
 

 

High Speed B5G/6G Communication Network Analysis Using 

Machine Learning and Queueing Techniques 

 

Thesis for the Degree of Doctor of Philosophy (PhD) 

 

 

Djamila Talbi 

Supervisor: Prof. Dr. Gal Zoltan 

 

 

UNIVERSITY OF DEBRECEN 

Doctoral Council for Natural Sciences and Engineering 

Doctoral School of Informatics 

 

Debrecen, 2025 



 

Hereby I declare that I prepared this thesis within the Doctoral Council for Natural 

Sciences and Engineering, Doctoral School of Informatics, University of Debrecen in 

order to obtain a PhD Degree in Engineering at Debrecen University. 

The results published in the thesis are not reported in any other PhD theses. 

 

Debrecen, 2025.09.04. 

 

 ………………………. 

                 signature of the candidate 

 

 

 

 

 

Hereby I confirm that Djamila Talbi candidate conducted her studies with my 

supervision within the Information Technology Systems and Networks with 

Industrial Applications Doctoral Program of the Doctoral School of 

Informatics between 2021 and 2025. The independent studies and research 

work of the candidate significantly contributed to the results published in the 

thesis. 

I also declare that the results published in the thesis are not reported in any 

other theses. 

I support the acceptance of the thesis. 

 

Debrecen, 2025.09.04.  

 

 …………………………… 

 signature of the supervisor 

  



 

HIGH SPEED B5G/6G COMMUNICATION NETWORK ANALYSIS USING 

MACHINE LEARNING AND QUEUEING TECHNIQUES 

 

Dissertation submitted in partial fulfilment of the requirements for the doctoral (PhD) degree 

In Informatics 

 

 

Written by Talbi Djamila, Master of Science in Telecommunication Systems 

 

Prepared in the framework of the doctoral school of the University of Debrecen 

(Information Technology Systems and Networks with Industrial Applications Doctoral 

program) 

 

Dissertation supervisor: Dr. Gal Zoltan 

 

 

The official opponents of the dissertation: 

 

  Dr.  .................................  ………………..  

  Dr.  .................................  ………………..  

 

The evaluation board: 

 chairperson: Dr.  .................................  ………………..  

 members: Dr.  .................................  ………………..  

  Dr.  .................................  ………………..  

  Dr.  .................................  ………………..  

  Dr.  .................................  ………………..  

 

The date and venue of the dissertation defense:………….   



 

 

I 

 

ABSTRACT 

 The rapid evolution of mobile communication systems has brought the 

research community to the frontier of the sixth-generation wireless networks. 

The main aim is to bring a network with high data rates, ultra-low latency, 

massive device connectivity, and high energy efficiency to the real world. 6G 

represents a technological shift with significant implications for network design 

and performance optimization. However, as this network operates at extremely 

high frequencies, this makes the researchers face a lot of challenges, such as 

modeling, simulation, and analysis, primarily due to the scarcity of real-world 

deployment and empirical data. This dissertation studies the 6G network to 

address this gap, as it proposes a comprehensive framework that applies 

advanced data processing techniques and artificial intelligence integration 

strategies to better understand and model 6G communication network behaviors. 

This work begins by simulating a key MAC layer mechanism known as 

Adaptive Directional Antenna Protocol for Terahertz, which is specifically 

tailored for the 6G context. Using the ns-3 simulator integrated with the TeraSim 

module, we reproduce directional communication scenarios within THz bands. 

The simulation captures a range of critical Key Performance Indicators such as 

throughput, delay, packet collision rate, and received power. These KPIs are not 

only vital for characterizing network performance but also serve as the 

fundamental input for downstream processing and learning mechanisms. 

Following data extraction, a comprehensive preprocessing stage is 

conducted to extract the hidden informative features and evaluate the complexity 

of the network behavior. This step includes both classical signal processing and 

advanced techniques such as Shannon entropy for quantifying uncertainty, 

empirical mode decomposition and ensemble variant empirical mode 

decomposition for adaptive multi-scale decomposition, and the marginal Hilbert 
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spectrum for energy distribution in the time-frequency domain. By doing so, a 

nuanced behavioral dynamic is revealed that is otherwise hidden in raw 

performance logs. 

The third layer of the methodology involves the application of five AI 

strategies to leverage the processed data, including unsupervised machine 

learning methods, supervised learning models, multi-layer transfer learning, 

generative AI techniques, and reinforcement learning, particularly deep Q-

networks. Importantly, given the absence of real-world 6G testbeds and 

empirical data, the dissertation emphasizes theoretical validation. Comparative 

metrics, entropy-based measurements, and behavioral symmetry analyses are 

used to assess the coherence and plausibility of the simulated and AI-generated 

results. The proposed pipeline thus ensures that each stage from simulation to 

learning is grounded in logical consistency and system behavior modeling 

principles. 

This dissertation offers a multi-layered framework that advances the current 

state of research in 6G network modeling by bridging simulation, complexity 

analysis, and artificial intelligence. The methodology developed herein is not 

only applicable to 6G research but is also generalized to other high-frequency, 

high-complexity wireless systems. It lays a robust foundation for future work 

that will inevitably benefit from the availability of real-world 6G deployment 

data.  
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I.1. Overview 

Wireless communication systems have witnessed continuous evolution over the 

past decades. With each generation bringing new capabilities are achieved which 

reshape how society interacts, accesses information, and manages systems. As the 

world waits for the sixth generation (6G) networks around 2030, the scientists and 

researchers’ expectations go beyond merely enhancing the performance of the fifth 

generation (5G). The upcoming generation is envisioned as a paradigm shift that 

brings high-speed internet connection with 1 Tbps speed, integrate ultra-high data 

rates, near-zero latency, massive device connectivity, and pervasive intelligence. 

These advancements open opportunities for new applications that require high 

precision and minimal latency to emerge, like holographic communications, extended 

reality, digital twin, autonomous systems, and large-scale Internet of Things (IoT) 

ecosystems. 

In parallel with this transformation lies a convergence of several enablers. 

Integrating new technologies contributes to achieving the 6G networks requirements. 

Therefore, operating on the terahertz [THz] frequencies is considered as the key 

enabler for upcoming wireless networks. Performing on the THz frequencies 

addresses the unprecedented demand for bandwidth, allowing for ultra-fast and high-

capacity links. Moreover, intelligent reflecting surfaces, integrating sensing 

communication, and AI-native network design effectively contributes to making the 

radio environment dynamically controllable and context-aware. Additionally, using 

advanced antenna systems would offer precise spatial targeting and improved spectral 

efficiency, such as directional and holographic Multi-Input Multi-Output (MIMO) 

antennas. These elements collectively define the 6G architecture of future 

implementations that must be adaptive, intelligent, and capable of operating under 

highly dynamic and dense conditions. 

6G wireless communication networks vision remains largely conceptual at this 

stage, as no standardized implementation or operational networks yet exist. 

Consequently, researchers face difficulties in studying the behavior of these emerging 

technologies and their feasibility in realistic environments. Studying simulation 
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datasets becomes essential in the absence of real-world data and deployments. 

However, through high-fidelity simulations, it is possible to examine how different 

protocols and network components might behave under different conditions. Hence, 

simulation environments allow us to extract meaningful performance indicators such 

as energy consumption, latency, collisions, and throughput. To contribute to this early 

exploration phase, my dissertation explores a simulation-driven framework focused 

on two interconnected aspects of 6G networks: i) First is a directional antenna-based 

Medium Access Control (MAC) mechanism scenario operating in the THz band, 

which is examined under varying network conditions to extract relevant performance 

metrics. ii) The second involves a simplified queueing system with a retrial 

mechanism. This model is modeled under 6G traffic assumptions to study how users 

interact with limited access opportunities and how intelligent decision-making can 

improve system performance. Together, these two components allow us to observe and 

analyze 6G network dynamics from both infrastructure and user perspectives, 

providing a solid foundation for subsequent signal processing and AI-based modeling 

efforts. 

I.2. Problem Statement and Research Objectives 

While 6G is expected to deliver all the benefits mentioned, these promises remain 

largely theoretical. Without operational environments or large-scale testbed 

experiments, researchers and scientists are forced to rely on simulation and synthetic 

modeling to investigate the expected behavior of both the system and proposed 

solutions. Among the key areas of concern is the performance and adaptability of 

applying a new MAC mechanism designed specifically for THz bands and directional 

antenna systems. The newly designed MAC protocol must navigate a unique set of 

constraints, including many aspects such as: high susceptibility to blockage, the need 

for precise alignment between transmitters and receivers, and fast signal attenuation. 

Meanwhile, access strategies must be efficient enough to serve a massive number of 

users with fluctuating demands, often competing for limited opportunities to transmit. 

Understanding how the designed MAC protocol might behave under various 

conditions, and identifying the trade-offs that it could impose on the Key Performance 
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Indicators (KPIs) such as throughput, delay, and collision rates, is crucial for guiding 

future protocol design. 

In parallel, the complexity of user access in a dense 6G environment also requires 

innovative modeling approaches. The traditional queueing models are not enough 

cause they fall short of capturing the dynamic retry behavior; however, integrating 

adaptive decision-making enhances future networks. There is a growing need to model 

access not just as a static allocation problem, but as a learning process in which both 

the system and the users adapt over time. However, building such models is not 

straightforward, especially when relying on simulated data and when the system must 

be abstracted to a manageable level for analysis.  

My dissertation addresses the mentioned challenges by proposing a well-

structured methodology that connects system-level simulation, signal processing, and 

AI-based modeling to investigate the overall system performance, extract behavioral 

patterns, and learn optimal strategies. The main problem lies in identifying the right 

set of performance indicators, designing methods to analyze their underlying 

complexity, and integrating AI in a meaningful and justifiable particularly in an 

environment where validation with real data is not yet possible. By simulating both a 

directional MAC protocol and a simplified queueing system with retry behavior, this 

work aims to provide early insights into the types of dynamics that shapes 6G 

communication and access, and to explore how AI can be used not merely to react to 

such dynamics, but to actively learn from and optimize them. 

My dissertation pursues the following research objectives: 

i. To study and evaluate a simulation-driven framework for the upcoming wireless 

network system, with particular emphasis on MAC mechanisms performing on 

the THz band using directional antenna configurations.  

ii. To analyze the performance of the MAC protocol under diverse network 

conditions and evaluate the behavior of the system’s KPIs such as throughput, 

collision rate, and energy consumption. 

iii. To extract and cluster complexity patterns from simulation datasets using 

different mathematical tools and signal processing methods such as Shannon 

entropy, empirical mode decomposition, and Hilbert transform. 
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iv. To integrate multiple artificial techniques into the 6G MAC analysis pipeline. 

The objective is to enable a predictive modeling for the system and dynamic 

decision-making based on the system conditions. 

v. To develop a simplified smart 6G retrial queueing model for capturing user 

access dynamics and improving the system performance using intelligent 

strategies. 

vi. To provide early insights for the 6G research using simulations, bridging 

system-level examination with AI optimization tools in the absence of real-world 

6G deployments. 

I.3. Research Structure 

This dissertation is structured in a certain paradigm to provide a progressive 

exploration of 6G system modeling, starting with reviewing the existing literature 

works, introducing the used methodology, exploring the used simulator, and 

explaining data extraction, how it was the advancement throughout the simulation, 

data analysis, and intelligent decision-making. Each presented chapter is built based 

on the previous one, producing a coherent methodological framework that responds to 

the early-stage challenges of 6G network research. 

Chapter II reviews the existing literature across three main domains: 6G 

communication technologies, data analysis methods, and the integration of artificial 

intelligence into communication system modeling. The goal of this section is to situate 

the proposed approach within current research efforts, identify gaps in simulation-

based evaluation of MAC protocols and access mechanisms, and highlight the role of 

AI in making sense of complex network behavior. Chapter III presents the overarching 

research methodology, which consists of four complementary main methods. The first 

method presented focuses on conceptual system design for 6G network modeling, , 

the second method addresses feature extraction and complexity analysis using 

traditional signal processing techniques, the third method shifts toward intelligent 

learning, proposing AI strategies including unsupervised learning, supervised learning 

with wavelet transforms, transfer learning, generative modeling, and reinforcement 

learning as tools for extracting knowledge and optimizing behavior from simulated 
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data,  and the fourth method focuses on evaluation and theoretical validation in the 

absence of real-world 6G data, relying on system decomposition, entropy-based 

analysis, and synthetic benchmarking. 

Chapter IV explains in detail the simulation-based data extraction process. It 

describes the implementation of the MAC protocol within the ns-3 simulator, the setup 

of network topologies and scenarios, and the collection of raw data representing the 

system’s behavior under varying 6G-relevant conditions. Additionally, Chapter V 

applies the signal processing techniques to analyze the extracted data. Through 

approaches such as Shannon entropy, Empirical Mode Decomposition (EMD), 

ensemble EMD (EEMD), and Marginal Hilbert Spectrum (MHS). The chapter reveals 

the underlying complexity and trends of the 6G KPIs. This analysis serves both as a 

tool for understanding system behavior and as a foundation for feeding refined features 

into AI models.  

Chapter VI focuses on integrating the AI methods, where different learning 

paradigms are used to model, predict, and optimize the 6G system behavior. Each AI 

approach is selected based on its suitability to the problem structure: clustering, 

classification, pattern generalization, or strategic learning. Special emphasis is given 

to reinforcement learning, which is applied in the context of a modeled retrial queueing 

system to learn dynamic access policies. Finally, Chapter VII concludes the 

dissertation by summarizing the main findings, reflecting on the implications of 

simulation-based research in the early 6G era, and proposing directions for future 

work. These include the eventual validation of the proposed models with real-world 

6G deployments and exploring the scalability of AI integration within operational 

systems. 

 

 

 

 



CHAPTER II 

7 

 

 

 

 

 

CHAPTER II 

II. RELATED WORK  



CHAPTER II 

8 

 

We organize the related work into distinct sections. This approach allows us to 

systematically explore the relevant literature, ensuring that we adequately cover the 

various aspects of the topic. By segmenting the related work into three main parts, we 

aim to provide a clearer understanding of how each part contributes to the overall 

framework of the presented research. 

II.1. Current Landscape of 6G Network Research 

In the field of high-speed wireless networks, a lot of research work has been done 

for investigation and development purposes. This section gives a brief overview of the 

most relevant studies, highlighting their contributions and the objectives of this 

research. 

Medium Access Control Mechanism for 6G networks 

Developing the next generation of wireless communication requires several efforts 

due to the new frequency band that operates on, therefore researchers in [1] propose 

to use a new IP architecture having new Quality of Service (QoS) aspects, integrating 

Machine Learning (ML) along with 6G technology enhance the service efficiency and 

help to meet its requirements [2]. In addition, the authors in [3] propose to use a 

receiver-initiated handshake for ensuring the synchronization in the THz 

communication channel, however moving to new frequencies causes new challenges, 

therefore, a transceiver architecture having ultra-broadband and multi-band was 

suggested to overcome the objections, while in [4] a wireless link called Single Input 

Single Output (SISO) is proposed to reach 100 Gbit/s data rate. The growth of internet 

use and technology requires network infrastructure, based on the QoS of the 5G 

networks, an enhanced cat swarm optimization (ECSO) was proposed for optimization 

purposes [5]. The applied method increases the throughput by 8% and shortens 

response time by 7% compared to the existing algorithms. This study would 

underscore the importance of maintaining user experience in dense and high-demand 

settings in the 6G wireless communication network.  

The importance of developing terahertz communication lies in its potential to 

achieve data rates over 100 Gbps and latency under 1 millisecond for 6G systems [6]. 
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This technology supports applications such as Tera-WIFI and THz wireless backhaul, 

and advancement in THz technologies is pivotal in bridging the THz GAP, positioning 

terahertz communication as a foundational element of future wireless systems. 

Nevertheless, developing a suitable MAC protocol for terahertz communication is 

essential to address challenges such as high path loss and scattering, which restrict 

communication distances [7]. As a solution for the bandwidth demands of the 6G 

technology, it introduced full-spectrum wireless communication (FSWC) [8], which 

utilizes the entire electromagnetic spectrum, from microwaves to ultraviolet light, 

addressing the spectrum shortage and enabling a new communication paradigm. 

Queueing theory in the next-generation networks 

Queueing systems have been a hot research topic among researchers for a long 

time, and this is because of their vast applicability fields, particularly in networking 

and wireless communications, where efficient allocation and congestion control 

mechanisms are essential. There are many research works that leverage queueing 

theory to analyze network performance, enhance quality of service, and optimize 

scheduling policies. A recent study has introduced a queueing theory-based framework 

for modeling fog computing systems, which helps to optimize the resource allocation 

to meet the QoS requirements [9]. This model helps to identify the bottlenecks and 

improve the system performance by allowing user-defined parameter adjustments. In 

the same field, a research group proposed another task allocation method to minimize 

the latency in Mobile Edge Computing (MEC) for future internet applications with 

dedicated, shared, and cloud servers [10]. They used queueing theory to model 

transmission delay and solve an optimization problem, where results show an efficient 

allocation of tasks and a reduction in the overall delay. However, another study has 

been made to explore cybertwin-based multiaccess edge computing as an alternative 

to the traditional Virtual Machine (VM) systems, where they show its benefits in 

cooperating through a control plane, and the results promise future solutions for the 

upcoming wireless communication network beyond 5G [11]. 

A comprehensive survey on network delay was conducted in [12] with a focus on 

a special key performance indicator of the queueing model which is the delay and its 
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impact on communication performance, they examined the delay effect in different 

networks including wireless, mobile and IoT and others, offering insights into delay 

management strategies. Moreover, other research groups have analyzed the 

performance of different queueing mechanisms in managing network traffic over Wi-

Fi. Results highlight the good performance of the weighted fair queueing (WFQ) in 

allocating bandwidth and reducing packet variation [13]. QoS challenges were 

explored in [14] in the next generation wireless sensor networks (WSNs) and the 5th 

generation, the research group proposes a dynamic queueing mechanism for 

prioritizing traffic based on data type and queue length, and other KPIs aspects, the 

findings show the improvements of the QoS efficiency for real-time communication 

in limited bandwidth networks. Nevertheless, queueing models for cognitive radio 

networks were examined by focusing on the sensing time of secondary users and their 

access to idle channels that are originally allocated to primary users [15]. It was found 

that both models share the same stability condition, with a non-interrupting model 

having fewer sensing secondary users. 

For congestion control in network systems, a new scheme was introduced, called 

a self-adaptive random early detection (SARED), that dynamically adjusts its drop 

pattern based on the current traffic load, and this comes to overcome the limitation of 

traditional active queue management (AQM) [16].  A different study was conducted 

to investigate the age of information (AoI) and peak AoI (PAoI) metrics in the 

multisource IoT systems [17], which analyzes three queueing disciplines for the status 

update process. Meanwhile, queueing network-based approaches were presented to 

analyze the consistency of consortium blockchain protocols and their performance 

[18]. 

The research papers mentioned above highlighted the critical role of queueing 

systems with different models and motivated us to explore a more refined approach 

for adapting it to our system. 

II.2 Data Analysis Methods 

This section provides some related research work that used similar data processing 

methods and gave a considerable result. 
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Shannon Entropy in Wireless Networks 

The application of Shannon entropy in wireless communication and sensor 

networks has emerged as a crucial field, being a crucial decision metric, reducing 

energy consumption [19]. The idea of enhancing the corona IPv6 routing protocol for 

low-power and lossy networks (CoRPL) [20] routing protocol by integrating the 

mobility entropy helps in reducing the packet loss and optimizing the used power, 

meanwhile, the entropy was used for the same purpose in [21, 22]. In the IoT domain, 

Shannon entropy plays an important role in enhancing the feature selection for 

wireless signal processing and for small electronics [23] and helps in increasing the 

significance of harnessing energy from environmental sources [24]. Shannon entropy 

was used for other aims in wireless communication technologies and meshed with 

some applications due to its capability in the information theory field, showing its 

strength in optimizing data transmission, encoding, and compression techniques [25, 

26, 27]. Moreover, research was made to explore the transport capacity of multi-node 

wireless networks through information theory, considering how distance and signal 

attenuation impact information transfer [28]. Information-theoretic principles reveal 

that cooperation between nodes and multiuser estimation can significantly improve 

capacity under favorable conditions.  

Topological entropy was used to analyze wireless networks affected by scattering 

and shadowing [29]. New entropy bounds are derived based on fading distributions, 

showing that different models lead to distinct network entropies. These recent research 

papers demonstrate how important is using Shannon entropy in network uncertainty 

quantification, traffic prediction, and anomaly detection in wireless networks and IoT 

fields. 

Empirical Mode Decomposition, Ensemble Empirical Mode Decomposition, 

and Marginal Hilbert Transform for Non-Stationary Signals 

EMD and EEMD are two signal processing methods used to decompose non-

stationary and nonlinear signals into Intrinsic Mode Functions (IMFs). They are 

mainly applied in the telecommunications field for wireless interference cancelation, 

channel estimation, and anomaly detection. The authors in [30] aim to compare those 
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two methods in the analysis of a seismic signal. The results of this work show that the 

time-frequency spectrum obtained through EEMD more accurately reflects real 

geological conditions as compared to EMD. Other work has been done on the same 

topic using EMD, EEMD, and Variational Mode Decomposition (VMD) in [31] for 

chatter detection in milling. The researchers compared the three methods and found 

that EEMD and VMD were more effective than EMD. EMD has been widely used for 

trend extraction in various fields, It is a powerful tool for analyzing non-stationary 

signals and extracting meaningful information from them. However, trend extraction 

methods using the IMFs might differ.  

In [32], the authors decompose the IMFs into two parts, and the trend is one of 

them. Moreover, in [33], the authors proposed a method for extracting the trend. The 

method involves decomposing the signal into IMFs and then fitting the extracted trend 

component using the least squares method. The proposed method was validated using 

experimental data and was found to be effective in identifying the trend of the cement-

burning zone flame temperature. Research conducted in [34] compared EMD and 

EEMD and revealed that EMD suffers from mode mixing, leading to inaccurate 

extraction of signal characteristics. On the other hand, EEMD successfully extracts 

meaningful components and exhibits superior performance in fault diagnosis for 

rotating machinery, as demonstrated through simulations and real-world applications. 

In a related study, another group of researchers investigated EEMD's effectiveness in 

overcoming mode mixing by introducing white noise [35]. EEMD accurately 

decomposed signals into distinct IMFs, thereby enhancing time-frequency analysis 

and providing more realistic time-frequency spectra in geology applications.  

The team in [36] introduced a hybrid denoising method that combines threshold 

IMFs with data-driven VMD, proving highly suitable for non-stationary seismic 

signals with reduced noise sensitivity. Additionally, [37] demonstrated that EEMD 

outperforms EMD and VMD for calculating respiration rates from PPG signals, 

achieving over 90% accuracy with an average error rate of 1 rate/minute. EEMD 

shows potential in simplifying sensor devices for accurate RR calculation. 

As a related research paper, impulsive interference bursts were addressed in 

wireless communication, which degrades system performance. However, by using 
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EMD, it adaptively decomposes and filters noisy signals, demonstrating significant 

signal recovery [38]. EMD was also used for enhancing anomaly detection in 

multipath TCP networks [39]. Moving to the Hilbert Huang Transform (HHT), a 

research group that focuses on predicting epileptic seizures using EEG signals by 

analyzing their low-pass spectral attributes in the Hilbert domain [40], which achieved 

high prediction accuracy with low false alarm rates. HHT was used as well in other 

research [41] to develop an asynchronous demodulation method for single sideband 

(SSB) signals in mobile radio paths. Furthermore, in 42] other signal processing 

methods besides the HHT were explored, like wavelet decomposition and Fast Fourier 

Transform (FFT), to improve signal detection and tracking. 

