%. However, at
the beginning of the simulation test the coverage area provided was approximately 50%,
this performance starts to degrade as the number of users increase. This degradation is
due to the fact that if the users are in a zero coverage spot area, and the distance between
users and STAR-RIS is relatively long, the power associated with the signal will fade
before reaching the intended user because STAR-RIS transmit the signal with half of the
power as the STAR-RIS divides the signal in order for the signal to be transmitted to the
user located in the transmission area.

On the contrary, the ARIS-DMA successfully managed to provide approximately
100% coverage with exactly 99.5% coverage under the same conditions. This superiority
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highlights the importance of ARIS-DMA whether the user is located in the transmission
or reflection area. Also, it can be noticed that the BS-BS handover performance is
moderate between the ARIS-DMA and the STAR-RIS, with exactly 74% coverage; this,
on the other hand, proves that the ARIS-DMA successfully outperformed the current
state-of-the-art transmission approaches. As we analysed the performance of ARIS-DMA
for higher THz frequencies,Table 5.4 summarises the simulation results for the different
frequencies used with different user densities.

Table 5.4: User coverage comparison
Frequency

(GHz) ARIS-DMA STAR-RIS BS-BS

300 80% 35% 61.9%
400 72% 11.7% 37%
500 71% 23.5% 24.7%

(a) User Density=3 × 106

Frequency
(GHz) ARIS-DMA STAR-RIS BS-BS

300 92.6% 27% 69.5%
400 83.3% 9% 41.7%
500 82.4% 18.2% 27.8%

(b) User Density=9 × 106

Frequency
(GHz) ARIS-DMA STAR-RIS BS-BS

300 99.5% 26% 73.6%
400 89.6% 8.6% 44%
500 88.6% 17% 29%

(c) User Density=16 × 106

Furthermore, as the communication system being tested operates in places with
a high number of users and obstacles, we calculated FSR, which computes the total
number of undelivered signals to users in regard to the total number of signals that were
meant to be delivered to users. In order to calculate the FSR we used PCSC channel code
presented in Section 3.3. The results of FSR indicate that the ARIS-DMA outperformed
the STAR-RIS and BS approaches, as shown in Figure 5.10 and Figure 5.11, for different
user densities and THz frequencies.

First, we measured the FSR for different user densities in order to gain a clear idea of
the ARIS-DMA performance stability. As shown in Figure 5.10, using the ARIS-DMA in
the network with a user density of 3 × 106 under 300 GHz operating frequency gives
a 12dB channel gain compared to the STAR-RIS and BS-BS handover. Moreover, the
performance of the STAR-RIS relatively matches the performance of BS handover at the
lowest density tested.
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Moving to the next density level of 9× 106 users, the ARIS-DMA and BS-BS handover
approximately show the same performance, with only 1dB channel gain achieved by
the ARIS-DMA; oppositely, the channel gain achieved by the ARIS-DMA reaches 13dB
compared to STAR-RIS.

Figure 5.10: FSR comparison for different user densities and 300 GHz

Figure 5.11: FSR comparison 16 × 106 users density
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As the ARIS-DMA performance should satisfy the requirement of 6G wireless
generation, a higher density level must be taken into consideration, with 16 × 106 user.
In Figure 5.10, as the density increased, the performance of both STAR-RIS and BS-BS
handover dropped. In this regard, the achieved channel gain for ARIS-DMA reaches
25dB compared to BS-BS and 10dB compared to STAR-RIS. These promising results
motivate the analysis of the ARIS-DMA performance for 400 and 500 GHz, which is
shown in Figure 5.11. It is evident from Figure 5.11 that the ARIS-DMA has stable
excellent performance compared to STAR-RIS and BS-BS handover, achieving 26dB and
8dB channel gain, respectively.

Achieving stable ideal performance in wireless communication is crucial to ensure
a consistent and satisfactory user experience. So far in this Section 5.6, the reliability,
coverage area, energy efficiency objectives stated in Section 1.3 is addressed using
ARIS-DMA and PCSC.

Figure 5.12: Overall system efficiency

Additionally, in this thesis we conducted an additional performance evaluation
analysis to validate the efficiency of the ARIS-DMA aided wireless communication
system. To confirm the consistent and dependable performance of the ARIS-DMA,
taking into account the aforementioned validation metrics, we conducted 100 repeated
tests with identical operating settings and features to assess the accuracy of the results.
As depicted in Figure 5.12, the ARIS-DMA exhibits system dependability and stability
of 95%, whereas STAR-RIS only maintained system reliability of 11% during these tests.
Implementing the ARIS-DMA in the wireless communication system led to a significant
increase in wireless communication efficiency of 84%. It is important to note measuring
the system efficiency is based on conducting the same results with (±0.5) uncertainty.
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5.7 Discussion
In this chapter, we have developed an aided wireless communications system with

ARIS-DMA for 6G communication, in order to provide a reliable, unlimited coverage,
minimal power loss communication system. The effectiveness of ARIS-DMA, which
integrates low cost and effective RIS with the modification of transmission and reflection
properties to provide the maximum user coverage especially in the transmission area
and the user in zero coverage spots.

ARIS-DMA, has been demonstrated in the frequency range of the 6G communication
system while achieving THz data rates. ARIS-DMA achieves maximum coverage of
100%, surpassing the current state of art approaches STAR-RIS and BS handover. The
performance indicators demonstrate that ARIS-DMA can achieve lower power loss
reaches 80% and high coverage area of 100%. Moreover, ARIS-DMA achieves lower
delay by 50% and maximum reliability of 25dB channel gain. This has been achieved
with system efficiency reaches 95%.

The novel idea of a ARIS-DMA is to eliminate the signal power loss and limited
coverage area of the conventional STAR-RIS and the high delay of BS handover. ARIS-
DMA use the exact user location to provide the user with the coverage with maximum
power. The aforementioned results highlight the potential and effectiveness of using
ARIS-DMA for 6G and its diverse range of applications.
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6

Deep Learning for enhanced aris
beamforming

This chapter introduces deep learning Q network introduced as Deep Q Network
ARISDMA (DQN-ARISDMA). Section 6.1 showcase the beamforming techniques used
in wireless aided STAR-RIS system in relation to Chapter 5. Next, in Section 6.2, interpre-
tation of the system model are described. The subsequent Section 6.3 comprehensively
describes the performance indicators that validate the superiority of the DQN-ARISDMA.
In Section 6.4, the performance evaluation and comparison of DQN-ARISDMA for 6G
will be discussed in relation to the existing state of the art.

6.1 Fundamental Beamforming Techniques for RIS
The fundamental aspect of RIS groundbreaking technology revolves around signal

redirection and beamforming. Beamforming is a crucial technique in wireless commu-
nication that improves the SNR of received signals, eliminates unwanted interference,
and directs transmitted information to specific places [468].

Conventional Semi Definite Relaxation (SDR), Maximum Ratio Transmission (MRT),
and Minimum Mean Square Error (MMSE), are well-established approaches in the
field of beamforming [469]. SDR, known for its inherent simplicity, aims to reduce
interference, which refers to the disruption of a signal by other signals, by using trans-
mission signals that are orthogonal to each other. The MRT approach, on the other
hand, employs the principle of maximising the SNR, which is a measure of the strength
of a signal relative to the background noise, at the receiver, hence providing robustness
in situations characterised by elevated levels of noise [470]. The MMSE technique is
a complex method that seeks to decrease the average squared difference between the
desired and received signals. This methodology offers superior reliability in comparison
to alternative methods and is commonly used in array processing applications, which
involve the manipulation of signals in an array of sensors [471].
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The effectiveness of these traditional methods has been impressive in previous
generations of wireless communication. However, the unique challenges presented by
6G require a reconsideration of their viability. It is crucial to implement an updated
beamforming approach to satisfy the demands of 6G, which include increased data
throughput, reduced latency, and adaptability to changing network conditions.

In recent years, ML has demonstrated superior capabilities in resolving irregular
network communication problems and expediting computational processes compared to
traditional iterative methods. Advanced ML techniques, including Deep Deterministic
Policy Gradient (DDPG), Proximal Policy Optimisation (PPO), and Convolutional Neural
Networks (CNN), are the most essential in optimising the control and configuration
used with ARIS for improved wireless communication performance in the context of
beamforming. While these methods in its current form offer significant advantages for
beamforming with ARIS, they also have certain disadvantages. For example but not
limited to, sample inefficiency, parameter sensitivity, stability issues, high computational
cost, implementation complexity, overfitting, high latency.

Still the use of Deep Q Network (DQN) if done properly has the potential to revo-
lutionise beamforming in 6G communication by learning from past experiences and
dynamically optimising resource allocation in real-time situations [472, 473].

Currently, there have been several works investigating the use of DQN with STAR-RIS,
but these works are not limited to the ones mentioned in this thesis, [122, 472, 474–488].