The use of HHT and EEMD helped extract satellite signal fingerprint features in 

complex maritime communication environments [43]. And helped in overcoming the 

limitations of predefined frequency bands by adapting to subject-specific brain 

oscillations in EEG analysis [44]. Nevertheless, the researcher in [45] used HHT to 

develop a full-spectrum periodic nonlinear Fourier transform-based communication 

system. HHT also benefits in diagnosing bearing fault modes by extracting features 

from the Marginal Hilbert Spectrum, which are then used in machine learning 

algorithms. The results show a high classification accuracy of 93.8% [46]. A three-

dimensional entropy-based complexity evaluation method was developed in [47] to 

extract fault features in rolling bearings by analyzing time, amplitude-modulated, and 

frequency-modulated information. Despite these advances, few studies have applied 

these methods directly to 6G system-level simulations, where new technologies and 

frequencies are used. This gap motivates the present research.  

II.3. Artificial Intelligence Applications in 6G Networks 

Transfer Learning (TL) ML is considered a powerful tool enabling models to 

leverage knowledge from related tasks or domains to improve performance on a target 

task. Multi-layer TL allows more sophisticated knowledge to transfer across multiple 

layers of the neural networks. As said, a Long-Short Term Memory (LSTM) 

multilayer RNN was implemented to achieve high accuracy [48, 49] with different 

prediction models. To reduce the computational complexity and minimize the training 
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overhead that most of the ML suffers from, the researchers in [50] present an enhanced 

algorithm, learned-sparse Bayesian learning with generalized approximate message 

passing (L-SBL-GAMP) for designing hybrid precoders and combiners in mmWave 

massive MIMO systems. The simulation achieves a higher rate and improved accuracy 

in large-scale MIMO systems. 

For achieving high accuracy, the researchers in [51,52,53] highly recommend 

using a pre-trained model for transfer learning, besides pre-processing using 

augmentation and segmentation in addition to a hybrid convolutional network. 

Recurrent NN exhibits excellent performance by using Bi-Directional Long-Short 

Term Memory (BiLSTM) [54]. This high level of accuracy proves the effectiveness 

of the used model in capturing forward and backward dependencies in sequential data. 

Artificial Neural Network (ANN) was used on real-world data collected through dive 

tests in [55], which examines the relationship between QoS parameters and user 

satisfaction for various multimedia services. The ANN model simulates the user 

experience, producing a quality of experience (QoE) score that informs network 

optimization, offering a practical framework for mobile network operators to improve 

service quality aligned with user satisfaction. The ANN was also used in another study 

[56] to estimate QoE scores from QoS metrics, enabling a self-tuning approach in 

long-term evolution (LTE) networks for optimizing resource block allocation. With a 

particle genetic efficiency algorithm (PGA) to adjust service priorities, this method 

improves user satisfaction and resource efficiency. 

The authors in [57] propose a metric for evaluating the performance of a deep 

learning method known as DAWNBENCH using Time-To-Accuracy (TTA). This 

metric is designed to compare different DL techniques by measuring the learning time 

for reaching a specified accuracy level. Meanwhile, another research group [58] 

presents a framework for uncertainty quantification (UQ) in NNs validated through 

comparative studies on prototype problems. An open-source Python NeuralUQ is 

developed to facilitate UQ implementation in scientific machine learning, along with 

tutorials and computational experiments. In the field of DL, research was done [59] to 

explore its role in managing vast data generated by the IoT. With billions of devices 
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capturing diverse data, DL techniques enable anomaly detection, trend forecasting, 

and control for secure, efficient IoT operations. 

For such a dynamic and complex environment comes the role of the powerful 

reinforcement learning AI method that optimizes decision-making, including wireless 

networks and queueing systems. Many existing research studies have proved the 

ability of Reinforcement Learning (RL) to enhance traffic management, resource 

allocation, and optimize network control policies, as was done in [60] for queueing 

networks, focusing on minimizing job delay and queue backlog. The simulations 

demonstrate their effectiveness in dynamic server allocation as well as the routing and 

switching scenarios. Similarly, RL has been used the RL for service-rate control in 

tandem queueing systems, making sure that the resources are managed efficiently 

while the end-to-end delay is guaranteed [61]. Advanced policy gradient methods like 

proximal policy optimization have improved queuing network control [62], which 

supports the work in adaptive queue management for 6G systems. 

Furthermore, a combination of graph neural networks and deep RL helps in 

optimizing network automation and resource management [63], which supports 

intelligent control for the upcoming generation of networks. Another work [64] 

proposes a deep RL-based active queue management scheme for managing traffic in 

IoT networks using fog/edge architecture. The results show that it outperforms other 

active queue management schemes in terms of KPIs, demonstrating its efficiency in 

congestion management. Generative diffusion models (GSMs) are considered a 

powerful tool for network optimization when combined with deep RL, where the 

researcher in [65] highlights their application in various network domains. 

Additionally, [66] examined the use of learning techniques in optimizing queueing 

systems, discussing the connections between queueing theory and adversarial 

learning. Moreover, the researchers highlight the importance of service parameter 

estimation, decision estimation, and recent advances in RL. From the related research 

papers mentioned and even from others, we saw the effectiveness of RL and deep 

learning in optimizing network control and queueing management.  
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Most existing research papers evaluate AI models in the current wireless technology 

(5G) or IoT context. The extension to 6G data analysis remains underexplored, 

particularly using simulated datasets at THz frequencies and with directional antennas. 

This gap motivated us to integrate AI tools into the 6G environment for optimizations 

and classifications. 

II.4. State of the Art in 6G Network Data Analysis 

Based on the reviewed methodology above, it is evident that while Shannon 

entropy measures, signal decomposition, and AI techniques has been successfully 

applied in the telecommunication domains, their applications in the specific context 

of 6G and THz network data analysis remain uncovered. State-of-the-art efforts in this 

direction are still emerging.  We could see that a unified framework that bridges 

simulation-driven data extraction, complexity analysis, and AI integration for 6G 

networks has not yet been developed. This dissertation contributes to this state of the 

art by:  

i. Analyzing an existing MAC protocol designed for communicating in the THz 

frequencies. 

ii. Extending complexity analysis methods (like Shannon entropy, and EMD) to 6G 

KPI datasets extracted from system-level simulations. 

iii. Integrating AI methods (like transfer learning and generative AI) to optimize 

MAC mechanism and retrial queueing in 6G environment. 

iv. Demonstrating how data analysis methods can give a meaningful insight into the 

performance trade-offs and dynamics behaviors for the future 6G applications. 
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This chapter outlines the conceptual structure and foundation upon which the rest 

of the dissertation is built. The methodology followed is a sequence of integrated 

stages designed to enable a systematic understanding of 6G behavior through 

simulation, data processing, and AI-based modeling. Since the real-world 6G data are 

not available yet, the methodology emphasizes theoretical modeling, simulation-

driven data extraction, and rigorous validation using state-of-the-art analytical and 

learning techniques. At its core, the methodology strategy answers the following 

research question: “How can we simulate, analyze, and learn from 6G network 

behavior in the absence of real-world datasets, using abstract modeling, signal 

processing, and intelligent interference systems?”. The process is organized into four 

main conceptual stages, as shown in Figure III-1. 

i. KPI selection: Such as throughput, delay, and collisions are identified as the 

primary metrics representing the system’s dynamics. These are used as both 

observational variables and learning targets in later stages. 

ii. Processing tools and signal-based analysis: Traditional mathematical 

processing tools are applied to extract meaningful features and quantify 

behavioral complexity from the raw simulation datasets. 

iii. AI integration strategy: Depending on the type of extracted features and the 

modeling objective, different AI techniques are employed. This includes 

unsupervised learning for pattern discovery, supervised learning with wavelet-

enhanced features for prediction tasks, multi-layer transfer learning, generative 

AI for data synthesis, and reinforcement learning for decision-making 

optimization. 

iv. AI output and interpretation: The output of the AI models are diverse and 

context dependent. It could include clusters, classes, synthetic data or learned 

policies for optimization purposes. 
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Figure III-1 Overview of the dissertation methodology. 

Two modeling components are considered: the ADAPT MAC mechanism for directional 6G 

communication (block 1) and the RQS model for user access control (block 2). Each component feeds 

its simulation outputs into a unified processing and learning pipeline that includes processing tools, 

AI integration methods, and result interpretation. 

Each of the following 4 methods represents a key component of this pipeline, 

beginning with the simulation environment used for the simulated data and ending 

with the validation techniques used to assess the reliability of the AI outputs in the 

absence of the empirical ground truth. 

III.1.  Conceptual System Design for 6G Network Modeling 

Our research work strongly lies in the conceptual modeling of the upcoming 

generation wireless communication system aligned with the expected characteristics 

of 6G. We ensured that we investigate an environment that is designed to capture the 

behavior under 6G conditions, therefore, we chose to study a medium access control 

mechanism that operates under terahertz frequency bands, with an emphasis on 
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directional antenna communication. This setup aims to reflect the increasing 

importance of high-frequency, high-capacity, and low-latency communication 

paradigms expected in future wireless systems. Moreover, we chose to design a simple 

example for a queueing system under 6G conditions to investigate the fundamental 

behaviors and performance limitations. By reducing the complexity at the system 

level, we more clearly interpret and observe the impact of certain factors that are 

expected to play a critical role in the performance of future 6G architectures. Rather 

than delve into the technical implementation, we focus more in this part to underline 

the logic behind the methodology used, while the rest is explained in details in the next 

chapters.  

The main goal of this method is to establish the framework for extracting high-

fidelity performance metrics from a simulated 6G communication environment. Our 

focus was on the value and the role of the extracted key performance indicators in 

understanding and enhancing the next-generation wireless dynamics. The extracted 

analytical datasets; specifically the KPIs such as throughput, delay, packet drop rate, 

access collisions, and received power, serves as behavioral signatures of the network’s 

performance under a realistic conditions and are analyzed and used extensively 

throughout the dissertation to: characterize directional MAC dynamics under terahertz 

frequencies, quantify queueing behavior and access information, and help in 

understanding more the system for future enhancement.  

The Extracted KPIs serve to enhance and use multiple strategic roles across the 

research. 

i. Throughput and delay: these indicators allow us to study communication 

efficiency and access scheduling over time. Throughput is computed as the following: 

𝑇 =
∑ 𝑆𝑖

𝑁
𝑖=1

∆𝑡
  (1) 

Where 𝑆𝑖 is the successfully received packets size (bits) during interval ∆𝑡. In the 

meanwhile, average delay is determined as the following: 

𝐷 =
1

𝑁
∑ (𝑡𝑖

𝑟𝑒𝑐𝑣 − 𝑡𝑖
𝑠𝑒𝑛𝑡)𝑁

𝑖=1   (2) 

Where 𝑡𝑖
𝑟𝑒𝑐𝑣 and 𝑡𝑖

𝑠𝑒𝑛𝑡 denote reception and transmission times of packet 𝑖. 
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ii. Collision: The temporal overlap and scheduling gaps can cause packet collisions 

or drops; however, monitoring these criteria helps in modeling reliability and fairness.  

𝐶 =  {
1,                  𝑝𝑎𝑐𝑘𝑒𝑡 𝑖 𝑐𝑜𝑙𝑙𝑖𝑑𝑒𝑠,
0,                              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

 (3) 

iii. Received power: We think that it is essential for understanding how spatial 

distribution and THz signal behavior impact communication quality; therefore, this 

metric is valuable for Shannon entropy analysis. Received power is determined using 

the following formula: 

𝑃𝑟(𝑑) = 𝑃𝑡𝐺𝑡𝐺𝑟(
𝜆

4𝜋𝑑
)2  (4) 

based on Friis’ equation, where 𝑃𝑟 is transmitted power, 𝐺𝑡 and 𝐺𝑟 are antenna gains, 

𝜆 is wavelength, and 𝑑 is distance. 

iv. Queue length and retry statistics: It provides insight into system saturation, 

congestion control, and user experience under different network conditions.  

𝑄(𝑡) = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑐𝑘𝑒𝑡𝑠 𝑖𝑛 𝑏𝑢𝑓𝑓𝑒𝑟 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 (5) 

Meanwhile, the strength of these KPIs is a dynamic data series that evolves with 

time and context, this needs a suitable processing technique for a good interpretation. 

The selected KPIs are chosen not just for performance evaluation but for their 

analytical richness, supporting both signal-theoretic decomposition and AI-based 

modeling, which are applied in the subsequent chapters. 

 III.2.  Feature Extraction and Complexity Analysis 

To derive a meaningful insight from the extracted network data, we chose to use 

traditional processing techniques that transform the signal into structured 

representations suitable for further processing. We believe that using such techniques 

serves as a bridge between the simulation-extracted data and the advanced AI 

integration approaches.  Traditional signal processing and statistical decomposition 

techniques tend to identify key patterns, remove noise, and extract informative 

features that describe the network’s behavior over time and provide a more refined 

understanding of the upcoming wireless communication generation.  

Feature extraction techniques are needed to make the extracted KPI signals more 

interpretable and useful for further analysis. These techniques can be: i. Time-Domain 
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Features: like mean, variance, and autocorrelation analysis techniques. ii. 

Frequency-Domain Transform: Like Fast Fourier Transform to analyze frequency 

components of network dynamics, or like wavelet transform for time-frequency 

analysis, this end is useful for capturing transient events. iii. Statistical complexity 

measures: like Shannon entropy for quantifying the unpredictability of system states, 

or fractal dimension analysis that helps characterize the self-similarity over different 

time scales. Beyond feature extraction, we conduct complexity analysis to understand 

the inherent structure and predictability of network performance variations, this 

includes: i. Empirical mode decomposition and ensembled emperical mode 

decomposition: this decomposition technique is often applied on non-stationary 

signals for decomposing it into intrinsic mode functions that isolate different timescale 

behaviors. The aim is to help distinguishing between short-term spikes and long-term 

trends. ii. Marginal Hilbert spectrum analysis: It is an energy-based representation 

of decomposed signals, revealing how communication performance evolves and 

frequency. iii. Correlation and mutual information analysis, which helps to uncover 

relationships between different system parameters.  

Applying AI method directly on unprocessed data set can be inefficient, instead, 

applying traditional processing techniques before AI integration can help in many 

factors: reducing data dimensionality while preserving key information, isolating 

meaningful patterns and trends in network behavior, providing interpretable insights 

into system stability and dynamics, and enhancing the performance of machine 

learning models by supplying well-structured input features.  

III.3.   AI Strategy for Learning from Network Data 

As the next-generation wireless communication networks are expected to operate 

under highly dynamic and context-aware conditions, the ability to intelligently learn 

from data becomes necessary for both performance optimization and system 

adaptation. For such complex systems, traditional rule-based systems often fail under 

such non-stationary and high-dimensional conditions. Artificial Intelligence, 

particularly data-driven learning, is well-suited to capture nonlinear relationships 

among variables like delay, throughput, and node distributions. Also suited to predict 
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network behavior under unseen conditions or topologies and generalize across similar 

environments without manual reconfiguration. To accommodate the varied nature of 

network data and problem definitions, we structured our learning strategy as follows:  

i. Pattern discovery: clustering and unsupervised learning methods are applied to 

identify hidden structures in the data without labeled outputs. 

ii. Prediction of network performance: supervised learning models like 

recurrent neural networks combined with feature extraction methods (like 

wavelet transform), are deployed for classification and predict outcomes. 

Transfer learning is also used to improve efficiency across related scenarios. 

iii. Data augmentation for rare events: generative AI synthesizes new realistic 

data samples for rare-event modeling or simulating stress conditions that are not 

frequently observed in simulations. 

iv. Adaptive control and decision-making: Reinforcement learning is applied to 

derive dynamic policies for queue management, control queuing decisions, or 

retry probabilities. 

This method acts as the core intelligent layer in the dissertation’s overall system 

design. It transforms complex data into adaptive control strategies and interpretable 

predictions, thus enabling the practical application of MAC optimization through 

learned policies, validating the utility of the simulation and processing layers for AI-

readiness, and demonstrating how AI can be systematically embedded into early 6G 

system design. 

III.4.   Evaluation Strategy and Theoretical Validation 

Since 6G network development is still in the early stages of development, the real-

world deployment and data availability are limited, and the evaluation of AI-driven 

models and simulation-based mechanisms must rely on theoretical validation, 

simulation experiments, and comparative behavioral analysis rather than direct 

benchmarking with real-world data. We chose in this research to focus on the 

evaluation strategy adopted to ensure that the proposed approaches are logically 

consistent, credible, and grounded in sound performance metrics. Therefore, the 
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strategy is built upon KPIs expected in 6G networks, which serve as ground-truth 

metrics for AI models to predict, optimize, or explain. 

To ensure trustworthiness, every AI component integrated into the modeling is 

validated against known behavioral baselines, such as random decision-making or 

fixed heuristic control (e.g., fixed retry probabilities). Moreover, we ensure that the 

modeling component is integrated and assessed under varying network densities, 

antenna configurations, and traffic conditions to validate generalization. No one can 

deny that the real-world datasets are ideal, however, since it does not exist yet, our 

research relies on strong approaches to strengthen the credibility of simulated data: i. 

Physics-based simulation modeling (via ns-3 simulator): where the data reflect 

realistic physical and protocol-level constraints, including directional propagation, 

THz band behavior, and adaptive MAC scheduling. ii. Entropy-based complexity 

analysis: This offers a rigorous, system-theoretic lens to assess whether simulated data 

captures meaningful randomness and structure like real-world systems. iii. 

Generative models are again evaluated for their ability to produce data distributions 

that mimic the observed simulation outputs and further reinforce the plausibility of the 

generated samples. 

The dissertation emphasizes that the entire modeling and learning pipeline is 

designed to be data-compatible because we believe that once measurement campaigns 

or prototype 6G testbeds emerge, real data can seamlessly replace or complement the 

synthetic datasets. Nevertheless, the proposed architecture can serve as a reference 

framework for future experimental validation or testbed integration.
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A detailed examination is presented in this chapter, outlining its key 

characteristics, source, and significance to the research. Moreover, the data extraction 

process is emphasized, with a focus on the measures taken to ensure data accuracy, 

reliability, and integrity. Next, a comprehensive analysis of the MAC evolving 

demands of the next-generation communication technologies. 

IV.1. Ns-3 TeraSim Extension 

For extracting the data, we used ns-3 to simulate the example ‘macroscale 

scenario’ provided in the TeraSim tool 67] version two. TeraSim is an ns-3 extension 

designed to model wireless communication in the THz frequency band. As the authors 

mentioned in [68], the unique properties of the THz band provide an enormous 

bandwidth ranging from tens of GHz to a few THz, which inspired them in the design. 

Besides its advantages, communication can be affected by spreading loss and 

molecular absorption, However, these effects become more pronounced over longer 

distances.  

 
Figure IV-1TeraSim extension architecture including the integrated models. 

Therefore, TeraSim provides two main examples: i) The nanoscale scenario 

covers shorter distances (under one meter), and the THz band can be treated as a single, 

wide transmission window (around 10 THz in width). ii) Macroscale scenario:  

mainly used for longer distances, and the THz band splits into multiple and narrower 
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transmission windows, each ten GHz wide, due to the molecular absorption. Also, to 

overcome the high path loss, this scenario uses directional or beamforming antennas, 

while energy harvesting is typically not necessary due to the larger power budget. 

Both Nanoscale and Macroscale used a unified and modular architecture as shown 

in Figure IV-1. The THzNetDevice in TeraSim serves as the core component of each 

node, functioning as the Network Interface Card (NIC) to handle both the Physical 

(PHY) and MAC layers. The THzPhy uses the THzSpectrumValueFactory to generate 

pulses for nanoscale communication and continuous carrier waveforms for macroscale 

scenarios. Communication between nodes is done through the THzChannel that uses 

the THzSpectrumPropagationLoss to calculate the effect of spreading loss and 

absorption on different frequency bands. For the nanoscale scenarios, energy 

efficiency is critical. Therefore, the THzEnergyModel is integrated into each node to 

help nanodevices maintain long-term functionality. The THzNetDevice also manages 

the antenna system; for nanoscale applications, it operates omnidirectionally, while for 

macroscale applications, it switches to highly directional or beamforming antennas to 

overcome the increased path loss. TeraSim implements two well-known MAC 

protocols, ALOHA and Carrier Sense Multiple Access (CSMA), which are adapted to 

meet the specific needs of the physical layer of each scenario. The 

THzDirectionalAntenna and energy THzEnergyModel are specialized for nanoscale 

and macroscale communications, however, they can be adapted to work across both 

with minor tweaks to the MAC layer. This flexibility makes TeraSim a powerful 

extension for ns-3 for exploring the THz band communication networks. 

IV.2. ADAPT MAC Mechanism & Scenarios 

The proposed Adaptive Directional Antenna Protocol for Terahertz frequencies 

(ADAPT) protocol is designed to comply with IEEE 802.15.3d, the first standard for 

the Terahertz physical layer. ADAPT performs in a cell with a radius of tens of meters 

divided into equally sized sectors, as shown in the Figure. IV-2, with the Access Point 

(AP) in the center surrounded by the Mobile Terminals (MTs). We applied two 

distribution topology types: d1: centered distribution, having the MTs distributed 

randomly closer to the AP, and d2: uniform distribution, having the MTs distributed 
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randomly around the central point. The sector rotation-based retransmission 

mechanism of ADAPT is modeled with Poisson arrivals to reflect realistic traffic 

patterns. 

 

Figure IV-2 The spatial distribution of MTs (centered topology, n = 15). 

AP is symbolized with a diamond in the center. There are 30 sectors around the AP, where the 

number of MTs per sector might be zero because of the low population density. 

To manage the access control, the ADAPT protocol used the 3-way handshake to 

establish the connection between the AP and the MTs (see Figure. VI-3 and Figure 

VI-4). The AP starts to send a Call-To-Action (CTA) control frame to all MTs 

belonging to the current sector. The CTA frames serve as an invitation, signaling all 

the mobile terminals in the sector that they may prepare to communicate. By sending 

this frame, the AP effectively broadcasts its readiness to handle data from the MTs, 

encouraging those devices ready to transmit (Active MTs) to respond. The active MTs 

reply to CTA by sending a Request-To-Send (RTS) control frame back to the AP. The 

RTS frames are sent by each MT to inform the AP that they wish to start transmitting 

data. The exchange of CTA and RTS frames establishes a basic form of 

communication coordination. However, because more than one MT may respond with 

RTS frames at roughly the same time, the collision probability increases during this 
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stage. Collision probability refers to the chance that two or more MTs  attempt to send 

their RTS frames simultaneously, causing their signals to interfere with each other. 

 

Figure IV-3 The MAC mechanism of the 

ADAPT protocol for one MT. 

 

Figure IV-4 The MAC mechanism of the ADAPT 

protocol for more than one MT. 