6.2 System Model and Interpretation

6.2.1 System Model

As shown in Figure 6.1, a RIS assisted multi-user downlink network is considered,
where the RIS equipped is the developed ARIS-DMA in Chapter 5, with (𝑀) horizontal
and (𝐿) vertical patches, in which they form (𝐻) ARIS-DMA surface, and one BS with (𝐴)
antennas provides services to (𝑁) users. The locations of BS, ARIS-DMA are fixed, and
users are randomly distributed and moving over Rician channel. The received signal at
the (𝑁𝑡ℎ) user is a result of a superposition between the signal from BS to ARIS-DMA
and the signal from ARIS-DMA to the user, which is expressed in Equation 6.1.

𝑌𝑛 = 𝑏𝐻𝑛 Θ𝐺
𝐻
𝐴𝑋 + 𝑤𝑛 (6.1)

The complex space vector in this chapter is denoted as (𝑆), in Equation 6.1, 𝑏𝐻𝑛 ∈ 𝑆𝐻×1

denotes the beamforming link between the ARIS-DMA and the (𝑛𝑡ℎ) user, while
𝐺𝐻
𝐴
∈ 𝑆𝐻×𝐴 is the link between ARIS-DMA and BS, 𝑋 = 𝑂𝑛𝑠𝑛 is the transmitted signal,

𝑂𝑛 ∈ 𝑆𝐴×1 is the beamforming vector, 𝑠𝑛 is the information symbol for the 𝑛𝑡ℎ user, 𝑤𝑛
is the noise.
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Figure 6.1: Schematic of the ARISDMA multi-user downlink communication system

The ARIS-DMA transmission and reflection matrix is denoted by:

Θ = 𝑑𝑖𝑎𝑔
( [
𝑒 𝑗𝜃1 , 𝑒 𝑗𝜃2 , . . . , 𝑒 𝑗𝜃𝐻

] )
(6.2)

where 𝜃𝐻 ∈ [0, 2𝜋) denotes the phase shift of the 𝐻𝑡ℎ element. In this chapter, the
values of 𝜃𝐻 are assumed to be continuous in the interval [0, 2𝜋).

Since the scope of this research is not channel estimation, CSI knowledge is assumed to
be known as in Chapter 5.

6.2.2 Channel Model

Let ℎ𝑏𝑠,𝑛 ∈ 𝐶1×1 and ℎ𝑏𝑠,𝐻 ∈ 𝐶𝐻×1 is corresponding to the BS-user 𝑛 and the BS-ARIS-
DMA channels. Correspondingly, the channel between the ARIS-DMA and the user 𝑛
is denoted by ℎ𝐻,𝑛 ∈ 𝐶𝐻×1. As mentioned earlier the BS and ARIS-DMA positions are
known and the distance between them in also known. The users are randomly moving,
and the distance between them and ARIS-DMA are continuously changing. Thus, the
channels can be modeled as in Equation 6.3 to Equation 6.5:
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ℎ𝑏𝑠,𝑛 =
√
𝑝𝑙 (𝑑𝑏𝑠,𝑛)ℎ𝑁𝐿𝑜𝑆𝑏𝑠,𝑛

(6.3)

ℎ𝑏𝑠,𝐻 =
√
𝑝𝑙 (𝑑𝑏𝑠,𝐻)

(√
𝐾𝑏𝑠,𝐻

𝐾𝑏𝑠,𝐻 + 1 ℎ
𝐿𝑜𝑆
𝑏𝑠,𝐻
+

√
1

𝐾𝑏𝑠,𝐻 + 1 ℎ
𝑁𝐿𝑜𝑆
𝑏𝑠,𝐻

)
(6.4)

ℎ𝐻,𝑛 =
√
𝑝𝑙 (𝑑𝐻,𝑛)

(√
𝐾𝐻,𝑛

𝐾𝐻,𝑛 + 1 ℎ
𝐿𝑜𝑆
𝐻,𝑛 +

√
1

𝐾𝐻,𝑛 + 1 ℎ
𝑁𝐿𝑜𝑆
𝐻,𝑛

)
(6.5)

where 𝑑𝑏𝑠,𝑛 , 𝑑𝑏𝑠,𝐻 , 𝑑𝐻,𝑛 , are the BS-user link, the BS-ARIS-DMA link, and the ARIS-
DMA-user links respectively. The propagation path loss for all channels is modeled
as 𝑝𝑙 (𝑑) = 𝜌0

(
𝑑
𝑑0

)−𝛼
, where 𝜌0 is the path loss at the reference distance in which 𝑑

denotes the distance between the transmitter and the receiver, 𝛼 represents the path loss
exponent, and 𝐾𝑏𝑠,𝐻 ,𝐾𝐻,𝑛 is the Rician factors [489, 490].

ℎ𝐿𝑜𝑆
𝑏𝑠,𝐻

, and ℎ𝐿𝑜𝑆
𝐻,𝑛

are the deterministic LoS components, which is calculated as:

ℎ𝐿𝑜𝑆
𝑏𝑠,𝐻

=

[
1, . . . , 𝑒 𝑗(ℎ−1)𝜋 sin(𝑑𝑏𝑠,𝐻) . . . , 𝑒 𝑗(𝐻−1)𝜋 sin(𝑑𝑏𝑠,𝐻)

]
(6.6)

ℎ𝐿𝑜𝑆𝐻,𝑛 =
[
1, . . . , 𝑒 𝑗(ℎ−1)𝜋 sin(𝑑𝐻,𝑛) . . . , 𝑒 𝑗(𝐻−1)𝜋 sin(𝑑𝐻,𝑛)] (6.7)

ℎ𝑁𝐿𝑜𝑆
𝑏𝑠,𝐻

, and ℎ𝑁𝐿𝑜𝑆
𝐻,𝑛

are the NLoS components, as a result, the combined channel power
gain from the BS to the user 𝑛 with the aid of ARIS-DMA is given by:

ℎ𝑛 = |ℎ𝑏𝑠,𝑛 + ℎ𝐻,𝑛Θℎ𝑏𝑠,𝐻 |2 (6.8)

6.2.3 Signal Model and Problem Formulation

In order to determine the 𝑛𝑡ℎ user received SNR, the vector of beamforming weights
𝑂𝑛 for all users is denoted as𝑂 = [𝑜1, . . . , 𝑜𝑛]. The channel matrix for all users is defined
as 𝐵𝐻𝑛 =

[
𝑏𝐻1 , 𝑏

𝐻
2 , . . . , 𝑏

𝐻
𝑛

]
and 𝐵 = 𝐵𝐻Θ𝐺𝐻

𝐴
∈ 𝑆𝑁×𝐴, is the overall channel matrix, thus

the SNR for each user is defined as in Equation 6.9, in which (.)𝑇 denotes the conjugate
transpose of any matrix and 𝐼𝑛 is the total interference and noise at user 𝑛.

𝑆𝑁𝑅𝑛 =
(𝑜𝑛𝐵𝑛)𝑇 (𝑜𝑛𝐵𝑛)

I𝑛
, 𝑛 = 1, 2, . . . , 𝑁 (6.9)

This chapter aims to comply with thesis objectives to maximise the data rate
and efficiency, as well as minimise the delay. Within the intricate realm of wireless
communication systems, the task of ’maximising the sum rate’ is a crucial one. It
involves striving to achieve the highest overall data transmission rate across all users in a
multi-user communication setting. Within a wireless network, the task of maximising the
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total rate involves understanding each user’s distinct channel circumstances, interference
levels, and data rate needs. Maximising the sum rate requires optimising multiple
parameters, including (channel constraints, power constraints, phase shift constraints,
beamforming, ARIS-DMA phase shift matrix). Thus, the long term joint optimisation
problem can be formulated as:

max
{Θ,O,𝐵}

=

𝑁∑
𝑛=1

𝑅𝑛 , (6.10a)

s.t. 𝑆𝑁𝑅𝑛 =

��� (ℎ𝐻𝑛 𝑂𝑛

)2
���∑

𝑚≠𝑛

(
ℎ𝐻𝑛 𝑂𝑚

)2 + 𝐾𝐻,𝑛
≥ 𝑆𝑁𝑅min, ∀𝑛, (6.10b)

𝑁∑
𝑛=1
∥O𝑛 ∥2 ≤ 𝑃max, ∀𝑛, 𝜙 ∈ Φ, (6.10c)

Maximising the transmit power with the total data rate of users is considering two
important constraint, at first the total transmit power of all users should not exceeds a
maximum value of 𝑃𝑚𝑎𝑥 as in Equation 6.10c, where the second constraint states that
the phase shift values should stay between 0 and 2𝜋. Maximising data rate has a direct
relation with beamforming and phase shift matrices. This means that both matrices must
have an optimal design to maximise the sum rate. The maximisation involves dividing
the main maximisation approach into sub approaches and optimizing them iteratively,
the sub approaches are then applied through randomisation and normalization.

6.2.4 Deep Q Network Adaptive Reconfigurable Intelligent Surface
Decision Making Algorithm (DQN-ARISDMA)

A Deep Q Network ARISDMA (DQN-ARISDMA) is proposed in this section, where
a DQN is employed to map the phase shift along with the power optimisation presented
in Chapter 5. The motivation for proposing DQN-ARISDMA is that the conventional
DL algorithms require diverse training data, which are challenging to obtain for
communication scenarios. On the contrary, different from the conventional DL, the
DQN-ARISDMA interacts with a dynamic environment, thus the algorithm learns from
its own experience, which is stored in a dataset, to obtain the best decision results, based
on the Markov decision process. As shown in Figure 6.2, the DQN-ARISDMA contains
three stages, state, action and reward explained as follows:

1. State Representation (𝑆𝑛): The state represents the environment’s current con-
figuration for user 𝑛, including the CSI, user locations, and possibly historical
information. It could be represented as:
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𝑆𝑛 = [ℎ1, ℎ2, . . . ℎ𝐻 , 𝑢1, 𝑢2, . . . 𝑢𝑁]
where ℎ𝐻 represents the channel gain from the transmitter to the ARIS-DMA
element, and 𝑢𝑁 represents the statues of the 𝑁 𝑡ℎ user.

2. Action Space (𝐴𝑛): The action stage corresponds to the beamforming weights
applied to the ARIS-DMA elements. In a digital beamforming scenario, the action
space is discrete, representing different beamforming directions or combinations
as:

𝐴𝑛 = [𝑂1, 𝑂2, . . . 𝑂𝑁]

3. Reward Function (𝑅𝑛): The reward 𝑅𝑛 reflects the quality of the system’s perfor-
mance after taking action 𝐴𝑛 in state 𝑆𝑛 .

Figure 6.2: DQN-ARISDMA system model

Instead of relying solely on the BS or user channels, combining the two is utilised
to establish unique characteristics for each element of the ARIS-DMA. Thus, using 𝐵𝐻𝑛
and 𝐺𝐻

𝐴
as a two-dimensional feature vector allows more streamlined processing and

data analysis, in contrast to utilising each vector separately. This combination as a result
will lead to enhanced efficiency, to be more precise, the new combined feature for 𝑖𝑡ℎ

ARIS-DMA element is rewritten in Equation 6.11, where 𝑉 ∈ 𝑆𝑁×𝐴.

𝑉𝑖 = 𝐵𝐻𝑛 𝐺
𝐻
𝐴 (6.11)

The main target in this section is to find the best transmit beamforming matrix,
depending on the effective channel. In wireless communication systems, the effective
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channel considers the environment’s effects, such as scattering and reflections, between
the transmitter and the receiver. An optimal transmit beamforming matrix modifies the
transmitted signals’ phase and amplitude to increase the strength of the received signal
at the receiver. DQN-ARISDMA seeks to find the best course of action by choosing the
highest Q-value while accounting for the crucial elements related to Q-learning. It is
intended to determine the greatest value to calculate the Q-value for each observation
iteratively. Thanks to this procedure, the algorithm can make well-informed, effective
and tuned decisions for peak performance.

Algorithm 3 DQN-ARISDMA algorithm
Initialise the environment, the DQN-ARISDMA size, and the training batch size 𝑍,
training rate, and simulation parameters
Initialise the DQN-ARISDMA with random weights 𝑂 parameters
for each episode do

Reset the environment and initial state
for each user 0 ≤ 𝑛 ≤ 𝑁 do

Input the current phase shifts Θ [𝑛] and the CSIℎ𝑏𝑠,𝐻 [𝑛] , ℎ𝐻,𝑛 [𝑛] , ℎ𝑏𝑠,𝑛 [𝑛] to
the DQN-ARISDMA

DQN-ARISDMA predict and output the phase shifts according to Equation 6.13
Calculate the data rate and feed into loos function
Train DQN-ARISDMA 𝑂𝑛 with the loss in Equation 6.14 and Equation 6.15 for

each episode
[𝑛] ← [𝑛 + 1]

end for
end for

Algorithm 3 illustrates the steps processed by DQN-ARISDMA to obtain the predicted
phase shifts for the optimum beamforming. The DQN-ARISDMA is trained by the
interaction with the environment and converges the phase shift. Another advantage of
the proposed DQN-ARISDMA algorithm is that it has higher data rate, fairness level,
spectral efficiency, and lower convergence time, delay, and packet error rate as will be
discussed in Section 6.4. The designed DQN-ARISDMA depends on three main stages
as illustrated in Figure 6.2, in the state stage indicated as (A) the network observes and
collects information of BS channel and user channel which is identified as a collection of
the wireless environment characteristics; where 𝑆𝑛 , is the combined BS and user channel
characteristics for each user 𝑛, and send these information to the DQN-ARISDMA
controller. The next stage (B) is where the DQN-ARISDMA controller takes the decision
𝑆𝑛+1 that is made based on the current channel characteristics 𝑆𝑛 . The last stage (C) is
known as the wireless environment reward 𝑅𝑛 which is updated based on the taken
decision, in which the DQN-ARISDMA reinforce good behaviour and discourage bad
behaviour based on the highest Q-value achieved as in Equation 6.12 and Equation 6.13.
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𝑄 (𝑆𝑛 , 𝑆𝑛+1) ← 𝑄 (𝑆𝑛 , 𝑆𝑛+1) + 𝛼𝑄∗ (𝑆𝑛 , 𝑆𝑛+1) (6.12)

𝑄 (𝑆𝑛 , 𝑆𝑛+1) ← 𝑄 (𝑆𝑛 , 𝑆𝑛+1) + 𝛼

{
𝑟 + 𝛾 max

𝑆′𝑛+1
𝑄∗

(
𝑆′𝑛 , 𝑆

′
𝑛+1

)
−𝑄 (𝑆𝑛 , 𝑆𝑛+1)

}
(6.13)

where, 𝑟 is the immediate decision obtained by the DQN-ARISDMA controller, 𝛼 is
the learning rate, which determines the extent to which new information overrides old
information, 𝑄∗ is the optimal Q-value for the next (𝑆𝑛 , 𝑆𝑛+1) pair, and 𝛾 is the buffer
used to reduce the correlation between the training data and enhance the stability of
convergence, which determines the importance of future decisions in the update in a
range of [0, 1].

6.2.5 Loss Function

The loss function is a crucial metric that determines the performance of a given
model concerning its training data. It serves as an indicator of the disparity between
the predicted values and the actual values. Minimising the loss function is imperative
to improve a model’s accuracy since this implies that the model’s predictions align
more with the target values. We calculated the loss function for single beamforming for
DQN-ARISDMA as in Equation 6.14.

𝐿𝑜𝑠𝑠 =

(
𝑄 (𝑆𝑛 , 𝑆𝑛+1) −

(
𝑟 + 𝛾 max

𝑆′𝑛+1
𝑄∗ (𝑆′𝑛 , 𝑆′𝑛+1)

))2
(6.14)

Given the anticipated expansion of wireless communication in the 6G new generation,
which will ultimately support ten times the number of users compared to the current
generation, it becomes imperative to establish a comprehensive characterization of the
loss function for this particular goal. The overall loss function for DQN-ARISDMA is
expressed in Equation 6.15.

𝐿𝑜𝑠𝑠 =

(
𝑄 (𝑆𝑛 , 𝑆𝑛+1) −

(
𝑟 + 𝛾 max

𝑆′𝑛+1
𝑄∗ (𝑆′𝑛 , 𝑆′𝑛+1)

))2

𝑍
(6.15)

6.2.6 Network Architecture and Training

The adopted network architecture as illustrated in Figure 6.3 consists of one convolu-
tional layer (CV) followed by six fully connected layers (FC). Each FC layer neurons are
proportional to the number of reflecting elements 𝐻 to ensure that the DQN-ARISDMA
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network has enough capacity to learn from larger datasets as the wireless system scales
up. Therefor the fully connected layers (FC) layers are made up of 64𝐻, 32𝐻, 16𝐻, 8𝐻,
4𝐻 and 𝐻 neurons respectively.

To prevent network overfitting and improve training process Batch Normalization
(BN) layer is placed between each FC layers and after the first CV layer. All FC layers
use ReLU as an activation function to prevent the vanishing gradient problem. Adam
optimiser is used to train the network with an initial training rate of 0.0001, as the
number of maximum batch size 𝑍 is set to 6000, 80% of the generated data samples are
used for training and the remaining 20% are used for validation.

6.2.7 Simulation Parameters

The ARIS-DMA used in this chapter follows the design in Chapter 5, which is
designed to transmit and reflect the incident signal to their intended users at the
same time, 200 adaptive reflection and transmission elements 𝐻 is applied in which
their element response equals 0.9, transmission power 1000 mW, wavelength 𝜆 of 0.1,
ARIS-DMA antenna gain is 1 and power radiation parameters are 0.99.