In each sector determined by an angle 𝜑, specific signals are sent. CTA is launched by the AP at the 

beginning of the 3-way handshake protocol to call MTs to request access to the channel 

After a certain time, the MTs receive a Clear-To-Send (CTS) control frame from 

the AP containing the exact time to send their data so they do not interfere with each 

other. This time slot allocation is key to avoid data collision, which occurs when 

multiple MTs attempt to send data simultaneously. Collision problems are common 

issues in wireless networks, as shared channels can become overloaded when multiple 

devices try to communicate at once. By using CTS frames, the network limits these 

collisions to the control frames stage. This way, collisions are minimized during the 

actual data-sending stage, where larger amounts of data are transmitted. Once all data 

is received from the MTs, the AP sends an Acknowledgement (ACK) frame back to 

each MT. The ACK serves as confirmation that the data was successfully received and 

processed. After the current batch of MTs has been handled, the AP shifts its focus to 

the next sector. The sector-based protocol is particularly useful in directional antenna 

systems, where the AP can focus its signals in specific directions to optimize 

communication with MTs in different areas. By repeating the same process in each 

sector, the access point can sequentially manage the MTs in various zones without 

overloading the communication channel, enhancing network efficiency, and reducing 
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wait time for each MT. Table IV-1 provides all the parameters that we used for our 

simulation. 

Table IV-1 Parameters used by the simulation. 

Parameter Name Parameter 

Type 

Parameter Values 

L Packet size Fixed 65,000 Bytes 

𝑹𝑻𝒙 Transmission Rate Fixed 69.12 Gbps 

r Cell Radius Fixed 18 m 

N Number of Sectors Fixed 30 

𝝋 Angle of the 

Sector 

Fixed 12° 

𝒕𝒔𝒆𝒄 Sector Time Fixed 3,470 ns 

𝒕𝒔𝒊𝒎 Simulation Time Fixed 10 ms 

n Number of MTs Variable {15, 30, 60, 120, 240, 480, 960} 

d Topology Type Variable {d1, d2} 

The ADAPT MAC protocol enhances traditional IEEE MAC protocols by 

incorporating the CTA signal before RTS, which synchronizes the contention period 

for RTS transmission. This technique is akin to slotted ALOHA, but instead of longer 

data frames, ADAPT uses shorter RTS frames, reducing the likelihood of collisions. 

Conversely, IEEE MAC protocols without CTA frames lack this synchronization, 

leading to a higher probability of collisions during unsynchronized RTS transmission. 

ADAPT’s approach enhances efficiency, especially in high-traffic conditions. By 

framing ADAPT alongside these baseline approaches, the categorizes it within a 

broader family of contention-based MAC strategies, clarifying its conceptual 

distinction rather than treating it in isolation. 

IV.3. System Behavior, Different Aspects Analysis 

As previously mentioned, the collision rate increases at the control frame stage,  

Figure. IV.5 and Figure. IV-6 represents the collision rate spatial distribution with the 

highest MT number (n = 960), using the two different topologies: centered and 

uniform, respectively [J2, C1]. The two figures contain the following information:  

i. The diamond in the center symbolizes the AP. 

ii. Black squares are the MT with no collisions. 

iii. Bubbles represent the MTs experienced at least once during the control frame. 
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iv. Square and bubble size are proportional to the successfully transmitted data 

frames. 

v. Grayscale shading of the bubbles indicates the collision rate value; a darker color 

signifies a lower collision rate.  

In both figures, most small bubbles are lighter in color, indicating higher collision 

rates for these MTs and, correspondingly, a lower rate of successful transmission. This 

observation aligns with the expectation that MTs with higher collision rates tend to 

have reduced transmission success. Interestingly, the distribution of the collided MTs 

is random, having no connection with the topology type, and it is considered to be 

uniform in angular coordinates. This might happen because the closer MTs to the AP 

still belong to different sectors, causing them to collide at a similar rate as MTs in 

more distant regions. Moreover, the number of non-collided MTs is evenly distributed 

radially regardless of the topology type, which arises from the uniform angular 

distribution of the MTs. 

 

Figure IV-5 Spatial distribution of active MTs 

and its collision rates for centered topology (n = 

960). 

 

Figure IV-6 Spatial distribution of active MTs 

and its collision rates for uniform topology (n = 

960). 

This analysis highlights a key takeaway: the proximity of the MTs to the 

AP alone does not directly reduce the collision rate, as nearby MTs in different 

sectors still experience similar collision probabilities. Moreover, the even 

radial distribution of non-collided MTs across both topologies confirms that a 
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uniform angular spread of MTs can mitigate collision concentration in specific 

areas. These observations emphasize the need for strategies that address sector-

based collisions specifically, rather than focusing solely on distance-based 

solutions. In all, the figures validate that the uniform distribution of MTs aids 

in balancing collision rates, making these insights valuable for optimizing 

future topologies and collision mitigation techniques. 

Varying in the MTs number, it was necessary to calculate the population density 

parameter based on the area of the circle A (𝜌 = 𝑛/𝐴 [𝑚2]). Increasing the population 

density increases the collision rate linearly independent of the topology type, and that 

is what the Figure. IV-7 shows, however, the uniform distribution topology has a 

higher collision rate of 20% than the centered topology. 

Moreover, ADAPT struggles with the compounded and progressively worsening 

effect of congestion in situations with large population densities, which is not usual 

with the traditional random MAC mechanisms used in practice (i.e., IEEE 802.11, 

IEEE 802.3…etc.).  

 

Figure IV-7 Impact of population density on 

collision rate. 

 

Figure IV-8 Effect of high population density on 

transmission duration. 

Nevertheless, the transmission duration (the delay) of the successfully 

transmitted data frames in the case of high population density also increases linearly 

as time increases, having a slope 𝑚0  =  0.88 (see Figure. IV-8). 
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Having a small number of MTs would cause no delay time in the transmission 

time (see Figure. IV-9), while increasing the MTs cause an increase in the slope (𝑚0) 

having a logarithmic dependency. Meanwhile, the topology type made no significant 

difference. Furthermore, analysing the received power by the MTs shows that it has 

fractal patterns (shown in Figure. IV-10), motivating us to study it in multiple 

resolutions as well as applying the wavelet transform. 

These findings are crucial for improving the MAC protocol in high-density 

networks. Understanding how the MT density impacts collision rates, delay, and signal 

patterns can help design a protocol that minimizes congestion and improves efficiency.  

 

Figure IV-9 Impact of MTs number on the slope of 

transmission duration. 

 

Figure IV-10 Fractal patterns in received 

power by MTs. 

Insights into fractal patterns in received power suggest multi-resolution analysis 

that could enhance the protocol’s adaptability and performance in dense environments, 

leading to more reliable and efficient wireless networks. Overall, this development 

supports diverse applications, enable scalability, and create a robust, efficient wireless 

communication ecosystem for the future. 

IV.4. Dual-Parameter Integration-Based MAC Analysis 

To enlarge the visibility of ADAPT properties and enhance the study, we 

suggested adding two different parameters to the macroscale code [J2, C2, C3]. In this 

subchapter, the primary system inputs are the overlapping ratio (m) and the rotation 
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step (s), which are varied systematically across simulation runs to observe their impact 

on throughput, fairness, and collision rate. 

i. Overlapping ratio, 𝒎: It is introduced as a critical parameter to enhance the 

transmission opportunities for the MTs by allowing consecutive sectors to overlap. 

Every consecutive sector overlaps with a ratio m (Figure. IV-11 and Figure. IV-12) 

for increasing the transmission opportunities of the MTs: 

𝑚 =
𝐴𝑖+1

𝐴𝑖
 (6) 

𝐴𝑖 represents the area of the sector 𝑖 =  1, … , 𝑁, where m takes the values 𝑚 ∈

{0.1, 0.3, 0.5, 0.7, 0.9}. The essence of adding the overlapping ratio is because of its 

ability to create a more flexible and robust communication environment. By doing so, 

the MTs at the edge of one sector can still maintain a connection with the AP while 

transitioning to the adjacent sector, hence reducing the likelihood of dropped 

connections during movement or when initiating transmission. This strategy increases 

the spatial reuse of the communication medium, effectively multiplying the 

transmission opportunities for MTs by supporting them with a border coverage area. 

Meanwhile, it can also help mitigate the impact of interference by spreading 

transmission across overlapping sectors, which can be particularly beneficial in high-

density environments where congestion is a concern. However, in highly congested 

areas, it might degrade the overall throughput. Additionally, managing the complexity 

of more active transmission may complicate resource allocation and scheduling, 

offsetting the intended benefits of improved coverage. 

ii. Rotation step, s: represents the step that the AP takes in rotating between the 

sectors, defined with the following equation: 

𝑠 = 𝑎(𝑡𝑖+1) −  𝑎(𝑡𝑖)(𝑚𝑜𝑑 𝑁) (7) 

Where 𝑎(𝑡𝑖) is the index of the sector at a certain moment 𝑡𝑖, and it takes the values 

𝐵 = {1,7,11,13,17,19,23,29}, choosing these values gives important properties for 

the set. One can observe that the elements of the set 𝑖 are all prime except 𝑠 =  1.  

Set B has a twin relation, meaning that when you sum opposite position elements 

gives back always number of sectors N = 30 (1+29 = …= 13+17 = 30). Based on the 

algebraic Galois field, having an initial element 𝑎𝑖 between 0 and N-1, we always get 
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back to the same element 𝐴𝑖  after the N steps, the reason behind this property is the 

periodic rotation of the AP between the sectors. 

 

Figure IV-11 Collision rate spatial distribution for 

centered topology. 

 

Figure IV-12 Collision rate spatial distribution 

for uniform topology. 

The incorporation of the step parameter lies in its ability to facilitate periodic 

sector access, ensuring that the AP effectively covers all sectors without bias. By 

choosing values that are primarily prime, the rotation pattern minimizes collisions, 

enhancing transmission opportunities while maintaining a balanced load across 

sectors.  

 

Figure IV-13 The dependence of the collision 

rate of sectors on the overlapping between 

consecutive sectors (s = 1). 

 

Figure IV-14 The dependence of the collision 

rate of MTs on the overlapping between 

consecutive sectors (s = 1). 

Furthermore, the periodic nature of the rotation guarantees that starting from any 

initial sector index 𝑎(𝑡𝑖) (within the range of 0 to 𝑁 − 1 the AP cyclically returns to 
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the same sector after 𝑁 step. This end ensures the consistency of the communication 

opportunities for the MTs as the AP systematically rotates, optimizing resource 

allocation and reducing latency by allowing time for MTs to prepare for transmission 

as the AP approaches their sector.  

All in all, we could say that this rotation step improves coverage efficiency and 

enhances sector management while contributing to a more dynamic and responsive 

network architecture. Despite that, this parameter adds complexity to the system; its 

periodic nature limits flexibility, making it difficult to adapt to dynamic network 

conditions, which can be adapted based on real-time traffic demands. We plotted the 

dependency of the collision rate of the sectors and the MTs in Figure. IV-13 and Figure. 

IV-14, respectively, as it has been said earlier, as the MTs increase, the collision rate 

gets higher and higher, and when the cell contains a small number of MTs, no collision 

exists. However, the collision rate is dependent on the overlapping ratio parameter in 

cases when we have a medium population density. Understanding these dependencies 

is important for optimizing network performance, as it enables the design of strategies 

that mitigate collisions, ensuring smoother communication and improved reliability in 

high-density environments. 

 

Figure IV-15 The dependence of the collision 

rate of sectors on step size, s. 

 

Figure IV-16The dependence of the collision 

rate of MTs on the step size, s. 

Equivalently is happening in Figure. IV-15 and Figure. IV-16, which shows the 

dependence of the collision rate of the sectors and MTs on the rotation step s 

respectively, higher population leads to a higher collision rate, and low population 
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density has a small collision rate, but still collision rate behaves randomly as we 

increase the rotation step in medium population density, however, we can say that it is 

kind of symmetric to step 𝑠 = 𝑁/2, where the reason is caused by the twin relation 

that exists in the step set. Recognizing these patterns is essential for refining sector 

rotation strategies and enhancing collision management, ultimately leading to 

improved network efficiency and performance.  

The plotted figures demonstrate how varying these parameters impacts network 

performance, with the overlapping ratio enhancing the coverage and the rotation step 

ensuring systematic access to all sectors. As observed, a higher MT population leads 

to an increased collision rate, while lower densities reduce collisions significantly. 

Correspondingly, the interactions between these parameters reveal intricate 

dependencies that can be leveraged to refine network strategies. 
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Efficient processing and analysis of high-speed wireless networks simulated data 

are needed to understand the system behavior and optimize its performance. In this 

chapter we focus on applying various data processing methods on the network 

performance metrics to extract and study the 6G data properties. The main goal of the 

chapter is to evaluate these tools to characterize subsystem interactions, identify 

temporal and frequency-domain patterns with the aim of supporting the optimization 

of the MAC protocol and overall 6G system stability. 

V.1. Shannon Entropy and Mutual Information Analysis 

Shannon entropy and information theory offer valuable methods for analyzing 

subsystem interactions in the wireless networks field. It quantifies uncertainty, helping 

assess data transmission efficiency, while information theory uses mutual information 

to examine how changes in one subsystem impact the other. These metrics enable real-

world benefits, such as adaptive protocols that respond to network load variation, 

reduce interference, and improve reliability. In this subchapter, we delve deeper into 

how Shannon entropy and mutual information can be applied to model and optimize 

the behavior of the overlapping ratio and the subsystems in communication 

systems, examining the effect on the received power, collisions, and network stability 

[J2, C5]. 

Calculating the Shannon entropy of the ADAPT mechanism helps in studying the 

efficiency of the MAC protocol, where it can be optimized to reduce collisions and 

idle times. Adding the overlapping ratio parameter to the ADAPT protocol divides the 

MTs into two different subsystems; Normal MTs (N) are the active mobile terminals 

that belong to only one sector having only one chance for communication per rotation, 

and Lucky MTs (L) are the active mobile terminals that locate on the overlapping area 

which make it belong to two different sectors, this property allows it to communicate 

with the AP two times per rotation. It should be mentioned that an active set of nodes 

is randomly elected at each rotation time. Two consecutive rotations have different 

active mobile terminals in the ADAPT cell around the AP. Analyzing the 

interdependence between these two subsystems using Shannon entropy could benefit 

in understanding how they would influence each other and aid in balancing the load 
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of the overall system. Therefore, we concentrate on evaluating the received power of 

the MTs by the AP during the communication period in each sector 𝑒 =

 1, 2, … , 2900, The sector index 𝑒 ranges from 1 to 2900, corresponding to the AP’s 

rotation steps. Shannon entropy of the two subsystems (𝑆𝑁, 𝑆𝐿) are given by the 

following formulae: 

𝑝𝑖
𝑁[𝑒] =

𝑃𝑖[𝑒]

∑ 𝑃𝑗[𝑒]𝑘
𝑗=1

,   𝑖 = 1,2, … , 𝑘  (8) 

𝑆𝑁[𝑒] = − ∑ 𝑝𝑖
𝑁[𝑒] ∙ 𝑙𝑜𝑔(𝑝𝑖

𝑁[𝑒])𝑘
𝑖=1   (9) 

𝑝𝑖
𝐿[𝑒] =

𝑃𝑖[𝑒]

∑ 𝑃𝑗[𝑒]𝑛
𝑗=𝑘+1

,    𝑖 = 𝑘 + 1, 𝑘 + 2 … , 𝑛 (10) 

𝑆𝐿[𝑒] = − ∑ 𝑝𝑖
𝐿[𝑒] ∙ 𝑙𝑜𝑔(𝑝𝑖

𝐿[𝑒])𝑛
𝑖=𝑘+1   (11) 

Here, 𝑛 denotes the total number of active MTs in the system, while 𝑘 represents the 

number of normal MTs (the remaining 𝑛 − 𝑘 correspond to the lucky MTs located in 

the overlapping areas). We note that any entropy (equations: (9) and (11)) is a non-

negative number and a zero entropy may be in a situation when no active MT exists 

(𝑝[𝑒] = 0) or just one active MT exists (𝑝[𝑒] = 1) in the zone of overlapping sectors. 

By active MT, we mean a node wanting to send data to the AP, and its RTS control 

frame sent back to the AP is non-colliding. In these two cases 𝑝[𝑒] ∙ 𝑙𝑜𝑔(𝑝[𝑒]) = 0. 

For the case 𝑝[𝑒] = 0 the zero entropy value is an asymptotic limit. In the previous 

equations, the total entropy of the whole subsystem is as follows: 

𝑝𝑖[𝑒] =
𝑃𝑖[𝑒]

∑ 𝑃𝑗[𝑒]𝑛
𝑗=1

,     𝑖 = 1,2, … , 𝑛 (12) 

𝑆𝑇𝑜𝑡[𝑒] = − ∑ 𝑝𝑖[𝑒] ∙ 𝑙𝑜𝑔(𝑝𝑖[𝑒])𝑛
𝑖=1   (13) 

𝑃𝑖[𝑒] is the received power of the MT 𝑖 by the AP in each sector 𝑒. 𝑆𝑁[𝑒], 𝑆𝐿[𝑒] and 

𝑆𝑇𝑜𝑡[𝑒] represents the entropy of the normal MTs, lucky MTs, and the total mobile 

terminals, respectively.  𝑝𝑖
𝑁, 𝑝𝑖

𝐿and 𝑝𝑖 represents the probability variables of the normal 

MTs, lucky MTs, and overall system, respectively.  
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Figure V-1 Entropy analysis of subsystem 

interdependence for six simulation cases (Time Group 

ID refers to the index of the AP’s rotation step during 

which entropy values are computed). 

    

Figure V-2 Entropy ratios analysis of subsystem 

interdependence for six cases (Time Group ID refers to 

the index of the AP’s rotation step during which entropy 

values are computed). 

In each sector e, the probabilities have the following property: 

∑ 𝑝𝑖
𝑁[𝑒]𝑘

𝑖=1 = ∑ 𝑝𝑖
𝐿[𝑒]𝑛

𝑖=𝑘+1 = ∑ 𝑝𝑖[𝑒]𝑁
𝑖=1 = 1  (14) 
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In the case of independence of the two subsystems, the validity of the following 

relation is considered: 

𝑆𝑇𝑜𝑡[𝑒] =  𝑆𝑁[𝑒] + 𝑆𝐿[𝑒] (15) 

We quantitatively evaluate the interdependence of the separated subsystems by 

examining the entropy, as shown in the Figure. V-1, where we thought of studying 

different internal aspects like randomness, stationary, or the existence of any patterns.  

Hence, using the Phillips-Perron test we calculated the stationarity of the entropies 

by a binary digit where 0 – non-stationary and 1- stationary, which are written inside 

the parentheses of in the following figures: Figure. V-1, Figure. V-2, Figure. V-4 and 

Figure. V-5, we have also noticed the presence of patterns during the complete rotation 

of the MAC protocol due to the periodicity spin that the AP makes. Zero entropies in 

Figures V-6, V-7 present zero or just one active MT in the sector zone corresponding 

to the time group. The order of dots plotting to represent entropies in Figure. V-1 is 

lucky MTs (green), normal MTs (blue), and then all MTs (black). If the total entropy 

is zero, then both lucky and normal entropies might be zero, and black dots hide other 

dots. When only lucky MTs have zero entropy, then total entropy is greater than zero 

and green gets are visible (n = 15 and n = 60 in Figure. V-1). 

For larger population cases (n > 60 in Figure. V.1), rare green dots are hidden by 

the black dots. The reason is that population increase may cause collisions more 

frequently, and that leads to a higher number of zero total entropies. However, the 

entropy values increase with the population density. Also, the topology type has 

a global impact on the entropies: d2 has greater values, with 12% for d1. In the case 

of d1 (centered) topology, the density of MTs around the AP is greater than for d2, 

implying a higher probability of collisions in that region. The number of remaining 

active MTs becomes small, resulting lower number of positive terms in the formulae 

(9), (11), and (13). 

The entropy difference approaches zero as the two subsystems' independence 

increases: 

∆𝑆[𝑒] = 𝑆𝑁[𝑒] + 𝑆𝐿[𝑒] − 𝑆𝑇𝑜𝑡[𝑒] (16) 

The Mutual Information (MI) measures the amount of information between two 

subsystems, quantifying their dependence. It helps identify how much knowing one 
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variable reduces uncertainty about the other. MI has a relationship with Shannon 

entropy based on equation (16), as it was mentioned in [69]: 

𝐼[𝑒] = 𝑆𝑁[𝑒] + 𝑆𝐿[𝑒] − 𝑆𝑇𝑜𝑡[𝑒] (17) 

In this equation (17), 𝐼[𝑒] denotes the MI that captures the overlap information 

between the N and L subsystems, reflecting their interdependence. A higher 𝐼[𝑒] 

implies a stronger connection, while a lower 𝐼[𝑒] suggests greater independence 

between subsystems. 

 

Figure V-3 Moving mean (a) and moving standard deviation (b) of Mutual information of L and N 

subsystems (Time Group ID refers to the index of the AP’s rotation step during which entropy 

values are computed). 

Figure. V-3 (a) and (b) depict the moving mean and moving standard deviation, 

respectively, of the MI between the two subsystems across six different cases. In 

Figure. V-3 (a), the moving mean of the MI decreases as the overlapping ratio 

increases. This trend indicates that greater overlap between the sectors reduces the 

interdependence, as more overlap creates redundancy, leading to less unique 

information shared between them. Conversely, Figure. V-3 (b) shows that the moving 

standard deviation behaves differently, it peaks at the highest overlapping ratio of 

𝑚 =  0.9, indicating greater variability in the MI due to the pronounced interactions 

and redundancy in highly overlapping scenarios. The overlapping ratio of 𝑚 =  0.1 

has intermediate variability, suggesting moderately dynamic interaction. Interestingly, 

the lowest variability occurs at an overlapping ratio of 𝑚 =  0.5, implying that the 

middle-ground overlap stabilizes MI, balancing shared and unique information 

dynamics. Together, these two figures demonstrate how the extent of subsystem 

a) b) 
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overlap influences both the average interdependence and its variability, reflecting the 

complex interplay between redundancy and distinctiveness in MI. The interplay of 

overlapping ratios 𝑚 offers valuable insights into system performance, which 

highlights how varying in this parameter impact the stability and variablity of MI. 

Based on the calculated entropy of the two subsystems in equations (9) and (11), 

and the total entropy in equation (13) of the ADAPT system, we compute the entropy 

ratio as follows: 

𝜂𝑁[𝑒] =
𝑆𝑁[𝑒]

𝑆𝑇𝑜𝑡[𝑒]
  (18) 

𝜂𝐿[𝑒] =
𝑆𝐿[𝑒]

𝑆𝑇𝑜𝑡[𝑒]
  (19) 

The entropy ratio is the entropy of the two calculated subsystems over the total 

entropy of the system. By dividing the combined entropy of the subsystems by the 

overall system’s entropy, these ratios offer insight into the degree of interdependence 

or independence between the two subsystems. A high entropy ratio suggests that the 

subsystems are relatively independent, as their combined entropy approaches the total 

system entropy (see Figure. V-3), entropy ratios for the active normal MTs (blue dots) 

for low to medium population density (15 and 60). Conversely, a low entropy ratio 

indicates strong interdependence, meaning that information or changes in one 

subsystem significantly influence the other (see Figure. V-2), entropy ratios for the 

active lucky MTs (green dots) for most of the cases), the higher entropy ratio for the 

active normal MTs compared to the lucky MTs likely stems from the limited access 

opportunities active normal MTs have. Since active normal MTs can only 

communicate with the AP at most once per rotation, their chances are constrained, 

leading to higher uncertainty in the access success. In contrast, the active lucky MTs 

have a more predictable access pattern, reducing their entropy ratio. This difference 

suggests that access reliability is higher for the active lucky MTs, while the active MTs 

face more variability. In rare cases (like in Figure. V-2, the case having 480 MTs, 

overlapping ratio 0.9, and uniform topology) higher entropy ratio for active lucky MTs 

may occur due to increased congestion or interference in the overlapping area, causing 

more variability in their access attempts. 
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 We calculated a metric called the Inter-Subsystem Mutual Effect (M) to evaluate 

the mutual effect between the two subsystems using the following formula: 

𝑀[𝑒] = 𝜂𝑁[𝑒] + 𝜂𝐿[𝑒] − 1 (20) 

The inter-subsystem mutual effect metric evaluates the interdependence level 

between the two subsystems, M being closer to zero indicates a high level of 

interdependency (see Figure. V-4), conversely, further analysis needs to study the 

significance of nonzero M. 