The tested and configured area experiences high user density of (3 × 106, 6 × 106,
9 × 106, 12 × 106, and 16 × 106) 𝑢𝑠𝑒𝑟/𝑘𝑚2 in which they are randomly distributed, with
one BS which has eight transmitting antennas 𝐴, in which wireless communication
system with high user density indicates higher transmission data rates.

To elucidate the performance of DQN-ARISDMA, considering system stability,
training efficiency, and testing performance, we generate 12 × 106 samples for training,
10 × 106 samples for validation, and 8 × 106 samples for testing.

As the DQN-ARISDMA is designed to support the latest wireless communication
generation 6G. The operating frequencies for THz transmission which are used to test
DQN-ARISDMA performance are 300, 400, and 500 GHz.

6.3 Performance Indicators
This section provides an illustration of the performance metrics that we utilised

in order to evaluate the differences between the performance of DQN-ARISDMA
with DDPG, PPO and CNN in the context of beamforming. The following subsections
illustrates the performance indicators used to compare DQN-ARISDMA with the current
state of art techniques.

6.3.1 Fairness

The fairness index known as (Jain’s Fairness Index) is a quantitative measure
employed to assess the equity of resource distribution across numerous users inside
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a communication system. The metric offers a singular numerical representation that
indicates the level of fairness in the distribution of resources across users, with larger
values denoting more equity. Jain’s Fairness Index is a mathematical measure that
quantifies the fairness of resource allocation among individual users. It is calculated by
dividing the total of squared individual user throughput’s by the square of the sum
of the individual user throughput’s, where it ranges from 0 to 1. Mathematically, it is
represented in Equation 6.16, where 𝑇𝑖 represents the throughput of user 𝑛, 𝑁 is the
total number of users:

𝐽 =

(
𝑁∑
𝑛=1

𝑇𝑛

)2

𝑁
𝑁∑
𝑛=1

𝑇2
𝑛

(6.16)

6.3.2 Spectral Efficiency

Spectral efficiency, quantifies the effectiveness of a communication system in using
its available bandwidth to transfer data. It is commonly quantified as the ratio of bits
per second to hertz (bps/Hz), representing the quantity of data that can be sent over
a particular bandwidth during a specified duration. Spectral efficiency is a crucial
performance measure in wireless communication systems since it directly determines
the system’s capacity to accommodate high data rates within a restricted frequency
band. It is mathematically defined as in Equation 6.17, where, 𝑅 is the data rate or
throughput, and 𝐵 is the bandwidth.

𝑆𝐸 =
𝑅

𝐵
(6.17)

6.3.3 Convergance Time

In DL, convergence time refers to the duration it takes for an algorithm to reach a
stable or optimal solution during the training process. In the context of beamforming
with wireless system, convergence time is a crucial consideration when deploying
DL algorithms to optimize beamforming weights and phase shifts. As a convergence
criterion we specifies the throughput, and determined the threshold value or target
performance level that indicates satisfactory convergence, when the average throughput
across all users reaches 95% of the maximum achievable throughput.



CHAPTER 6. DEEP LEARNING FOR ENHANCED ARIS BEAMFORMING 150

6.3.4 Delay

In this indicator we calculate the time required by DQN-ARISDMA and its compara-
tives to determine the optimal beamforming solution.

6.3.5 Data Rate

Data rate, which is also known as bit rate, is the rate at which data is transferred
from the sender to the receiver within a communication system. It is typically measured
in bits per second in this chapter it is measuerd in Tbps.

6.3.6 Packet Error Rate

In the case of DQN-ARISDMA, the packet error rate is defined as the rate at which
the DQN-ARISDMA agent makes incorrect decisions or fails to achieve the desired
objectives in the task it is designed to solve. This is evaluated through the simulation
experiments, where the performance of the DQN-ARISDMA agent is compared against
DDPG, PPO and CNN, in terms of its ability to achieve the desired outcomes with
minimal errors.

6.4 Performance Analysis

In this section, as depicted in Figure 6.4 to Figure 6.13, we characterise the fairness,
SE, convergence time, delay, data rate and PER associated with the new DQN-ARISDMA
in Section 6.2. As illustrated in Section 6.3 the performance measures must adhere
to the requirements of the new wireless generation 6G. It is worth mentioning that
DQN-ARISDMA is previously compared with SDR, MRT, and MMSE in [1].

The bar charts in Figure 6.4 to Figure 6.6 depicts the fairness level for the different
beamforming methods analysed at a frequency of 300, 400 and 500 GHz, considering
different levels of user density. As indicated in Section 6.3.1, fairness is a metric
that quantifies the degree to which the beamforming capabilities are allocated evenly
across users. For the three different frequencies, DQN-ARISDMA consistently shows
the highest fairness across all user densities. This indicates that DQN-ARISDMA is
particularly effective at maintaining an equitable distribution of resources among users,
even as the number of users increases.

DDPG, PPO, and CNN exhibit varying levels of fairness, generally maintaining
mid-to-high fairness levels. However, their performance fluctuates more than DQN-
ARISDMA, suggesting that these techniques may be more sensitive to changes in
user density and frequencies indicating that these techniques may struggle to evenly
distribute resources effectively, particularly at higher user densities.
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Figure 6.4: Fairness Comparison for 300 GHz

Figure 6.5: Fairness Comparison for 400 GHz
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DQN-ARISDMA achieves the highest fairness (approximately 0.9), for the three
different frequencies followed by CNN with mid-level fairness for 300 GHz and 500 GHz.
DDPG on the other hand has the lowest performance at 500 GHz. At 400 GHz DDPG
and PPO shows slightly same performance while CNN shows the lowest performance.
The findings demonstrate the exceptional effectiveness of DQN-ARISDMA in ensuring
fairness among users with varying densities and different frequency. This implies that
DQN-ARISDMA is more resilient and has the ability to allocate beamforming resources
fairly, making it a preferable option in situations with a high number of users.

Figure 6.6: Fairness Comparison for 500 GHz

The other important performance indicator is SE, as shown in Figure 6.7 to Figure 6.9.
When examining the spectral efficiency of frequencies at 300, 400, and 500 GHz under
different SNR levels, it is evident that there is a similar performance pattern across
various beamforming approaches. DQN-ARISDMA consistently delivers the best
SE across all frequencies and SNR levels, surpassing DDPG, PPO, and CNN by a
wide margin. At low SNR levels, namely -20dB, DQN-ARISDMA retains a significant
advantage over other approaches. It achieves SE of around 4 Tbps/Hz at 300 GHz, 4.5
Tbps/Hz at 400 GHz, and 6.5 Tbps/Hz at 500 GHz. In contrast, the other techniques
do not exceed 1 Tbps/Hz. As the SNR climbs to 0dB and beyond, the performance
of DQN-ARISDMA improves significantly. At 300 GHz it achieves a throughput of
around 11 Tbps/Hz and reaches its highest values of 16 Tbps/Hz, when the SNR is
20dB. DDPG, PPO, and CNN demonstrate notably reduced SE at all SNR levels.
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Figure 6.7: Spectral Efficiency Comparison for 300 GHz

Figure 6.8: Spectral Efficiency Comparison for 400 GHz
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DDPG shows marginal enhancements at higher SNR, but it still does not match
the performance of DQN-ARISDMA. The consistent superiority of DQN-ARISDMA
demonstrates its resilience and effectiveness in handling high-frequency spectrum
resources, making it an efficient solution for next-generation THz communication
systems. This is particularly important as maximising SE is crucial in meeting the
growing need for high data rates.

Figure 6.9: Spectral Efficiency Comparison for 500 GHz

The performance for higher frequency range is illustrated in Figure 6.8 and Figure 6.9,
the performance clearly indicates the superiority of DQN-ARISDMA over the other
approaches for both 400 and 500 GHz. In Figure 6.8, at an SNR of -20dB, the DQN-
ARISDMA attains roughly 4.5 Tbps/Hz, while DDPG, PPO, and CNN only surpass 0.5
Tbps/Hz marginally. With an increase in SNR to -10dB, the SE of DQN-ARISDMA rises
to approximately 7.5 Tbps/Hz, markedly exceeding that of DDPG (around 1 Tbps/Hz),
PPO (approximately 0.7 Tbps/Hz), and CNN (about 1 Tbps/Hz). At 0dB SNR, the
SE of DQN-ARISDMA is approximately 9.5 Tbps/Hz, which is roughly five times
greater than that of the nearest competing method, DDPG, at around 2 Tbps/Hz. The
performance gap becomes increasingly pronounced at higher SNR values. At an SNR of
10dB, the SE of DQN-ARISDMA surpasses 10 Tbps/Hz, while the alternative methods
remain under 3 Tbps/Hz. At an SNR of 20dB, the SE of DQN-ARISDMA exceeds
12 Tbps/Hz, whereas DDPG attains roughly 3.5 Tbps/Hz, and both PPO and CNN
are approximately 2 Tbps/Hz. Figure 6.9 demonstrates similar trends, though with
enhanced SE performance. At an SNR of 20dB, DQN-ARISDMA attains approximately
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20 Tbps/Hz, nearly sixfold the performance of DDPG, which is around 4 Tbps/Hz. The
persistent dominance of DQN-ARISDMA at all SNR levels illustrates its effectiveness in
enhancing SE for high-capacity 6G networks.