The inter-subsystems mutual effect quantifies the interaction strength between the 

two subsystems. M being 0 (𝑀 = 0) indicates minimal or no mutual influence, 

suggesting that the two subsystems function independently without affecting each 

other’s entropy significantly. For 𝑀 = −1, we have both entropy ratios of the 

subsystems N and L equal to zero, meaning no active MT exists or just one active MT 

exists in the N and L subsystems. Another important information is that the metric M 

is strongly related to the low-pass filter (LPF), as it aggregates the influence of both 

subsystems and smooths out rapid fluctuations in entropy ratios, reflecting a long-term 

mutual effect. This end aligns with LPF characteristics, which capture low-frequency 

trends over time. As the number of MTs increases, the M metric stabilizes between 0.5 

and 1 for centered topology (shown in Figure. V-4). This observation indicates that 

with more MTs, the mutual influence between these subsystems becomes more 

pronounced, leading to consistent interaction patterns that enhance communication 

efficiency across different topologies. Also, this concentration reflects a system 

nearing equilibrium, where interactions among normal and lucky MTs become more 

predictable. 

 Moreover, the Relative Entropy Difference (R) calculates the balance of the 

system (see Figure. V-4). We calculated it based on the following formula: 

𝑅[𝑒] = 𝜂𝑁[𝑒] −  𝜂𝐿[𝑒] (21) 

R being closer to 0 declares the equilibrium of the two subsystems, which suggests 

that both subsystems experience similar uncertainty and variability in accessing the 

AP, reflecting a balanced communication opportunity. Such equilibrium minimizes 

congestion and interference, promoting stable network performance and ensuring fair 

resource distribution among MTs. In contrast to the M metric, the R metric, calculated 
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as the difference between the entropy ratios of normal and lucky MTs, functions 

similarly to a high-pass filter (HPF). Case (𝑅 = 0) means the entropies of the N and 

L subsystems are the same, (𝑆𝑁 = 𝑆𝐿). Highlighting the variability and sharpening the 

contrasts between the subsystems' entropy levels, detecting high-frequency shifts that 

indicate immediate differences in access opportunities or congestion impact. In low 

population density scenarios, the R metric shows more negative values than positive 

ones, suggesting that the active normal MTs have more predictable access patterns 

compared to lucky MTs. Nevertheless, as population density rises, R approaches 0, 

indicating a more balanced communication opportunity for both subsystems. This shift 

occurs due to increased competition for resources, which leads to a more equitable 

distribution of access opportunities as the network becomes denser. 

The stability can be proved by the metrics 𝑀 and 𝑅 as follows: the two metrics 

are bounded quantities (−1 ≤ 𝑀 ≤ 1, −1 ≤ 𝑅 ≤ 1) that converge over time. In 

particular, as the number of MTs increases, 𝑀 stabilizes around a constant value 𝑀∗, 

while 𝑅 approaches zero, indicating balance between the two subsystems. This 

convergence can be also expressed as the following: lim
𝑛→∞

𝑀[𝑒] = 𝑀∗ and 

lim
𝑛→∞

𝑅[𝑒] = 0.  

 It is so important to study the behavior of both introduced entropy ratio metrics, 

therefore, we tend to write both metrics in matrix form, and this is what the matrix 

equation presents: 

𝐷[𝑒]̅̅ ̅̅ ̅̅  =  𝑇̅ ∙ 𝛨[𝑒]̅̅ ̅̅ ̅̅ + 𝐶̅ (22) 

Having 𝐷̅ = (
𝑅
𝑀

) and 𝛨̅ = (
𝜂𝑁

𝜂𝐿
), both of them being time-dependent, while 𝑇̅ =

(
1 −1
1  1

) and 𝐶̅ = (
  0
−1

) being constant, the transformation is about making a rotation 

by 𝜋/4 firstly, then zoom in with √2 secondly, and shifting toward −∞ in the 

dimension of M by one unit lastly. This transform magnifies and presents the entropy 

ratios’ behavior in the new state space given by the {M, R} metric pair. By highlighting 

shifts and patterns, the {M, R} pair helps to discover dependencies and dynamic 

interactions between subsystems that can be leveraged to optimize communication 

protocols, reduce interference, and enhance overall network stability. The usefulness 
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is supported by the observed patterns in the plotted figures of M and R (Figure. V-4) 

that demonstrate system stability and equilibrium under varying conditions. These 

results confirm that the matrix transformation effectively highlights the balanced 

interaction between subsystems, making it an essential tool for optimizing system 

performance and stability. 

Furthermore, studying the derivatives of the metric pair would emphasize more in 

its behavior (see Figure. V-5), therefore we have the following formulae: 

𝑀1 = ∆𝑀 =  ∆𝜂𝑁 +  ∆𝜂𝐿 (23) 

𝑅1 = ∆𝑅 =  ∆𝜂𝑁 −  ∆𝜂𝐿 (24) 

One can notice, that by calculating the derivative, the scale got enlarged guarding the 

original pattern depending on the simulation scenario case and the parameters m, n, 

and d. This scale adjustment brings subtle variations into clearer focus, revealing 

periodic shifts and fluctuations that may otherwise be overlooked. This finding is 

crucial for tracking rapid changes in entropy ratios, enabling fine-tuning of parameters 

for enhanced adaptability and robustness in practical applications. 

Since the metrics remain bounded and their derivatives (∆𝑀, ∆𝑀) do not diverge, 

the system can be considered mathematically stable. Therefore, the proposed metrics 

not only provide an intuitive visualization but also satisfy analytical conditions of 

boundness and convergence that are commonly used in stability analysis. 

The suggested Shannon entropy metrics are closely tied to the overlapping ratio in the 

6G MAC mechanism, reflecting how various subsystems interact and share resources. 

These metrics offer quantitative means to evaluate the communication power and 

performance of the mobile terminals within the ADAPT system. The derivative of 

entropy ratios quantifies the divergence or difference in information flow between 

subsystems, making it crucial to understand how well the MTs can maintain robust 

communication under different transmission conditions. The relation between the 

entropy metrics {M, R} and {LPF, HPF} helps in analyzing the communication 

dynamics. The LPF emphasizes the steady-state behavior and tends to information 

flow, allowing for a clearer understanding of how subsystems stabilize over time. 

Meanwhile, LPF shows rapid changes and anomalies, providing insight into transient 

behaviors during peak loads.  
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Figure V-4 Entropy ratios-based metrics behavior for 

six different simulation cases (Time Group ID refers to 

the index of the AP’s rotation step during which entropy 

values are computed).  

      

Figure V-5 The first derivative of entropy ratios-based 

metrics behavior for six different simulation cases 

(Time Group ID refers to the index of the AP’s rotation 

step during which entropy values are computed). 

Ultimately, these insights not only enhance our understanding of subsystem 

dynamics but also inform the development of adaptive strategies that can optimize 

resource allocation and improve overall network reliability and efficiency in future 

wireless communication systems.  
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V.2. EMD and EEMD-Based Decomposition for Temporal Behavior 

Analysis in 6G Networks 

Empirical Mode Decomposition 

EMD can be applied to a nonlinear and non-stationary signal. Although it is a 

sophisticated method for feature extraction. EMD decomposes the signal into a finite 

number of IMFs plus the residual. The decomposition process involves identifying all 

extrema of the signal X(t) and connecting them with the help of cubic splines to obtain 

an upper and a lower envelope [70]. It calculates the mean of the upper and lower 

envelope m1, then subtracts it from the original signal to obtain the first component 

h1 (equation (25)). However, the resulting IMF most of the time is not the right IMF 

because it does not satisfy the necessary conditions. Therefore, the sifting process is 

used and repeated to refine the IMF by eliminating riding waves, making it more 

symmetric, and smoothing uneven amplitudes. 

𝑋(𝑡) − 𝑚1 = ℎ (25) 

By doing so, the resulting IMF is then subtracted from the original signal to obtain 

a residue signal (equation (26)) where c1 is the IMF after j sifting times. 

𝑋(𝑡) − 𝑐1 = 𝑟1 (26) 

IMF1 is then decomposed into the second IMF using the same process. This process 

is repeated until the last residual. However, like any other processing method, EMD 

struggles with some limitations that should be considered, such as the end effect, 

where the first and the last points, most of the time are not the extreme values. Also, 

the mode mixing limitation occurs when the IMF components overlap and cannot be 

separated from each other. It can happen when the signal has multiple scales of 

variation, leading to a difficult interpretation of the IMF components [71]. 

Ensemble Empirical Mode Decomposition 

EEMD is an advanced technique designed to enhance the traditional EMD 

method, specifically tailored for the analysis of non-stationary and nonlinear signals. 

One of the key challenges faced by EMD is the presence of the mode-mixing problem, 

which can result in inaccuracies during signal analysis. To overcome these limitations, 
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EEMD introduces a novel approach by incorporating an ensemble of white noise into 

the original signal before applying the EMD method. This addition of white noise 

ensures that each iteration of the EMD process produces slightly different results, 

effectively mitigating the mode-mixing problem.  

 

Figure V-6 Dependence of throughput on the time (n, d, s) = (240, 1,13). 

EEMD process involves several steps: Firstly, the original signal is combined with 

white noise, leading to the generation of multiple noisy versions of the signal. The 

traditional EMD method is applied independently to each of these noisy signals, 

extracting a set of IMFs from every iteration. Finally, the IMFs obtained from all 

iterations are averaged, yielding the final IMFs. Through this ensemble approach, 

EEMD successfully overcomes the limitations of traditional EMD and improves the 

accuracy of the extracted IMFs, representing more faithfully the underlying 

components of the signal. This enhancement proves particularly valuable when 

dealing with intricate and non-stationary signals, enabling more dependable time-

frequency analysis and extraction of signal characteristics. 

Simulation and Analysis 

We generated 42 different cases. The generated cases are based on the following 

varied inputs: 7 different number of steps having the properties mentioned previously 

and in [J1] (s = 1, 7, 11, 13, 17, 19, 23), two different topologies d1, and three different 
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numbers of MT (𝑛 =  60, 240, 960) having the overlapped ratio fixed 𝑚 =  0.3. 

While the fixed inputs remain the same as mentioned in Table IV-1.  

The behavior of the throughput is particularly intriguing, as its distribution 

exhibits a gradual decrease over time, as illustrated in Figure. V-6. This trend is further 

confirmed and supported by the fit curve, which aligns with the decreasing pattern of 

the throughput as time progresses. The representation declines the nature of the THz 

throughput, and the fit curve provides a mathematical model that captures and 

validates this diminishing trend. The combination of empirical evidence from the 

distribution plot and the fit curve's analytical support strengthens the significance of 

this observation. 

Since non-stationary and nonlinear systems in high-speed wireless communication 

networks require special signal processing methods, EMD can be a suitable approach. 

Consequently, we have decided to use EMD to decompose the throughput data of 

ADAPT and analyze the obtained results. To observe the impact of applying the EMD 

on throughput analysis, we decided to apply EMD in a direct way from 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑟𝑡 to  

𝑡𝑖𝑚𝑒𝑒𝑛𝑑, and then inversely from  𝑡𝑖𝑚𝑒𝑒𝑛𝑑 to 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑟𝑡. The results of this experiment 

show the resulting IMFs of the direct and inverse methods plotted versus the time 

(Figure. V-7 and Figure. V-8).  
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Figure V-7 Direct EMD on Throughput vs. time 

(n, d, s) = (960, 1, 7). 

 

Figure V-8 Inverse EMD on Throughput vs. 

time (n, d, s) = (960, 1, 7), c = 0.48. 

Our observation from the results was that the IMFs generated by the direct and 

inverse methods were significantly different, despite having different amplitudes for 

the same IMFs. This difference was further confirmed by a correlation coefficient of 

less than 0.5 (𝑐 =  0.48), which indicates that EMD is direction-dependent. 
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Figure V-9 Direct EEMD on Throughput vs. 

time (n, d, s) = (960, 1, 23), noise = 0.05. 

 

Figure V-10 Inverse EEMD on Throughput vs. 

time (n, d, s) = (960, 1, 23), c = 0.994. 

The experiment was repeated using EEMD with 5 percent white noise. The IMFs 

generated by the direct and inverse methods were identical, despite having the same 

amplitude (Figure. V-9 and Figure. V-10).  

This finding was confirmed by a high correlation coefficient c = 0.994, which 

indicates that EEMD is direction-independent. 
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Figure V-11 FFT on the calculated IMFs vs. 

frequency, (n, d, s) = (960, 2, 11). 

 

Figure V-12 FFT on the calculated IMFs vs. 

frequency, (n, d, s) = (960, 1, 7). 

We came up with the idea of using the Fast Fourier transform on the IMFs resulting 

from EMD to extract the frequency information. The FFT gives adjacent sub-

frequency bands in log2 of the frequency for adjacent IMFs, which is reminiscent of 

the dyadic filter bank (See Figure. V-11 and Figure. V-12). 

For extracting the trend using the IMFs components, one approach is, to sum up, 

each k consecutive IMFs together with the residual components (as Figure. V-13 
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shows). It is obvious that if the number of IMFs included in each sum is precisely 

equal to k, then the resulting trend exactly matchs the original throughput signal.  

 

Figure V-13 IMFs-based trends vs. time (n, d, s) = (960, 2, 23). 

To select the optimal trend among the potential options, we suggest employing a 

Root Mean Square Error (RMSE) calculation to compare each trend candidate against 

the original signal. The trend component with the smallest non-zero RMSE is chosen 

as the final trend. This approach ensures that the selected trend is as close as possible 

to the original signal. The RMSE values are plotted versus 𝑡𝑟𝑒𝑛𝑑𝑘 in centered 

topology, 𝑠𝑡𝑒𝑝 =  23, and 𝑛 =  960 (Figure. V-14).  



CHAPTER V 

56 

 

By analyzing this graph, it becomes possible to visually identify the trend 

component with the smallest non-zero RMSE and thus select the optimal trend for the 

given dataset. 

 

Figure V-14 The error of throughput and trend. 

 

Figure V-15 RMSE of throughput and IMF-

based trend. 

The visualization of RMSE values versus 𝑡𝑟𝑒𝑛𝑑𝑘 for all 42 cases simultaneously 

allows us to observe that the chosen 𝑡𝑟𝑒𝑛𝑑𝑘 differs from case to case (Figure. V-15). 

By examining this graph, we can identify that there is no single trend component that 

performs optimally across all cases. Instead, the optimal trend varies depending on the 

specific dataset under consideration. Therefore, it is important to perform an 

individualized analysis for each dataset to determine the appropriate trend component. 

This approach ensures that the chosen trend is both accurate and effective for a given 

dataset, leading to more reliable results and better decision-making.  

The ability to observe and understand the variability in RMSE and 𝑡𝑟𝑒𝑛𝑑𝑘 across 

different cases highlights the importance of customizing analysis to specific datasets 

and avoiding generalizations. To enhance our analysis, we included a fit curve of the 

original throughput dataset in addition to the chosen trend and the original data. This 

fit curve provides a visual representation of the overall trend in the data and facilitates 

the comparison of the chosen trend with the original signal (Figure. V.16 presents a 

plot showing all 42 cases together). Upon examining this graph, it is apparent that the 

chosen trend and the fitting curve are quite similar in the majority of cases. This 

similarity indicates that the selected trend is an accurate representation of the 
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underlying trend in the data. However, there are some cases where the chosen trend 

deviates significantly from the fitting curve.  

 

Figure V-16 Dependence of throughput, trend, and fir curve on time. 
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These deviations may be the result of outliers or other anomalies in the data. By 

comparing the chosen trend and the fitting curve in this manner, we can gain a more 

comprehensive understanding of the data and make more informed decisions based on 

the analysis results. 

Upon applying the fitting curve to the original signal, we meticulously extracted 

the fitting parameters and subsequently generated a scatter plot to provide visual 

insight into the outcomes of parameters a and b (as depicted in Figure.V-17). Notably, 

the red-highlighted cluster is associated with instances of lower congestion levels, 

while the black cluster corresponds to more congested cases. 

 

Figure V-17 Scatter plot of the fit parameters. 

These findings strongly imply that the fitting parameters, specifically parameters a 

and b, hold promising potential as valuable indicators for discerning and 

characterizing network congestion states. Such observations signify the scientific 

relevance and significance of the proposed methodology in understanding and 

quantifying the complexities of network congestion in our study. 

V.3. Marginal Hilbert Spectrum for Directional MAC Signal Analysis 

The marginal Hilbert spectrum is a powerful tool that provides a time-frequency 

distribution of a signal by examining its instantaneous frequencies and amplitudes 

over time [J3]. This technique helps us understand how different frequency 

components of the signal evolve and contribute to its overall behavior, which is useful 

for signals in high-speed communication systems where the frequency can change 
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rapidly. MHS is related to the instantaneous frequency and amplitude of a signal. It is 

a 2D representation of the HHT, where the HHT of a signal x(t) is as follows: 

𝐻{𝑥(𝑡)} = 𝑦(𝑡) =
1

𝜋
𝑃 ∫

𝑥(𝜏)

𝑡−𝜏
𝑑𝜏

∞

−∞
  (27) 

P is the Cauchy principal value, and based on x(t) and y(t) the analytic signal, 𝑧(𝑡)ℂ  

is as follows: 

𝑧(𝑡) = 𝑥(𝑡) + 𝑖𝑦(𝑡)  =  𝑎(𝑡)𝑒𝑖𝜃(𝑡)  (28) 

We have 𝑎(𝑡) is the amplitude and 𝜃(𝑡) represents the phase, and is defined as follows: 

𝑎(𝑡) = [𝑥2(𝑡) + 𝑦2(𝑡)]1/2, 𝜃(𝑡) = 𝑎𝑟𝑐𝑡𝑎𝑛(
𝑦(𝑡)

𝑥(𝑡)
) (29) 

𝜔(𝑡) represents the instantaneous frequency of 𝑥(𝑡) and is given as follows: 

𝜔(𝑡) =
𝑑𝜃(𝑡)

𝑑𝑡
 (30) 

resulting in the signal decomposition with the formula conforming to the equation 

(27). Moreover, the MHS is defined as follows: 

ℎ(𝜔) =
1

𝑇
∫ 𝐻

𝑇

0

(𝜔, 𝑡)𝑑𝑡 (31) 

𝑇 is the length of the sampled input signal 𝑥(𝑡). For high-speed communication 

technologies, such as 5G or beyond, MHS is useful in analyzing rapidly changing 

signals where traditional methods might fall short. It allows engineers to track how the 

signal's frequency evolves, helping to detect interference, optimize performance, and 

ensure better signal quality in environments with a lot of noise or rapid changes. 

 

Figure V-18 Marginal Hilbert Spectrum of received power (n, d, s) = (960, 2, 11). 
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We applied the MHS to the received power signal to analyze its time-varying 

frequency characteristics more comprehensively (see Figure. V-18 and Figure. V-19).  

By using the MHS, we were able to decompose the received power signal into its 

IMFs and then analyze the instantaneous frequencies of these components. The 

marginal spectrum, which is essentially the distribution of energy across frequencies 

over time, was obtained by integrating the instantaneous frequency across time. This 

allowed us to visualize the frequency content of the received power at every moment. 

In practical terms, the MHS enabled us to track how the frequency of the received 

power signal fluctuated over time, revealing important insights into how the signal 

behaves in dynamic environments, such as during high-speed communications. This 

is particularly important for enhancing the THz communication networks, where the 

signal frequency can vary rapidly and unpredictably due to factors like interference, 

mobility, and environmental conditions.  

 

Figure V-19 Marginal Hilbert Spectrum of received power (n, d, s) = (60, 1, 23). 

The MHS of the received power shows varying patterns depending on the 

scenario. These patterns reflect how the frequency components of the signal change 

over time. In some cases, the spectrum may appear stable, indicating consistent 

received power, while in others, it may fluctuate, pointing to factors like interference 

or environmental changes. These variations provide valuable insights into the system's 

behavior, helping to identify stable periods or potential issues like interference. By 

analyzing these patterns, we can better understand the performance of high-speed 

communication systems and make improvements for optimal operation. 
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Table V-1Used statistical methods. 

Statistical Method Explanation 

Mean Provides the average value of the data: 

𝜇 =
1

𝑁
∑ 𝑥𝑖

𝑁
𝑖=1   

N is the total number of data points. 

𝑥𝑖 are the individual data points. 

Interquartile Range (IQR) The IQR is the difference between the first quartile (25th 

percentile) and the third quartile (75th percentile):  

𝐼𝑄𝑅 =  𝑄3 − 𝑄1  

𝑄1 is the first quartile (25th percentile). 

𝑄3 is the third quartile (75th percentile). 

Variance Variance measures the spread of the data around the mean. 

It is calculated as: 

𝜎2 =
1

𝑁
∑ (𝑥𝑖 − 𝜇)2𝑁

𝑖=1   

Skewness Skewness measures the asymmetry of the data 

distribution.  

𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
1

𝑁
∑ (

𝑥𝑖−𝜇

𝜎
)3𝑁

𝑖=1   

We decided to analyze the MHS spectrum using four statistical methods to gain a 

clearer understanding of the received power behavior.  

 

Figure V-20 Mean of received power marginal Hilbert spectrum vs. scenario case ID. 

These methods allow us to summarize and interpret the different characteristics of 

the MHS in a more detailed and meaningful way. The chosen methods are described 

in Table V-1. 
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By applying these statistical methods, we gain a more comprehensive view of the 

MHS spectrum. This helps us better interpret the signal’s dynamics and improve our 

understanding of the received power behavior in high-speed communication systems.  

All four statistical methods (mean, IQR, variance, and skewness, see Figure. V-

20, V-21, V-22, and V-23), have the following information: i) Colors red, blue, and 

magenta represent the number of MTs being 60, 240, and 960 respectively. ii) filled 

circles represent the centered topology, while the empty circles represent the uniform 

topology. iii) Each cluster has 7 circles, which conforms to the number of sector steps. 

vi) Diamonds are the mass point of the corresponding cluster. 

 

Figure V-21 Interquartile Range of received power marginal Hilbert spectrum vs. scenario case ID. 

We consistently observed that the centered topology (d1) (where the MTs are 

located closer to the AP) exhibited higher clustering than the uniform topology across 

all three MT population cases. This behavior makes sense when we consider the 

dynamic nature of signal propagation systems in these topologies. In the centered 

topology, the MTs are positioned closer to the AP, which generally results in stronger 

received power and more consistent communication conditions. Proximity minimizes 

the effect of signal attenuation and interference, leading to more predictable and 

concentrated signal properties. The means are higher because the received power is 

stronger due to reduced path loss (see Figure. V-20). However, for uniform topology, 

the meaning is lower, causing the average received power to decrease with distance. 

Moreover, IQR and variance are smaller for the centered topology, reflecting less 

variation in the received power because the MTs are similarly situated around the AP 

(see Figure. V-21, and Figure. V-22).  
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Figure V-22 Variance of received power marginal Hilbert spectrum vs. scenario case ID. 