The other performance indicator considered is convergence time as shown in
Figure 6.10. The speed at which convergence occurs is crucial in wireless communication
and DL solutions since it directly affects the network’s responsiveness and efficiency.

The results illustrated in this section emphasise the remarkable effectiveness of
DQN-ARISDMA in decreasing the time it takes to reach convergence as the number
of users grows. With a user count of 16 × 106, DQN-ARISDMA achieves the ideal
solution in less than 6 𝜇𝑠. In contrast, the competing techniques face a continual
increase in convergence time, taking 50% time higher than DQN-ARISDMA with 500
GHz. DQN-ARISDMA consistently maintains this level of performance across the other
frequencies in the 6G spectrum 300 and 400 GHz, exhibiting a significant difference
of up to 75% compared to DDPG, PPO, and CNN. This achievement is crucial for
DQN-ARISDMA, as it demonstrates it’s ability to adapt and learn to manage changing
network circumstances effectively.

Figure 6.10: Convergence Time Comparison for different frequencies

The conventional beamforming techniques DDPG, PPO, and CNN used in 5G, failed
to maintain good performance as the number of users increase. These approaches
depend on static resource allocation algorithms, which are less effective in dynamic
situations. As users increase, the time it takes for conventional approaches to converge
also increases, leading to higher delays in network adaptation, as in Figure 6.11.
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The delay encountered by users during communication is significantly affected by the
user density in the tested network, as seen in Figure 6.11. Each method exhibits relatively
lower latency on the network with moderate density of 3× 106 users. However, a distinct
and discernible shift in the pattern becomes apparent when the density grows, DQN-
ARISDMA surpasses the other beamforming approaches in terms of delay reduction.
The DQN-ARISDMA system is able to efficiently allocate resources and make decisions
based on learning, allowing it to swiftly adjust to changing conditions and priorities for
fast communication with minimal delay. DQN-ARISDMA, as compared to DDPG, PPO,
and CNN, demonstrates a notable benefit in reducing communication time. With many
users, namely 12 × 106 and 16 × 106 users, DQN-ARISDMA experiences much-reduced
delay. The other methods need more time to effectively handle network resources,
resulting in increased delays as the number of users increases. DQN-ARISDMA, on the
other hand, has exceptional performance in minimising delay, even in situations with
high network congestion.

Figure 6.11: Delay Comparison for different frequencies

In wireless communication data rate performance is important. Figure 6.12, shows
the data rate performance for (300, 400, and 500) GHz at different SNR levels, where
distinct patterns and variations in performance is noticed. At 300 GHz, the data
rates gradually and consistently increase as SNR increases. However, the data rate
remains comparatively low compared to higher frequencies. More precisely, the three
methods DDPG, PPO, and CNN exhibit incremental improvements; however, their data
transmission speeds reach a maximum of less than 0.4 Tbps at a SNR of 20dB.
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Figure 6.12: Data Rate Comparison for different frequencies and 16 × 106

On the other hand, the 400 GHz frequency exhibits a significant increase in data rates
as the SNR increases. This is especially true for the DQN-ARISDMA approach, which
achieve data transmission speeds above 1 Tbps at higher SNR levels. This highlights
the expanded data transmission potential of the 400 GHz frequency. The 500 GHz
frequency is superior to the other two frequencies, as it results in a large increase in
data rates with a higher SNR. Specifically, the DQN-ARISDMA approach achieve data
rates exceeding 2 Tbps at 20dB SNR. This emphasises the exceptional capacity of the
500 GHz frequency range for high-speed data applications. Nevertheless, the 500 GHz
band exhibits heightened susceptibility to SNR fluctuations, underscoring the need
for sophisticated signal processing techniques and methods to harness its potential
effectively which highlights the significance of choosing suitable methods to optimise
data transmission in high-frequency communication systems.

DQN-ARISDMA maintains higher data rates, reaching a 100% higher data rate than
the other approaches under 300 GHz, 400 GHz, and 500 GHz. The adaptability of
DQN-ARISDMA to excel in low SNR conditions, where error resilience is paramount,
and in high SNR conditions, where maximizing data rates is critical, is an important
achievement in regards to the objectives to meet the 6G KPIs.

The last performance indicator is PER, the examination of PER at frequencies of 300,
400, and 500 GHz at different SNR, as seen in Figure 6.13, provides valuable information
on the dependability and effectiveness of DQN-ARISDMA for 6G high-frequency band.
At a frequency of 500 GHz, the PER stays relatively high when the SNR is low.
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Figure 6.13: PER Comparison for different frequencies and 16 × 106

However, as the SNR increases, the PER consistently decreases. The DQN-ARISDMA
demonstrate superior performance and achieve PER close to 10−2 at higher SNR equals
to 5dB. Increasing the SNR leads to moderate gains in dependability.

At a frequency of 400 GHz, the PER decreases significantly as the SNR increases.
This decline is especially noticeable for the DQN-ARISDMA, which attain PER below
10−2 faster than 500 GHz level. This implies that a frequency of 400 GHz can provide
much-improved error performance under situations of a moderate SNR.

Among the three frequencies, the 300 GHz band has the lowest PER, where, DQN-
ARISDMA achieves PER as low as 10−2 with channel gain of 5dB and 10dB compared
to 400 GHz and 500 GHz respectively, Table 6.1 summarise the PER values of DQN-
ARISDMA compared with DDPG, PPO, and CNN.
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Table 6.1: PER comparison

SNR DQN-
ARISDMA DDPG PPO CNN

-20 0.03 0.07 0.065 0.062
-15 0.025 0.055 0.06 0.055
-5 0.01 0.045 0.04 0.04
0 0.008 0.04 0.025 0.028
5 0.003 0.03 0.025 0.015
15 0.0005 0.01 0.01 0.01
20 0 0.006 0.004 0.002

(a) 300 GHz

SNR DQN-
ARISDMA DDPG PPO CNN

-20 0.04 0.075 0.07 0.065
-15 0.03 0.07 0.065 0.062
-5 0.015 0.05 0.045 0.052
0 0.01 0.045 0.04 0.04
5 0.008 0.04 0.025 0.028
15 0.002 0.02 0.015 0.013
20 0.0005 0.01 0.01 0.01

(b) 400 GHz

SNR DQN-
ARISDMA DDPG PPO CNN

-20 0.05 0.09 0.075 0.065
-15 0.04 0.075 0.07 0.065
-5 0.025 0.055 0.06 0.055
0 0.015 0.05 0.045 0.052
5 0.01 0.045 0.04 0.04
15 0.003 0.03 0.025 0.015
20 0.002 0.02 0.015 0.013

(c) 500 GHz
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6.5 Discussion
In this chapter, we have developed a beamforming solution for ARIS-DMA developed

in Chapter 5, this new beamforming depends on deep Q network which is refereed to as
DQN-ARISDMA.

The effectiveness of DQN-ARISDMA beamforming presented in this chapter, which
integrates deep Q learning into the beamforming process, has been demonstrated
in the frequency range of the 6G communication system while achieving THz data
rates. DQN-ARISDMA mange to support high level of user density with the highest
fairness approximately 1 compared with DDPG, PPO, and CNN. Moreover, DQN-
ARISDMA achieves higher SE reaches up to 20 Tbps/Hz, the pursuit of high SE is
a fundamental objective in the development and implementation of contemporary
wireless communication systems. It facilitates faster transmission speeds, optimised
use of frequency bands, reduced expenses, enhanced network capability, and improved
service quality.

The SE achievement is reflected directly on DQN-ARISDMA data rate and PER
performance, high data rate in a communication system refers to the ability to transfer a
substantial volume of data within a specific time frame, with greater rates indicating
faster connection and the capacity to handle more data intensive applications. High
data rates are crucial for modern communication systems as they enable faster, more
efficient, and reliable data transmission.

On the other hand , low PER is a key indicator of a high-quality and reliable
communication system. Achieving low PER enhances the quality of service, reduces
latency, and improves the overall user experience, making it essential for a wide range
of applications from real-time communication to critical data transmission especially for
the upcoming wireless generation 6G.

In order for DL approaches to be efficient in learning and provide high performance
it should require low convergence time and delay. A network with low convergence
time can rapidly learn the optimal policy, resulting in effective resource utilization and
adaptability to surroundings changes. Minimal latency guarantees prompt decision-
making and responsiveness, which is vital for applications necessitating instant feedback
and actions. DQN-ARISDMA shows an extraordinary level of minimising both the
convergence time and delay by more than 50% which complies with 6G targets to
minimise the time required for transmission to lower level of that of the previous
generations.
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7

Conclusions and Future Works

This chapter provides a concise overview of the study and presents the findings and
conclusions of the thesis. Subsequently, several recommendations for future endeavours
and progress are given to indicate how the findings of this study can be utilised.

7.1 Summery

When wireless is perfectly applied the whole earth will be
converted into a huge brain, which in fact it is, all things being

particles of a real and rhythmic whole

Nikola Tesla, in 1926 at an interview with Collier’s magazine predicted the future of
communications and precisely the wireless communications. However, he did not expect
the high user demands and the growing network size. In order for Tesla prediction to
be applied, number of organisations had to be initiated and standardisation’s had to
be introduced resulting in five generations of wireless communication with the latest
known as 5G currently used. According to that, new approaches and techniques were
continuously introduced by researchers for each generation to overcome any limitations
or restrictions, in order for each wireless generation to achieve it is desired requirements
and KPIs.

The emergence of 6G wireless technology began to attract interest in the mid-2010s,
with notable conversations and initial proposals surfacing in academic and commercial
domains. Nevertheless, the concept of 6G as the subsequent advancement following
5G gained traction and underwent thorough examination during the latter part of the
2010s. In the period from 2017 to 2018, a number of academic papers and first research
proposals began to appear, exploring the potential advancements and technologies that
could shape the development of 6G. In 2018, the University of Oulu in Finland initiated
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the 6G Flagship program, which is the first research program in the world dedicated to
investigate the technological advancements and necessities for 6G networks. In 2019,
the ITU initiated the process of defining the future of 6G, with a specific emphasis on
the innovations and applications that will follow 5G.

Notwithstanding that there is unlimited research to develop new approaches and
techniques to comply with 6G KPIs, there is still found limitations in adhering the most
important measures in each wireless generations. This thesis focuses on developing
a new channel coding approach integrated with a ARIS for THz 6G communication
networks. This study seeks to meet the increasing need for faster data rates, better use
of available frequencies, and increased dependability in the next 6G networks.

The objectives of 6G communications are ambitious and seek to greatly improve
the capabilities and performance of wireless networks beyond the current capabilities
of 5G. The objectives are motivated by the necessity to facilitate a diverse array of
sophisticated applications and services, encompassing those that necessitate extremely
fast data transmission, little delay, exceptional dependability, and extensive connectivity.
The 6G targets are to accomplish ultra high data rates, extremely low latency, massive
connectivity, high reliability and availability, enhanced spectral and energy efficiency,
expanded coverage, advanced sensing and communication integration, programma-
bility and flexibility, sustainability and cost effectiveness, AI and ML integration, and
holographic and extended reality communications.

In order to adhere the requirements of the new wireless generation, in this thesis
two novel channel coding approach has been developed in Chapter 3 named Polar
Convolutional Serial Code (PCSC) and Polar Convolutional Parallel Code (PCPC), specif-
ically for efficient operation in the THz range, offering improved data transmission rates
and enhanced dependability. The coding approach aims to overcome the difficulties
associated with molecule absorption and signal attenuation that are inherent in THz
frequencies. Moreover, in order to elaborate more on the performance of the channel
coding in regards to 6G, the conducted channel coding techniques utilise the use of
Non Orthogonal Multiple Access (NOMA) as resource allocation to replace the current
orthogonal resource allocation used in the previous generations. The comparative
analysis showcases the superiority of the new methods in terms of both BER and
throughput, which satisfies the ultra high data rates, high reliability and availability
requirements.

As the conducted results shows better performance for PCSC more development
is carried out on the decoding process of PCPC in Chapter 4, as Deep Learning PCPC
(DL-PCPC) . Integrating DL into the decoding process demonstrates higher data rate,
higher reliability, higher EE, and lower delay.

Expanding the coverage area while providing massive connectivity is addressed in
Chapter 5, by introducing adaptive reconfigurable intelligent surface into a wireless
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communication system. In this thesis a ARIS Decision Making Algorithm (ARIS-DMA)
is developed which simultaneously transmit and reflect the incident signal offering
significant benefits in terms of signal quality, coverage, spectral and energy efficiency,
capacity, reliability, and cost-effectiveness. Unlike the traditional STAR-RIS where the
system resources usually split between the users in the transmission and reflection areas,
in this thesis using the ARIS-DMA enables the dynamic control and optimization of the
wireless environment, which plays a critical role in meeting the ambitious performance
targets of 6G and supporting the diverse and demanding applications of the future.

After successfully elaborating on the use of STAR-RIS and developing an adaptive
form of it, namely ARIS-DMA, in Chapter 5, Chapter 6 presents an enhanced version
of ARIS-DMA by integrating DL. The Deep Q Network ARISDMA (DQN-ARISDMA)
integrates reinforcement learning in the means of DQN to enable an intelligent beam-
forming approach for the network. Leveraging DL, particularly DQN is designed to
dynamically adapt to the change in network conditions, optimise the resource allocation
and improve the spectral efficiency which demonstrates how effective the adoption of
DQN-ARISDMA to reduce the convergence time and delay, which is crucial for real-time
applications in 6G networks.

7.2 Conclusions

In this study, simulation-based solutions were introduced to develop new technolo-
gies that meet the 6G performance requirements, by aligning with user expectations
and minimising the need for extensive modifications to the existing communications
infrastructure, the implementation of the new generation of communications can be
expedited, offering significant advantages over the current generation.

In order to accomplish this task, a set of performance indicators must be addressed
and met. Coverage, delay, data rate, reliability, system efficiency, energy efficiency, are
the most important metrics to evaluate the newly adopted techniques in any wireless
communication system.

In Chapter 3, we have created and assessed innovative methods for encoding data in
communication channels. These methods involve combining serial and parallel concate-
nated codes with NOMA technology, which will be used in future 6G communication
systems. Our goal was to overcome the constraints of the current 5G technologies by
improving the reliability, data throughput, through unique channel coding schemes.

This study is based on concatenated channel coding, combining numerous tech-
niques to improve error correction capabilities. Using serial and parallel concatenation
techniques, we have created two novel coding methods, namely PCSC and PCPC. These
techniques combine polar codes and convolutional codes to produce better performance
in terms of BER and data throughput. We conducted a thorough assessment of the per-



CHAPTER 7. CONCLUSIONS AND FUTURE WORKS 164

formance of PCSC and PCPC, utilising a range of measures, including BER, throughput,
and the influence of different modulation schemes and codeword lengths.

The comparative analysis of BER performance between PCSC and PCPC codes, in
comparison to established 5G coding approach PC, indicate that PCSC consistently
performs better than PC across various modulation schemes (BPSK,QAM) and codeword
lengths. For example, when using 64 QAM and a codeword length of 𝑁 = 8192, PCSC
coding yields a channel coding gain of 2.5dB at an error rate of 10−1. The notable
enhancement in BER highlights the capability of PCSC to increase the accuracy and
dependability of data in 6G networks.

The practical feasibility of PCSC and PCPC for 6G was also assessed by evaluating
the throughput, a crucial metric for measuring the data transmission rate. PCSC
outperforms PC in terms of throughput, particularly in high modulation circumstances.
As an illustration, PCSC can attain a data rate of 740 Gbps using 64 QAM modulation.
PCSC’s capacity to maintain high data rates even in difficult circumstances positions it
as a strong contender for future 6G applications.

The emergence of PCSC and PCPC represents notable progress in channel coding
for 6G, we have developed resilient coding methods capable of effectively managing the
higher data rates and dependability requirements of upcoming wireless networks. The
performance evaluations indicate that PCSC in particular, exhibits significant enhance-
ments compared to current coding techniques, positioning it as a highly viable choice
for integration into 6G systems.

As shown in Table 7.1 and Table 7.2, PCSC’s improved error correction capabilities
provide greater data integrity, which is vital for applications that demand dependable
communication, such as autonomous driving and telemedicine. Its capacity to sustain a
low BER across different modulation methods and codeword lengths is evidence of its
resilience. Furthermore, generating data speeds of Tbps is a crucial objective for 6G,
and PCSC’s performance in this area shows promise.

Table 7.1: Performance evaluation of PCSC with different codeword length
Codeword length Throughput (%) Coding gain (dB)

2048 83.85 4.5
4096 66.65 5.75
8192 58.45 6.25

The substantial increase in data transfer rate, particularly in situations with advanced
signal modulation, demonstrates that PCSC can efficiently accommodate the data-
intensive applications expected in 6G networks. PCSC’s ability to adjust to diverse
codeword lengths and modulation methods guarantees its scalability across a wide
range of 6G applications.