Based on the connection segments of the mass points of the clusters shown in 

Figure. V-20, V-21 and V-22, one can notice that for all means, IQR and variance of 

the MHS the higher the population density, the higher the mass point of the metric 

value. The distance between the two mass point trends is 50, which proves a 17 dB 

ratio between the variance of PRx MHS for centered and uniform topologies. This 

approximately exponential dependence property on the linear scale on the population 

density may be explained by the meaning of the MHS: the energy distribution of a 

received power signal across the frequency domain is larger for the higher number of 

MTs. The higher value-based time series have larger expected (mean), range, and 

variance values. The skewness indicates a more symmetrical distribution of the 

received power due to uniformity in the proximity of the AP (see Figure. V-23). This 

clustering behavior in the centered topology demonstrates the natural advantage of 

having MTs closer to the AP in terms of signal consistency and strength. 

 

Figure V-23 Skewness of received power marginal Hilbert spectrum vs. scenario case ID. 

The skewness behaves differently for the two topologies: the centered topology has 

a global maximum value of 240 MTs, while uniform topology has a continuous 

decreasing trend with the population density (see Figure. V-23). The MHS was key to 
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identifying the differences between the centered and uniform topologies. Through 

MHS, we observed the higher clustering of the centered topology and greater 

variability in the uniform topology. 

MHS analysis proves how the energy is distributed across oscillatory modes of the 

received power by the MTs, thereby linking spectral content to temporal dynamics. 

The findings of this section reveals that high-fraquency components capture rapid 

fluctuations caused by the interference and fading, while low-frequency components 

reflect long-term variations associated with the AP periodic rotation. By comparing 

these distributions across scenarios, the analysis highlights differences in variability 

and stability providing direct understanding into the system’s dynamic behavior. 

Overall, the applied methods in this chapter give complementary views on the 6G 

network behavior. The Shannon entropy metrics (M and R) capture the stability and 

the fairness of the MTs subsystems. EMD/EEMD highlights temporal throughput 

variations, while the MHS extracts characteristic fluctuation patterns for scenario 

comparison. Together, these analyses link the studies parameters to concrete use cases 

such as protocol tuning, congestion detection, and deployment optimization, thus 

increasing the practical value of the study. 
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Integrating AI into modern wireless technologies is highly recommended for 

enhancing network performance, where supervised and unsupervised ML can 

optimize various aspects. Hence, we applied different AI methods to different scenario 

cases for better analysis. By leveraging machine learning and data-driven approaches, 

we aim to gain deeper insights into network behavior, assess the effectiveness of 

entropy-based metrics, and identify potential strategies to enhance communication 

efficiency and reduce collision rate. It is important to mention that an increase in the 

number of MTs leads to a corresponding rise in computational overhead, therefore we 

vary the number of MTs in the following subsections based on the method employed 

to reduce computational demands. This variation allows us to assess the effects of MT 

scalability on overall system performance while optimizing resource utilization. This 

phenomenon is primarily attributed to the dependency of CPU instructions on the 

number of MTs. As the network scales and more MTs are introduced, we consider the 

number of MTs as a scaling parameter, which evaluates its impact on system 

performance. The processing requirements for managing communication and data 

transmission intensify, thereby escalating the overall processing demands on the 

system. 

VI.1. Clustering-Based Analysis of Sector Efficiency in 6G Networks 

Incorporating unsupervised machine learning into the ADAPT mechanism may 

enhance network efficiency in dynamic environments [72, 73]. By leveraging data-

driven insights, unsupervised ML-based clustering can help identify underlying 

patterns in network traffic and MT behavior without labeling the data. These aspects 

motivate us to apply unsupervised ML on such complex data series to uncover hidden 

structures and correlations within the ADAPT protocol’s communication patterns. The 

goal of applying clustering in this section is to group sector efficiency vectors into 

representative classes. This enables a deeper understanding of how the ADAPT 

mechanism behaves under varying conditions, ultimately supporting optimization of 

resource allocation and protocol adaptability. By doing so, we can enable the MAC 

system to self-tune its parameters in real-time, supporting more advanced techniques 

to address the challenges inherent in Terahertz communications.  Studying the sector 
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behavior contributes to optimizing the ADAPT MAC mechanism and the THz radio 

channel. Within 50 simulation cases, having n ∈ {60, 120, 240, 480, 960}, d ∈{d1, 

d2} and 𝑚 ∈ {0.1, 0.3, 0.5, 0.7, 0.9}, we calculated the sector efficiency considering 

both collisions and throughput. We define a sector efficiency vector that is calculated 

using both the collision rate and throughput of the MAC performance within a given 

sector, as shown in Figure. VI-1 and Figure. VI-2 for gaining more insight into the 

efficacy and effectiveness of sector vectors [J2, J4, C4].  

 

Figure VI-1 Sector efficiency vs. rotation 

ID. 

 

Figure VI-2 Efficiency vectors for all 50 simulation 

cases. 

Among the machine learning types, we have unsupervised machine learning, 

where a given algorithm is trained on an unlabeled dataset, which can discover hidden 

patterns and the intrinsic structure of the trained data. Thus, we decided to use Density-

Based Spatial clustering of applications with noise (DBScan) on the sector efficiency 

vectors for feature-based clusterization. DBScan clusters the dataset based on the 

density of data points without the interference of the noise. Mainly, DBScan is 

sensitive to two parameters: the radius that defines the distance between two points to 

be neighbors, and the minimum points required to form a dense region or a cluster.  

Analyzing the sector efficiency vectors using DBScan shows the high influence 

of the mentioned DBScan parameters on the number of clusters and the number of 

outliers shown in Figure. VI-3 and Figure. VI-4, respectively. The results show the 

effectiveness of the unsupervised DBScan machine learning, underscoring how crucial 

parameter selection is for successful data clustering. As shown in Figure. VI-5, the 
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number of clusters strongly depends on the cluster radius, which requires a deep study 

and careful selection for accurate results.  

 

Figure VI-3 DBScan Clusters Number vs. 

Radius and Minimum Number of Cluster 

Elements. 

 

Figure VI-4 DBScan Outliers Number vs. Radius 

and Minimum Number of Cluster Elements. 

Similarly shown in Figure. VI-6, where even the outliers got influenced, it is 

obvious that when selecting the minimum number of points equal to 1, the number of 

outliers will be 0. The reason after that is that every element becomes a cluster itself, 

and this is not logical; therefore this option must be excluded. 

 

Figure VI-5 DBScan Clusters Number vs. 

Radius. 

 

Figure VI-6 DBScan Outliers Number vs. 

Radius. 

 Moreover, the relation between increasing the cluster radius and its impact on the 

number of outliers is evident, where a clear reduction in both the number of clusters 
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and the presence of outliers occurs as the radius increases. This finding highlights the 

importance of balancing the cluster radius with the minimum number of elements 

required for best classification. For achieving accurate data clustering, adjusting these 

parameters is a necessity. 

Hence, we explored how the number of outliers varies with changes in the 

minimum number of elements per cluster as presented in Figure. VI-7. The aim is to 

find the working point having the minimum number of outliers, As we exclude the 

number of elements being equal to 1 for the reason mentioned earlier, the working 

point is achieved by selecting 6 elements per cluster for sector efficiency vectors. 

Based on this, we define 7 different classes(𝐶0, 𝐶1, 𝐶2, 𝐶3, 𝐶4, 𝐶5, 𝐶6) of the dataset, 

with outliers assigned to the class 𝐶0. By doing so, the clustering process is enhanced 

offering valuable insights into the patterns of sector efficiency within the analyzed 

dataset. 

 

Figure VI-7 Dependence of Outliers Number on 

Minimum Number of Cluster Elements. 

 

Figure VI-8 Classification of sector efficiency 

vectors at optimal working point. 

The results of classifying the sector efficiency vectors using the working point are 

illustrated in Figure. VI-8, Given the substantial number of outliers which represents 

25.5% of the data (383 out of 1500 elements) revealed with dark blue rectangles in 

class 𝐶0. Meanwhile, It is intriguing that sector efficiency vectors having the IDs 5, 

15, and 25 are enrolled within the clusters 𝐶4, 𝐶5, and 𝐶6. This criterion invites further 

investigation to understand why these sectors are enrolled in these classes in this 



CHAPTER VI 

70 

 

manner, which could reveal unique characteristics or patterns specific to these cases 

and sectors.  

The clustering results reveal distinct categories of sector behavior. High-efficiency 

clusters correspond to a sector with consistently high throughput with low collision 

rates, while lower-efficiency clusters represent a sector where performance degrades 

due to congestion. The computed outliers highlight the extreme or irregular behaviors. 

This clustering highlights which sectors contribute most to network stability and 

which require further adaptation. Thereby guiding parameter tuning in the ADAPT 

MAC mechanism. We could say that DBScan suffers with data sets of varying 

densities and high dimensionality, making it sensitive to parameter selection and less 

effective for complex or large datasets. Future enhancement could include employing 

adaptive clustering algorithms that dynamically adjust based on real-time data 

variability or incorporating anomaly detection methods like: isolating forest, local 

outlier factor density-based method, and more, for handling and interpreting the 

outliers’ meaning, thereby improving the precision and reliability of the clustering 

process. 

VI.2. Wavelet-based Feature Extraction for Throughput Prediction 

The goal of this subchapter is to apply feature extraction method in combination 

with supervised neural networks to predict throughput in 6G scenarios. Wavelet 

transform method is  for cases when shifting events in time does not affect the result 

which called invariance to translation, and also stability to deformation. Moreover, the 

wavelet transform offers localization in both time and scale, unlike the traditional 

focus on time and frequency. The wavelet transform relies on the convolution 

operation, and this let us convert certain signals into a more refined form where 

features become more prominent, therefore using such a method for feature extraction 

helps in simplifying the task for the supervised neural networks. This method enhances 

the clarity of the signal, making it easier for the network to recognize and process key 

patterns.  

The wavelet transform WT of the signal 𝑥(𝑡) is a mathematical tool well-known 

in the signal processing field, signal compression, and time-frequency analysis. Unlike 
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the Fourier transform that analyses signals using sinusoidal functions, the wavelet 

transform uses a mother wavelet denoted as 𝛹(𝑡), being an 𝐿2(ℝ) function, as far as: 

∫ |Ψ(𝑡)|2𝑑𝑡 < ∞
∞

−∞

 (32) 

Wavelets 𝜓𝑎,𝑏(𝑡) are specific subsets of the mother wavelet represented in equation 

(33):  

𝜓𝑎,𝑏(𝑡) =  
1

√𝑎
𝛹 (

𝑡−𝑏

𝑎
)  (33) 

where pairs (𝑎, 𝑏) are points in the half plane ℝ+ × ℝ. Parameter 𝑎 and 𝑏 are the scale 

and time shift, respectively. 𝜓(𝑡) in equation (33) satisfy the condition of mean zero 

and square norm one as represented in the following formulae:  

∫ 𝜓(𝑡)𝑑𝑡 = 0
∞

−∞
  (34) 

∫ |𝜓(𝑡)|2𝑑𝑡 = 1
∞

−∞
  (35) 

The signal 𝑥(𝑡) has a projection onto the subspace of scale 𝑎 conform to the next 

formula:  

𝑥𝑎(𝑡) = ∫ 𝑊𝑇𝛹{𝑥}(𝑎, 𝑏) ∙ 𝜓𝑎,𝑏(𝑡)𝑑𝑏
ℝ

  (36) 

Where the wavelet transform of the signal 𝑥(𝑡) is the following:  

𝑊𝑇𝛹{𝑥}(𝑎, 𝑏) =  ∫ 𝑥(𝑡)𝜓𝑎,𝑏(𝑡)𝑑𝑡
ℝ

  (37) 

The wavelet coefficients are 𝑐𝑗𝑘 = 𝑊𝑇𝛹{𝑥}(𝑎, 𝑏), where 𝑎 = 2−𝑗 , 𝑏 = 𝑘2−𝑗 are 

the binary dilation and binary position, respectively. Reshape of the 𝑐𝑗𝑘 into a single 

vector is considered a feature vector, which is a compression of the (𝑎, 𝑏) points set.  

There are a lot of existing transformation methods that can be used for extracting 

features, well-known ones are the Fourier transform and Short-Time Fourier 

Transform (STFT), so why are we using the wavelet transform? One has to note that 

the Fourier transform provides a global frequency representation but lacks temporal 

resolution, while STFT offers time-localized frequency information but struggles with 

the trade-off between time and frequency resolution. Conversely, wavelet transform 

effectively captures both transient and persistent features across varying time scales, 

making it superior for analyzing non-stationary signals and providing a nuanced 

representation of complex data. 
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As mentioned earlier, the fractal property motivated us to study the pattern of the 

transmission distance of the AP-MT pairs. For the scenario [J2, C1], we have 14 

different simulation cases where we considered two parameters: the population 

number 𝑛 =  15, 30, 60, 120, 240, 480, 960, and two topology types, the centered 

topology d1 and the uniform distribution topology d2. From the simulated cases, we 

chose the distances as an input to the wavelet transform for feature extraction. These 

extracted feature vectors are then used as an input to the RNN, which learn temporal 

dependencies in the data. We randomly select 300 compacted sequences from the 

overall distances data series, creating so-called feature vectors, represented as follows: 

𝛿𝑖 = (𝛿1
𝑖 , 𝛿2

𝑖 , … , 𝛿300
𝑖 ), 𝑖 = 1, 2, … , 14 (38) 

Every sequence vector 𝛿𝑗
𝑖 ∈  ℝ2000, 𝑗 = 1, … ,300 has 2000 serial elements, where the 

vectors have been classified and mapped based on Table. VI-1 having in total 5 

different classes (𝐶1, … , 𝐶5), the classes are carefully chosen based on the mobile 

terminals’ densities. 

Table VI-1Class mapping of the distance sequence. 

Distribution (d) 
Number of MTs (n) 

15 30 60 120 240 480 960 

1 𝐶1 𝐶1 𝐶1 𝐶2 𝐶3 𝐶4 𝐶5 

2 𝐶1 𝐶1 𝐶1 𝐶2 𝐶3 𝐶4 𝐶5 

Collision 0 0 ~ 0 > 0 > 0 > 0 >> 0 

For each vector 𝛿𝑗
𝑖, the applied wavelet transform creates a so-called feature vector 

𝑓𝑗
𝑖 ∈ ℝ238 having 238 instead of 2000, containing a more compressed manner of the 

feature characteristics.  

Table VI-2 RNN neural network applied parameters. 

Property Value  Property Value 

SquaredGradientDecayFactor  0.99  Solver ADAM 

GradientDecayFactor 0.90  Mini Batch Size  2100 

InitialLearnRate 0.02  MaxEpochs 100 

No. Hidden units at L2 100  No. Classes at L3 100 

GradientThreshold 1  No. Classes at L4 5 
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We taught the LSTM by selecting 50% randomly the distance feature vectors, 

using the third quarter for validation during the teaching, while the remaining part we 

used for testing the taught results. Table. VI-2 shows the used parameters for the 

LSTM neural network. 

 

 

FigureVI-9 Recurrent neural network structure. 

Since the features are already extracted using the wavelet transform, The 

architecture of the RNN network remains straightforward, as shown in the Figure. VI-

9. The streamlined design facilitates efficient processing without the need for complex 

modifications or extra layers. 

 

Figure VI-10 LSTM neural network learning and 

classification results. 

 

Figure VI-11 LSTM confusion matrix. 

Hence, the learning and classification results of the RNN types: LSTM, BiLSTM, 

and Gated Recurrent Units (GRU) neural network are shown in the next figures, 

notably the plot emphasizes the exponential speed at which convergence occurs and 
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the corresponding exponential decline in loss showcasing the efficiency of the learning 

method. 

 

Figure VI-12 BiLSTM neural network learning and 

classification results. 

 

Figure VI-13 BiLSTM confusion matrix. 

The training of the LSTM RNN model shows a rapid increase in accuracy, 

demonstrating how effectively the extracted features were identified (Figure. VI-10).  

 

Figure VI-14 GRU neural network learning. 

 

Figure VI-15 GRU confusion matrix. 

This quick improvement suggests that the model  quickly learned to recognize 

patterns in the data, making the training process efficient. The confusion matrix further 

illustrates the classification accuracy with 99.4% testing accuracy, where most of the 

classifications were correct, with minimal confusion observed. A slight confusion was 

noted between some classes (Figure. VI-11). 
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Moving to the BiLSTM  model, the accuracy was good, but it faced some 

difficulties in learning the extracted features at the beginning, particularly until epoch 

60. 

During this initial phase, the model struggled to effectively capture the nuances of 

the data. However, after epoch 60, the performance significantly improved, and the 

learning accuracy surged to 99% (Figure. VI-12). This indicated that, despite early 

challenges, the model eventually adapted well to the features.  

The confusion matrix for the BiLSTM (Figure. VI-13) also reflected strong 

performance, showing an overall testing accuracy of 94.4%. However, similar to the 

LSTM model, there was some confusion between certain classes, suggesting that 

while the BiLSTM achieved high accuracy, there remained small overlaps between 

specific categories that could be further refined. The learning accuracy for the GRU 

model followed a similar pattern to the BiLSTM, initially struggling but improving 

over time. Starting from epoch 70, accuracy increased to 99% (Figure. VI-14). The 

confusion matrix showed the best testing accuracy of 99.5% with only slight confusion 

between class 𝐶4 and 𝐶5 (Figure. VI-15). 

Each model, when combined with wavelet transform for feature extraction, 

showed strong performance. The GRU model, for instance, achieved 99.5% accuracy 

and completed training and testing in a remarkably short time, highlighting its 

efficiency and ability to process complex data quickly. Similarly, the LSTM and 

BiLSTM models showed excellent accuracy, though with slight differences in training 

behavior. While all models demonstrated robustness in handling the given dataset, the 

wavelet transform required substantial computational resources. Additionally, class 

imbalance can affect model accuracy, especially for underrepresented classes. 

Although the GRU, LSTM, and BiLSTM models performed strongly, their complexity 

may not always be justified in scenarios where the data does not have sequential 

dependencies. In such cases, simpler models could offer comparable performance with 

lower computational cost. 
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VI.3. Transfer Learning for Collision Analysis and Performance 

Quantification 

In this part, transfer learning is introduced to enhance collision analysis and 

performance quantification in dense 6G scenarios. By re-teaching knowledge from 

pre-trained RNN layers, the approach reduces training time while preserving or 

improving the accuracy of sector collision classification. This method helps in 

enabling the identification of optimal NN configuration for handling congestion, 

supporting more efficient resource allocation under high-load conditions. 

Multi-layer transfer learning leverages pre-trained models to enhance the 

performance of complex systems by transferring knowledge from one domain to 

another [74, 75, 76]. By adding the rotation step 𝑠 = {1,7,11,13,17,19,23,29} [J2, 

C2], we took the most congested case having 960 MTs in 2 different topology types, 

d1 and d2 having all together 16 cases.  

We considered having four different classes of sector collisions as an input for the 

different types of neural network models, in correlation with the step s. Every two twin 

pairs (based on the twin relation explained earlier) belong to the same class (see Table. 

VI-3). For evaluating the transfer learning efficiency of the ADAPT MAC mechanism 

on collision data series, we used three RNN types (LSTM, BiLSTM, and GRU). Each 

of these RNN types consists of one or more layers positioned directly after the input 

layer, enabling the network to capture sequential patterns in the data effectively. We 

added SoftMax to finalize the output of the network, followed by Classification layers, 

which translate the learned representations from the RNN layers into actionable class 

predictions. The applied configuration allows for robust handling of complex time 

series. The networks classify the inputs into collision categories defined in Table. VI-

3, providing a clear interpretation of the network state. 

Table VI-3 Class sector collisions. 

Class ID Step Size, s Sectors Distribution MT Number 

1 1, 29 n = 30 d1, d2 N = 960 

2 7, 23 n = 30 d1, d2 N = 960 

3 11, 19 n = 30 d1, d2 N = 960 

4 13, 17 n = 30 d1, d2 N = 960 
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By taking advantage of the taught layers, we envisioned a novel approach to 

constructing both homogeneous and heterogeneous multilayer neural networks 

through the transfer learning process. Pre-trained RNN layers from initial training on 

a subset of collision scenarios are reused and fine-tuned for new network 

configurations. This innovation strategy not only broadens the scope of our neural 

network architecture but also enhances its adaptability to diverse datasets.   

Table VI-4 Neural network types. 

NN 

Code 

Transf. 

Learn. 
Homogeneous Taught Layers Untaught Layers Max. Epochs 

U1 No Yes 0 1 150 

U2 No No 0 2 150 

T0 Yes Yes k = 1, …, 5 0 150+200∙k 

T1 Yes No k = 1, …, 4 1 150+200∙k 

T4 No Yes 0 k = 1, …, 5 150+200∙k 

To evaluate the effectiveness and goodness of the learning approach, we 

developed a comprehensive metric that quantifies the quality of the learning outcomes. 

The different types of RNNs employed in this endeavor are detailed in the Table. VI-

4. In addition, ‘U’ and ‘T’ are Untaught and Taught RNN types, respectively; the value 

after ‘U’ denotes the number of the untaught layers, and the value after the character 

‘T’ states the number of RNN layers. The last column represents maximum epochs, 

which increase with the increase of RNN layers. 

After the training phase, we visualized the test accuracy by plotting the 

performance of both untaught single-layer and double-layer configurations of the 

different RNN types, coded in the Table. VI-5 as ‘U1’ and ‘U2’, respectively. Notably, 

one untaught layer of BiLSTM outperformed the other RNN types, achieving an 

impressive accuracy of 90.03%, In contrast, the LSTM model recorded the lowest 

performance with a learning accuracy of 85.04% (see Figure. VI-16). Moreover, 

adding another untaught layer to the neural network gave different results (see Figure. 

VI-17). Here, L1 and L2 refer to the first and second untaught layers of the RNN 

architecture. It is noteworthy that when LSTM is designated as L1, the testing accuracy 

is significantly influenced by the type of L2. In contrast, the type of L2 after BiLSTM 
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(as L1) exhibits minimal impact on the results, while after GRU (as L1), the type of 

the untaught RNN layer (L2) influences both accuracy and testing outcomes.  

For quantifying the goodness of the used RNN layers and evaluating the internal 

performance of the chosen layers, we propose a metric to weigh the overall 

effectiveness of the method used. To the best of our knowledge, no similar metric 

exists in scientific literature to compare the performances.  

 

Figure VI-16 Test accuracy of sector collisions 

for different U1 RNN types 

 

Figure VI-17 Test accuracy of sector collisions 

for different U2 RNN type pairs. 

We decided to have a certain threshold constant 𝑎 =  0.90 for validation 

purposes, which serves to calibrate our calculations and provide a consistent 

benchmark for evaluating the performance of the RNN layers utilized in our study, we 

calculate the Accuracy-to-Tima Ratio (ATR): 

ATRvalid(𝑎 ) =
Accvalid(𝑎 )

Learn Time(𝑎 )
 [s−1] (39) 

ATRtest =
Acctest

Learn Time
 [s−1] (40) 

We have 𝐴𝑐𝑐𝑣𝑎𝑙𝑖𝑑(𝑎) =  𝑎 and 𝐿𝑒𝑎𝑟𝑛 𝑇𝑖𝑚𝑒(𝑎) represents the validation accuracy 

within a threshold 𝑎 and learning time for the validation accuracy 𝑎, respectively. 