In Chapter 4, we focuses on developing and assessing Deep Learning PCPC (DL-



CHAPTER 7. CONCLUSIONS AND FUTURE WORKS 165

Table 7.2: Performance evaluation of different coding schemes for 6G

SNR PCSC
(BPSK) PCPC PC

(BPSK)
PCSC

(QAM)
PC

(QAM)

Un-
coded

NOMA
0 0.052 0.536 0.780 0.136 1.398 0.1449

0.5 0.007 0.292 0.569 0.092 1.176 0.131
1 0.00057 0.156 0.286 0.056 1.028 0.11

1.5 1.4e-05 0.010 0.029 0.030 0.980 0.09
2 2.6e-07 0.00089 0.00089 0.014 0.769 0.0722

PCPC) channel decoding algorithms for 6G communication systems. Our objective was
to improve the decoding procedure by using DL, specifically emphasising reaching high
data rates in the THz range, optimising energy usage, and minimising system delay. The
findings we obtained emphasise the notable enhancements in decoding performance,
data throughput, EE, and system delay. This highlights the promise of DL-PCPC for
future wireless communication networks.

DL-PCPC consistently surpasses SCD in performance, reaching a minimum decoding
error of 0.01 Tbps by the tenth iteration, whilst SCD struggles to achieve anything below
0.28 Tbps. The substantial decrease in decoding error highlights the efficacy of the
DL-PCPC method in guaranteeing precise data delivery. DL-PCPC outperforms SCD by
achieving a data rate of 99% with greater repetitions. The DL-PCPC’s ability to enhance
data rate by 70% demonstrates its capacity to handle data-heavy tasks, including video
streaming, VR, and XR, which are expected to be prevalent in 6G networks.

The capability to attain data speeds of up to 1 Tbps establishes DL-PCPC as a viable
solution for forthcoming 6G networks. This feature is crucial for meeting the growing
need for high-bandwidth applications, guaranteeing that 6G can fulfil its commitment
to greatly improve data transmission speeds. Also, DL-PCPC demonstrates a perfect
EE of 100%, surpassing SCD by a margin of 40%. This improvement indicates that
DL-PCPC can handle larger data rates while consuming less energy, which aligns with
the objective of 6G to decrease energy consumption by at least threefold compared
to earlier generations. Moreover, DL-PCPC greatly decreases system latency to 0.003
𝜇s, representing an over 100% enhancement compared to SCD, which has a latency of
1.45 𝜇s. The significant decrease in delay guarantees that DL-PCPC can accommodate
low-latency applications, which is necessary for 6G.

The technological advancement made by DL-PCPC has significant ramifications
for the future of wireless communication. DL-PCPC enables the implementation of
advanced communication technologies that may support many applications, such as
immersive media and critical infrastructure monitoring while satisfying the demanding
performance standards of 6G. DL-PCPC’s adaptability to varied codeword lengths and
modulation methods guarantees its scalability across a wide range of 6G use cases.
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It is a highly adaptable technology that can effectively meet the varied requirements
of upcoming communication networks. Although DL-PCPC has shown remarkable
performance, additional research is required to thoroughly investigate its full potential.
Furthermore, investigating the utilisation of DL-PCPC across various frequency ranges
and network setups would yield more profound understanding of its potential.

In addition to the achievements gained by adopting novel channel coding and
decoding techniques into 6G system, we have implemented the ARIS in THz 6G
communication systems to improve reliability, coverage, latency, and power efficiency.
Our objective was to enhance the efficiency of signal power distribution to target users,
particularly those in areas with little coverage, by utilising the ARIS Decision Making
Algorithm (ARIS-DMA) in Chapter 5. This novel strategy was evaluated using 6G
KPIs and compared to cutting-edge techniques such as STAR-RIS and conventional BS
handover.

ARIS-DMA showed a noteworthy decrease in power loss compared to STAR-RIS
and BS handover, particularly in user-dense situations. When the user density reached
16 × 106, ARIS-DMA experienced a power loss of only 0.33 dBm, while STAR-RIS
had a power loss of 27.26 dBm. This suggests that ARIS-DMA is much improved
in preserving signal strength. As reducing system latency is essential for real-time
applications in 6G networks. ARIS-DMA achieved a latency reduction of 42% compared
to STAR-RIS and 44% compared to BS handover, resulting in a delay of only 0.15 µs.
This enhancement guarantees accelerated data transmission and a highly responsive
communication network. One of the main objectives of ARIS-DMA was to target
areas with no network coverage. According to the performance evaluation, ARIS-DMA
achieved almost complete coverage, surpassing STAR-RIS 26% and BS handover 73.6%
at a frequency of 300 GHz and a user density of 16 × 106. This outcome emphasises the
efficacy of ARIS-DMA in guaranteeing extensive network coverage.

In addition to that, in high-density settings, ARIS-DMA demonstrated a significant
channel gain of up to 25dB compared to STAR-RIS, suggesting a decreased FSR. The
performance of ARIS-DMA remained consistent across several frequencies (300, 400,
and 500 GHz), demonstrating its resilience in ensuring dependable communication even
under difficult circumstances. The total system efficiency of ARIS-DMA was confirmed
by multiple tests. ARIS-DMA had a system dependability of 95%, which was notably
superior to the 11% attained by STAR-RIS. The practical feasibility of ARIS-DMA in
real-world 6G installations is highlighted by its great efficiency.

The ARIS-DMA system can potentially improve network reliability and efficiency
by greatly reducing power loss and system latency while offering almost complete
coverage. These enhancements are essential for facilitating the high data transmission
speeds and minimal delay necessary for 6G applications. Furthermore, the ARIS-DMA’s
capacity to adjust to different user densities and environmental circumstances makes it
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a scalable option for many deployment scenarios. ARIS-DMA can efficiently optimise
signal delivery, whether in densely populated urban regions or sparsely covered rural
areas. Although ARIS-DMA has demonstrated impressive performance, future studies
could investigate the incorporation of more sophisticated DL methods and real-time
adaptive algorithms to augment its potential further. Furthermore, conducting real
implementation and field testing in various scenarios is crucial to confirm the theoretical
conclusions and guarantee smooth integration into the current infrastructure.

Building on that, we have developed a new beamforming solution called Deep
Q Network ARISDMA (DQN-ARISDMA) in Chapter 6. This solution uses deep Q
networks to improve the beamforming process for ARIS-DMA. This novel methodology
tackles the distinct obstacles faced by 6G communication systems to attain THz data
rates while accommodating high user densities and delivering exceptional fairness, SE,
data rates, and PER performance.

Attaining a high SE is essential in order to satisfy the increasing need for high data
rates in the context of 6G. The capability of DQN-ARISDMA to optimise SE results
in increased data rates and decreased PER, which is crucial for various applications
including real-time communication and important data transmission. Additionally,
for DL techniques to be effective, it is crucial to have efficient learning and quick
adaptation. The low convergence time and delay of DQN-ARISDMA provide quick
decision-making and responsiveness, which is crucial for applications that demand
immediate input and actions. Moreover, ensuring a high level of fairness guarantees
an equal distribution of resources, which improves both the user experience and the
network’s performance. Also, the PER achieved by the DQN-ARISDMA suggests a
high level of reliability, which is essential for ensuring the quality of service in 6G
networks. The practical implications of these findings indicate that DQN-ARISDMA is
highly suitable for deployment in 6G networks, as it offers substantial enhancements in
performance and efficiency. The method’s capacity to manage high-frequency spectrum
resources and adjust to changing network conditions renders it a resilient solution for
forthcoming wireless communication systems.

The DQN-ARISDMA beamforming solution seamlessly combines deep learning
and beamforming techniques for ARIS-DMA in 6G communication networks. DQN-
ARISDMA successfully fulfils the ambitious performance goals of 6G by attaining
outstanding fairness, SE, data speeds, low PER, and reduced convergence time and
latency. The findings illustrate the capacity of DL to transform beamforming techniques,
opening up possibilities for fast, dependable, and efficient wireless communication in
future network generations. This complete strategy for beamforming guarantees that
6G networks can effectively handle the high requirements of future applications and
services, establishing a strong basis for continuous progress in wireless technology.
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7.3 Future Research Directions

Although this thesis has made significant contributions to 6G wireless commu-
nication, some ongoing research issues are still predicted to evolve alongside the
advancements in THz communications. To further improve the research area, new and
innovative contributions are necessary to address these new issues. This section outlines
current research areas and potential future directions in this context.