While 𝐴𝑐𝑐test representing the testing accuracy after 𝐿𝑒𝑎𝑟𝑛 𝑇𝑖𝑚𝑒 duration. The 

proposed metric so-called Weighted Accuracy-to-Time Ratio (WATR) is the weighted 

sum of the two calculated ATRs with a weight 𝛼: 

WATR = α ∙ ATRvalid + (1 − α) ∙  ATRtest [s−1] (41) 

The weight 𝛼 It is an objective that reflects the relative importance of validation 

versus testing performance.  
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Figure VI-18 Learning time (Left) and test accuracy (Right) of sector collisions for different T0 

RNN types. 

Given the significant impact of these parameters, we define 𝛼 as the ratio of the 

ATRvalid and ATRtest values, calculated using the following expression: 

α =
max(ATRtest)

max(ATRvalid)
 (42) 

By doing so, the high value of WATR indicates the high performance of the neural 

network with good testing accuracy and fast learning time.  

 

          

Figure VI-19 Learning time (Left) and test accuracy (Right) of sector collisions for different T1 

RNN types. 

This is precisely the outcome we aim to quantify, as it reflects the effectiveness, 

goodness, and responsiveness of our model in practical applications.  To evaluate the 
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performance and effectiveness of the taught and untaught layers being homogeneous 

and heterogeneous, the following figures plot the performance of T0, T1, and T4.  

One can notice, that in the case of the homogenous T0, increasing in the RNN 

layer despite the NN type, the learning time increases (see Figure. VI-18). However, 

the testing accuracy decreases with the increasing of the taught layers, especially 

LSTM and BiLSTM, however, GRU performed better having 4 layers.  

A comparable pattern is noticeable for the learning time in the case of 

heterogeneous T1 as we saw in T0 (see Figure. VI-19) with a 30% reduced duration. 

Increasing the taught layers shows negligible accuracy impact in the case of BiLSTM 

and GRU, while the accuracy of LSTM becomes less as we increase the layers.  

  

Figure VI-20 WATR for T0 (Left) and T4 (Right) homogeneous RNN types. 

We evaluate the performance of both T0 and T4 by calculating the WATR metric, 

and the results are shown in the Figure. VI-20. For both cases, GRU performed better 

than the other NN types with a slight difference between having one and two layers, 

however, since the learning time increases with more layers’, higher testing accuracy 

is indicated for k = 2. Moreover, the goodness metric for U2 NN demonstrates the best 

performance when GRU layers are used, the optimal configuration is achieved when 

both layers are GRU having WATR = 0.11 𝑠−1 (shown in Figure. VI-21 left). For 

heterogeneous T1 NN, as the number of taught layers increases, the WATR value and 

the goodness metric value decrease (shown in Figure. VI-21 right). In all, this study 

revealed that increasing the number of RNN layers can lead to longer learning time. 
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The type of RNN significantly influences testing accuracy and WATR performance 

metrics. Notably, GRU outperformed other configurations, demonstrating superior 

efficiency and accuracy in both homogeneous and heterogeneous setups.  

 

Figure VI-21 WATR for U2 (Left) and T1 (Right) heterogeneous RNN types. 

The findings are particularly beneficial for the ADAPT mechanism and for future 

6G applications, as they highlight optimal neural network configurations for 

effectively managing complex data series. Further analysis is planned to assess the 

impact of the weight 𝛼 on the optimal WATR metric value, this investigation helps to 

refine our understanding of how the weight 𝛼 influences the overall efficiency of the 

suggested neural network model. 

VI.4. Generative Models for synthetic Data Augmentation in 6G 

Networks 

This section examines how generative models, particularly Generative 

Adversarial Networks (GANs) can support the development of 6G networks by 

producing synthetic data that mirrors the complexity of real-world conditions.  

Generative AI has gained prominence for its capability in creating realistic synthetic 

data and models by training neural networks in a competitive setup. In the next cellular 

networks, generative AI promises to generate more realistic a significant synthetic 

network data and simulate complex scenarios. Generating realistic synthetic data is 

widely used for training machine learning models, where large, labeled data sets are 

essential but hard to obtain due to various limitations [77]. And because 6G is still now 
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in the theoretical and simulation phase, synthetic data may provide an essential 

resource for testing and developing models under realistic conditions without needing 

physical infrastructure. Due to the complexity of the ADAPT system, simulating for 

just 10 𝑚𝑠 incurs a significant computational load, especially for larger population 

densities. This short simulation period is not enough to capture the full system 

behavior, especially under varied network loads. To address this, we aim to analyze 

whether GAN methods can generate high-fidelity synthetic data that accurately 

represents the complex behavior within the ADAPT system. Evaluating the 

performance of these applied GAN methods involve using some similarity metrics to 

determine the performance of the generated synthetic data compared to the real one. 

This helps us to improve our understanding of the methods used and enable 

enhancements in efficiency and adaptability.  

Generative AI uses various models and techniques for generating text, images, 

audio, and other types of data to create a new dataset that resembles existing patterns. 

GAN AI comprises two main neural networks: the generator and the discriminator, 

each has a different and important role in generating similar data. The generator neural 

network generates data from random noise, while the discriminator aims to 

differentiate between genuine data from the original dataset and the synthetic data 

generated by the generator. This aspect is represented in the Figure. VI-22. 

 

Figure VI-22 Architecture of the GAN system. 

GAN has transformed the field of data generation and augmentation. Integration 

of this approach with the 6G wireless networks could significantly improve the 

performance of data augmentation, making it more representative of the real world 

[78]. We choose to use GAN and 4 from its method types (Adversarial Autoencoder 

(AAE), Deep Convolutional GAN (DCGAN), Least Squares GAN (LSGAN), and 

Wasserstein GAN (WGAN)) explained in the Table. VI-5 to generate synthetic data 
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for the Shannon entropy metrics M and R, to see the behavior of these types, and 

compare between [J2, C6, C7].  The GAN is trained on historical network metrics and 

generates synthetic sequences representing potential network states. By generating 

diverse entropy profiles, the GAN can simulate unseen network configurations while 

ensuring privacy, as no user-identifiable data is included and the generated metrics 

cannot be linked back to individual users. 

Table VI-5 List of GAN methods. 

Generative AI 

method 
Internal Layers 

1. AAE Encoder: convolution layers/dense layers, batch normalization, and activation 

functions (ReLU). 

Decoder: transposed convolution layers/dense layers to reconstruct the input data. 

Discriminator: convolution/dense layers. 

2. DCGAN Generator: Transposed convolution layers, batch normalization, and ReLU 

activations 

Discriminator: Convolution layers, batch normalization, and Leaky ReLU 

activations. 

3. GAN Generator: fully connected layers, transposed convolution layers 

Discriminator: convolution layers and dense layers to classify real or fake. 

4. LSGAN Generator: Dense layer, transposed convolution layers, batch normalization, and 

ReLU activation. 

Discriminator: Convolution layers, Leaky ReLU, and dense layers.  

5. WGAN Generator: Dense layer, batch normalization, ReLU activation, and transposed 

convolutional layer with Tanh activation. 

Discriminator: Convolutional layers, leaky ReLU activation, and dense layers. 

We decided to start with these well-known GAN methods to see their performance 

on our datasets and decide how to improve the existing algorithms based on the quality 

of the results obtained. With every GAN method, we generate twenty synthetic pairs 

M and R, having a total of 1400 per GAN method (having 20 from 𝑛 ∈ V, where set 

V is the number of MTs, 𝑛 ∈ {15, 30, 60, 120, 240, 480, 960}, 𝑑 ∈ {d1, d2} and the 

overlapping ratio 𝑚 ∈  {0.1, 0.3, 0.5, 0.7, 0.9}). 

However, an important consideration is assessing the degree of similarity between 

the original par {M, R} and the generated one using GAN methods. To achieve this, 
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different similarity metrics may be employed to quantify the effectiveness of the GAN 

type used. This leads us to select six well-known metrics to gauge how closely the 

generated pair {M, R} matches the original pair of data sets, which can provide 

insights into the reliability of the outputs.  

Table VI-6 List of Similarity Metrics. 

Metric Formula 

CORR 
𝐶𝑂𝑅𝑅(𝑥, 𝑦) =

∑ (𝑥[𝑖] − 𝑥̅)(𝑦[𝑖] − 𝑦̅)𝑛
𝑖=1

√∑ (𝑥[𝑖] − 𝑥̅)2𝑛
𝑖=1 ∑ (𝑦[𝑖] − 𝑦̅)2𝑛

𝑖=1

 

COS 
𝐶𝑂𝑆𝐼(𝑥, 𝑦) =  

∑ 𝑥[𝑖]𝑦[𝑖]𝑛
𝑖=1

√(∑ 𝑥[𝑖]2)(∑ 𝑦[𝑖]2)𝑛
𝑖=1

𝑛
𝑖=1

 

DTW      𝐷[𝑖, 𝑗] =  (𝑥𝑖 − 𝑦𝑗)2 + min(𝐷[𝑖 − 1, 𝑗], 𝐷[𝑖, 𝑗 − 1], 𝐷[𝑖 − 1, 𝑗 − 1]) , 𝐷[1,1] = (𝑥1 − 𝑦1)2 

𝐷𝑇𝑊(𝑥, 𝑦) =  𝐷 [𝑛𝑥, 𝑛𝑦] 

Where 𝑛𝑥 = 𝑙𝑒𝑛(𝑥) − 1, and 𝑛𝑦 = 𝑙𝑒𝑛(𝑦) − 1. 

FID 𝐶𝑂𝑉(𝑥), 𝐶𝑂𝑉(𝑦)     % Covariance of x and y 

𝐹𝐼𝐷(𝑥, 𝑦) = (𝑥̅ − 𝑦̅)2 + 𝑇𝑟𝑎𝑐𝑒 ((√𝐶𝑂𝑉(𝑥) − √𝐶𝑂𝑉(𝑦))
2

)  

PSNR  𝑀𝑆𝐸(𝑥, 𝑦) =  
1

𝑛
∑ (𝑥[𝑖] − 𝑦[𝑖])2𝑛

𝑖=1      % Mean Squared Error 

max(𝑥)     % Maximum of x 

𝑃𝑆𝑁𝑅(𝑥, 𝑦) = 20𝑙𝑜𝑔10(max(𝑥)) − 10𝑙𝑜𝑔10(𝑀𝑆𝐸(𝑥, 𝑦)) 

RMSE  
𝑅𝑀𝑆𝐸(𝑥, 𝑦) =  √

1

𝑛
∑ (𝑥[𝑖] − 𝑦[𝑖])2𝑛

𝑖=1   

The chosen similarity metrics for this evaluation are shown in the Table. VI-6, 

includes: Correlation similarity, Cosine similarity, Dynamic Time Warping (DTW), 

Fréchet Inception Distance (FID), Peak Signal-to-Noise Ratio  (PSNR), and RMSE. 

These similarity methods have proven its usability as it was mentioned in the studies 

referenced in [79, 80, 81, 82]. Therefore, we got inspired to evaluate the GAN 

methods' similarity using it.  

We analyze the evaluations of the generated Shannon entropy metrics {M, R} 

through various visual representations, including scatter plots and 3D histograms. The 
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following discussion focuses on interpreting the results and their significance for 

future research and applications. 

 

Figure VI-23 Correlation similarity, Scatter plot (Left), and 3D histogram (Right). 

The correlation similarity between the original Shannon entropy metric pair and 

the generated ones using all the GAN methods shows no similarity between 

(concentrated around 0), meaning zero correlation in between and this is seen in the 

Figure. VI-23 (Left).  

 

Figure VI-24 Cosine similarity, scatter plot (Left) and 3D histogram (Right). 

The 3D histogram shows the high concentration of the boxes in the center of 

Figure. VI-23 (Right). This finding could present the limitation of correlation 
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similarity in detecting the similarity level between the synthetic and real data. 

Correlation metric only captures linear relationships and may miss non-linear 

dependencies, which are important in understanding complex data behavior. One must 

note that the correlation metric is sensitive to outliers that can destroy the results, 

leading to an incomplete representation of the similarity between the original and 

generated datasets.  

 

Figure VI-25 DTW, scatter plot (Left) and 3D histogram (Right). 

Evaluating the similarity using cosine shows dispersed dots ranging from -1 to 1, 

cosine being -1 means that the data sets are opposed, while cosine 0 indicates that the 

vectors are orthogonal to each other and not similar and cosine 1 illustrates that the 

generated synthetic data are identical with the real data set (Figure. VI-45 (Left)). 

While the 3D histogram shows the dense boxes around 0 cosine (Figure. VI-45 

(Right)). This diversity could provide a more sophisticated perspective on how the 

vectors relate to one another. The cosine similarity metric focuses on the orientation 

of the vectors and ignores their magnitudes. Therefore, two datasets with similar 

directions but differing scales could result in a high cosine similarity score. This 

limitation masks the essential differences in their distribution and overall 

characteristics. 
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Figure VI-26 FID, scatter plot (Left) and 3D histogram (Right). 

Dynamic time warping illustrates how all 5 GAN methods generate different data 

sets from a similar point of view with different intensities (see Figure. VI-25 (Right)).  

 

Figure VI-27 PSNR, scatter plot (Left) and 3D histogram (Right). 

Figure. VI-25 (left) shows that the yellow diamonds (GAN) dispersed far from 

each other are wrong, meanwhile, the red squares (DCGAN) performed better than the 

others. The good performance of the DCGAN, indicated by its closer clustering, may 

imply that it captures the underlying structure of the data more effectively compared 

to other GAN methods. DCGAN proves its high performance with Fréchet Inception 

distance as well, having lower values. This finding suggests that DCGAN excels in 
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generating high-fidelity synthetic data. Conversely, the traditional GAN method has 

a bad generation with high FID values (see Figure. VI-26 (Left)).  

The intensive boxes in the lower corner represent the rest of the GAN types: AAE, 

LSGAN, and WGAN, where they show comparable performances (Figure. VI-26 

(Right)), which indicates that they might generate more realistic synthetic data than 

the traditional GAN but still not reach the performance level of DCGAN. Furthermore, 

we can say that the FID metric could capture the similarity level of the synthetic data 

and could cluster the applied GAN methods based on their performance. One has to 

notice, a high PSNR indicates the high performance of the used method. Hence, the 

GAN method clustered lower than the rest with poor quality, DCGAN shows the best 

performance, approximately 20 for the metric R and around 8 for the metric M, 

producing a high-quality of generated dataset (Figure. VI-27(Left)).  

 

Figure VI-28 RMSE, Scatter plot (Left) and 3D histogram (Right). 

While the rest of the GAN methods clustered closer to each other, and this is clear 

in the 3D histogram (Figure. VI-27 (Right)). PSNR highlighted the superiority of 

DCGAN in generating synthetic data with better fidelity. While it clusters the rest of 

the GAN methods close to each other, it indicates that they might share similar 

limitations in data quality, which could affect their applicability in critical use cases. 

Nevertheless, Similar findings were observed when calculating the RMSE metric for 

the synthetic and the original Shannon entropy metric pair {M, R} using the five 
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different methods. For DCGAN, the metric R was closer to 0, having minimal error, 

while metric M ranged between 0.4 and 1, still indicating relatively good performance 

(Figure. VI-28 Left). In contrast, the standard GAN method exhibited an RMSE closer 

to 2, reflecting higher errors and lower data quality compared to the other methods 

used. 3D histogram in Figure. VI-28 right shows a high intensity concentrated around 

1, representing the comparable dataset produced by the three GAN types: AAE, 

LSGAN, and WGAN.  

 

Figure VI-29 Dependence of the number of the clusters on the parameter MinPts of the OPTICS. 

OPTICS (Ordering Points To Identify the Clustering Structure) is a density-based 

clustering algorithm, it is designed to identify clusters of varying densities and shapes 

by creating an ordering of the data points based on their reachability distances. While 

it forms a dense region or cluster based on the MinPts parameter (refers to the 

minimum number of points within a cluster). By using the OPTICS algorithm, we aim 

to compare the similarity metrics used in evaluating the GAN Methods. The analysis 

revealed an exponential decay relationship between the number of clusters and the 

minimum number of points required to form a cluster as illustrated in the Figure. VI-

29. Notably, the six-similarity metrics demonstrated distinct results in this context. 

These metrics are categorized into three main groups based on their clustering 

characteristics relative to the MinPts: 

Group 1: {FID, PSNR, RMSE}, 

Group 2: {DTW}, 

Group 3: {CORR, COS}. 
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The DTW metric exhibited a medium number of clusters compared to others 

within the MinPts parameter range of {60, 70, …,100}. These findings emphasize the 

importance of selecting the appropriate similarity metrics for effective analysis of 

complex data structures, as they could easily evaluate the performance of the method 

used in the wrong way. 

Table VI-7 Comparison of the Used Metrics for Generative AI. 

Metric 

Name 

Feature 

Capture 
Evaluation Cost/Complexity 

Cosine 

Similarity 
(-) 

Poor at capturing subtle differences and 

temporal patterns. 

Low computational 

cost. 

Correlation 

Similarity 
(-) 

Fails to capture non-linear relationships or 

temporal variations. 

Low computational 

cost. 

Dynamic 

Time 

Warping 

(+) 

Excellent for capturing similarity levels, 

aligning sequences even if they are out of 

sync. 

High computational 

cost. 

Fréchet 

Inception 

Distance 

(+) 
Effective for feature selection, it captures 

relevant features based on their importance. 

Moderate to high 

computational cost. 

Pick 

Signal to 

Time Ratio 

(+) 
Common in image processing, captures feature 

similarity by comparing signal quality. 

Low to moderate 

computational cost. 

Root Mean 

Square 

Error 

(+) 
Captures errors, good for regression tasks 

where small differences matter. 

Low computational 

cost. 

 Evaluating the similarity level between the original Shannon entropy metric 

pair {M, R} and the generated ones using various similarity metrics across five 

generative AI types (AAE, DCGAN, GAN, LSGAN, and WGAN), it was evident that 

the GAN type called DCGAN outperformed the others, proving superior synthetic data 

quality and better alignment with the original data. On the other hand, the traditional 

GAN type showed the worst performance among all methods, indicating lower quality 

and higher error rates. These findings highlight the importance of selecting the 

appropriate GAN model for specific applications. Moreover, the evaluation results 
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proved the limitations of both correlation and cosine similarities (see Table. VI-7, 

Figure. VI-29) in capturing the resemblance and quantifying the similarity level 

between the original entropy pair {M, R} vectors and the generated vectors in contrast 

to other used similarity metrics (DTW, FID, PSNR, and RMSE). 

The synthetic data generated by the GANs can present both risks and opportunities 

for the next cellular communication generation and future technology. One major 

concern is the vulnerability of data generated to manipulations, if happen that the 

attackers could access or influence the GAN model, then it is easy for them to 

introduce subtle biases or inaccuracies that affect the reliability and security of 

network applications. The inherent limitations of GANs in capturing highly complex 

or rare patterns might lead to data inaccuracies and lower model performance in real-

world scenarios. Also, generative AI methods demand high computational power 

while their training process is often unstable, making it unsuitable for high-stakes 

applications. Nevertheless, we cannot deny that the synthetic data carries some privacy 

risks, like unintentional retention and recreation of some sensitive patterns from the 

original datasets, leading to exposing sensitive information. Especially where high-

fidelity, individual-like synthetic data is generated, making it possible to trace back to 

real-world users. Meanwhile, some strategies can be employed where the privacy of 

the user is a priority, like differential privacy [83] techniques, where white noise is 

added to the original data to reduce the recreation of sensitive information. Also, 

privacy-preserving machine learning [84] methods like federated learning can be 

leveraged, allowing the GAN model to learn from the distributed data source without 

getting close to the sensitive information. Other strategies are used in practice to keep 

the user's privacy while enabling GANs to generate valuable synthetic data. 

Generative AI remains a potential way for generating large, realistic datasets that can 

augment the limited real-world data, enhance model robustness, and facilitate 

simulations for scenarios that are challenging to replicate in real-world conditions. 

These benefits highlight GANs’ value for the 6G, though careful management of their 

limitations and security risks is essential for safe and effective applications. 
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VI.5. Reinforcement Learning for Queueing-Based Resource 

Optimization 

The aim of this subchapter is to explore how reinforcement learning can be 

integrated with queueing system models to optimize packet scheduling and resource 

allocation in the upcoming cellular networks. Many existing studies focus on packet 

scheduling and traffic prediction rather than adapting queue management in highly 

dynamic wireless environment scenarios. Traditional queueing systems often rely on 

fixed threshold-based loads, where limited attention has been given to the idea of 

integrating RL within queueing systems, specifically for 6G and THz scenarios, where 

further complexity is added due to many factors, such as reattempted transmissions, 

beam misalignment, and intermittent connectivity. Thus, a significant gap in research 

appears regarding the role of RL in optimizing the queue management for 6G-based 

queueing systems under dynamic traffic conditions, also the impact of retrial 

mechanisms on learning-based queueing strategies, and the fairness-energy-latency 

tradeoff after integration RL for queue optimization, especially for ultra-reliable and 

low-latency (URLLC) applications. 

Retrial Queueing Systems M/M/1/K 

We used the queueing system Kendall’s notation, a standardized way to describe 

queueing models. It provides a concise representation of their key characteristics. 

Kendall’s notation follows the format A/B/C/K/m/Z, A is the arrival process (e.g., M 

for Markovian or Poisson arrivals), we have B that denotes the service time 

distribution (e.g., M for exponential service times), and C is the number of servers. 

The parameter K indicates the system capacity, including both customers in service 

and the queue, and m represents the size of the calling population (often assumed 

infinite if omitted). Finally, Z is the service discipline, such as first-come-first-served 

(FCFS). By following this notation, the retrial M/M/1/K model describes a system 

with Poisson arrivals. Exponential service times, a single server, and a finite buffer 

size, make it well-suited for analyzing many KPI factors in the 6G networks such as 

the congestion and resource allocation [J5]. 
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Among all the queueing types that exist, we use a simple example of an M/M/1/K 

retrial queue as shown in Figure VI-30. M/M/1/K is considered a fundamental model 

that extends classical queueing systems by using the concept of orbiting customers. 

This concept allows the clients who find the server busy to retry again after a random 

delay instead of leaving the system or being a lost client. The model used is relevant 

for such systems where blocked clients do not immediately depart but make future 

attempts to be served. State ‘Free’ of the queue means that there is at least one free 

location in the queue buffer. We chose this model to study the 6G networks because it 

effectively captures the impact of blocked mobile terminal requests that reattempt 

service after a delay, which reflects the real-world scenarios where under dynamic 

network conditions, the users experience temporary unavailability. As for our simple 

example, the arrivals follow a Poisson process with rate 𝜆, where the interarrival times 

are independent and exponentially distributed. Moreover, the service time follows an 

exponential distribution with mean 1/𝜇, while we implement a single server and a 

finite queue size 𝐾. As we mentioned earlier, the blocked clients enter an orbit and 

retrieve at an exponential rate 𝜃 rather than leaving the system and being immediately 

lost. 

 

Figure VI-30 Retrial queueing system model. 

This retrial queueing model is useful in the upcoming 6G cellular networks, where 

many unique challenges are introduced in resource allocation and connectivity due to 

ultra-high frequencies and directional communication. The validity of assuming 

Poisson process arrival as a simplified example in such complex networks has been 

supported by multiple studies [85, 86, 87], where it was employed in IEEE 802.15.3c, 

IEEE 802.11ad, and IEEE 802.11ay / MiWEBA models. Even other types like the 

Poisson Point Processes (PPP) [88,89] and Switched Poisson Process (SPP) [90] have 
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proven their applicability in high network scenarios. Given this, our assumption that 

arrival in the queueing model follows a Poisson process is aligned with existing 6G 

cellular network models that perform on the THz frequencies, particularly in random 

access mechanisms, contention-based service requests, and user mobility scenarios. 

Since we can model the MTs arrivals, AP deployments, and interference sources as 

Poisson processes in such systems, then the Retrial Queueing System (RQS) is a 

natural fit for capturing the dynamics of blocked clients’ retrials, intermittent 

connectivity, and access contention in 6G THz networks.  

Moreover, one of the scenarios that Poisson arrival is ADAPT MAC mechanism 

[67]. Since MTs attempt to access the AP dynamically, their arrivals can be effectively 

modeled as a Poisson process. This assumption aligns with the previously mentioned 

studies, the Poisson process assumption is relevant in scenarios where MTs 

independently transmit data whenever they enter an active sector, being random but 

statistically predictable patterns of arrivals at the AP. However, when the MTs miss 

their opportunity to access the AP, they may need to retry access in a later sector 

rotation, introducing a retrial-based queueing dynamic. This end fits naturally into an 

M/M/1/K retrial queueing model, where the blocked clients enter an orbit and attempt 

retransmission after a random delay. In ADAPT, missed transmission opportunities do 

not necessarily result in permanent loss but rather it retries to transmit in the next AP’s 

rotation.  

From what has been proven, we consider our RQS within a 6G network scenario, 

where high-frequency, directional, and intermittent access characteristics of THz 

communication networks require a retrial-based approach.  Our queueing framework 

aligns with the characteristics of 6G scenarios involving stochastic MT distributions 

and dynamic access attempts. The beam misalignment, sectorized transmissions, and 

intermittent connectivity of the 6G networks that can lead to delayed but eventual 

access opportunities are relevant with the assumption that blocked MTs enter an orbit 

and retry to access the AP at a later time. By leveraging the RQS model, we capture 

these fundamental dynamics, ensuring that the presented approach remains 

scientifically grounded and applicable to the upcoming cellular networks. 
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 For our network scenario, the interarrival time between MTs has an exponential 

distribution with a parameter. 𝜆. Shows that the arrival process is memoryless, the 

probability of a new client occurring in a small time interval 𝑑𝑡 is approximately: 

𝑃𝑎𝑟𝑟𝑖𝑣𝑎𝑙 ≈ 𝜆𝑑𝑡 (43) 

Equivalently, the AP answering time has an exponential distribution with a mean. 

1/𝜇, where the probability that a service completion occurs in 𝑑𝑡 is: 

𝑃𝑠𝑒𝑟𝑣𝑖𝑐𝑒 ≈ 𝜇𝑑𝑡 (44) 

one has to note that these exponential distributions lead the model to be designed as a 

Continuous-Time Markov Chain (CTMC), having transitions between states occur 

with rates dependent on the set parameters. 𝜆, 𝜇, and 𝜃. 

In the retrial queueing systems, MTs who find the queue full do not leave the 

system and are not considered lost MT, in contrast, they enter a so-called orbit, as was 

mentioned previously, and retry to enter the system once again after an exponentially 

distributed delay with mean 1/𝜃. The probability of MT retrying with a time interval 

𝑑𝑡 is: 

𝑃𝑟𝑒𝑡𝑟𝑦 ≈ 𝜃𝑑𝑡 (45) 

Therefore, we can say that the retrial process follows a memoryless property. The 

steady-state behavior of the system is analyzed by taking into consideration the 

number of MTs in the queue and the orbit as well, where the number of MTs in the 

queue at the time 𝑡 is noted as 𝑄(𝑡), number of MTs in orbit at the time 𝑡 is noted as 

𝑂(𝑡), and 𝑆(𝑡) is the number of served MTs at the time 𝑡.  

  The model state transitions follow a so-called balance equation, that describes 

the probability of each state over time t: 

𝑑𝑃𝑛/𝑑𝑡 = 𝜆𝑃𝑛−1 − (𝜆 + 𝜇)𝑃𝑛 + 𝜇𝑃𝑛+1 , for 1 ≤ 𝑛 < 𝐾 (46) 

In case the system is full (𝑛 = 𝐾), the balance equation incorporates retrial MTs 

as follows:  

𝜇𝑃𝐾 = 𝜆𝑃𝐾−1 + 𝜃𝑃𝑜𝑟𝑏𝑖𝑡 (47) 

in formulae (47), 𝑃𝑜𝑟𝑏𝑖𝑡 represents the probability of an MT being in the retrial state:  

𝑃𝑜𝑟𝑏𝑖𝑡 = 𝜆𝑃𝑘 𝜃⁄  (48) 



CHAPTER VI 

96 

 

formulae (48), guarantees that the system stays ergodic under the stability condition 

represented as the following: 

𝜌 = 𝜆 𝜇⁄ < 1 (49) 

this requires that the effective arrival rate of the MTs does not exceed the service rate, 

this testify that the system do not grow indefinitely. 

To evaluate the efficiency of the RQS model, we define some key performance 

metrics, starting with the average queue length (𝐿𝑞) defined as follows: 

𝐿𝑞 = ∑ 𝑛𝑃𝑛
𝐾
𝑛=0   (50) 

having 𝑃𝑛 represents the probability of having 𝑛 MTs in the queue. Moving on to the 

expected number of orbited MTs (𝐿0): 

𝐿0 = 𝜆𝑃𝐾 𝜃⁄  (51) 

which defines the average number of MTs in the orbit, the ones who have a chance to 

retry for service. Nevertheless, we have mean system time noted as 𝑊 is the average 

time an MT spends in the system, taking into consideration the waiting time and the 

service time, and it is calculated as follows: 

𝑊 = 𝐿 𝜆𝑒𝑓𝑓⁄ ,    𝐿 = 𝐿𝑞 + 𝐿0 (52) 

𝐿 is the total number of MTs in the system. Last but not   least, we have the AP 

utilization factor 𝜌 that represents the fraction of time the AP is busy: 

𝜌 = 𝜆 𝜇⁄  (53) 

as we saw in the stability condition, equation (49), the system stays stable as long we 

keep 𝜌 < 1, meaning that the arrival rate of the MTs to the system is always less than 

the effective service capacity. We evaluate the performance of the retrial queueing 

model as first we implemented it as the pseudocode shows in Algorithm. VI-1. 

The model dynamics, including the explained terms: MT arrival, queueing service, 

and retrial processes, were implemented based on the described mathematical 

framework. In our simulation scenario, all the used parameters are presented in Table 

VI-8, where the key values like the MT’s arrival rate (𝜆), the service rate (𝜇), queue 

capacity (𝐾), and the retrial rate (𝜃) are all specified. For the aim of better 

understanding the dynamics of the retrial queueing systems, and with the help of 
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MATLAB R2024b, we plotted the evolution of served MTs (with red color), queued 

MTs (with green color), and orbited MTs (with blue color) (Figure. VI-31).  

Algorithm. VI-1. Retrial queueing system pseudocode. 

1. // Input 

2. 
𝜆: Arrival rate, 𝜇: Service rate, 𝜃: Retry rate, time_sim: Total simulation time, k = Maximum 

queue length 

  

3. // Initialize the Simulation 

4. Initialize to zero: 

5.    MTs_in_queue , MTs_served 

6.    MTs_in_orbit, AP_busy 

  

7. for t = 1 to time_sim 

8.    // MTs arrival based on Poisson process 

9.    if rand() < (𝜆/time_sim) 

10.       if AP_busy = False  

11.          // AP is free, serve the MT  

12.           AP_busy = True 

13.          MTs_served = MTs_served + 1 

14.       elseif MTs_in_queue < k  

15.          // AP is busy, add MT to the queue 

16.          MTs_in_queue = MTs_in_queue + 1 

17.      else 

18.          // Queue is full, MT go to the orbit 

19.         MTs_in_orbit = MTs_in_orbit + 1 

  

20.    // Service completion 

21.    if AP_busy = True and rand() < (𝜇/time_sim) 

22.       AP_busy = False 

23.       if MTs_in_queue > 0  

24.          // Serve an MT from the queue 

25.          MTs_in_queue = MTs_in_queue - 1 

26.          AP_busy = True 

27.          MTs_served = MTs_served + 1 

  

28.    // MTs retry from orbit 
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29.    if rand() < (𝜃/time_sim) & MTs_in_orbit > 0 

30.          if AP_busy = False 

31.             AP_busy = True 

32.             MTs_served = MTs_served + 1   

33.             MTs_in_orbit = MTs_in_orbit – 1 

34.          elseif MTs_in_queue < k 

35.             // Move MT from orbit to queue 

36.             MTs_in_queue = MTs_inqueue + 1 

37.             MTs_in_orbit = MTs_in_orbit – 1 

38.          else 

39.             // MTs remain in orbit (queue is full) 

40. end for 

The visualization illustrates how the MTs move through the system from the 

arrival point to the service point, and how the queue and orbit states evolve.  As shown 

in Figure. VI-31, the served MTs reveal a gradual increase over the simulation time, 

demonstrating the ability of the AP to serve at a steady but limited rate.  

Table VI-8 Retrial queueing system model used parameters. 

Parameter Value 

Arrival rate (𝜆) 45 

Service rate (𝜇) 40 

Retry rate (𝜃) 20 

Queue size (𝐾) 5 

Simulation time (𝑇) 1000 

In the beginning the system serves a few requests, but as time progresses, the 

service rate adjusts to serve more requests. Despite that, the serving was not 

instantaneous, however, it follows a stepwise pattern, denoting that the used model 

operates under constraints that limit the client processing.  

Concerning the queued MTs, we can say that they fluctuate over time, increasing 

with the increasing number of MT requests and decreasing as they get served. Some 

periods of stability are observed, meaning that the queue length remains unchanged, 

indicating that the arrival rate of the MTs and the service rate are momentarily 

balanced. But there are instances where the queue state grows due to an influx of new 
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arrivals, as shown in the figure, which can lead to delays and congestion if the service 

rate does not compensate for the augmented load. 

 

Figure VI-31 6G retrial queueing system model performance. 

The orbited MTs in the figure remain at a low level at the beginning of the 

simulation, as soon as the time progresses it increases when the queue reaches its 

capacity. This denotes that once the system becomes saturated, the newly arrived MTs 

are forced into the orbit, waiting for their chance to join the queue. Over time, it grows 

reflecting the challenges of integrating orbited MTs into the queue in an efficient 

manner.  

By the end of the simulation time, it had successfully served 38 MTs in total, 5 

MTs remained in the queue waiting to be served, and 14 MTs were still in the orbit, 

unable to rejoin the queue. The results show the challenges and limitations of the 

simulated RQS model in a 6G framework context. The fact of remaining MTs waiting 

to be served in both queue and orbit shows that the RQS simulated model under the 

given configuration cannot fully serve all received requests within the simulated time 

frame. The findings align with the real-world 6G scenarios, where high-frequency 

communication is susceptible to sectorized transmissions, blockages, and intermittent 

access, resulting in retransmission delays and service inefficiencies. 

To optimize the performance of the system model used, we propose to integrate 

Reinforcement Learning to improve decision-making, reduce congestion, improve 

service rate, and minimize overall waiting times. By doing so, the system can 
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proactively adjust to network conditions, traffic variations, and user mobility, making 

it more robust for the upcoming 6G and enhancing its KPIs. 

Integration of Reinforcement Learning  in the Retrial Queueing Systems 

M/M/1/K for Efficient Queue Management 

One of the most famous powerful AI frameworks for decision-making in dynamic 

systems is reinforcement learning, thanks to the role of its key element, the agent, 

which interacts with the environment to learn and maximize a cumulative reward. 

Integrating RL has been widely adopted in dynamic wireless networks for optimizing 

many factors like traffic scheduling, adaptive access control, and resource allocation, 

making it a promising technology for the next generation of 6G networks. We believe 

that by integrating such a powerful tool into the 6G network-based RQS model, we 

can improve its key performance indicators such as system efficiency, overall balance, 

and fairness.  

Among the most widely used RL techniques are Q-learning and Deep Q-Networks 

(DQNs). Q-learning is a value-based RL method that enhances the agent’s 

performance and enables it to learn an optimal policy for managing the overall system 

by influencing the AP. The Q-learning method relies on one of the most effective 

decision-making equations, the Bellman equation. It formulates the relation between 

the value of a state-action pair and the expected future rewards, which makes it a 

unique way. The Q-value update rule is as follows: 

𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼[𝑟 + 𝛾 max
𝑎′

𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)] (54) 

in formula (49), 𝑄(𝑠, 𝑎) represents the current value of taking action 𝑎 in a state 𝑠, 𝛼 

is the learning rate, meaning the controls how much new information overrides the 

past knowledge. We have the 𝑟 and 𝛾 that represent the reward received for the action 

and the discount factor, respectively. The discount factor determines the importance 

of future rewards. And lastly, the max
𝑎′

𝑄(𝑠′, 𝑎′) is the highest estimated value of the 

next state 𝑠′. This repetitive process allows the agent to stabilize its decision-making 

over time, improving the efficiency of the system by maximizing the total rewards.  

The learned state-action pair of Q-learning is stored in a so-called Q-table. This 

end is a matrix where each row represents a state 𝑠 In the system, each column 
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represents an action 𝑎 that the agent can take, formulating a cell 𝑄(𝑠, 𝑎) that represents 

the expected reward for taking the action 𝑎 in the state 𝑠 based on past learning. During 

the learning, the Q-table is updated based on the Bellman equation. Over multiple 

iterations, the Q-values gradually stabilize as the agent refines its knowledge, and the 

table converges to optimal values, enabling the agent to make the best decisions based 

on each state.  Despite the Q-learning benefits, it suffers from inherent limitations, 

especially for complex problems. The curse of dimensionality is one of its primary 

drawbacks. Q-learning relies on tabular Q-value representations, where the number of 

state-action pairs grows exponentially with the size of the state and action spaces. This 

aspect makes Q-learning impractical for large or continuous state spaces. 

Q-learning method suffers from limitations, as was mentioned, especially for 

dynamic systems, and here comes the deep Q-network method to overcome it by 

integrating deep neural networks as function approximators. Instead of following the 

Q-table that grows exponentially with the state-action space, DQN utilizes a neural 

network to approximate the Q-values for each state. The method used helps the agent 

to handle complex systems with large and continuous state spaces effectively. Deep 

Q-network uses experience replay, where past experiences like the state, action, 

reward, and next state are stored in a buffer and randomly sampled during training, 

which improves the stability of learning. Besides what has been said, DQN employs a 

target network that updates copies of the main Q-network periodically and stabilizes 

learning.  

One of the methods that belongs to the border class of policy-based reinforcement 

learning is the critic-based methods, which learn the explicit policy rather than a value 

function. The agent in these methods consists of two components: the actor and the 

critic. The actor determines the policy by mapping states to actions, and the critic 

evaluates the actions taken by estimating the value function. Critic-based methods 

have several benefits; they are more stable in continuous action spaces, and they can 

adapt better to non-stationary environments, as they do not require discretization. 

In our design, we chose RL to act as an upper-layer controller that dynamically 

enhances the performance of the AP based on real-time observation from the 
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environment. The integration of RL in the RQS is shown in the Figure. VI-32 and in 

Algorithm. VI-2, which has the following structure: the environment consists of the 

input source (𝜆), the queue (𝐾) and the orbit (∞). The agent observes the system state, 

including queue size and AP availability, and based on the observation, the agent 

selects an action:  

Action = 0: Do nothing, let the system operate normally. 

Action = 1: Force the AP to serve one MT. 

 

 

Figure VI-32 reinforcement learning integration in the retrial queueing system model. 

The AP must execute the action, impacting the environment state, where the 

reward is assigned based on the performance, encouraging actions that improve one 

of the KVIs, the system efficiency. The high-dimensional state space features consist 

of the current queue lengths, sector occupancy levels, and packet arrival rates for all 

sectors in the cell, which serve as inputs to the reinforcement learning agent. 

We define the reward function as it is shown in algorithm.2 and as follows:  

Reward = α ∙ Δ(served MTs) − β ∙ Δ(queued MTs) (55) 

formula (55) is designed to balance the trade-off between serving more mobile 

terminals and preventing excessive queue build-up. 𝛼 is considered a scaling factor to 

encourage serving more MTs during the simulation time, reinforcing actions that 

improve the throughput and decrease congestion. Δ(𝑠𝑒𝑟𝑣𝑒𝑑 𝑀𝑇𝑠) is the change in the 

number of successfully served MTs after taking an action. A higher value of 

Δ(𝑠𝑒𝑟𝑣𝑒𝑑 𝑀𝑇𝑠) increases the reward, influencing the agent to prioritize service 

efficiency.  
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Algorithm. VI-2. Reinforcement learning integration pseudocode. 

1. // Define Environment 

   // contains the RQS simulation-based inputs, state, and reward 

2. // 1. Simulation-based Input 

3. 
𝜆: Arrival rate, 𝜇: Service rate, 𝜃: Retry rate, time_sim: Total simulation time, 

 k = Maximum queue length 

  

4. // 2. State (2D vector) 

5. Number of MTs in the queue, AP status (busy/free) 

  

6. // 3. Reward 

7. 𝑅 =  𝛼 ∙ (𝛥𝑠𝑒𝑟𝑣𝑒𝑑 𝑀𝑇𝑠) − 𝛽 ∙ (ΔMTs in queue)  

  

8. // Define observation 

9. Number of MTs in the queue, AP status (busy/free) 

  

10. // Define Action 

11. if Action = 0 

12.    Agent does nothing; 

13. else 

14.    Agent forces AP to serve one MT 

On the other hand of equation (55), 𝛽 represents a weight that regulates the penalty 

for increasing queue length. While Δ(𝑞𝑢𝑒𝑢𝑒𝑑 𝑀𝑇𝑠) is queue size changes due to the 

action taken. A higher queue length increases the penalty, and decreases the reward, 

discouraging actions that might lead to network congestion and inefficiencies.  

By adjusting the scaling factor 𝛼 and the weight 𝛽, we control the agent’s decision-

making, ensuring the balance between maximizing throughput and preventing service 

bottlenecks. The used mechanism allows the reinforcement learning agent to 

dynamically adapt its policy based on real-time network conditions and optimize the 

6G-RQS model for reaching higher efficiency and better resource utilization. For 

implementing the RL in our 6G-RQS model, we utilized DQN, which extends 

traditional Q-learning as was explained previously and defined in pseudocode VI.2.  

The layered design of the critic neural network is shown in Figure. VI-33 to 

effectively capture the complex relation between the state and the optimal actions. The 
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input to the network is the state representation of the 6G-RQS system, next, we have 

the first fully connected layer that consists of 24 neurons, capturing the high-

dimensional features of the state space.  

 

Figure VI-33 Design of the critic neural network. 

We used the rectified linear unit (ReLU) activation function as the third layer in the 

NN to introduce non-linearity, ensuring the network can model complex decision 

boundaries.  

Table VI-9 DQN critic network training parameters. 

Parameter Value Description 

Gradient Threshold 1 
Limits the magnitude of a gradient to prevent 

instability. 

Learn Rate 10−3 
Controls the step size in weight updates, 

ensuring smooth convergence. 

Target Smooth Factor 10−1 
Determines the smoothing factor for updating 

the target network, for stable learning. 

Experience Buffer Length 

[Bytes] 
106 

Defines the size of the replay buffer used for 

experience replay, improving sample 

efficiency. 

Discount Factor 0.99 Ensures future rewards are considered. 

Mini Batch Size 64 
Specified the number of samples used per 

training step for gradient update. 

Number of Episodes 10 
Defines the number of training episodes used 

for learning the policy. 
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The fifth layer is again a fully connected layer; this layer further refines the learned 

features and contributes to the depth of the network. It follows that the second ReLU 

activation function enhances non-linearity and stability, and finally, a third fully 

connected layer as an output, which provides the Q-values for each possible action 

that the agent uses to select the optimal action for a certain state based on the highest 

predicted reward. 

Table. VI-9 presents the key hyperparameters used for the DQN-based critic 

network, these parameters are carefully selected to ensure stable and efficient learning, 

balancing convergence speed and generalization performance. These hyperparameters 

play a crucial role in refining the performance of the DQN model, ensuring that critic 

network effectively learn optimal actions to enhance the 6G-RQS system efficiency. 

Table. VI-10 presents the parameters used in the simulated model, where we 

systematically varied three key factors to analyze the system’s performance under 

different conditions. The first parameter is the arrival rate 𝜆 which we adjusted to six 

different values to examine its impact on the system behavior and congestion level. 

Additionally, the queue size 𝐾 we modified across four different cases to assess how 

varying buffering capacities affect service efficiency.  

Table VI-10 Used parameters for the simulation. 

Parameter Value 

Arrival rate (𝜆) [20, 30, 50, 70, 90, 100] 

Service rate (𝜇) 0.5 

Retry rate (𝜃) 1 

Queue size (K) [10, 15, 20, 40] 

Scaling factor (𝛼) [0.1, 0.3, 0.5, 0.7, 0.9] 

Weight (𝛽) 1 – 𝛼   

Simulation time 100 time units 
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Moreover, the scaling factor 𝛼 in the reward function also varied across five 

distinct values and always between 0 and 1, to investigate its influence on the RL 

agent’s decision-making process.  

This results in a total of 120 simulated scenario cases (6 × 4 × 5). The simulation 

time was fixed to 100 time units for all cases to ensure consistency and comparability. 

To assess the impact of reinforcement learning on system dynamics, we analyzed 

different performance metrics over the learning process and across 10 training 

episodes. Figures VI-34 and VI-35 illustrate system behavior under two different fixed 

queue sizes (𝐾), and reward parameters (𝛼, 𝛽), while considering all six different 

arrival rates 𝜆 Scenarios. The weight 𝛽 = 1 − 𝛼 ensures that the reward function 

always maintains a balanced trade-off between different objectives, such as the KPIs 

throughput and delays, without arbitrarily amplifying or diminishing their combined 

influence. By doing so, the total weight sum is constant (𝛼 + 𝛽 = 1), preserving the 

relative importance of each term while allowing controlled adjustments through 𝛼. 

Each figure has three subplots that show the evolution of three metrics: the number of 

served MTs, the number of queued MTs, and the number of orbited MTs throughout 

the simulation time. By analyzing these trends, we could evaluate the model’s ability 

to optimize the AP’s service efficiency, reduce congestion, and balance the resource 

allocation in a 6G-driven queueing model. 

Figure VI-34.a represents the number of served MTs for a queue size of 20, scaling 

factor 0.1, and reward penalty weight 0.9, under six different arrival rate scenarios. 

The plot spans 10 episodes, each episode consists of 100 time unit steps, exporting the 

system’s performance across the overall learning time. One can notice the gradually 

increasing trend in the number of served MTs from episode to episode for all arrival 

rate cases, reflecting the improvement of the system’s performance as the RL agent 

learns and adapts to the environment.  
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Figure VI-34 Performance of 6G-RQS with RL Integration: Served (a), Queued (b), and Orbited (c) 

MTs for (K,α,β) = (20,0.1,0.9). 

The improvement proves the agent’s ability to optimize the decisions over time, 

gradually improving its understanding of the queueing dynamics. However, in certain 

cases, there are periodic decreases in performance, where the number of served MTs 

drops for some time during specific episodes.  