The proposed channel coding techniques PCSC and PCPC can be extended to con-
sider the development of adaptive modulation and coding techniques that automatically
alter the coding and modulation parameters in response to real-time channel conditions
to optimise performance. Furthermore and due to the emergence of quantum comput-
ing, the development of quantum-resistant channel coding algorithms is crucial for
ensuring secure communication in 6G. This could be done by exploring the integration
of quantum key distribution with the developed channel coding in this thesis. Another
open research field is the integration of digital twin, it is highly promising to make use
of digital twin technology to generate live simulations of 6G networks, facilitating the
examination and enhancement of channel coding techniques in various network scenar-
ios. Additionally, leverage digital twins for proactive maintenance of communication
networks and optimization of network resources to guarantee dependable and efficient
performance.

To increase the performance of DL-PCPC, further research should be conducted
with an emphasis on constructing more advanced neural network architectures. This
entails investigating many categories of neural networks, such as Recurrent Neural
Networks (RNNs) and transformer models, which have the potential to deliver su-
perior performance for sequential data and long-range dependencies. In addition,
sophisticated data augmentation approaches should be researched to boost the training
process and improve the model’s capacity to generalise to unfamiliar data. Furthermore,
it investigates the application of post-quantum cryptography techniques in the DL
decoding framework to bolster security and adapt DL based decoding methods to meet
the special demands of IoT and edge computing settings, particularly emphasising
energy efficient and resource limited devices.

While this study offers potential strategies and research contributions for ARIS-DMA
assisted wireless communication, it does have several limitations in regards to the
implementation of ARIS-DMA. The first limitation is that the assumption that com-
plete CSI is accessible, this assumption is improbable to be incorporated into practical
communication systems. Nevertheless, we could not further study these difficulties
due to the constraints of the research topic. The second important thing is that certain
aspects of power consumption and overhead should be fully considered, such as pilot
overhead and robots’ energy overhead in ARIS-DMA. The overheads in the physical
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world are inevitable. Therefore, conducting further research on ARIS-DMA overheads
is worthwhile to enhance the standardisation and implementation of ARIS-DMA. The
last limitation that this study faced that it needs more experimental validation for the
proposed algorithms. Despite making considerable effort to acquire a ARIS-DMA
prototype for conducting tests, the author failed to get the opportunity to deploy the
simulation based algorithms on hardware due to fund constraints. Also, expanding
the utilisation of ARIS-DMA to difficult settings such as underwater and remote rural
locations and the implementation of ARIS-DMA on UAV to enhance network coverage
and minimise communication delays in these areas is a promising open research problem
that could be addressed with the presence of ARIS-DMA.

Applying the DQN algorithm to the ARIS-DMA in the form of DQN-ARISDMA has
yielded encouraging outcomes. However, there is potential for additional enhancements.
For instance, employing multi-step learning to update the Q values, which is based on
considering numerous future steps instead of just one, can lead to more informative
updates and enhance the stability of the learning process. In addition, two learning
methodologies can be employed as well. The first one is transfer learning, which
involves utilising pre-trained models from analogous tasks or contexts. This strategy
enables the DQN to acquire knowledge rapidly and efficiently in novel or changing
environments. Another approach is to employ curriculum learning, which involves
training the agent on increasingly challenging tasks. This can enhance the DQN’s ability
to acquire intricate policies more efficiently.

7.4 This Research’s Effect on Industrial Practice

This study contributions in new channel coding, deep learning based channel decod-
ing, adaptive reconfigurable intelligent surfaces, and deep Q networks with adaptive
reconfigurable intelligent surfaces, will have a major impact on industrial practice, specif-
ically in the advancement and implementation of advanced communication systems
such as 6G. The following are the primary effects for each contribution separately:

1. Channel Coding (PCSC, PCPC)

• Improved Data Throughput: Implementing new channel coding methods
allows for increased data rates, which are crucial for applications that need a
significant amount of bandwidth, such as streaming high-definition videos
and providing immersive VR/AR experiences.

• Improved Error Rates: Increased error correction capabilities result in
decreased mistake rates, improving communication systems’ dependability.
This is particularly important for industrial automation, autonomous vehicles,
and remote healthcare applications.
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• Energy Efficiency: Optimising channel coding minimises the necessity for
retransmissions, resulting in energy conservation and prolonged battery
longevity for mobile and IoT devices.

• Scalability: Advanced channel coding algorithms facilitate handling the
many linked devices anticipated in IoT, smart cities, and industrial IoT
deployments.

2. DL-Based Channel Decoding (DL-PCPC)

• Adaptive Performance: Deep learning-based decoding can adjust to chang-
ing channel circumstances in real time, ensuring constant performance in
diverse situations. This is particularly important for mobile and wireless
communications in dynamic industrial settings.

• Reduced Latency: Enhanced decoding procedures that are quicker and more
effective minimise communication delays, a crucial factor for time-critical
tasks like autonomous driving and real-time industrial control systems.

• Enhanced Security: Proficiency in managing intricate decoding tasks is
advantageous for creating highly secure communication protocols and safe-
guarding industrial data from interception and modification.

• Cost Reduction: Implementing deep learning algorithms to automate decod-
ing procedures might decrease the intricate hardware requirement, reducing
the expenses associated with building and managing communication infras-
tructure.

3. Adaptive Reconfigurable Intelligent Surfaces (ARIS-DMA)

• Improved Coverage and Capacity: ARIS-DMA can adapt and improve signal
strength and quality, greatly improving coverage and capacity in urban areas
and indoor locations where traditional infrastructure may have difficulties.

• Energy Efficiency: ARIS-DMA optimises signal routing to minimise en-
ergy usage, resulting in more sustainable and cost-effective communication
networks.

4. Deep Q Networks (DQN-ARISDMA)

• Autonomous Network Management: DQN-ARISDMA facilitates automated
network management, minimising the requirement for human involvement
and enabling more prompt and adaptable network operations.

• Enhanced QoS: DQN-ARISDMA facilitates automated network management,
minimising the requirement for human involvement and enabling more
prompt and adaptable network operations.

• Scalability and Flexibility: DQN-ARISDMA can manage intricate decision-
making procedures, rendering it capable of scaling and adjusting to various
network scenarios and demands in industrial applications.
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As an advanced system, the integration of these advanced technologies have syner-
gistic benefits:

1. End-to-End Optimization:

(a) Improved Performance Across the Network: By integrating innovative
channel coding techniques with DL-based decoding, the overall error rates
can be substantially diminished, resulting in enhanced data transmission
reliability. Integrating these components with DQN-ARISDMA enhances the
communication network’s efficiency and resilience.

(b) Holistic Approach: Every technique focuses on distinct areas of communica-
tion issues, such as error correction, adaptive decoding, signal optimisation,
and resource management. Collectively, they generate a cohesive and en-
hanced communication encounter.

2. Enhanced Reliability and Performance:

(a) Error Reduction and Robust Decoding: The combination of advanced
channel coding with DL based decoding guarantees minimum mistakes, even
in demanding situations. ARIS-DMA can enhance the quality and range of
signals. When effectively controlled by DQN-ARISDMA, it ensures consistent
reliability and real-time performance.

(b) Consistent QoS: The integrated technologies can adjust to different conditions
to uphold a consistent QoS, which is essential for applications such as
autonomous driving or industrial automation.

3. Cost Efficiency:

(a) Resource Optimization: The DQN-ARISDMA algorithm may allocate re-
sources, such as bandwidth and power, by utilising real-time data. This
leads to a reduction in waste and an enhancement in overall efficiency. This
enhances the energy conservation obtained through ARIS-DMA and the
decreased retransmissions resulting from improved channel coding and
decoding.

(b) Reduced Infrastructure Costs: ARIS-DMA can be implemented on current
systems, reducing additional infrastructure requirements. Also, advanced
coding and decoding techniques result in increased efficiency, leading to a
decrease in operational costs.

4. Rapid Deployment and Adaptation:

(a) Scalable Solutions: The presented techniques can scale in proportion to
rising requirements, such as an increasing number of consumers or faster data
speeds, without the need for significant human modifications or upgrades.
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Practical Synergies in Industrial Applications:

1. Smart Manufacturing: Effective and dependable communication is essential for a
smart factory’s Machine to Machine (M2M) connectivity. Advanced PCSC and
PCPC channel coding and DL-PCPC decoding techniques guarantee the accuracy
and reliability of data. The ARIS-DMA system efficiently optimises the signal
pathways within the factory, and the DQN-ARISDMA algorithm dynamically
controls the network resources to prevent congestion.

2. Autonomous Vehicles: Autonomous cars require low latency and excellent relia-
bility. By integrating these technologies, we can establish reliable communication
channels with minimal latency, allowing for vehicles’ safe and efficient operation.

3. Remote Healthcare: Reliable high-speed connectivity is crucial in the field
of telemedicine. The combined impacts of these technologies guarantee the
preservation of high-quality video and data streams, hence improving patient
care.

These proposals provide a starting point for more study and practical applications
in the field of wireless communication modelling for 6G. However, the methodology
employed in this thesis has the potential to be applied in domains beyond those that
have been mentioned.

fin.
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