This behavior can reflect the inherent nature of the RL, where the agent tries to 

explore other strategies in the early stages of learning, leading to suboptimal actions 

before convergence to better policies. But this behavior happens temporarily, because 

the number of served MTs consistently increases in subsequent episodes, 

demonstrating the effectiveness of the RL algorithm in balancing exploration and 

exploitation, leading to an improvement in system performance across simulation 

a. 

b. 

c. 
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periods. We can say that this behavior is indicative of the agent’s continuous learning 

process, progressively adjusting to the system dynamics. 

 

 

 

Figure VI-35 Performance of 6G-RQS with RL Integration: Served (a), Queued (b), and Orbited (c) 

MTs for (K,α,β) = (20,0.9,0.1). 

Figure VI-34.b illustrates the evolution of the queued MTs across 100 time steps 

repeated for 10 episodes under the same scenario. Initially, during the first steps, we 

can observe that the queue increases till gets full, particularly for higher arrival rates 

(𝜆 = 70, 90, 100). This behavior is expected, as the agent has not yet adapted to the 

environment and has not yet learned the optimal policy for managing the requests and 

resource allocation. As the agent interacts more with the environment and refines its 

decision-making over episodes, we can notice a decrease in queued MTs. For certain 

arrival rates, the queue eventually reaches zero, indicating that all MTs got served, 

a. 

b. 

c. 
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which demonstrates the agent’s ability to effectively balance the system’s load and 

prevent excessive buildup of queueing MTs. In contrast, one can observe that when 

the queue becomes full at any point, a corresponding rise in the number of orbited MTs 

is seen. However, this aspect was expected to happen because the MTs who cannot 

join the queue are sent directly to the orbit rather than allowing them to be lost (see 

Figure VI-34.c).  

    

Figure VI-36 Performance of 6G-RQS with RL integration: total served MTs per episode: for (K, α, 

β) = (20, 0.3, 0.7) (Left), and (K, α, β) = (20, 0.9, 0.1) (Right). 

The trends observed for served MTs, queued MTs, and orbited MTs for the 

previous scenario (𝛼 = 0.1) are also evident for 𝛼 = 0.9 (see Figure VI-35). However, 

one noticeable difference exists between the two scenarios, which is the faster increase 

in the number of served MTs for 𝛼 = 0.9. This can be attributed to the higher scaling 

factor of the reward function, which influences the agent to maximize the number of 

served MTs rather than focusing on managing the queue size effectively. This higher 

scaling factor leads the agent to take actions that directly reduce the number of queued 

MTs but might not take into account the long-term consequences of this approach. 

While the agent focuses more on improving the service rate of the AP, it might neglect 

queue management. This approach highlights the trade-off between the scaling factor 

in the reward function and the agent’s ability to optimize both the served MTs and the 

queue dynamics.  Moreover, we visualize the total number of served MTs per episode 

for two different scaling factor values, 𝛼 = 0.3 (left) and 𝛼 = 0.9 (right) (see figure 

VI-36). The plot shows that in cases where the scaling factor equals 0.3, there is a 
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noticeable drop in the number of served MTs, particularly for higher arrival rates. The 

drops are characterized by high fluctuations in performance.  

This behavior suggests that the agent’s decisions may lead to suboptimal actions, 

mostly during the early learning stage. This could be due to the low reward scaling 

factor, which causes the agent to be less motivated to focus on enhancing the serving 

performance and more inclined to balance the system in ways that take time to get the 

optimal performance. On the other hand, for 𝛼 = 0.9, the total number of served MTs 

shows a stable and gradual progression compared to the other scaling factor scenario, 

with a slight decrease in performance observed occasionally. These smaller drops may 

indicate that if we set a high scaling factor for the reward, we encourage the agent to 

optimize the number of served MTs over time while maintaining better control over 

fluctuations. In general, the agent can adapt effectively under various circumstances 

and avoids large performance drops that are observed in the lower 𝛼 scenarios. We can 

conclude that the choice of the scaling factor plays a crucial role in the agent’s ability 

to stabilize the system’s performance and manage trade-offs between serving MTs and 

system dynamics. 

To evaluate the performance of the model and analyze the relationship between 

the components of served MTs, we performed Singular Value Decomposition (SVD) 

on the overall learning time series of the served MTs for all cases. The SVD of matrix 

A is given by: 

𝐴 = 𝑈 ∙ 𝑆 ∙ 𝑉𝑇 (56) 

𝑈 is an 𝑚 × 𝑚 an orthogonal matrix containing the left singular vectors, 𝑆 is an 𝑚 × 𝑛 

diagonal matrix with singular values, and 𝑉𝑇 is an 𝑛 × 𝑛 orthogonal matrix containing 

the right singular vectors. For our model, we have 𝑚 = 10 episodes, and 𝑛 = 100 

simulation times for each simulation case. For the purpose of dimensionality reduction 

and retaining the most significant components of the matrix, we selected rank 𝑟 = 2, 

meaning that we chose the top two singular values to approximate the original matrix, 

because these two singular values give over 90% of the information content of all 

singular values. The reconstructed matrix is calculated as follows: 

𝐴𝑟 = 𝑈𝑟 ∙ 𝑆𝑟 ∙ 𝑉𝑟
𝑇 (57) 
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𝑆𝑟 contains only the top 𝑟 singular values, and 𝑈𝑟 and 𝑉𝑟 are the corresponding reduced 

matrices. To quantify the approximated error, we calculate the RMSE between the 

original matrix of served MTs and the reconstructed 𝐴𝑟.  

 

Figure VI-37 SVD of the served MTs. 

 

Figure VI-38 RMSE of the original and 

recomposed served MTs using SVD. 

Additionally, for further analysis, we extracted the diagonal of the matrix 𝑆, and 

we plotted its second value versus its first value, which represents a comparison 

between the second and first singular values. This analysis gives us the right to explore 

how the most dominant singular values correlate with each other and whether the 

reduction to two components could effectively capture the features of simulated 

scenarios. By making this analysis, we not only study the quality of the served MTs’ 

matrix, but also gain insights into the data structure, and check the key factors that 

influence the performance of the system under varying configurations. 

The first and second singular values extracted from the matrix 𝑆 is represented as 

a scatter plot for all 120 simulated cases (see Figure VI-37). Interestingly, we could 

observe that different arrival rate scenarios naturally formed distinct clusters, resulting 

in six well-defined groups corresponding to the six arrival rate values used in our 

simulations. One must note that the fifth and sixth clusters, which correspond to arrival 

rates 𝜆 = 90 and 𝜆 = 100, appear close to each other in the singular value space. This 

could suggest that the system exhibits similar structural characteristics under these 

high-load conditions, likely due to the saturation effects of the queueing system as the 

arrival rate approaches its upper limit. The found clustering behavior proves the strong 
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impact of the arrival rate on the learned policy and system dynamics. Nevertheless, 

the distinct clusters reinforce the effectiveness of SVD in capturing the dominant 

patterns within the served MTs matrix, offering valuable insights into the fundamental 

structure of the learned 6G-driven RQS system dynamics.  

 

Figure VI-39 SVD of the orbited + queued MTs. 

 

 

Figure VI-40 RMSE of the original and 

recomposed orbited + queued MTs data using 

SVD. 

We also plotted the calculated RMSE for all 120 simulated cases to assess the 

reconstruction accuracy of the SVD-based approximation. Again, we observe a 

clustering effect in the RMSE values (see Figure VI-38), which appears to correlate 

with the arrival rates used in the simulations. The higher arrival rates tend to exhibit 

larger RMSE values, likely due to increased system congestion and variability in 

decision-making as the agent learns to manage the queue and orbit more efficiently. 

Moreover, this indicates that for a higher arrival rate, the first two singular values are 

not enough, and we need more to approximate the original matrix. In contrast, lower 

arrival rates result in lower RMSE values, indicating more stable system behavior with 

fewer fluctuations in the served MTs count. 

We performed the SVD analysis again, and this time on the combined matrix of 

orbited MTs and queued MTs, following the same methodology applied previously for 

the served MTs. We then calculated the RMSE between the original and reconstructed 

matrices using reduced-rank approximations, 𝑟 = 2. Unlike the served MTs case, the 

result for both the scatter plot of singular values (see Figure. VI-39) and the RMSE 

distribution (see Figure. VI-40) did not exhibit a clear clustering pattern. This indicates 
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the irregular behavior of the queued and orbited MTs and suggests that they are less 

structured, making it harder to differentiate scenarios based on SVD in this case. A 

possible explanation for this behavior difference is that the served MTs directly reflect 

the agent’s learning and decision-making process. In contrast, the queued and orbited 

MTs are more dependent on system congestion and queue dynamics, which fluctuate 

more unpredictably across different scenarios. The finding highlights the usability of 

SVD in capturing patterns of served MTs, however, it might be less suitable for 

decomposing the queued and orbited MTs due to their chaotic nature. 

The overall results demonstrate the usability of integrating DQN-based RL in the 

next 6G and especially in RQS scenarios, significantly optimizing system efficiency 

and adaptability. The increased number of served MTs across episodes shows that the 

agent can learn and optimize decision-making over a certain time. Moreover, the 

reduction of the queued and orbited MTs reflects the balanced resource allocation even 

under high arrival rates. The ability of the model to adjust the dynamic nature of the 

environment based on real-time observations underlines the potential of RL 

approaches in future wireless networks and proves its powerful uses for 6G cellular 

communication systems, promising improved fairness and greater scalability. One 

should note that the observed clustering primarily reflects the discrete arrival rate 

values rather than underlying network dynamics. Future investigation could 

incorporate variable and bursty arrival rates to further evaluate and enhance the 

adaptability of the proposed solution. 

To evaluate the performance of the DQN in optimizing the 6G-DQN, we analyzed 

the evolution of Q-value over time. To be more specific, at each time step 𝑡 within an 

episode 𝑒, we extracted the Q-values corresponding to all possible actions. Based on 

the DQN decision rule, the action 𝑎𝑡 was selected to conform to the maximum Q-

value: 

𝑎𝑡 = 𝑎𝑟𝑔 max
𝑎∈𝐴

𝑄(𝑠𝑡 , 𝑎, 𝜃) (58) 

Having 𝑄(𝑠𝑡 , 𝑎, 𝜃) is the estimated Q-value for the state 𝑠𝑡 and action 𝑎 given the 

neural network parameters 𝜃. The set of possible actions is represented by 𝐴, and 𝑎𝑡is 

the action selected at the time step 𝑡. 
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Figure VI-41 DQN-based most decided actions per episode versus case ID. 

for: (𝛼, 𝛽) = (0.1, 0.9) (a), (𝛼, 𝛽) = (0.3, 0.7) (b), (𝛼, 𝛽) = (0.5, 0.5) (c), (𝛼, 𝛽) = (0.7, 0.3) (d), and 

(𝛼, 𝛽) = (0.9, 0.1) (e). 

 

a. b. 

c. d. 

e. 
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Given that we have 120 different simulated cases, each generating a series of 1000 

length (i.e., 100 simulation time steps per episode over 10 episodes), therefore, it might 

be impractical to directly visualize them or try to compare between. To address this, 

we analyze the most frequently selected action within each episode. Specifically, for 

each time step 𝑒, we calculate the mode of the chosen actions over the 100-time steps. 

Therefore, we could interpret DQN’s learning behavior and optimization performance 

in the 6G-RQS model. 

We visualize the most frequently decided action per episode by using a stacked plot 

representation (see Figure. VI-41). We construct a stacked plot where:  

• The x-axis represents 24 cases, corresponding to the combination of 6 arrival rates 

𝜆 and 4 queue size 𝐾 (i.e. 6 × 4). 

• The y-axis represents 10 episodes, progressing from top to bottom, illustrating the 

evolution of the agent’s decision over time. 

• It results in five stacked plots, each corresponding to a different scaling factor 𝛼 of 

the rewards function. 

By the beginning of the learning process (upper sections of the plot), we could 

observe a structured pattern where the decision-making process exhibits four distinct 

periods, representing four queue sizes used in the simulation, each period has 6 cases 

representing the 6 arrival rates 𝜆.  

This finding indicates that in the initial learning stage, the agent’s policy is still 

developing, and its behavior is influenced by the predefined queue configuration rather 

than adaptive learning.  

As we progress further down the plot, meaning later episodes, thus a more 

involved learning stage, we observe that these distinct periods begin to be refined 

based on the states and cases. This suggests that the DQN-based agent has gradually 

adapted to the dynamic nature of the 6G-RQS environment, learning to make more 

context-aware and optimized decisions rather than being rigidly influenced by static 

queue configurations. This adjustment is consistent across both presented cases and 

the other three scaling factor cases as well, reinforcing that the learning process is 

effective for different values of 𝛼. 
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Figure VI-42 DQN-based most decided actions heatmap for: (𝛼, 𝛽) = (0.1, 0.9) (a), (𝛼, 𝛽) = 

(0.3, 0.7) (b), (𝛼, 𝛽) = (0.5, 0.5) (c), (𝛼, 𝛽) = (0.7, 0.3) (d), and (𝛼, 𝛽) = (0.9, 0.1) (e). 

We further analyzed the decision-making trends of the DQN-based 6G-DQN 

model, as we visualized the most decided actions throughout all learning episodes 

using a heatmap representation.  

a. b. 

c. d. 

e. 

e. 
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We can see in all heatmaps the following: the columns correspond to the four 

different queue sizes 𝐾, the rows represent the six-arrival rate 𝜆, resulting in a 24-box 

grid (i.e. 4 × 6) where each box indicates the most chosen action for that specific 

scenario. Since the most used action varies depending on the reward scaling factor 𝛼, 

we generate five separate heatmaps presented in Figure. VI-42.  

The results demonstrate that for arrival rates between 20 and 90, the most 

frequently selected action is action 1 (Do nothing) across almost all cases, with only a 

few exceptions. Notably, we saw that during these simulated cases, the performance 

of the system was enhanced, characterized by an increasing number of served MTs 

with a decreasing number of queued MTs, and efficient resource utilization, ensuring 

that the AP operates optimally without any necessity to force servicing. This finding 

suggests that the DQN agent has successfully learned to regulate the queue dynamics 

and only forces the AP to serve when it is necessary to maintain an optimal system 

rate. The model effectively identifies the right moments to allow natural service 

progression versus when to take action, thereby preventing unnecessary congestion 

and ensuring high throughput. 

 

Figure VI-43 Critic NN learned weights-based most decided actions histogram for all cases. 

 In contrast, for the highest arrival rate case (𝜆 = 100), the agent consistently 

favors action 2 (‘force to serve one MT’) as the most frequently chosen action across 

all queue sizes. This result can be attributed to the fact that at extremely high traffic 
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loads, the natural service rate becomes insufficient to prevent excessive queueing and 

orbiting. To mitigate queue overflow and maintain stability, the agent chose action 2, 

forcing service operations, ensuring that MTs are processed at a faster rate to prevent 

degradation of system performance.  

For the critic NN, we mentioned that we have used a fully connected output layer 

containing 24 neurons. After the simulation is finished, the output layer produces 

compressed Q-weights for the overall Q-values, resulting in 24 × 2 (24 neurons 

output, and 2 actions) for each simulation case. So, we determined again the most used 

actions, but this time based on the agent’s experience after it finishes the simulation. 

We compared the Q-weights for each neuron output and selected the action with the 

maximum weight, then extracted the most used action across all simulated cases. The 

results were then visualized across five different reward scaling factors (𝛼) using 

histogram representations (see Figure. VI-43). This approach allows us to extract the 

learned decision-making patterns after the training phase is complete, providing 

insights into the agent’s policy adaptation across different scenarios. 

One important aspect to highlight in Figure. VI-43 is that for each 𝛼 case, the sum 

of the red bars (action 1: Do nothing) and the blue bars (Action 2: force to serve) 

always equals 24 cases. For the majority of cases across all scaling factors, action 1 

was selected most frequently. This reflects that the DQN agent has effectively learned 

to maintain system stability by selectively choosing when to intervene, rather than 

constantly forcing service that leads to unnecessary energy consumption, and we can 

say that the agent has adapted to the system dynamics, identifying optimal moments 

to allow natural service progression while ensuring energy efficiency. Interestingly, in 

approximately four cases per 𝛼 instance, we observe a higher selection of action 2 

(force to serve). Based on earlier analyses, these cases predominantly correspond to 

high arrival rate values, 𝜆 = 100. This behavior aligns with the agent’s learned policy, 

where at a moderated to low arrival rate, the system operates effectively without 

frequent intervention, allowing for smooth queueing and processing. At higher arrival 

rates, natural service progression is insufficient to prevent queue overflow and 

increased MT orbiting; in such cases, the agent actively forces service operations to 

maintain performance and prevent system degradation. 
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Discussion of the RL DQN Simulation Fundings 

The research study findings [J5] demonstrate that integrating DQN reinforcement 

learning into the 6G-RQS model significantly enhances system performance by 

dynamically adapting service decisions based on network conditions. We could see 

that the agent’s learned policy effectively balances serving MTs, queue management, 

and resource allocation, ensuring optimal performance while minimizing unnecessary 

energy consumption. The key observation from the research is that the agent 

efficiently adjusts to different traffic loads, learning when to prioritize service (high 

𝜆), and when to conserve resources (low 𝜆). On the other hand, we have the singular 

value decomposition analysis, that further highlights distinct patterns in system 

behavior, particularly in served MTs, where traffic rates naturally formed clusters, an 

insight that could aid in traffic prediction and resource optimization. 

These contributions align with the upcoming 6G cellular network goals of 

autonomous, intelligent, and ultra-efficient communication systems. The integration 

of RL in such complex and dynamic applications would overcome many challenges 

that the 6G faces, enhance URLLC, improve energy efficiency, and enable adaptive 

service mechanisms. Nevertheless, this integration is valuable for operating in the THz 

spectrum, where directional communication, high path loss, and dynamic 

beamforming challenges require intelligent MAC-layer adaptation. Further 

investigation might be done in analyzing the effect of the retrial rate of the 6G-RQS 

model, as it plays a crucial role in determining system congestion levels and the 

efficiency of reattempting service for orbiting MTs.  One should note that the current 

model does not incorporate the real retransmission mechanism of the orbited MT. 

while including this mechanism in future work could allow for a more accurate 

assessment of the method’s performance. 

We could also explore Multi-Agent Reinforcement Learning (MARL) to enable 

decentralized decision-making for dense ultra-dense network deployments like the 6G 

networks. The MARL method could be useful for such scenarios that use multiple APs 

and MTs and interact dynamically, by doing so, the system could adapt itself under 

various conditions, mobility patterns, and interference conditions, ensuring seamless 
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connectivity and efficient spectrum utilization in 6G-THz environments. Future 

validation with real-world datasets and hardware testbeds will be essential to confirm 

the scalability and robustness of the proposed model. 
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Studying the new MAC mechanism ADAPT from different aspects helps in 

understanding more the behavior of the protocol which leads to enhancing the new 

technology. Transmission distances, collision rate, throughput, and received power, all 

properties were taken into consideration in the analysis while different simulation 

scenarios were executed in addition to the dual parameters: rotation step and 

overlapping ratio that played a crucial role in the ADAPT system. Applying a powerful 

mathematical tool like Shannon entropy contributed to the enhancement of 

technology, where we evaluated the mutual effect between the two different 

subsystems introducing usable metrics for characterizing the transmission power of 

the MTs in ADAPT. Shannon entropy metrics reveal the interactions between 

subsystems in the THz MAC mechanism, emphasizing their impact on communication 

performance. Moreover, the use of decomposition techniques, such as EMD, EEMD, 

and MHS, enables a deeper understanding of the topological effects and their impact 

on signal quality. The analysis of our throughput data using the EMD method in both 

left-to-right and right-to-left directions revealed a strong dependence on the processing 

direction. This dependence is likely attributed to the end effect issue, which affects the 

EMD's performance. In contrast, when applying the EEMD method, the results 

indicated its independence from the processing direction, showcasing its superiority 

in mitigating such issues. Furthermore, the trend extracted through our proposed 

method (section V.2) demonstrated a remarkable correspondence with the fitting 

curve, showcasing the reliability and accuracy of our approach in analyzing radio 

channel throughput signals. This alignment between the extracted trend and the fitting 

curve underscores the effectiveness of our proposed method. By examining the fitting 

curve parameters obtained from our method, we observed the emergence of two 

distinct clusters. These clusters corresponded to the congested and non-congested 

states of the radio channel throughput signal.  

Additionally, applying MHS enables a deeper understanding of the impact of MTs 

distribution topology type on the received power. These insights are pivotal for 

designing high-performance, high-speed communication systems, where careful 

consideration of network topology can significantly enhance overall efficiency and 

reliability. It was discovered 17 dB ratio between the variance of PRx MHS for 
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centered and uniform topologies, which shows the importance of the topology design 

in high-speed radio networks.  

The use of DBScan-based unsupervised learning proves its competence in 

categorizing different classes, meanwhile, wavelet transform proves its capability in 

feature extraction with an accurate result of the RNN model in a super short time, 

approximately 47 seconds. In addition to that, the proposed metric WATR could 

successfully quantify the goodness of the transfer learning multi-layer RNN models 

by considering both the accuracy and learning time. Other transfer learning models 

can be studied and applied in the next study stage in order to discover other unknown 

behaviors. As for the fourth AI method, we applied five different generative AI 

methods where twenty synthetic data were produced per method. By calculating the 

similarity using 6 similarity metrics, it was validated that DCGAN had the highest 

performance. These results indicate testing the labeled GAN in future work and 

integrating other types of neural networks (convolutional, transformer, etc.) would be 

interesting and helpful. Higher order flux of the entropy will be analyzed in the 

continuation of this research. We could demonstrate that the regular RQS model 

suffers from many challenges, especially under high demand. We proposed using the 

RL-DQN approach to enhance the system performance by increasing the number of 

served MTs, reducing queue congestion, and managing retrial processes. The findings 

revealed that the integration of such a powerful tool adapts to varying traffic 

conditions, learns optimal service policies, and balances energy efficiency with fair 

resource allocation. Singular value decomposition identifies structured patterns in 

served MTs, underlining the system’s learning process and decision-making trends. 

Moreover, the histogram and heatmap analyses of agent decisions confirmed that the 

RL effectively determined the best moments to force service while ensuring overall 

system efficiency. And for work we will investigate the impact of the retrial rates, and 

multi-agent learning approaches and use THz simulated data for validation to extend 

the proposed model’s applicability. 

These findings outline the significance of the data processing before AI integration 

concept in enhancing the performance of communication systems. By combining 

classical mathematical tools with AI techniques, we could not only optimize data 
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processing but also improve feature extraction, leading to more accurate models. This 

contribution is pivotal for advancing the capabilities of the next wireless 

communication generation, particularly THz-based networks, where efficient resource 

allocation and robust communication strategies are essential for meeting the demands 

of future applications. Nevertheless, data processing simplifies the complexity while 

also reducing costs, making it a solution for future technology.  

The current study is analyzing events in micro timescales, therefore future 

research will focus on extending the scope of our analysis by evaluating events over a 

macro timescale, specifically within the range of 10 to 60 seconds. This broader 

temporal perspective will provide a more comprehensive understanding of the overall 

MAC system. In the next research phase, we plan also to enhance the ADAPT protocol 

to simulate both uplink and downlink communications, rather than being limited to 

uplink only. The extension will allow us to explore the full potential of the 

communication system. Furthermore, we aim to incorporate additional classical 

mathematical processing tools for enhancing and extracting features for assessing their 

impact on AI performance, thereby refining our approach to the accuracy of our 

results. This multi-faceted research agenda will contribute to the development of more 

efficient and adaptable communication strategies for the upcoming generation of 

wireless networks. 
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